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Mentres os ŕıos corran ao mar e haxa
estrelas no ceo, debe durar a memoria do

beneficio recibido na mente do home
agradecido.

Publio Virgilio Marón

A carta xeométrica dun reino é o primeiro
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Técnicas estat́ısticas en xeolingǘıstica.

Modelización onomástica

Resumo

Esta tese céntrase na introdución de novas técnicas estat́ısticas para o tratamento
de datos e modelización en xeolingǘıstica, concretamente, en datos de onomástica en
Galicia. O documento estrutúrase de acordo a dous problemas principais: (i) constru-
ción de rexións de apelidos en Galicia e (ii) estudo e modelización de patróns espaciais
e espazo–temporais dos apelidos. Os apelidos poden ser utilizados como unha fonte
de información para caracterizar a poboación dunha rexión, dado que a análise dos
patróns que se observan na distribución dos apelidos proporciona información sobre
movementos e caracteŕısticas das poboacións. A identificación de patróns de apelidos
a través de medidas de isonimia é un problema que ten sido abordado por diferen-
tes autores. A pesar da ampla literatura existente sobre a construción de rexións de
apelidos mediante medidas de isonimia, non se aprecian avances metodolóxicos, e na
maioŕıa das propostas utiĺızanse medidas clásicas (Lasker, Nei, isonimia entre zonas,
entre as máis comúns). Tendo en conta que as medidas tradicionais xorden como
adaptación de ı́ndices de biodiversidade clásicos, un primeiro obxectivo desta tese é a
adaptación e proposta de novas técnicas de medidas de biodiversidade ao contexto da
onomástica. Realizáronse as adaptacións convintes, estudando mediante simulación
o seu comportamento en distintos escenarios. Revisáronse ademais outros ı́ndices de
biodiversidade para avaliar a súa posible adaptación ao noso contexto de estudo. As
investigacións desenvolvidas no campo da onomástica, ata a data, non teñen en conta
a dimensión espacial e espazo–temporal da evolución dos apelidos. Fixando rexións
administrativas, como por exemplo, concellos, pode facerse uso de métodos espaciais
e espazo–temporais para a análise de datos de conteo que permitan modelar o patrón
subxacente á evolución dos apelidos. Con este obxectivo, farase uso de métodos de
modelización xerárquica. Para o axuste na práctica, empregouse a metodolox́ıa In-
tegrated Nested Laplace Approximation. Finalmente, o terceiro obxectivo desta tese
é a implementación dunha libreŕıa en código aberto que permita poñer a disposición
dos usuarios as técnicas desenvolvidas nesta investigación.
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apelido, xeolingǘıstica, isonimia, modelización espacial e espazo-temporal, INLA



Técnicas estad́ısticas en geolingǘıstica.

Modelización onomástica

Resumen

Esta tesis se centra en la introdución de nuevas técnicas estad́ısticas para el
tratamiento de datos y modelización en geolingǘıstica, concretamente, en datos de
onomástica en Galicia. El documento se estructura de acuerdo a dos problemas princi-
pales: (i) construción de regiones de apellidos en Galicia y (ii) estudio y modelización
de patrones espaciales y espacio–temporales de los apellidos. Los apellidos pueden
utilizarse como fuente de información para caracterizar la población de una región,
dado que el análisis de los patrones que se observan en su distribución proporciona in-
formación sobre movimientos y caracteŕısticas de las poblaciones. La identificación de
estos patrones a través de medidas de isonimia es un problema que ha sido abordado
por diferentes autores. A pesar de la amplia literatura existente sobre la construcción
de regiones de apellidos mediante medidas de isonimia, no se aprecian avances me-
todológicos relevantes, y en la mayoŕıa de las propuestas se utilizan medidas clásicas
(Lasker, Nei o isonimia entre zonas, entre las más comunes). Las medidas tradicio-
nales surgen como adaptación de ı́ndices de biodiversidad clásicos, el primer objetivo
de esta tesis fue la adaptación y propuesta de nuevas técnicas de medidas de biodi-
versidad al contexto de la onomástica. Se realizaron las adaptaciones convenientes,
estudiando mediante simulación su comportamiento en distintos escenarios. Se revi-
saron además otros ı́ndices de biodiversidad para evaluar su posible adaptación al
contexto de estudio. Las investigaciones desarrolladas en el campo de la onomástica,
hasta la fecha, no han tenido en cuenta la dimensión espacial y espacio–temporal de la
evolución de los apellidos. Fijando regiones administrativas, como los ayuntamientos,
se pueden usar métodos espaciales y espacio–temporales para el análisis de datos de
conteo que permitan modelar el patrón subyacente a la evolución de los apellidos. Con
este objetivo, se usaron métodos de modelización jerárquica. Para el ajuste, se em-
pleó la metodoloǵıa Integrated Nested Laplace Approximation. Finalmente, el tercer
objetivo fue la implementación de una libreŕıa en código abierto que permite poner a
disposición de los usuarios las técnicas desarrolladas.
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apellido, geolingǘıstica, isonimia, modelización espacial y espacio-temporal, INLA



Statistical Techniques in Geolinguistics

Onomastic modeling

Abstract

This dissertation is focused on the introduction of new statistical methods for
data processing and modeling in geolinguistics, specifically, on surnames in Galicia.
The document considers two main problems: (i) constructing of surname regions in
Galicia and (ii) modeling spatial and spatio-temporal surname patterns in this region.
Surnames can be used as a source of information to characterize the population of a
region, since the analysis of surnames distribution provides information about popu-
lation movements. The identification of surname patterns through isonymy measures
has been studied by different authors. Although there is a broad literature on the
construction of regions of surnames by isonymy measures, methodological advances
are scarce in this setting, and most of the proposals are based on classical meas-
ures (Lasker, Nei, isonymy between zones are the most usual). Taking into account
that the traditional isonymy measures arise as an adjustment of classical biodiversity
indexes, the first objective of this project was the adaptation and proposal of new
measures of biodiversity in onomastics. Suitable extensions were analyzed, perform-
ing simulation studies in order to evaluate their performance in different scenarios.
Other biodiversity indices were also reviewed and adapted. In addition, the different
research lines within the onomastic context have not taken into account the spatial
and spatio-temporal dimension of the surnames evolution. By fixing administrative
regions, for example, municipalities, spatial and spatio-temporal methods for count
data can be applied in this setting. These methods will be useful for modeling evol-
ution patterns for surnames. Hierarchical modeling were used to meet this goal. In
order to fit this type of models in practice, Integrated Nested Laplace Approximation,
were explored. Finally, the third objective of this thesis is to produce an open source
statistical library, so the different methods will be available for other practitioners.

Keywords

surname, geolinguistics, isonymy, modeling spatial and spatio-temporal, INLA
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Chapter 1

Introduction

Surnames can be used as a source of information to characterize the population of
a region, since the analysis of the patterns observed in the distribution of surnames
provides information on movements and characteristics of human populations. The
identification of surname patterns through isonymy measures (possession of the same
surname) is a problem that has been addressed in the linguistic literature, consider-
ing different statistical approaches, such a Multivariate Analysis methods or neural
networks, among many others.

The analysis of the geographical distribution of surnames allows to study the
spatial and temporal human population structure. The spatial information can be
obtained from surnames, combined with their ubiquity, makes them a rich resource
for regionalization studies. Despite showing distinctive geographical patterning, sur-
names have remained an underutilized source of information about population origins,
migration and identity. Indeed, individuals who share location specific surnames are
also likely to share a number of linguistic, genetic, historical and social characteristics
as well as common ancestry.

For all these purposes, the study of the distribution of surnames has been helpful:
to estimate some aspects of migration and to evaluate the presence of isolated groups
(Barrai et al. (1989), Caravello et al. (2002), Dipierri et al. (2005)); to analyse how
populations became established in a territory, for example, in relation to geographical
barriers (Zei et al. (1993)); and to obtain estimates of relationships between popula-
tions by means of specific similarity indices such as: Lasker’s (Lasker (1977)), Weiss’s
(Weiss (1980)) or Relethford’s indices (Relethford (1986) and Relethford (1988)).

In fact, in certain cases, the quantitative techniques, for surnames analysis and
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2 CHAPTER 1. INTRODUCTION

for surnames distribution analysis, are limited to the use of different indices, but the
use of novel statistical approaches is quite limited. Actually, quantitative statistical
analysis are reduced to basic and classical tools designed for describing surnames
distribution characteristics, but a proper modelling effort (which aims to consider
jointly the spatial and temporal features) has not been introduced so far.

In this Chapter a more detailed, of justification of why surname analysis is im-
portant will be presented. A brief introduction to geolinguistic and a description the
datasets used along this dissertation will be also provided.

1.1 The need of surnames analysis

As it has already been mentioned, the analysis of surname patterns is important for
different reasons. Surnames can be used as an information source to characterize
the population of a region, since surnames distribution provides information about
population movements, genetic characteristics and in some cases, it reveals linguistic
features (as can be seen in Barrai et al. (2004), Scapoli et al. (2005), Scapoli et al.
(2007) and others), so there is a relevant interest in analysing surname patterns.

One of the most frequent terms in the analysis of surname patterns is isonymy.
Isonymy refers to the possession of the same surname, (or the same surname structure
where refereed to a region) and surname patterns are classically constructed consid-
ering isonymy measures. The theory of isonymy comes from the fundamental work
of Crow and Mange (1965), who found the relation existing between isonymy and
inbreeding. This is the “classic point of view”. Isonymy has been considered as a tool
for measuring the inbreeding of individuals and populations and has been applied
to the analysis of migrations. The first statistical studies on the frequency of sur-
names appeared in England around 1875, when George Darwin analysed the isonymy
of marriage (coincidence of surnames) as a tool for the evaluation of inbreeding in
English society, while Galton and Watson calculated the probability of extinction of
surnames, a phenomenon that was then perceived as a sign of physical decline of the
English aristocracy (Rossi (2015)).

The identification of surname patterns through isonymy measures has been stud-
ied by different authors also in recent years. For instance, Cheshire et al. (2010)
identified a strong relationship between surname regions and geographic locations in
Great Britain. Boattini et al. (2010) and Boattini et al. (2012) analysed the geograph-
ical location of surnames in Italy by neural networks. Using multivariate methods,
Novotnỳ and Cheshire (2012) concluded a parallelism between surname regions and
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ethno-cultural borders in the Czech Republic. Recently, Mikerezi et al. (2013) de-
scribed the isonimic structure of Albania, with the usual measures.

Article 109 of the Spanish Civil Code: 2. The order of surnames. The general
rule is that the first surname of a Spaniard is the first surname of the father and
the second surname is the first of the mother’s personal surnames, even if she is
a foreigner, but Article 109 of the Civil Code provides for the possibility that the
parents, by mutual agreement, determine that the first surname of the child should
be that of the mother and the second that of the father. The filiation determines
the surnames in accordance with the provisions of the law. If filiation is determined
by both lines, the father and the mother by mutual agreement may decide on the
order of transmission of their respective first surname, prior to registration. If this
option is not exercised, the provisions of the law shall apply. The order of surnames
registered for the eldest child shall apply to subsequent birth registrations of siblings
of the same relationship. The child may, on reaching the age of majority, request a
change in the order of surnames.

1.2 A brief introduction to geolinguistics

The datasets considered in this dissertation present georeferenced information, there-
fore the analysis of surnames requires geolinguistics techniques. In what follows, some
basic ideas about this discipline will be provided.

Geolinguistics is an interdisciplinary branch that incorporates language maps that
represent spatial patterns of language location. Its main concern is the analysis of
the relationship between language and the physical and human context, in our case,
the relationship between language and surnames. Currently, Geographic Information
Systems (GIS) were incorporated into tools that allow sophisticated and efficient
analysis of spatial data (Hoch and Hayes (2010)). The variation of language and GIS
technologies have aroused the interest of linguists from a spatial point of view.

Linguists have applied GIS technology in language atlases. The work by Jules
Gilliéron (1854-1926) is an important milestone in linguistic geography. The Atlas
Linguistique De La France called “Atlas Gilliéron”, (Gilliéron and Edmont (1902-
10)), is a linguistic atlas edited between 1897 and 1900 and published between 1902
and 1910. It consists of a collection of maps that allow to follow, through the France
of 1900, the linguistic variation of the dialects of French from a geographical point
of view. Other important works, such as Kurath (1949) and Atwood (1953) for the
entire Eastern United States, or more recently The Atlas of North American English
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of the dialects of the U.S. and Canada Labov et al. (2006), use GIS for language
study. In 1992 Kirk and Kretzschmar (Kirk and Kretzschmar Jr. (1992)) built a GIS
using geographical base maps. On the webpage, the first interactive GIS for linguistic
data appear on 1996 (Kretzschmar Jr. (1996)).

The Linguistic Atlas of the Iberian Peninsula (ALPI) is a linguistic atlas project
conceived in 1914 by Ramón Menéndez Pidal and commissioned to his disciple Tomás
Navarro Tomás (Navarro Tomás (1962)), who directed its work from the Historical
Studies Centre of the Junta para Ampliación de Estudios. The project was based on
survey notebooks drawn up in 1930-1931, and three teams of surveyors were respons-
ible for collecting the data corresponding to the more than 1300 questions in those
notebooks at 527 survey points, generally small towns, previously selected to cover as
completely as possible all the linguistic variants of the Iberian Peninsula, Roussillon1

(Rosellón in spanish) and the Balearic, except for the Basque language area. The
Canary Islands were not included, nor were the Azores and Madeira. Most of the
survey work was carried out between 1931 and 1935, and the rest was completed
between 1947 and 1954. The material was published on the Internet in 2016.

In Galicia, a community of language researchers has been working on the Galician
Linguistic Atlas (ALGa) since the 1970s, deeper into the characteristics of Galician
and compare them within the broader set of other languages that surround it, as it
is connected to the ALPI and the Atlas Linguarum Europae (HALE). More details
of the ALGa will be provided in Section 1.3.10.

1.3 Datasets used in this dissertation

This Section describes the datasets used throughout the thesis.

1.3.1 A brief review on surname data collection

After the Council of Trent,2 from 1563, the parishes were charged with collecting
the data of their parishioners in books: data on birth, marriage, and death. These

1Roussillon is a historical province of France that largely corresponded to the County of Roussil-
lon and part of the County of Cerdagne of the former Principality of Catalonia. It is part of the
region of Northern Catalonia or French Catalonia (the former used by Catalan-speakers and the lat-
ter used by French-speakers), corresponding roughly to the present-day southern French département
of Pyrénées-Orientales (with Roussillon, Conflent, and Fenouillèdes) in Languedoc-Roussillon.

2The Council of Trent (Latin: Concilium Tridentinum), held between 1545 and 1563 in Trent (or
Trento, in northern Italy), was the 19th ecumenical council of the Catholic Church. Prompted by
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documents are fundamental for the knowledge of family data, through the registers
(called “partidas”) of baptism, marriage, and death, thanks to the information they
include on each person.

The implementation of the civil registry in our country took place throughout the
19th century and the main provisions that developed it were enacted in the politically
innovative stages - liberal, progressive, democratic - that attempted either to modern-
ize the foundations of the State or to displace the Catholic Church from the control
over the existence of citizens. Until 1840, there was not a single serious attempt
to replace the ecclesiastical register; all the provisions were reduced to transferring
information from parish data to the town councils’ secretariats. The Decree of 24-1-
1841 was the only precedent worthy of note, with systematized forms on which the
Provisional Law of 1870 brought hardly any innovation. However, some technical de-
fects such as the retroactive nature of the entry into force, the non-implementation of
this task in the small municipalities, and the interconnection with the ecclesiastical
register (to which it ended up being subordinated) frustrated this last attempt at
an administrative civil register. In 1870, the Provisional Law on Civil Registration
transferred the registration of births, deaths, and marriages from the town halls to
the courts, making it definitively independent of the parish registers.

As for the use of the first civil registry data for demographic studies, it has hardly
any data from the timid attempts of the first third of the century; those derived from
the decree of 1841, being practically the same as the parish registers, only present a
certain interest when they can replace the parish books that have disappeared. The
data from the Civil Register from 1871 onwards, which together with the censuses
and census lists are the essential source of modern demographic studies, presented a
number of problems of reliability in the first years of implementation due to a large
number of unrecorded events.

The datasets (surnames extracted from Population Census) and auxiliary tools
(Galician Gazetteer (Section 1.3.9) and ALGa (Section 1.3.10)) used throughout this
dissertation are described in what follows. These datasets will be used for presenting
the methodological proposals in this thesis.

1.3.2 Dataset: 2011 Population Census for Galicia

The population census is the registry that establishes and highlights in an unques-
tionable way the personal circumstances of the inhabitants of a geographical place

the Protestant Reformation, it has been described as the embodiment of the Counter-Reformation.
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called municipality. The use of the municipalities,3 the fine scale and discrete unit,
allows for a more in-depth knowledge of the geographical distribution of surnames, in
particular when dealing with geographical areas of reduced extension, such as Galicia,
Asturias and others and Spain in general.

Surnames data for Galicia were collected from the register of inhabitants. Galicia
is a region in the north-west of the Iberian Peninsula. Galicia has a total area of
29574.8km2, divided into 4 provinces, named La Coruña, Lugo, Ourense and Pon-
tevedra, 53 regions called “comarcas”4 and 315 municipalities in 2011. About 2795422
resident inhabitants in Galicia, from population census of Galicia in 2011, (the last
census). The distribution of the population by provinces was as follows: 1147124
in A Coruña, 351530 in Lugo, 333257 in Ourense and 96351 in Pontevedra. The
average population in each council is aproximately 7715 inhabitants and the seven
large cities on Galicia have more than 70000 of them. The average population dens-
ity is 147.14 inh/km2, the minimun and maximum values are 3.1 inh/km2 (Negueira
de Muñiz with only 306 citizens) and 6384.2 inh/km2 (A Coruña), respectively. In
general, most councils have a low population density with only a few councils such as
A Coruña, Vigo and Ourense and Burela exceed 1000 inh/km2. Figures 1.1 and 1.2
show population and population density maps in 2011 built from Census, considering
the population of birth, not residence.

The Census of 2011 records 2795422 resident people and 2431921 birth people,
both of all ages, in Galicia. The data were provided by the Galician Statistics Institute
(IGE). The dataset contains a part of the Census variables, which are municipality
of birth, municipality of residence and age of the person, for 2430512 people (born
in Galicia, after some depurations) with 20754 different surnames (6172 ≈ 30% of
them have less 10 people (≈ 2% of the population of Galicia)). The 500 surnames
more frequents represent ≈ 2% of them, but ≈ 75% of the total population. The
frequency distribution of the 500 or 50 more frequent in the 2011 Census is shown
in Figure 1.3 (top-left or top-right), only a selection of surnames are labelled. The
different numbers of inhabitants are due to the fact that only people born in Galicia
were considered (non-resident necessarily).

The degree of urbanization is defined as the type of locality in which an individual
resides according to its urban or rural character, and three categories are established:
Densely Populated Area (ZDP), Intermediate Zones (ZIP), Poorly Populated Areas
(ZPP).5

3In 2017, Spain had 50 provinces and 2 autonomous cities (Ceuta and Melilla), and 8124 muni-
cipalities (INE (2017)).

4Comarca is defined as a administrative division comprising a number of municipalities.
5Definitions of degree of urbanisation, from web page Galician Institute of Statistics (IGE),

http://ige.eu/
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Figure 1.1: Population of each coun-
cil. In Galicia the are seven large cit-
ies, Vigo, A Coruña, Santiago de Com-
postela, Ourense, Ferrol, Pontevedra
and Lugo. Axis: longitude and lat-
itude.

Figure 1.2: Population density of each
council. As it can be seen, most
councils have a low population density,
with only a few councils exceed 1000
inh/km2. Axis: longitude and latit-
ude.

1.3.3 Other Galicia surname data

• Dataset: 2000 Register of inhabitants for Galicia. Most of the results
presented throughout the thesis are based on the data described above. In this
case, these data come from the register of inhabitants for Galicia in the year
2000, in which, in addition to the variables described above, the sex variable is
also available. This has made it possible to carry out some analysis by gender.
Data are available for both surnames.

• Dataset: 2001 Population Census for Galicia. This dataset correspond
with data from Population Census for Galicia para el año 2001, for first surname.
The description of this dataset is omitted because it is analogous to that of the

• Densely Populated Area (ZDP): Contiguous with local areas with a density of more than
500 inhabitants per square kilometre and a total population of at least 50000 inhabitants.

• Intermediate Zones (ZIP): Son the conjoint of local areas that do not belong to the nail
densely populated zone where each nail of them counts with density superior to 100 people per
Km2 and, or the total population of the zone is superior to 50000 inhabitants, or is adjacent
to a densely populated zone.

• Poorly Populated Areas (ZPP): Groups of local areas that do not belong to densely
populated or intermediate zones are considered.
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2011 Census.

• Dataset: surname Ginzo in Galicia. This dataset has the data of the
surname Ginzo in Galicia from the year 2000 to 2011. Data obtained through
the Instituto Galego de Estat́ıstica from the Municipal Register of Inhabitants
elaborated by the National Institute of Statistics. The variables available in
this dataset are: the province and municipality of birth, the number of people
with the surname Ginzo and the year of the population census. This dataset is
useful for a spatial-temporal analysis of the Ginzo surname.

• Dataset: Surnames of the cemeteries of the parishes of the municip-
ality of A Pontenova (Lugo). A Pontenova is a municipality in the province
of Lugo in Galicia (Spain). It belongs to the comarca of La Mariña Oriental
and the diocese of Mondoñedo-Ferrol. In 2017 it had a population of 2330
inhabitants (INE).

Until 1845, the municipality was divided into three councils: Conforto, Miranda
and Villameá. In that year, Miranda and Conforto joined together to form
Villaodrid. In 1950 the council of Villameá changed its name to the official
Puente Nuevo, and in 1963 it merged with that of Villaodrid, under the name
of Puente Nuevo Villaodriz. In 1984 it was renamed A Pontenova, and this
name has been maintained to the present day.

In terms of territorial organisation, the municipality is made up of sixty-seven
population entities distributed in eleven parishes: Bogo (San Pedro), Con-
forto (Santa Maŕıa), Xudán (Santa Maŕıa Magdalena), A Pontenova (Sagrado
Corazón), Rececende (San Juan), San Esteban de Rececende (San Esteban de
Rececende), Villaboa (San Julián), Villameá (San Vicente), Villaodrid (Santi-
ago), Villaouruz (San Mart́ın), and Villarmide (El Salvador).

The surname dataset was compiled from fieldwork carried out at the end of
2018. The eleven cemeteries in the municipality were visited and photos were
taken of all the tombstones, after which the data was entered into a spreadsheet.
The information contained in the dataset is as follows: name at birth, year of
death, age at death and date of death. This file is currently being updated, as
the death notices are published on a website. The set consists of 2836 records
of which 97 correspond to persons born in the year 1900 or earlier, the oldest
data corresponds to the year 1799.

• Dataset: Surnames of the municipality of A Pontenova (Lugo). Data
from Municipal Register of Inhabitants of A Pontenova at two points in time,
1996 and 2021, have recently been obtained. This dataset has not been used
in the thesis and is intended to be used in future work. The variables available
are the usual ones from the Register of Inhabitants, described above, and also
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the parish of birth, which will be used to carry out analyses at a smaller spatial
level.

1.3.4 About surnames in Galicia

The basic origin of Galician surnames, like the rest of the names of Spain and Portugal,
is the naming system that became widespread in Europe from the 13th century on-
wards. The Spanish Civil Code of 1870 made it official for citizens to maintain a
uniform surname. Thus, the custom of transmission of surnames was formalized, a
custom which, with few variations, traditionally had been used since medieval times
(Kremer (2004)). Official surnames in Spain consist of two parts: the father’s family
name and the mother’s family name, in this order.

Linguistics considers different classification of surnames depending on motivation,
morphology or semantic. The case more habitual is the semantic, being this last one
the most frequent case. Boullón-Agrelo (2008) suggests the following classification
for Galician surnames: patronymic, toponymic and apelative.

(a) Patronymic ending in “–ez”, comes from a proper name. For example González
means son of Gonzalo. The case of the Portuguese is similar: surnames formed
by adding “–es” mean “son of”, for example, for Gonzalo the corresponding sur-
name is Gonzales. But not only in the case of languages from Iberian Peninsula,
in other languages, patronymic surnames also exist, for example, in Hungarian:
the suffix “–i” adjusted to a place- name expresses origin, or to a personal name.
The most common method French to form surnames are surnames bases on
parent’s name, in this case called patronymic and matronymic surnames. The
majority of French patronymic and matronymic surnames have no identifying
prefix, but in some cases also attach a prefix or suffix that means “son of”. In
the case of patronymic English surname the suffixes “-son/-s/-kin/-kins/-ken”
at the end denote “son o‘” or “little”. In German surnames the suffix “–sen”
means “son of”. The Slavic “–ke/–ka” suffix means “son of”.

(b) Toponymic derives from a place name. There are some toponymics that may be
polygenetic (originate in several places) and others can have a unique and local
origin (more interesting for this case); among these are found: Cures, Cidrás,
Cartelle, Orille, Mourente, Sandiás, Berdiñas, Ageitos. En the case of Galicia,
it is very useful to use the Cartography of surnames.6 In other languages,
patronymic surnames also exist, for example, in Hungarian: the suffix “–i” to

6Cartography of surnames in Galicia, http://ilg.usc.es/cag/.
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be found in most of the following examples is regularly attached to place names
when deriving a surname from it. Its meaning is “to be of, to be from”. Finnish
surnames which end in “–nen” mean the place where a family lived. Also for
Galician and Spanish surnames with particle “De” or “Del” at he beginning “to
be of, to be from” for example De Barros, De Villanueva, De León, Del Moral.

(c) Those that have origin in common names (professions, characteristics, etc.),
physical, nicknames, etc.) for example: Veloso, Blanco, Cordeiro, Negro, Louzao
(and Louzán), Conde, Santos. In the previous languages (Portuguese, Hun-
garian, English, French, . . .), there are also this type of surnames.

Table 1.1 shows Galician surnames classified by frequency. The number of inhab-
itants per surname is 117. There are 9 surnames out of 20754 that are carried by
615986 people, which is 25% of the population. On the other hand, 89.53% of the
surnames have a frequency of fewer than 100 persons, which means a total of 174444
persons.

In some cases, with the aim of reducing the effect of migration to the cities, that is,
the urbanization phenomenon, which could have had in the distribution of surnames,
those individuals who were born in 1945 or earlier will be kept, similar to the work
of Rodŕıguez-Larralde et al. (2000), for the case of Venezuela. The number of muni-
cipalities analysed, the total population studied, the number of different surnames,
the population density of each municipality and the degree of urbanisation appear in
Table B.1 (Appendix - Chapter B). Figure 1.3 (botoom-left) illustrates the diverse
surnames compositions of Galicia councils.

Surnames
Relative
frequency

Cumulative
relative frequency

Population
People
by surname

Over 30000 9 0.04% 0.04% 615986 68443
From 15000 to 30000 11 0.05% 0.10% 243665 22151
From 7500 to 15000 15 0.07% 0.17% 149877 9992
From 3750 to 7500 46 0.22% 0.39% 241851 5258
From 1000 to 3750 246 1.19% 1.58% 432309 1757
From 100 to 1000 1845 8.89% 10.47% 572380 310
From 1 to 100 18582 89.53% 100.00% 174444 9
Total 20754 100.00% 2430512 117

Table 1.1: Galician surnames classified by frequency.

The log-log frequency distribution of the occurrence of surnames (Fox and Lasker
(1983)) is given in Figure 1.3 (bottom-right) shows the dispersion plot of the number
of surnames on the number of times they occur (in a log-log scale).
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Figure 1.3: (Top-left) 500 surnames more frequent in Galicia. Only a selection of
surnames are labelled. (Top-right) 50 surnames more frequent (zoom). (Bottom-left)
Map showing the diversity of surnames (number of surnames divided by population)
at council level. The councils have been scaled by their population size. (Bottom-
right) Log–log distribution of frequency of occurrence of surnames.

Regarding the diversity of surnames, Figure 1.3 (bottom-right) is similar to the
one seen for other countries and regions, such as the USA (Barrai et al. (2001)),
Sicily (Pavesi et al. (2003)), Belgium (Barrai et al. (2004)), the Azores (Branco and
Mota-Vieira (2005)) and Argentina (Dipierri et al. (2005)). The slope suggests strong
immigration. The leftmost surnames in Figure 1.3 (bottom-right) (not labeled) are
those with a foreign origin, such as Aazzaoui or Ouriaghli of Moroccan origin, Dele-
becque of French origin, Huber of German origin, Lowe of USA, Shcherbakov of
Russian origin, Wolfswinkel of Netherlands origin or Zhekova of Bulgarian origin.
The ones on the right are those of typical Galician and Spanish origin. As an ex-
ample, the following can be cited: Barreiro, Feijoo, Mariño, Pazos, Portela, Seoane,
Taboada, Veiga, etc., all of them with more than 3000 occurrences.

Table 1.2 collects the 100 most frequent surnames in Galicia comprising 1313664
people, ie 15% of the data studied. The 5 most frequent surnames represent 17% of
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the total, and these ones are: Rodŕıguez (4.3%), Fernández (4.1%), González (3.2%),
López (3.1%) and Garćıa (2.8%). Note that these 5 surnames are also the most
common in Spain, although in different order. For Spain, the order would be Garćıa,
González, Fernández, Rodŕıguez and López.

Of the 10 most common are 19 that end in “-ez” accounting for 53% of the Galician
population. Those surnames are: Yáñez from Juan; Diéguez from Diego; Bermúdez
from Bermudo; Mı́guez from Miguel, Estévez from Esteve, Estevo or Esteban; Núñez
from Nuño; Méndez from Mendo; Suárez from Suar or Suero; Domı́nguez from
Domingo, Sánchez from Sancho; Gómez from Gome or Gomo; Álvarez from Álvaro;
Vázquez from Vasco, reduced form of Velasco; Mart́ınez from Mart́ın; Pérez from Pet-
rus or Pedro; López from Lope; González from Gonzalo; Fernández from Fernando
and Rodŕıguez from Rodrigo. Figures 1.4 and 1.5 show the percentages of patronymic
surnames per municipality, as well as the percentage of people with this type of sur-
name, in Galicia.

Figure 1.4: Percentage of patronymic
surnames by municipality in Galicia.

Figure 1.5: Percentage of people with
patronymic surnames by municipality
in Galicia.

It is noteworthy that among the most common surnames they take their name
from vegetation, such as Nogueira (walnut), Loureiro (laurel), Carballo (oak), Fraga
(forest), Silva (bush), Souto (place with many chestnut trees), Pereira (pear tree) or
Piñeiro (pine tree). Last names referring to professions such as Ferreira (blacksmith
for woman) and Ferreiro (blacksmith for man). Surnames related to water such as
Riveiro (stream), Rivera (riverbank), Fuentes (springs), Ŕıo (river), Ŕıos (rivers),
Mariño (from the sea), Veiga (valley of a river). Also those who come from adjectives
that in some way accounted for the physical or psychological characteristics of their
carriers as Crespo (curly), Calvo (bald), to a pleasant appearance as Garrido (beau-
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tiful, gallant), to family relationships as Grandson (grandson), Novo (young). On the
constitution of the land as Lamas (mudflat), Barro (mud), Pena (rock). About pop-
ulation entities such as Casal (farmhouse), Vila (village). Present or past buildings
such as Hermida (hermitage), Torres (towers), Pazos (palace), Castro (castrate).

It is likely that many very low frequency surnames, with less than 10 occurrences,
for example, are due to differences in the spelling of the surnames, young generations
of people from outside Galicia, who now reside here, or to errors in the records. Fig-
ure 1.6 shows the proportion of rare surname. Rare surname are defined as those ones
with frequencies less than 100. In this case the large cities Vigo, A Coruña, Santiago
de Compostela, Ferrol, Ourense, Pontevedra and Lugo and three other big ones as
they are Vilagarćıa de Arousa, A Estrada and Maŕın (more than 20000 inhabitants)
accumulate the largest proportion of these surnames. Otherwise, A Teixeira, Man-
zaneda, Vilariño de Conso, Boimorto, Larouco, Beade, San Xoán de Rı́o, Pontedeva,
Punx́ın, Verea, all of them are small municipalities in the interior of the province of
Ourense, except the biggest one, Boimorto (it belonging to the province of A Coruña).

Figure 1.6: Proportion of Galician population with a rare surname (rare surnames
are defined as, those ones with a frequencies less than 100 at council level).

Figure 1.7 shows four maps of distributions for the surnames Crujeiras (on the
west), Orza (on the center), Ginzo (on the east) and Rodŕıguez (surnames more
frequent). The maps are depicted and weighted by population.

Special attention should be denoted to surnames from rural areas. The analysis of
the statistical frequency of rural surnames in areas distant from large urban centres,
some of them isolated until recent times, where local toponymy and vernacular names
are maintained (with greater purity because they have undergone few modifications)
allows the origin of surnames to be established with some certainty and to reveal
concordances and similarities (Mir de la Cruz (1974)).
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Surname Frequency Surname Frequency Surname Frequency
VILLAVERDE 2913 PRADO 4378 SANTOS 8180
NOGUEIRA 2935 SALGADO 4442 ESTEVEZ 8791

CASAS 2971 CAAMAÑO 4462 LAGO 8854

RIVEIRO 2972 MARIÑO 4664 ROMERO 9358

LOUREIRO 3058 CARBALLO 4740 NUÑEZ 9535
FEIJOO 3077 HERMIDA 4791 BARREIRO 9685
FRANCO 3120 CAMPOS 4835 MENDEZ 10203
PORTELA 3129 SOTO 4873 VIDAL 10663

YAÑEZ 3206 PARDO 5194 PEREIRA 10957

DIEGUEZ 3236 RIAL 5200 PIÑEIRO 11934
NIETO 3264 MIGUEZ 5245 LORENZO 13365
CARRERA 3338 COSTAS 5475 SUAREZ 14728
NOVO 3439 CASAL 5743 REY 16403
SANTIAGO 3458 SEOANE 5839 DOMINGUEZ 18888
FERREIRA 3529 FRAGA 5885 VARELA 19851
BERMUDEZ 3562 CALVO 5918 ALONSO 19918
RIVERA 3598 GIL 5936 OTERO 19943
FUENTES 3733 VEIGA 6007 BLANCO 20791
RIO 3747 ARIAS 6132 SANCHEZ 21650
CID 3773 MOSQUERA 6234 DIAZ 22297
CRESPO 3809 CONDE 6284 IGLESIAS 25899
COSTA 3819 PRIETO 6337 CASTRO 27313
BELLO 3928 SILVA 6400 GOMEZ 30712
ARES 3983 TORRES 6461 ALVAREZ 35512
RIOS 3987 FREIRE 6562 VAZQUEZ 45802
MONTERO 4019 PAZOS 6894 MARTINEZ 51036
LAMAS 4028 VILA 6919 PEREZ 56082
DURAN 4049 VILLAR 7150 GARCIA 69074
BARROS 4079 RAMOS 7264 LOPEZ 74866
LEMA 4113 PENA 7291 GONZALEZ 77929
NOVOA 4245 RIVAS 7441 FERNANDEZ 99981
LOSADA 4317 FERREIRO 7734 RODRIGUEZ 105704
GARRIDO 4350 SOUTO 7850
TABOADA 4356 PAZ 8040

Table 1.2: The 100 most frequent Galician surnames in a population of 2430512
people from the 2011 population census.
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Figure 1.7: Distributions of the four surnames selected (From left to right: Crujeiras -
on the west, Ginzo - on the east Orza - on the center and Rodŕıguez - highly frequent
surname).

The following procedure has been carried out to try to identify rural surnames.

The dataset was divided into two, depending on the size of the municipality, on the
one hand data from municipalities of less than 15000 people and on the other hand
complementary data. Of the 315 municipalities, 22 of them have a population of
more than 15000 people (represented in grey in Figure 1.8). The neighbours of these
large municipalities are found (represented in yellow in Figure 1.8). The surnames
that are neither in the larger municipalities nor in the neighbours of these are chosen
(represented in green in Figure 1.8). At this point there are 2309 appearing rural
surnames. Many of these have frequencies of less than 5, and are among the so-called
rare surnames mentioned above. There are two municipalities, Cesuras (A Coruña)
and A Teixeira (Ourense), which do not have any rural surnames. These ones are
represented in white in Figure 1.8.

If a new filter is made, that is, those surnames which have a frequency greater than
or equal to 5, there are 235 rural surnames. The next step has been to represent each
of these 235 surnames on a map. In Figure 1.9, there is an example of the distribution
of the surname Pacior. The blue points indicate councils with the surname Pacior.
The average age of people with the surname Pacior is 44.66 and the maximum age is
82. At the same time, the data of the gazetteer has been crossed to find possible place
names. Twenty-eight surnames could have a toponymic origin. In Figure 1.10, there
is an example of the distribution of the surname Salcidos. The blue points indicate
councils with the surname Salcidos and the yellow points indicate municipalities with
places Salcidos. Therefore, possible toponymic origin. The average age of people with
the surname Salcidos is 45.56 and the maximum age is 91.
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Figure 1.8: Green: rural
councils in Galicia.

Figure 1.9: Distribution
of the surname Pacior.

Figure 1.10: Distribution
of the surname Salcidos.

Annex A is devoted solely to the study of names. Throughout the rest of this
thesis the distribution of names is not analysed.

1.3.5 Web Scraping: Galician surnames

Surnames, words and language

It should not be forgotten that a surname is still a word, and as such, if it had a
meaning, it would appear in a dictionary with its pertinent definition.

It is known that there are a number of surnames that sound phonetically the same
but are spelt differently, whose meaning may or may not be the same. Therefore, in
a preliminary way, it has been developed a procedure programmed in language R,
which goes through all the surnames in Galicia and compares them one by one to see
if they only differ in one letter, these changes can be changing the letter “b” for the
letter “v”, as it happens, for example, in the following cases: ALBES vs. ALVES,
BENTIN vs. VENTIN, CARBIA vs. CARVIA, TRABADELO vs. TRAVADELO,
etc. Another example is the change of the letter “c” for the letter “z”, when they have
a similar pronunciation, as in the case of ACEVEDO vs. AZEVEDO, CELADA vs.
ZELADA, GRACIANO vs. Sometimes the change of the letter “c” for the letter “z”,
although they are not pronounced the same in Spanish or Galician, could be misprints
or derivations from Portuguese where the letter “c” could be considered as a “ç”.
Many words that in Portuguese have the letter “ç” in Spanish or Galician become
“z”, such as ALFONCO vs. ALFONZO, CABECAS vs. CABEZZAS, GONCALVES
vs. GONZALVES or MOUCO vs. MOUZO.

Sometimes the letter “g” and the letter “j” are pronounced similarly, as in the
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following cases: AGEITOS vs. AJEITOS, AGENJO vs. AJENJO, BORGES vs.
BORJES, CEREIGIDO vs. CEREIJIDO, FREIJEDO vs. FREIGEDO, GEREMIAS
vs. JEREMIAS, TEIJEIRO vs. TEIGEIRO or the case of VALIJE vs. VALIGE.
There are changes of the letter “g” to the letter “j” and they do not correspond
to phonetic changes: ABEIGON vs. ABEIJON, BAGO vs. BAJO, CAGETE vs.
CAJETE, FAGUNDES vs. FAJUNDES, GAJINO vs. JAJINO, IRAGO vs. IRAJO,
LAJO vs. LAGO, MESEGO vs. MESEJO, REGA vs. REJA or for example, VIEGO
vs. VIEJO.

The letter “y” represents two different phonemes: one equivalent to the letter “i” in
surnames like ABOI vs. ABOY, BARBEITO vs. BARBEYTO, CONTI vs. CONTY,
DALI vs. DALY, EIRE vs. EYRE, FERI vs. FERY, GAIOSO vs. GAYOSO,
GIGIREI vs. GIGIREY, INCIO vs. YNCIO, LEIRA vs. LEYRA, MAIRA vs.
MAYRA, NEIRA vs. NEYRA, REIS vs. REYS or VILABOI vs. VILABOY.

It is well known that many words that in Spanish begin with the letter “h” in
Galician are written with the letter “f”, this is the case of surnames, HARTO vs.
FARTO, HERNAN vs. FERNAN, HERNANDEZ vs. FERNANDEZ, HERNANDO
vs. FERNANDO, HERNANZ vs. FERNANZ, HERRAN vs. FERRAN, HER-
RERA vs. FERRERA, HERRERAS vs. FERRERERAS, HERRERIA vs. FER-
RERIA, HERRERO vs. FERRERUELA, HERRON vs. FERRON, HIDALGO
vs. FIDALGO, HIERRO vs. FIERRO, HIGUERAS vs. FIGUERAS, HIGUERO
vs. FIGUERO, HOLGADO vs. FOLGADO, HORNES vs. FORNES, HORNO vs.
FORNO, HORNOS vs.

Other curious changes are those of the letter “c” to the letter “q”, as reflected in
the following surnames: CUENDE vs. QUENDE, ESCUER vs. ESQUER, NAVAS-
CUES vs. NAVASQUES or PASCUA vs. PASQUA.

Usually in Spanish, “m” is always written before the phoneme /p/, as in the case
of surnames: PAMPIN, SAMPAYO or SAMPEDRO. Even so, we find the following
surnames with the letter “m” before the phoneme /p/: PANPIN, SANPAYO or SAN-
PEDRO. Always write “m” before the phoneme /b/ when it is represented by the let-
ter “b”, as in the case of the surnames: ARAMBURO, BRUMBECK, CAMBA, CUM-
BRADO, MIÑAMBRES, SAMBLAS, TEMBRAS, or WONEMBURGER. Even so,
we find the following surnames with the letter ”n” before the phoneme /p/: ARAN-
BURO, BRUNBECK, CANBA, CUNBRADO, MIÑANBRES, SANBLAS, TENBRAS
or WONENBURGER.

The following groupings of letters are characteristic particles of the Galician lan-
guage: “-AI-”, “-EI-”, “-IÑA”, “-IÑO” or “-OU-”. Thus, ther are the following ex-
amples of surnames with “-AI-”: ABELAIRA, CASAIS or GAITERO. With “-EI-”:
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ACEIRO, BANDEIRA, CABECEIRO, ESPIÑEIRA, GRUEIRO or MACIÑEIRA.
With “-IÑA/O”, indicating diminutives or affection: AGUSTIÑO, ALBARIÑAS,
BESIÑO, CALVIÑO, LAVARIÑAS, LOURIÑO, PATIÑO or TROITIÑA. With “-
OU-”: BOUZA, COUCE, DOURADA, LOUREIRO, MOURO or VILOUTA.

The Seminario de Onomástica da Real Academia Galega published the book “Os
apelidos en Galego” (RAG (2016)), a collection of 1500 surnames, represent almost
9% of the population, of Galician tradition, chosen according to their authors by
a frequency criterion. In addition, examples of criteria for the standardisation of
language-related surnames are presented in RAG (2016).

The goal is to characterize surnames according to a certain taxonomy, and identify
patronymic, apelative, toponymic, as well as finer analysis, foreign, nature-related,
. . . surnames.

Different methods have been used for this purpose. For the patronymic surnames,
we searched for surnames ending in “-ez” and the rest of the endings (“az”, “iz” or
‘’oz”, in this case) and thus tried to find out the name from which they come, since, as
we have already mentioned, endings of the “-ez” type mean son of. Even so, it cannot
be said that all surnames that do not contain one of these endings are not patronymic,
as for example the surnames, GARCIA, ALONSO, VICENTE, JORGE, are also
patronymic surnames. This type of surname was the first to appear. For apelative
surnames, a list of adjectives related to physical or psychological characteristics of
persons or family relationships or professions is proposed and those that match are
searched for in the set of surnames. This list has been compiled taking into account
the criteria for the appearance of this type of surname, since the patronymic surnames
were not sufficient. In order to identify toponymic surnames, the surname data set is
crossed with the gazetteer data. Those that coincide in both data sets are studied to
see if they are really toponyms. These surnames were incorporated with reference to
the origin of the person. For the finer taxonomy, lists have been created with words
related to land, vegetation, buildings, animals, etc.

This procedure is just carried out “by hand” and it is proposed to use a more
automatic procedure.

Web Scraping

Web Scraping is a technique for converting the data present in unstructured format
(HTML tags) on the web to a structured format which can easily be accessed and
used. The web scraping software may directly access the World Wide Web using the
Hypertext Transfer Protocol or a web browser. While web scraping can be done manu-
ally by a software user, the term typically refers to automated processes implemented
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using a bot or web crawler. It is a form of copying in which specific data is gathered
and copied from the web, typically into a central local database or spreadsheet, for
later retrieval or analysis.

Web crawling is a main component of web scraping, to fetch pages for later pro-
cessing. Once fetched, then extraction can take place. The content of a page may
be parsed, searched, reformatted, its data copied into a spreadsheet or loaded into a
database. Web scrapers typically take something out of a page, to make use of it for
another purpose somewhere else.

Almost all the main programming languages provide ways for performing web
scraping. In this dissertation, it was used language R for scraping the data for
the dictionaries websites. It can be obtained using the R routines read html and
html nodes availables in the package rvest (see R Core Team (2020a)).

Once the webscraping has been carried out, it is a matter of looking for those
surnames that appear in the dictionaries and analysing their definition, to see if they
can be assigned to any known taxonomy. Even so, an exact word may not appear and
a derivative may appear, and this has also been taken into account when applying
this technique.

The Web Scraping technique has been applied to the dictionaries in the Diccionario
de la lengua española - Real Academia Española (RAE);7 Diccionario de la lengua
galega - Real Academia Galega (RAG);8 Dicionário Priberam da Ĺıngua Portuguesa
(DPLP).9 The Galician dictionary is used because the Galician surnames10 are used,
and it could happen that one of them means a word, as well as the use of the Spanish
dictionary due to the process of Castilianisation, among others. Due to the influence
and proximity of Portugal, it has been considered interesting to use the Portuguese
dictionary.

After applying the Web Scraping technique combined with the previously de-
scribed manual procedure and exchanging conversations with Ana Boullón Agrelo,
expert in onomastics at the University of Santiago de Compostela and member of the
Instituto da Lingua Galega (ILG), 1711 surnames have been classified into the three
large groups, which represent more than 85% of the Galician population.

7Diccionario de la lengua española - Real Academia Española (RAE) https://dle.rae.es/
8Diccionario de la lengua galega - Real Academia Galega (RAG) https://academia.gal/dicionario
9Dicionário Priberam da Ĺıngua Portuguesa (DPLP) https://dicionario.priberam.org/

10The Lei de normalización lingǘıstica (1983) recognises that the only official form of place names
is Galician, and one of the first tasks was the creation of a new gazetteer that would include the
traditional toponymy and adapt it to the rules of the Galician language, a task that was completed,
as far as the major place names (municipalities, parishes, villages and places) are concerned, with
the publication of the Nomenclátor de Galicia in 2003.

https://dle.rae.es/
https://academia.gal/dicionario
https://dicionario.priberam.org/
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1.3.6 Dataset: 2012 Official Population Register and Asturian
surnames

The data of the surnames of Asturias (officially Principado de Asturias), autonomous
community of Spain located in the northwest of the Iberian Peńınsula come from
the register of population of the year 2012, provided by the Sociedad Asturiana de
Estudios Económicos e Industriales (SADEI).

This administrative territory is the product of the provincial distribution of Spain
held in 1833 (Burgueño (1996)), and since then it has not undergone many modifica-
tions in its limits or its internal administrative organization. Asturias is bordered on
the west by Galicia, on the east by Cantabria, on the north by the Cantabrian Sea and
on the south by the province of León (Community of Castilla y León). The community
has an extension of 10604 km2 and a population of 1077360 people and 858662 people
born in Asturias, concentrated mainly in the cities of Gijón and Oviedo. The region
has a hilly and mountainous inland with a scattered population since ancient times.
This region was one of the last areas of the peninsula to be romanized and, like the
rest of the northern end of the peninsula, was not conquered permanently during the
Umayyad conquest of Hispania11 (Collins (1989)). In the 8th century the territory
gave rise to the first Christian kingdom of the Iberian Peninsula, the birthplace of the
Reconquista “Reconquest”, a name traditionally applied to the military campaigns
chiefly conducted between the 11th and 13th century to liberate Iberian territories
from Muslim Moors.

At present, Asturias is an autonomous community divided administratively in 78
municipalities. The languages used by the population are Asturian, Galician-Asturian
and Spanish, the official language.

Basic etymological categories of surnames of the Iberian Peninsula are patronym-
ics, habitational names, and lexically derived names (Kremer (2003)). The Asturian
territory is part of the north of the peninsula, an area that some students point out
as the birthplace of most of the surnames extended in Spain during and after the Re-
conquista (Mir de la Cruz (1981)). Proof of this statement is the fact that the most
common surnames in all of Spain are also those that show the highest frequencies
in the northern regions (Garćıa, Fernández, González, Rodŕıguez, López, etc.). As
northern Atlantic Spain, the Asturian population is also characteristic in the abund-
ance of surnames that originate in place names (Faure et al. (2001)) and in a high
frequency of isonymy (possession of the same surname, equation (2.2.3)), a measure

11The Umayyad conquest of Hispania, also known as the Muslim conquest of the Iberian Peninsula
or the Umayyad conquest of the Visigothic Kingdom, was the initial expansion of the Umayyad
Caliphate over Hispania (in the Iberian Peninsula) from 711 to 718.
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of surname similarity inside a group (Rodŕıguez-Larralde et al. (2003); Scapoli et al.
(2007)).

The list of Asturian surnames was formed mainly in the Middle Ages and the com-
parative studies with the current surname corpus show that, essentially, the repertoire
of more common forms has hardly changed (Viejo Fernández (1997)). The surnames
of patronymic origin (the greater part ending in -ez ) still are the most frequent ones
in the population. Furthermore, they are the same, with little variation, as those
that are found in the 15th century, at the end of the 19th (Viejo Fernández (1997)),
and in the first decades of the 21st century. Table 1.3 shows the fifty most common
surnames in the population analysed and the number of councils in which each one
was registered, the percentage of occurrences and the percentage of municipalities in
which it appears. It may be verified that most of these surnames belong to the class
of patronymics and that are common in all or in most of the Asturian councils.

The total number of different surnames contained in the database is 18418.12 As
a geographical area of reference, most of the studies on surname distribution carried
out on Spain or on Spanish communities use the province, an administrative entity
that is much larger than the municipality.13

Table 1.4 shows Asturian surnames classified by frequency. The number of inhab-
itants per surname is 64.

The 500 surnames more frequents represent “approximate” 2% of them, but ≈
75% of the total population. The frequency distribution of the 500 -50 more frequent
in the population register for 2012 is shown in Figure 1.11 500 (left) - 50 (right). The
log-log frequency distribution of the occurrence of surnames (Fox and Lasker (1983))
is given in Figure 1.12, where the dispersion plot of the number of surnames on the
number of times they occur (in log-log scale) is presented.

The surnames ALVAREZ, DIAZ, FERNANDEZ, GARCIA, GONZALEZ, LOPEZ,
MARTINEZ, PEREZ, RODRIGUEZ are present in all Asturian municipalities. The
surname ALONSO is in position 77 of 78 and SUAREZ in position 76 of 78.

Among the patronymic surnames, the Menéndez surname reaches the highest
density (2.12%), compared to the rest of Spain (≈ 0.02%). Menéndez comes from
Menendo, a holy Gothic martyr. The proportion of Menéndez is much higher than

12This is the total number of different surnames taking into account both the first and the last
surnames. For the first surname, 13467 different forms were counted, for the second 14016. It
is necessary to point out that in the original database the surnames are listed in upper case and
without a stress mark.

13In human and genetic geography studies, it is also common to use data referring to the main
cities of each province (see, for example, the most recent study in Bycroft et al. (1919)).
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Occurrences Council Occurrences Council
Surname Nº % Nº % Surname Nº % Nº %
FERNANDEZ 75179 8.76 78 100.00 VALDES 3037 0.35 52 66.67
GARCIA 59570 6.94 78 100.00 MONTES 2758 0.32 42 53.85
GONZALEZ 46836 5.45 78 100.00 HERNANDEZ 2674 0.31 48 61.54
ALVAREZ 40406 4.71 78 100.00 CASTRO 2395 0.28 61 78.21

RODRIGUEZ 35371 4.12 78 100.00 ARGÜELLES 2339 0.27 49 62.82
SUAREZ 22195 2.58 76 97.44 VALLE 2331 0.27 53 67.95
MARTINEZ 20148 2.35 78 100.00 PELAEZ 2128 0.25 54 69.23
MENENDEZ 18184 2.12 69 88.46 HEVIA 2094 0.24 49 62.82
LOPEZ 17902 2.08 78 100.00 CUERVO 2023 0.24 45 57.69
DIAZ 17814 2.07 78 100.00 MORAN 1953 0.23 51 65.38
PEREZ 17740 2.07 78 100.00 RUBIO 1952 0.23 49 62.82
ALONSO 13310 1.55 77 98.72 GRANDA 1903 0.22 45 57.69
SANCHEZ 11788 1.37 74 94.87 CUESTA 1774 0.21 46 58.97

IGLESIAS 8623 1.00 74 94.87 ANTUÑA 1761 0.21 34 43.59
GUTIERREZ 7166 0.83 65 83.33 RUIZ 1750 0.20 52 66.67
BLANCO 6246 0.73 71 91.03 ZAPICO 1697 0.20 32 41.03
MENDEZ 4835 0.56 63 80.77 SANTOS 1671 0.19 55 70.51
VEGA 4742 0.55 70 89.74 VELASCO 1632 0.19 44 56.41
VAZQUEZ 4458 0.52 66 84.62 CUETO 1627 0.19 41 52.56

MUÑIZ 4391 0.51 58 74.36 MIRANDA 1617 0.19 55 70.51
GOMEZ 4337 0.51 72 92.31 RAMOS 1616 0.19 50 64.10
JIMENEZ 3255 0.38 46 58.97 VALLINA 1564 0.18 36 46.15
ARIAS 3214 0.37 66 84.62 VILLA 1392 0.16 40 51.28
MARTIN 3200 0.37 52 66.67 PRADO 1370 0.16 43 55.13
PRIETO 3181 0.37 69 88.46 FUENTE 1365 0.16 44 56.41

Table 1.3: The 50 most frequent names in Asturias (SADEI, 2012).
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Surnames
Relative
frequency

Cumulative
relative frequency

Population
People
by surname

Over 30000 5 0.04% 0.04% 257362 51472
From 15000 to 30000 6 0.04% 0.08% 113983 18997
From 7500 to 15000 3 0.02% 0.10% 33721 11240
From 3750 to 7500 7 0.05% 0.16% 36175 5168
From 1000 to 3750 56 0.42% 0.57% 93031 1661
From 100 to 1000 708 5.26% 5.83% 202786 286
From 1 to 100 12682 94.17% 100.00% 121604 10
Total 13467 100.00% 858662 64

Table 1.4: Asturian surnames classified by frequency.

Figure 1.11: 500 (left) - 50 (right) surnames more frequent in Asturias. Only a
selection of surnames are labelled.

that of his homonym Méndez (0.56%).

The frequency of the Valdés surname stands out (0.35%). This surname is present
in 66.67% of Asturian municipalities. The Valdés surname comes from the name of
an old Council and municipality, now changed to Luarca. A simplistic etymological
explanation claims that the name comes from the river Valdés, which, as it flows
between the the meanders of the valley that it irrigates were designated by “val de
eses”, calling the region the same way, and the Valdés contraction arose (Mir de la
Cruz (1981)).

In Asturias there are other patronymics with high frequencies such as MÚÑIZ
occupies position 21, derived from the proper name Munio or Muño, used during the
Middle Ages in Castilla; PELAEZ occupies position 34, derived from the proper name
Pelayo, as it is said that it comes from the time of the Goths and that some knights so
called, were with the undefeated caudillo Don Pelayo, in his refuge in the mountains
in Covadonga; ORDOÑEZ occupies position 54, is a surname from medieval times
derived from the patronymic of the name Ordoño.

There is a large number of toponymic surname such as ALLER (Aller (in Asturian
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Figure 1.12: Log–log distribution of frequency of occurrence of surnames in Asturias.

Ayer) is a Spanish council in the autonomous community of the Principality of As-
turias), CASARIEGO (Casariego comes from Tapia de Casariego. Tapia de Casariego
(officially, Tapia) is a council on the western coast of the Principality of Asturias),
COLUNGA (Colunga is a council of the autonomous community of the Principality
of Asturias), LLANES (Llanes is a council of the autonomous community of the Prin-
cipality of Asturias in Spain), among others. The above are toponyms that coincide
with names of municipalities. There are other toponyms that come from other pop-
ulation entities such as HEVIA: parish of Siero (Siero is a council of the autonomous
community of the Principality of Asturias in Spain), URIA: place of the municipal-
ity of Ibias (Ibias is a council of the autonomous community of the Principality of
Asturias in Spain).

Other characteristics

The Asturian diminutive is the ending ’in’, and there are more than a hundred
place names with this suffix. The suffix “in” is a diminutive and appreciative, more
productive in the northwestern part of Spain. Some words are already lexicalised and
have a different meaning from the original word; other times the suffix brings a hint
of affection or familiarity.

The following is a sample of these surnames with a meaning of affection: AGUDIN
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(from acute “agudo”), AMORIN (from love “amor”), CALVIN (from bald “calvo”),
CANTARIN ( from singer “cantante”), PALACIN (from palace “palacio”), RUBIN
(from blond “rubio”), SANIN (from healthy “sano”), SANTIN ( from saint “santo”),
VALENTIN ( from brave “valiente”) or VERDIN ( from green “verde”), , y and there
are also many other toponyms such as: BALBIN (Balb́ın is a village in the council of
Gozón and belongs to the parish of Luanco in Asturias), GUDIN (Gud́ın is a village
in the council of Corvera de Asturias and belongs to the parish of Trasona), VALLIN
(El Valĺın (in Asturian El Valĺın) is a village in the parish of Santiago (in Asturian
Santiáu), in the council of Valdés), . . .

Names of historical figures such as those of Campoamor (can be referred to the
poet Ramón de Campoamor)14 Campomanes15 or Jovellanos.16

1.3.7 Dataset: 2011 Official Population Register and Catalan,
Valencian and Balearic surnames

Cataluña is a Spanish autonomous community, considered a historic nationality. Loc-
ated in the north-east of the Iberian Peninsula, it occupies a territory of some 32000
km2, bordered to the north by France and Andorra, to the east by the Mediterranean
Sea, to the south by the Community of Valencia (Castellón) and to the west by Aragón
(Teruel, Zaragoza and Huesca). Cataluña is made up of the provinces of Barcelona,
Gerona, Lérida and Tarragona. Its capital is Barcelona. As of 2011, 7539618 people
live in the Catalan territory in a total of 947 municipalities of which only 64 exceed
20000 inhabitants (in which more than 70% of the Catalan population lives).

In the territory of the Comunitat Valenciana there are currently 5117190 (INE,
2011) people living in a total of 542 municipalities. The largest concentration of pop-
ulation is around the city of Valencia, and the second largest concentration of popu-
lation in the community is the metropolitan area of Alicante-Elche. The Comunitat
Valenciana is an autonomous community of Spain located in the east and southeast of

14Ramón Maŕıa de las Mercedes (Pérez) de Campoamor y Campoosorio (Piñera, Navia
(Asturias), 1817-Madrid 1901) was a Spanish poet of literary realism.

15Campomanes (officially, in Asturian, Campumanes) is a parish of the Asturian council of Lena,
in Spain, and a site of that parish. Pedro Rodŕıguez de Campomanes y Pérez-Sorriba, the
first Count of Campomanes (Santa Eulalia de Sorriba, Tineo, Asturias, 1723 -Madrid 1802) was a
Spanish politician, jurist and economist.

16Jovellanos, this illustrious Asturian surname was formed in the last third of the 17th century
by the marriage of a lady from the Jove lineage to a knight of the Llanos surname. The database
contains 150 people with the surname Jove, 106 with the surname Llanos and 50 with the surname
Jovellanos. Gaspar Melchor de Jovellanos (1744 - 1811) was an enlightened Asturian writer,
lawyer and politician.
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the Iberian Peninsula, on the Mediterranean coast. With 23255 km2, it is the eighth
largest region in Spain in terms of surface area and the eighth largest autonomous
region in Spain, representing 4.60% of the national area. It consists of the provinces
of Alicante, Castellón and Valencia, and is bordered by Cataluña and Aragón to the
north, Castile-La Mancha and Aragon to the west, and the Region of Murcia to the
south.

The Balearic Islands (in Catalan and officially, Illes Balears) are a single-province
Spanish autonomous community made up of the islands of the Balearic archipelago.
They are located in the Mediterranean Sea off the eastern coast of the Iberian Pen-
insula. Their capital is Palma. The archipelago is made up of two groups of islands
and numerous islets: the Gimnesias Islands (Mallorca, Menorca, Cabrera and some
nearby islets such as Dragonera, Conejera or the Aire Island) and the Pitiusas Islands
(Ibiza and Formentera, together with the islets that surround them, such as Espal-
mador and Espardell). In total the territory has 4992 km2 and goes from sea level
to 1445 m of altitude. There are 1113114 (INE, 2011) people living in a total of 67
municipalities.

Table 1.5 shows the number of councils, resident population, born population and
number of different surnames in the three Autonomous Communities concerned (Illes
Balears, Comunitat Valenciana and Cataluña).

Councils
Resident
population

Born
population

Surface
km2

Nº
Surnames

Illes Balears 67 1113114 644756 4992 21718
Comunitat Valenciana 542 5117190 3513625 23255 47149
Cataluña 947 7539618 5117345 32113 73418
Total 1556 13769922 9275726 60360 96631

Table 1.5: Number of councils, resident population, born population and number of
different surnames in the three Autonomous Communities concerned in the study
(Illes Balears, Comunitat Valenciana and Cataluña).

The Census of 2011 records 9275726 birth people, both of all ages, in Cataluña
(5117345), Comunitat Valenciana (3513625) and Illes Balears (644756). The data
were provided by the National Statistics Institute (INE). The dataset contains a part
of the Census variables, which are municipality of birth, municipality of residence
and age of the person, for 9275726 people (born in Cataluña, Comunitat Valenciana
and Illes Balears, after some depurations) with 96631 different surnames (66195 ≈
69% of them have less 10 people (≈ 2% of the population of Cataluña, Comunitat
Valenciana and Illes Balears)). The 500 surnames more frequents represent ≈ 0.5%
of them, but ≈ 55% of the total population.
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Table 1.6 shows surnames from Cataluña, Comunitat Valenciana and Illes Balears
classified by frequency. The number of inhabitants per surname is 96.

Surnames
Relative
frequency

Cumulative
relative frequency

Population
People
by surname

Over 30000 24 0.02% 0.02% 1867001 77792
From 15000 to 30000 31 0.03% 0.06% 617328 19914
From 7500 to 15000 90 0.09% 0.15% 968614 10762
From 3750 to 7500 214 0.22% 0.37% 1132999 5294
From 1000 to 3750 1000 1.03% 8.02% 1857053 1857
From 100 to 1000 6387 6.61% 6.98% 1940149 304
From 1 to 100 88887 91.98% 100.00% 892582 10
Total 96633 100.00% 9275726 96

Table 1.6: Surnames from Cataluña, Comunitat Valenciana and Illes Balears classified
by frequency.

Cataluña: The patronymic surnames, derived from ancient Germanic names,
and largely from Latin and Greek, and those of the Christian saint, predominate
(Mir de la Cruz (1974)).

• Latin origin: BERNABEU (Bernabé), DODERO (Teodoredo), FLUVIA (Flavi-
ano), LLUCH (Lucas), MACIA (Mat́ıas), MARCH (Marcos), MARZA (Mar-
cial), TUDURI (Teodorico).

• Germanic origin: ALABART (Alawart), AMAR (Edelmiro), GOMA (Godo-
mar), ISBERT (Isabert), RAURICH (Rodrigo), SENAR (Sinwald).

• Names of professions: BALLESTER (crossbowman), BATALLER (fighter),
DARDER (arrowhead).

• Artisans: ARGENTER (silversmith), BARRAQUER (hut builder), ESPADALER
(swordsman), FLAQUER (baker).

• Agriculture-related: BERGER (shepherd), BOVER (herdsman), COLOMER
(pigeon fancier), ESTELLER (woodcutter).

• Merchants and others: CLAVER (clavier), DRAPER (cloth merchant).

• The ten most frequent surnames are of the patronymic type: GARCIA, MAR-
TINEZ, LOPEZ, SANCHEZ, FERNANDEZ, RODRIGUEZ, PEREZ, GONZA-
LEZ, GOMEZ.

• Other high-frequency surnames: MARTI, VIDAL, SOLER, FERRER, PUIG,
GIL, MOLINA, SERRANO or ROCA.
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Comunitat Valenciana: The Comunitat Valenciana is rich in Catalan and Ar-
agonese surnames and rare are the native Valencian surnames (Mir de la Cruz (1980)).

• There are surnames of Arab origin, for example: MEZQUITA, MEZQUIDA,
RAMBLA, RUZAFA, BARRACHINA, AIXA.

• The Valencian “ch” is a spelling that emerged in Valencia at the end of the 18th
century. There are more than a thousand surnames starting with “ch”. The
ten most frequent are the following: CHACON, CHEN, CHECA, CHAMORRO,
CHAVES, CHAVARRIA, CHICA, CHAPARRO, CHICO, CHAVEZ, CHIVA.

• Toponymic surnames: ARAGON, ARAGO, BENAVENT (place name in Span-
ish in Benavente), CALATAYUD (municipality and town of Zaragoza), CHIVA
(toponic Xiva), REQUENA (Requena is a Spanish municipality located in the
region of Requena, province of Valencia), SEGARRA (Catalan region of Sa-
garra),

• Occupations and professions: BALLESTER, BATALLER, CARCELLER, ES-
CRIVA, ESCUDER, FORNER, GUANTER, MARINER, MESTRE, MOLINER,
PIQUER, SEDER, TABERNER, TORNER, VAQUER.

• Qualifications based on personal qualities: AJADO (worn), ARRUFAT (wrinkled),
CANOS (gray-haired), TORT (twisted), among others.

• Surname of locative origin: ARAGONES, BRETO, ESTELLER, GASCO, LLOM-
BART, PORTOLES, SEVILLA or TURCH.

• From animals: LLEO (lion), COLOMA (pigeon), LLOP, ALBELLA (milano),
BOU (ox), BULTO (vulture), MOLTO (sheep).

• From vegetables: GINESTA (broom), LLOR (laurel), OMS (poplars).

• Other frequent surnames: FERRER (of the forge profession), BALLESTER
(man at arms), PASTOR (baptismal name), BALAGUER (toponym of Lérida).

Illes Balears: The Illes Balears were first conquered at the beginning of the 12th
century (1114, Ibiza, and 1115, Mayorca) by Ramon Berenguer III in a Crusade in
which several Italian republics cooperated, and then had to be abandoned in the face
of Almohad pressure. In 1229, they were definitively reconquered by Jaime I. The
immense majority of their surnames came from Cataluña (Mir de la Cruz (1975)).
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• The ten most frequent surnames are: GARCIA, PONS, MARTINEZ, TORRES,
FERNANDEZ, LOPEZ, SANCHEZ, FERRER, GONZALEZ and RODRIG-
UEZ. They represent 10% of the population.

• Other high frequency surnames are ROSELLO, FORTEZA (fortress), FUSTER
(whip or wood worker).

Table 1.7 shows the 10 most frequent surnames in each of the provinces of Cataluña,
Comunitat Valenciana and Illes Balears (INE, 2011).

Order BALEARES BARCELONA GERONA LÉRIDA TARRAGONA ALICANTE CASTELLÓN VALENCIA
1 GARCIA GARCIA GARCIA GARCIA GARCIA GARCIA GARCIA GARCIA
2 PONS MARTINEZ MARTINEZ MARTINEZ MARTINEZ MARTINEZ MARTINEZ MARTINEZ
3 MARTINEZ LOPEZ FERNANDEZ LOPEZ LOPEZ PEREZ LOPEZ PEREZ
4 TORRES SANCHEZ SANCHEZ SOLE SANCHEZ SANCHEZ SANCHEZ LOPEZ
5 FERNANDEZ FERNANDEZ RODRIGUEZ SANCHEZ RODRIGUEZ LOPEZ PEREZ SANCHEZ
6 LOPEZ RODRIGUEZ LOPEZ PEREZ FERNANDEZ RODRIGUEZ BELTRAN NAVARRO
7 SANCHEZ PEREZ PEREZ FERNANDEZ GONZALEZ FERNANDEZ GIL GOMEZ
8 RODRIGUEZ GONZALEZ GONZALEZ RODRIGUEZ PEREZ NAVARRO GONZALEZ GONZALEZ
9 GONZALEZ GOMEZ VILA GONZALEZ MARTI GONZALEZ GOMEZ FERNANDEZ

10 FERRER RUIZ SERRA FARRE FERRE GOMEZ FERNANDEZ RODRIGUEZ

Table 1.7: The 10 most frequent surnames in each of the provinces of Cataluña,
Comunitat Valenciana and Illes Balears (INE, 2011).

Table 1.8 shows the 100 most frequent surnames in a population of 9275726 people
from Cataluña, Comunitat Valenciana and Illes Balears (INE, 2011). The frequency
distribution of the 500 - 50 more frequent in the 2011 Census is shown in Figure 1.13
(500 (left) - 50 (right)). The log-log frequency distribution of the occurrence of
surnames (Fox and Lasker (1983)) is given in Figure 1.12. Figure 1.14 shows the
regression of the logarithm of the number of surnames on the logarithm of the number
of times they occur.

Figure 1.13: 500 (left) - 50 (right) surnames more frequent in Cataluña, Comunitat
Valenciana and Illes Balears. Only a selection of surnames are labelled.
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Surname Frequency Surname Frequency Surname Frequency
GARCIA 243810 MARIN 21336 SALA 13337
MARTINEZ 201203 PASCUAL 21212 CAMPOS 13247
LOPEZ 140594 MAS 20120 BELTRAN 13045
PEREZ 130974 ORTIZ 20076 GARRIDO 13039
SANCHEZ 126522 PUIG 19291 SAEZ 12905
FERNANDEZ 103315 ROCA 18943 PUJOL 12744
RODRIGUEZ 99513 GUTIERREZ 18799 COLL 12696
GONZALEZ 97864 RAMOS 18273 MOYA 12691
GOMEZ 74359 ALONSO 18077 GIMENO 12622
RUIZ 62172 ORTEGA 18027 AGUILAR 12522
NAVARRO 61198 RAMIREZ 17994 DELGADO 12499
MORENO 55195 ROIG 17258 BLASCO 12380
HERNANDEZ 53373 TOMAS 16889 ANDREU 12088

MUÑOZ 48914 SANZ 16760 VALLS 12080
MARTIN 45113 JUAN 16628 SOLE 11981
JIMENEZ 44749 MORALES 16461 CARBONELL 11919

TORRES 41761 IBAÑEZ 16257 MEDINA 11761
FERRER 36814 COSTA 16065 FUENTES 11572
DIAZ 36458 SORIANO 15597 BALLESTER 11571
ROMERO 34366 CANO 15382 GUERRERO 11440
MARTI 33235 DOMINGUEZ 15170 ROVIRA 11421
GIL 32561 FONT 14921 MARCO 11417
VIDAL 32536 RIERA 14670 RAMON 11412
SOLER 30402 CASTILLO 14657 MIRALLES 11325
GIMENEZ 27952 BOSCH 14284 FLORES 11314
MOLINA 26210 LOZANO 14229 OLIVER 11292
SERRA 25836 SANCHIS 14164 DURAN 10966
SERRANO 25443 MORA 14063 CASTRO 10960
PONS 24341 ESTEVE 14061 ROS 10911
VILA 23563 GRAU 13900 HERRERO 10790
ALVAREZ 23423 DOMENECH 13813 SALVADOR 10730
CORTES 22663 VALERO 13712 CASAS 10695
RUBIO 21819 VAZQUEZ 13506
PASTOR 21463 SEGURA 13414

Table 1.8: The 100 most frequent surnames in a population of 9275726 people from
Cataluña, Comunitat Valenciana and Illes Balears (INE, 2011).
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Figure 1.14: Log–log distribution of frequency of occurrence of surnames in Cataluña,
Comunitat Valenciana and Illes Balears.

1.3.8 Dataset: 2011 Official Population Register and
Spanish surnames

Spain covers 505370km2, making it the fourth largest country on the continent after
Russia, Ukraine and France. With an average altitude of 650m (2640ft) above sea
level, it’s one of the most mountainous countries in Europe. Its population is 47329981
(INE, 2020). The peninsular territory shares land borders with France and Andorra
to the north, with Portugal to the west and with the British territory of Gibraltar to
the south. In its African territories, it shares land and sea borders with Morocco.

Its territory, with its capital in Madrid, is organised into seventeen autonomous
communities, made up of fifty provinces; and two autonomous cities (Ceuta and
Melilla).

It is considered 39811872 people, population of birth, not residence is considered
(the data were provided by the Galician Statistics Institute (IGE), National Statistics
Institute (INE), Asturian Society for Economic and Industrial Studies (SADEI)).
Table 1.9 shows the population by province and autonomous community, as well as
the number of different surnames. If the number of different surnames is divided by



32 CHAPTER 1. INTRODUCTION

the number of inhabitants born in each province, in order to see a rough approximation
of diversity, Melilla (7.19%), Ceuta (6.42%), Álava (5.14%), and the rest below 5. The
Spanish capital, Madrid, is one of the last in this calculation (1.08%), sixth from the
bottom. It was to be expected that there would be more diversity in Madrid. As
mentioned, this is a rough calculation.

Most frequent surnames

Table 1.10 shows the 100 most frequent Spanish surnames in a population of
39811872 people (IGE, 2011; INE, 2011; and SADEI, 2012). There are 161474 differ-
ent surnames, as can be seen in Table 1.9. The cumulative frequency of these 100 most
frequent surnames accounts for 41.92% of the population. The 50th position is 208 of
161474, 75th position 1719, 80th position 2748, 85th position 4613, 90th position 8328,
95th position 17747, 97th position 27271 and 99th position 56260 (with a frequency of
13). From then on there are 105230 surnames that are held by a total of 400107 people.
Garćıa is the most common surname among Spanish people: 1415139 people have it,
according to the data in Table 1.10. It is followed by González (870654), Fernández
(868704), Rodŕıguez (858608), López (824262), Mart́ınez (797502), Sánchez (784500)
and Pérez (738050). The following have a frequency of less than 700000. Figures 1.15
and 1.16 represents on the map of Spain the most frequent surname by autonomous
community and province, respectively, and Figure 1.17 shows the bar chart of the 25
most common surnames. In dark orange, those with a frequency of more than 700000
people are represented and in light orange the others.

The surname GARCÍA is a patronymic surname, predominating over its related
forms of Garciz, Garcés and Garciaz. This surname, apart from being the most
frequent, is much more frequent than the next one, which is González. It is one of the
five most frequent surnames in all the Autonomous Communities, as well as in Ceuta
and Melilla. It is the most frequent surname in the communities of Andalućıa, Aragón,
Illes Balear, Castilla La Mancha, Castilla y León, Cataluña, Comunitat Valenciana,
Comunidad de Madrid and Páıs Vasco. It occupies second place in the Principality
of Asturias, Extremadura, Melilla, Región de Murcia, Comunidad Foral de Navarra
and La Rioja. The third place in the Community of Cantabria and Ceuta. And it is
in fifth place in the Islas Canarias and Galicia.

The surname GONZÁLEZ, is a patronymic surname, from Gonzalo. It is one
of the five most frequent surnames in 8 autonomous communities and in Ceuta. It
occupies second place in the communities of the Islas Canarias, Cantabria and Castilla
y León. It ranks third in Asturias, Extremadura, Galicia and the Páıs Vasco. Fourth
in the Community of Madrid. And fifth place in Ceuta.
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Autonomous Community Province Population Surnames

Andalućıa

Almeŕıa 580878 12220
Cádiz 1255541 16206
Córdoba 1036541 10003
Granada 1079507 11960
Huelva 507631 8801
Jaén 982398 8471
Málaga 1230340 22231
Sevilla 1853126 19951
Total 8525962 52372

Aragón

Huesca 220075 9615
Teruel 207189 6379
Zaragoza 790903 20499
Total 1218167 25118

Principado de Asturias Asturias 858662 13467
Illes Balears Illes Balears 644756 21718

Canarias
Las Palmas 846140 15955
Santa Cruz de Tenerife 767044 13822
Total 1613184 23634

Cantabria Cantabria 541719 11906

Castilla - La Mancha

Albacete 501552 7306
Ciudad Real 684618 9887
Cuenca 338654 5713
Guadalajara 207857 7726
Toledo 638982 12480
Total 2371663 25089

Castilla y León

Ávila 253171 4868
Burgos 443112 10065
León 613061 10219
Palencia 247116 5329
Salamanca 459063 7678
Segovia 218373 5196
Soria 149841 4233
Valladolid 503066 10211
Zamora 300611 5417
Total 3187414 28491

Cataluña

Barcelona 3821359 62604
Girona 448395 20387
Lleida 360149 15301
Tarragona 487442 20035
Total 5117345 73419

Ceuta Ceuta 87894 5647

Comunitat Valenciana

Alicante/Alacant 1160111 24708
Castellón/Castelló 410459 13778
Valencia/València 1943055 30109
Total 3513625 47149

Extremadura
Badajoz 940359 9816
Cáceres 607700 7524
Total 1548059 13312

Galicia

A Coruña 965668 12026
Lugo 344974 5425
Ourense 310557 5278
Pontevedra 809313 11280
Total 2430512 20754

Comunidad de Madrid Madrid 4157277 67591
Melilla Melilla 90741 6522

Región de Murcia Murcia 1255494 18352
Comunidad Foral de Navarra Navarra 531365 15929

Páıs Vasco

Araba/Álava 219556 11276
Bizkaia 990878 22406
Gipuzkoa 628316 18435
Total 1838750 31706

La Rioja La Rioja 279283 10169
Spain Total 39811872 161474

Table 1.9: Population and number of surnames per province, autonomous community
and total (IGE, 2011; INE, 2011; and SADEI, 2012).
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The surname FERNÁNDEZ, is a patronymic surname, from Fernando. It is one
of the five most frequent surnames in thirteen autonomous communities. In Asturias
and Cantabria it is the most common surname. In Galicia, Madrid and the Basque
Country it is the second most common surname. In the Community of La Rioja it is
the third most common surname. In Castilla y León it is the fourth most common
surname. In Andalućıa, Illes Balears, Castilla La Mancha, Cataluña, Extremadura
and the Comunidad Foral de Navarra it is in fifth place.

The surname RODRÍGUEZ, is a patronymic surname, from Rodrigo. It is one of
the five most frequent surnames in six autonomous communities. In Galicia and the
Islas Canarias it is the most common surname. In Andalućıa, it is the second most
frequent surname. In Extremadura it is the fourth and in Asturias and Castilla y
León it is the fifth.

The surname LÓPEZ,17 is a patronymic surname, of Lope. It is one of the five
most frequent surnames in eight autonomous communities and the city of Melilla. In
no community is it the most frequent. In Castilla La Mancha it is the second most
common. In Andalućıa, Cataluña y Melilla it is in third place. It is in fourth place
in Aragón, Comunitat Valenciana, Galicia and Región de Murcia. And finally, in
Madrid it is in fifth place.

The surname SÁNCHEZ, is a patronymic surname, from Sancho. It forms other
patronymic surnames such as Sáez, Saiz and Sanz (in Catalan, Sans). It is the most
common surname in Extremadura.

The surname MARTÍNEZ, is a patronymic surname, from Mart́ın. It is the most
frequent surname in Murcia, Navarra and La Rioja.

The surname MOHAMED is the most common in the cities Ceuta and Melilla.

The frequency distribution of the 500 more frequent in the dataset is shown in
Figure 1.18. The log-log frequency distribution of the occurrence of surnames (Fox
and Lasker (1983)) is given in Figure 1.19. Figure 1.19 shows the regression of the
logarithm of the number of surnames on the logarithm of the number of times they
occur.

17The surname López comes from the Latin Lupus. It was the custom of ancient peoples to apply
animal names to people (correlatives, Llop in Catalan, and Otxoa in Basque).
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Surname Frequency Surname Frequency Surname Frequency
GARCIA 1415139 RUBIO 102444 HERRERO 57137
GONZALEZ 870654 CASTRO 101036 FLORES 55522

FERNANDEZ 868704 ORTIZ 97134 IBAÑEZ 54120
RODRIGUEZ 858608 MARIN 96294 FERRER 53702
LOPEZ 824262 SANZ 93339 SANTANA 53514
MARTINEZ 797502 IGLESIAS 83216 LORENZO 53146
SANCHEZ 784500 GARRIDO 83060 AGUILAR 53132

PEREZ 738050 NUÑEZ 80924 HIDALGO 53032
MARTIN 481979 CORTES 79637 GIMENEZ 52821
GOMEZ 466125 MEDINA 77760 MONTERO 52429
JIMENEZ 374936 SANTOS 76905 VICENTE 50827
RUIZ 355858 LOZANO 76549 SANTIAGO 50666
HERNANDEZ 338434 CANO 74603 DURAN 49891
DIAZ 313104 GUERRERO 72915 REYES 49639
MORENO 308917 CASTILLO 72889 CARMONA 49419

MUÑOZ 270538 PRIETO 70339 MORA 48333
ALVAREZ 256096 CALVO 68453 CRESPO 47830
ROMERO 206642 GALLEGO 67221 PASTOR 47540
ALONSO 190914 VIDAL 65437 BENITEZ 47283
GUTIERREZ 182485 MARQUEZ 65065 SAEZ 46601
NAVARRO 173530 DIEZ 62686 SOLER 45151
TORRES 152753 LEON 62463 ESTEBAN 44743
DOMINGUEZ 149399 CRUZ 61963 MOYA 44567
VAZQUEZ 136365 CAMPOS 61653 ROMAN 44405

GIL 136253 PEÑA 61493 VELASCO 44382
RAMOS 133837 MENDEZ 61457 ARIAS 42926
SERRANO 129045 CARRASCO 60486 GALLARDO 42848
BLANCO 115814 FUENTES 60259 SOTO 42252
RAMIREZ 115660 CABRERA 59978 MERINO 41794
MOLINA 114093 VEGA 59623 PARRA 41525
ORTEGA 112312 HERRERA 59530 BRAVO 40962
DELGADO 109478 CABALLERO 58004 PARDO 40800
MORALES 108935 NIETO 57908
SUAREZ 106900 PASCUAL 57524

Table 1.10: The 100 most frequent Spanish surnames in a population of 39811872
people (IGE, 2011; INE, 2011; and SADEI, 2012).
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Figure 1.15: Most frequent surname
by autonomous community (IGE,
2011; INE, 2011; and SADEI, 2012).

Figure 1.16: Most frequent surname
by province (IGE, 2011; INE, 2011;
and SADEI, 2012).

Figure 1.17: The 25 most frequent Spanish surnames in a population of 39811872
people (IGE, 2011; INE, 2011; and SADEI, 2012).
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Figure 1.18: 500 (left) - 50 (right) surnames more frequent in Spain. Only a selection
of surnames are labelled.

Figure 1.19: Log–log distribution of frequency of occurrence of surnames in Spain.

1.3.9 Gazetteer

A Gazetteer18 is a geographical dictionary or directory used in conjunction with a
map or atlas. It typically contains information concerning the geographical makeup,

18The term gazetteer originally was applied to one who wrote a gazette. It was first used in
its modern sense early in the 18th century, after the publication (1703) by Lawrence Echard of
the Gazetteer’s or Newsman’s Interpreter, a geographical index. But lists of place names, with
descriptions, had been made as early as the 6th century; part of the gazetteer of Stephen of Byz-
antium, of this time, is extant. The 19th century, when geographical knowledge and the need for
having geographical facts readily available had both increased greatly, was the great period of de-
velopment of gazetteer making. Attempts were made to produce complete gazetteers, necessitating
several volumes. Famous gazetteers include Johnston’s (Scotland, 1850), Blackie’s (Scotland, 1850),
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social statistics and physical features of a country, region, or continent. The official
names of the population entities can be found in the Galician Gazetteer. Gazetteer19

of Galicia (year 2012) which has 37308 records. The Gazetteer contains the toponymy
of the provinces, parishes, municipalities and places of Galicia, in accordance with
the dictates of the Commission on Toponymy and the rules issued by the Xunta de
Galicia. In the Gazetteer database the geographical coordinates of each centre are not
available, therefore the coordinates of the centroid of the municipality to which they
belong have been assigned and in the case of surnames, as the data by municipality
are available, the coordinates of the centroid of the municipality are also considered.

For a more in-depth analysis over time, the nomenclator data for the period 1999-
2018 are available. The available variables are: year, province, municipality, collective
entity, singular entity, nucleus, name, total number of people, as well as the number
of men and women. In total there are 1299486 records or rows. The availability of
electronic gazetteers facilitates partial validation of the areas generated for toponymic
surnames (Cheshire and Longley (2011)).

1.3.10 Galician Language Atlas: ALGa

The Galician Language Atlas (Atlas Lingǘıstico Galego or ALGa for short), one of the
ILG’s20 star projects, is an ample, descriptive compendium of geographical variation
in modern Galicia. Three Institute scholars conducted in situ surveys in 167 locations
in the Galician language area between 1974 and 1977, 152 of which were in Galicia
and fifteen in Galician-speaking areas in Asturias, Leon, and Zamora.

The 2711-item poll resulted in an average of 4000 language forms per locale, which
were loaded into a data store with nearly half a million items, including response texts
and a wealth of supplemental information. By installing a software program for the
management of geographical information, a map representation of the responses for

Bouillet’s (France, 1857), Ritter’s (Germany, 1874), Longman’s (England, 1895), Garollo’s (Italy,
1898), and Lippincott’s (United States, 1865; now The Columbia Gazetteer of the World, 1998);
later editions of many of these have appeared. Hill (2006)

19Gazetteer http://abertos.xunta.gal/catalogo/territorio-vivienda-transporte/-
/dataset/0270/nomenclator-galicia/.

20ALGa https://ilg.usc.es/en/proxectos/atlas-linguistico-galego-alga The Instituto da Lingua
Galega (the Galician Language Institute) is a research centre affiliated to the Universidade de San-
tiago de Compostela. Since it was founded in May 1971, the Instituto has been working actively in
the areas of Galician linguistic and philological research while simultaneously developing computer
tools and applications which serve to make the results of such research available to the academic
community and society as a whole. Additionally, the Instituto has made definitive contributions to
the orthographic, grammatical, lexical and phonetic codification of the modern Galician language.
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each item in the questionnaire can be constructed using this data.

To date, the following volumes have been published: I Verb morphology (1990), II
Non-verbal morphology (1995), III Phonetics (1999), IV Lexicon: Time and weather
(2003) and V Lexicon: Human beings (I) (2005), VI The land: Trees and plants
(2015) and VII Lexicon: Human beings (II) (2021).

In Figure 1.20, on the left ten ways of saying milking in Galician, according to data
from the Galician Linguistic Atlas, the basic forms recorded are ’muxir’, ’munxir’,
’muguir’, ’munguir’, ’monxer’, ’mocer’ and ’moncer’, elaborated by Dubert and Sousa
from data taken from question number 1648 (ALGa). (On right) Ways of saying
milking in Galician, from Linguistic Atlas of the Iberian Peninsula (ALPi) (map
nº1), elaborated by Dubert and Sousa from data taken from question number 566
(ALPi).

Figure 1.20: (Left) Milking in Galician. (Right) Milking in Spain.

1.4 Objectives of this thesis and manuscript or-

ganization

As it has been motivated at the begining of this Chapter, surnames can be used as
an information source to characterize the population of a region, since the analysis of
surnames distribution provides information about population movements.

Although there is a broad literature about the construction of regions of surnames
by isonymy measures, methodological advances are scarce in this setting, and most
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of the proposals are based on classical measures (Lasker, Nei, isonymy between zones
are the most usual) except for some exceptional works like the one by Boattini and
co-authors (Boattini et al. (2010, 2012)) where more sophisticated statistical tools
are used. Taking into account that the traditional isnoymy measures arise as an ad-
justment of classical biodiversity indices (Simpson (1949)), the first objective of
this thesis is the adaptation and proposal of new measures of biodiversity
for surnames analysis (Chapters 2 - 4), such as the test statistics for multino-
mial distributions proposed by Cressie and Read (1984). Suitable extensions will
be analyzed, performing simulation studies in order to evaluate their performance
in different scenarios. Other biodiversity indices will be also reviewed and adapted
Magurran and McGill (2011). The developed methods will be applied to the data of
surnames in Galicia, provided by the Galician Statistics Institute (census 2011).

In addition, the different research lines within the onomastic context have not
taken into account the spatial and spatio-temporal dimension of the surnames evolu-
tion. By fixing administrative regions, for example, municipalities, spatial and spatio-
temporal methods for count data can be applied in this setting. These methods will
be useful for modeling evolution patterns for surnames (Chapter 5-6). Hier-
archical modeling, through BYM method (see Besag et al., 1991; Rue and Held, 2005)
for a general reference in this type of models) will be used to meet this goal. Besides,
a bayesian hierarchical spatio-temporal model for the joint study of three categories
of surnames is proposed. In order to fit both types of models in practice, Integrated
Nested Laplace Approximation (INLA) proposed by Rue et al. (2009), will be ex-
plored. The developed methods will be applied to the data of surnames in Galicia,
provided by the Galician Statistics Institute (census 2011). Finally, it is also an ob-
jective of this project to produce an open source statistical library (Appendix
- Chapter J), so the different methods will be available for other users.

A brief summary of each Chapter in this manuscript will be provided. The main
topics will be highlighted, as well as the Chapter distribution.

Chapter 2 contains a review on statistical analysis of surname data and construc-
tion of regions of surnames. This task has been approached in the statistical literature
mainly using isonymy-related methodological tools such as multivariate analysis.

Chapter 3, proposes similar techniques for the data of the surnames of Galicia,
Asturias, Cataluña, Comunidad Valenciana and Islas Baleares and relations with lin-
guistic varieties. In this case, relates the regions of surnames with linguistic varieties.
It applies to the data of the surnames of Asturias.

Chapter 4 presents different contributions to isonymy methods, as well as the ad-
aptation of classical biodiversity measures to the onomastic context, with a simulation
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study and different scenarios.

Chapter 5 shows different techniques of visualization for toponymic surnames over
time. The data of the surnames of Galicia and the database of the Gazetteer are used.

Chapter 6 presents spatial and spatial-temporal models of the underlying pattern
of surnames. The data of the surnames of Galicia are used.

Finally, the manuscript includes some final comments and discussion in Chapter 7
and 10 appendices.

Appendix A: Names. This Appendix provides additional information to the
Chapter 1, as it is dedicated to the study of names

Appendix B: Isonymy tables in Galicia. The isonymy results are presented for
each municipality in Galicia with data from the 2011 population census.

Appendix C: Barriers for Spanish surnames. This Appendix contains a series of
maps of Spain with the barriers obtained from different matrices.

Appendix D: List of surnames by area of socio-demographic characteristics in
Galicia. This Appendix shows lists of common surnames in socio-demographic areas
with similar characteristics, providing information for the analyses of the Chapter 4.

Appendix E: Pearson’s chi-square goodness-of-fit test.

Appendix F: Surnames distributions and migration range. Tables and figures are
presented to complement the analysis of the Chapter 4.

Appendix G: Spatio-temporal evolution of toponymic surnames. This Appendix
provides additional information to the results of the Chapter. 5.

Appendix H: The R-INLA Package. This Appendix presents a brief summary of
the R-INLA package, as well as, the results of the spatial and spatio-temporal analysis
of several selected surnames.

Appendix I: Joint models. Detailed results from analysis of joint models of the
Chapter 6, for the classification of surnames into toponymic, patronymic and apelat-
ive, are shown.

Appendix J: OnomasticDiversity Package. A package has been developed for the
statistical software R (see R Core Team (2020b)). This Appendix describes and shows
different examples of how to use the functionalities integrated in the OnomasticDi-
versity package.
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Chapter 2

A review on statistical analysis of
surnames and construction of
surnames regions

2.1 Introduction

Although there is a broad literature on the construction of regions of surnames based
on isonymy measures, methodological advances are scarce in this setting, and most
of the proposals are based on classical measures being Lasker, Nei, isonymy between
zones the most usual ones. Of course, there are some exceptional works like the one
by Boattini et al. (2010).1

The goal of this Chapter is to revise and apply the methods proposed in the
literature to construct surname regions in Galicia, analysing the features highlighted
by each measure or index and their possible shortages, identifying opportunities for
improvement considering more sophisticated measures.

1Boattini et al. (2010) propose a biodemographic technique to isolate based on surname analysis
and migration matrices, applied to population from the Val di Scalve (Italian Pre-Alps). Information
collected from some marriage records was analyzed using kinship matrices and Self-Organizing Maps
(SOMs).

43
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2.2 Classical indices

Surname (dis)similarity between regions can be quantified by different measures. Con-
sider index i = 1, . . . , n for denoting a certain geographical region (for two regions,
(i, j)). Each region has an associated collection Si of surnames, and for a pair of
regions, the joint collection of all the surnames is denoted by Sij (Sij = Si ∪ Sj).
The total number of surnames in a certain region i is denoted by ni, ni = #Si. Two
surnames will be identified by indices k and l. Ni is the population size of the region

i, so Ni =
#Si∑
k=1

nk. For the collection of regions i = 1, . . . , n considered as a whole, N

denotes the total population size (N =
n∑
i=1

Ni).

The use of surnames in population genetics starts with Crow and Mange (1965)
who identified the relation existing between isonymous marriages (i.e., between per-
sons of the same surname) and the inbreeding coefficient defined by Wright2 in 1921.
In many cultures and societies, the surname is transmitted in a regular pattern that
corresponds closely to the biological ancestry. In this case, the frequency of marriages
between persons of the same name can be used as a measure of inbreeding.

Inbreeding coefficient: The inbreeding coefficient, FIT is separated in two (random
and nonrandom) components. If it is assumed that all isonymy is a true reflection of
common ancestry, it will be possible to separate random from nonrandom contribu-
tions to the inbreeding coefficient.

2

Sewall Wright (1889 - 1988) was an American geneticist known for his in-
fluential work on evolutionary theory and also for his work on path analysis.
Wright invented a set of measures called F statistics for departures from Hardy-
Weinberg Equilibrium (HWE) for subdivided populations. F stands for fixation
index, where fixation being increased homozygosity.

• FIS is also known as the inbreeding coefficient. The correlation of uniting gametes rel-
ative to gametes drawn at random from within a subpopulation (Individual within the
Subpopulation).

• FST is a measure of population substructure and is most useful for examining the overall
genetic divergence among subpopulations. Is defined as the correlation of gametes within sub-
populations relative to gametes drawn at random from the entire population (Subpopulation
within the Total population).

• FIT is not often used. It is the overall inbreeding coefficient of an individual relative to the
total population (Individual within the Total population).

Hardy–Weinberg: The Hardy–Weinberg principle relies on a number of assumptions: (1) random
mating (i.e, population structure is absent and matings occur in proportion to genotype frequencies),
(2) the absence of natural selection, (3) a very large population size (i.e., genetic drift is negligible),
(4) no gene flow or migration, (5) no mutation, and (6) the locus is autosomal).
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In the inbreeding coefficient FIT a fraction P of isonymous marriages is indicative
of a population inbreeding coefficient, FIT = P/4, called marital isonymy and Ir the
proportion of isonymous pairs by random matches (notation from Yasuda and Furusho
(1971)). If pk is the proportion of the male population with a certain surname and qk is
the corresponding proportion of females, then the frequency with random marriage of
pairs both having this name is pkqk and the contribution to the inbreeding coefficient
is pkqk/4.3 Therefore, for all names, the random contribution is

FST =
∑
k∈Si

pkiqki/4 = Ir/4. (2.2.1)

Note that FIT or FST refer to a certain region i, but it is omitted this index in the
notation to follow the standards.

Consider the three inbreeding coefficients introduced by Wright (1951): FIT (F
notation in Allen (1965)) be the total inbreeding coefficient, FST be the inbreeding
from random mating within the population (random component Fr notation in Allen
(1965)), and FIS (nonrandom component Fn notation in Allen (1965)) be that from
nonrandom marriages. Noting that FST = Ir/4 and FIT = P/4, the nonrandom
inbreeding coefficient FIS is obtained from

FIS =
FIT − FST
1− FST

.

The relation which links these components of inbreeding, proposed in Crow and
Mange (1965):

FIT = FST + (1− FST )FIS,

where

FIS =

(
P −

∑
k∈Si

pkiqki

)
4

(
1−

∑
k∈Si

pkiqki

) , (2.2.2)

approximately, the excess beyond FST caused by nonrandom marriages.

If the surnames are equally frequent in both sexes, then
∑
k∈Si

pkiqki may be replaced∑
k∈Si

p2
ki, where pki is the proportion of the k-th surname in any of the sexes. It should

be noted that:

3Note that all this theory was developed under the assumption that just marriage between person
of different sex are allowed.
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1. FST is always positive, by definition, p, q ∈ [0, 1], (see Barrai (1971), for a
particularly simple derivation of this relationship).

2. FIS can be positive or negative. It could well be negative if consanguineous
marriages are avoided.

Crow and Mange (1965) set the theoretical basis for the estimation of consanguinity
from surnames, as explained above, and since their seminal work, several techniques
have been developed. The elements for the calculus of inbreeding from isonymy are
the following:

• Total consanguinity or total inbreeding or total kinship - FIT ,

• random consanguinity - FST and

• nonrandom consanguinity - FIS.

Comments on the formulation of nonrandom inbreeding.

FIS =
(FIT − FST )

(1− FST )
=

(P/4−
∑
k∈Si

pkiqki/4)

(1−
∑
k∈Si

pkiqki/4)

=

1/4(P −
∑
k∈Si

pkiqki)

1/4(4−
∑
k∈Si

pkiqki)
=

(P −
∑
k∈Si

pkiqki)

(4−
∑
k∈Si

pkiqki)
.

In Kimura and Ohta (1971), a slight modification of equation (2.2.2) yields:

FIS =

1
4

(
P −

∑
k∈Si

pkiqki

)
(

1−
∑
k∈Si

pkiqki/4

) ,
will improve the estimations. However, the difference is very slight.

Libet (1983) tried to clarify the meaning of some of the terms in the random /
nonrandom inbreeding formula. Ambiguity or confusion might have followed from the
way Allen (1965) introduced the terms Fr and Fn: “The nonrandom portion of the
inbreeding coefficient should be the difference between total inbreeding and random
inbreeding. The latter is approximately the amount of inbreeding that would have
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occurred in the present generation if all parents had mated randomly instead of as
they did. This can be called Fr, and the nonrandom component is then (F − Fr) (p.
195)”.

Dyke et al. (1983) have devised a way that could explain part of the non-random
component of inbreeding. Crow (1980) discusses two methods. One of them is pre-
ferred only for closely inbred populations, but in populations that are not so closely
inbred the differences between the results of both methods are negligible, they are of
only theoretical interest and do not reveal differences in applications. Lasker (1991)
presented the previous methods according to the notation used here:

FIT = P/4 (total inbreeding).

FST =

∑
k∈Si

(pkiqki)

4
∑
k∈Si

pki
∑
k∈Si

qki
(random inbreeding).

FIS = (P − 4FST )/(4− 4FST ) (non random inbreeding).

Isonymy theory

The term isonymy is used generically but refers to random isonymy (Rodŕıguez-
Larralde et al. (2007)). Switzerland was the first nation to be studied in such a
manner (Barrai et al. (1996)), and Venezuela was the second, the first one in the
Americas (Rodŕıguez-Larralde and Barrai (1997)). An equivalent analysis of surnames
was carried out in Argentina (Dipierri et al. (1996)). Isonymy is a valuable tool
which allows to obtain a general view of the present structure of the populations at
reasonable costs.

Isonymy (Lasker, 1968) for a region i, denoted by Ii, refers to the possession
of the same surname, so isonymy indicates biological relation, being a premise in
genetics that individuals with the same surname are more likely to share the same
family lineage. With the notation introduced above, isonymy (as an internal measure,
within a region i) is defined as

Ii =
∑
k∈Si

p2
ki, with i = 1 . . . , n, (2.2.3)

where pki denotes the relative frequency of surname k in region i. High values of
isonymy are possible in a population where there are relatively few surnames, and low
values of isonymy are obtained when the number of surnames is relatively large. From
an analogy with genetics, as it happens for alleles, drift of surnames is proportional
to time, and then small values of isonymy4 suggests recent immigration or settlement.

4Isonymy measures are an adaptation of classical biodiversity indices, Simpson (1949).
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Isonymy can be also extended as a measure of population similarities between
groups. Under the assumption of a common origin, isonymy between,5 two regions i
and j is defined as (Zei et al. (1983)):

Iij =
∑
k∈Si

∑
l∈Sj

pkiplj =
∑
k∈Sij

pkipkj, with i, j = 1 . . . , n. (2.2.4)

Another useful measure is Fisher’s Alpha (α) (defined on Fisher et al. (1943) and
used in various works, such as, Barrai et al. (1996)), which estimates the number
of surnames having equal frequency. Fisher’s α is a measure of species diversity in
a sample, used to measure the abundance of surnames. Fisher’s α is homologue to
the “effective allele number” in a genetic system, and then in isonymic studies it can
be defined as the “effective surname number” (ESN) (see Barrai et al. (2000)). This
measure is a diversity index and for large samples, as our case, for an specific region
i, it can be define as, the inverse of the isonymy in:

αi =
1

Ii
, with i = 1 . . . , n. (2.2.5)

A small value of this coefficient indicates large inbreeding and drift,6 whereas a large
value results for migration and low inbreeding. Since in presence of a rate of migration
νi:

F i
ST = 1/(4Nνi + 1), then αi = Nνi + (1/4), (2.2.6)

or very closely for large N (where N is the size of the global region), αi ≥ Nνi, which
makes αi an useful predictor of the evolutionary dynamics of a system and a sufficient
indicator of structure. This coefficient νi (equation 2.2.7) is called Karlin-McGregor
νi, an indicator of migration rate (Karlin and McGregor (1967)).

The equality (equation 2.2.6) is easy to check. First, recall that, F i
ST = 1/(4Nνi + 1).

There, just simple algebra leads to 4F i
ST =

∑
k∈Si

p2
k = Ii. Note that, by equation 2.2.5

we have F i
ST = 1

4αi
= 1

4Nνi+1
and then, 4αi = 4Nνi + 1. So equation 2.2.6 follows

straightforward.

Sometimes the expression αi = Nνi + 1
4

is written as αi = Nνi (other authors
propose this approach for large N , see Barrai et al. (1996). For large N , which
αi → Nνi makes α a useful predictor of the evolutionary dynamics of a system and

5Note that Iii = Ii, i = 1, . . . , n.
6Genetic drift refers to random fluctuations in allele frequencies due to chance events. Genetic

drift is a stochastic (random) force that can scramble the predictable effects of selection, mutation,
and gene flow. While it might seem that a random force would be of little significance to evolutionary
“progress”, genetic drift is an extremely important force in evolution. Genetic drift is not a potent
evolutionary force in very large randomly mating populations.
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a sufficient indicator of structure (Rodŕıguez-Larralde et al. (2003), Scapoli et al.
(2007), Tarskaia et al. (2009), Dipierri et al. (2011)).

The rate of migration νi can be estimates as

νi =
αi

(N + αi)
. (2.2.7)

Proof. In this proof, we will omit the i index referring to the region.

Fisher et al. (1943) established that, α = N(1−x)
x

where x and is a constant slightly
less than unity but approaching this value as the size of the sample is increased and
α is a constant independent of the size of the sample. It is clear that when S and N
are known, as is usually the case, the statistic α can be calculated.

N = n1

1−x is finite and |S| = n1
− ln(1−x)

x
, being n1, the number of surnames rep-

resented by single individuals. Then if N and S are known both n1 and x can be
calculated, and hence the whole series is known. If N is large n1 tends to become
a constant value α, and Fisher shows that for all levels of sampling for the same
population x = N

N+α
. If S is the number of species observed, and N the number of

individuals, the two equations:

S = −α ln(1 − x) total number of surnames; N = αx
(1−x)

number of sample indi-
viduals, are sufficient to determine the values of α and x.

If S = −α ln(1− x), then α = − S
ln(1−x)

.

By replacing the α value in the expression of N , simple computations lead to the
introduced result:

N = − S

ln(1− x)

x

(1− x)
−→

N

S
= − 1

ln(1− x)

x

(1− x)
−→ if ν = (1− x);x = 1− ν −→

N

S
= − 1

ln(ν)

(1− ν)

ν
=

(ν − 1)

ν ln ν
−→

S

N
=

ν ln ν

(ν − 1)
.

Now, this equation is solved iteratively for ν, and from which α = Nν
(1−ν)

is obtained.
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Let’s see it:

α = − S

ln(1− x)
= − S

ln(ν)

S =
Nν ln(ν)

(ν − 1)
−→ α = −Nν ln(ν)

(ν − 1)

1

ln(ν)
= − Nν

ν − 1
=

Nν

1− ν
.

Equally ν =
α

N + α
.

Note that, αi can be seen as a diversity index, which measures the richness of
species in the ecological case (surnames in this case). The above proof is based on
a system of non-linear equations to obtain αi, and the immigration rate νi, given N
and Si (Piazza et al. (1987)).

The quantity αi is a useful constant of the model, αi = Nνi
(1−νi) , and measures the

’density’ of a surname in a given sample of individuals which is not a function of
its size, N ; values of αi from different samples of surnames collected in the same
population or society are expected to be equal. Under this assumption, αi can be
estimated by equations from any collection of surnames; then equation for N can be
used to estimate the immigration rate, νi, by substituting the parameter αi and the
total population, N , referred to for the rate νi (Piazza et al. (1987)). This estimate is
very sensitive to sample size variation (Barrai et al. (2001)). It is possible to estimate
the proportion of surname exchange or rate of migration (m) per generation using
Wright’s formula (Wright (1943)):

m = 1−

√
2NeFST

[(2Ne − 1)FST + 1]
,

where Ne is the effective population size. If the size of the population is infinite, the
effective population size, Ne, is the size of an ideal population, in which given genetic
parameter takes the same value as in the population without sampling.

Relethford (1988) considers the estimation of kinship and genetic distance from
surnames. Two methods are provided for the estimation of kinship relative to a
founding population (a priori kinship) and kinship relative to a contemporary region
(conditional kinship). Measures of genetic distance are derived from the different
kinship estimates and are shown to all be proportional to one another. Methods
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are provided for estimation of the degree of microdifferentiation (RST in Rodŕıguez-
Larralde and Barrai (1997)) and isolation by distance parameters based on surnames.

Both methods require estimates of the random isonymy between Iij (equation (2.2.4))
between pairs of populations and for the global region. Such a measure introduces
bias in the particular case of considering random isonymy within a population (i = j).
Given ni different individuals (and surnames) the value of pki is equal to 1/ni, in this
case, ni = Ni. Therefore, the minimum random isonymy within a population will
equal

Iii =
∑
k∈Si

p2
ki =

1

ni
, with i = 1 . . . , n. (2.2.8)

Unbiased estimates of random isonymy avoid this problem. The methods used by
Morton (1973) are presented next. Random isonymy within populations is defined as

Iii =

∑
k∈Si

Fki (Fki − 1)

ni (ni − 1)
, with i = 1 . . . , n,

where Fki is the number of individuals in population i with surname k, ni is the

total number of surnames in population i

(
which equals

∑
k∈Si

Fk

)
. Random isonymy

between pairs of populations is

Iij =

∑
k∈Sij

FkiFkj

ninj
, with i, j = 1 . . . , n,

where Fki and Fkj are the numbers of individuals with surname k in regions i and j
respectively, ni and nj are the total number of surnames in regions i and j respectively.

An unbiased estimate of regional random isonymy, Ri, is

Ri =

∑
k∈Si

(
n∑
i=1

Fki

)(
n∑
i=1

Fki − 1

)
n∑
i=1

ni
n∑
i=1

(ni − 1)
,
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Ri may also be computed from Iii as

Ri =
I1 + I2

nT (nT − 1)
where, (2.2.9)

I1 =
n∑
i=1

Iiini (ni − 1) , (2.2.10)

I2 =
∑
i6=j

∑
ij

ninj, (2.2.11)

nT =
n∑
i=1

ni. (2.2.12)

Note that in equation (2.2.11) each one of the off-diagonal elements of the random
isonymy matrix is counted twice (Iij as well as Iji).

All of the above measures of random isonymy are based on the total frequencies of
surnames in a population, usually taken as the sum of both male and female (maiden)
names. This method differs from the use of marital isonymy and other methods
which use separate frequencies of male and female surnames. In most contexts, it is
preferable pooled surname frequencies in order to maximize sample size. In studies
where differential migration by sex is of interest it may be more desirable to separate
male and female frequencies for estimation of within-group random isonymy. An
unbiased estimate of within-group random isonymy is

Iii =

∑
k∈Si

mkifki

NM
i N

F
i

, (2.2.13)

where mki and fki are the numbers of males and females within surname k in pop-
ulation i, NM

i and NF
i are the total number of males and females in population i,

and summation is over all surnames. Equation (2.2.13) is twice the value of Lasker’s
(Lasker (1977)) coefficient of relationship (Ri) within-groups. In general, the isonymy
between two locations i and j, Iij, is twice Lasker’s coefficient of relationship, (Ri)
(Lasker (1977)).

Isonymy distances

Measures of genetic distance are often relative in nature; they provide information
regarding the dissimilarity of populations in unit free terms. That is, the scale of a
distance measure is often not important. While there are many different classes of
genetic distance measures (Jorde (1985)) there is a specific type of distance measure
which relates directly to kinship estimation. The distance between populations i
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and j can be written in terms of the codivergence of these populations from a mean
centroid.

For isonymous relationships Hedrick and Nei coefficients can be computed.
Hedrick’s coefficient gives a standardized measure of isonymy using a procedure sim-
ilar to that utilized in the calculation of a correlation coefficient (see Hedrick (1971)
and Weiss (1980)). Specifically:

Hedrick coefficient: Hij =

2
∑
k∈Sij

pkipkj∑
k∈Sij

p2
ki +

∑
k∈Sij

p2
kj

, with i, j = 1 . . . , n. (2.2.14)

Nei coefficient: Nij =

∑
k∈Sij

pkipkj( ∑
k∈Sij

p2
ki

∑
k∈Sij

p2
kj

)1/2
, with i, j = 1 . . . , n, (2.2.15)

where pki denotes the relative frequency of a given surname k in region i, while pkj
denotes the frequency of the same surname in region j. The isonymous relation-
ships method allows one to make comparisons between population subdivisions from
different historical periods as noted by Relethford (1986).

Isolation by distance. From isonymy, several similar measures can be derived,
for instance Hedrick’s coefficients (Hedrick (1971)), Nei’s coefficient (Nei (1973a)),
Lasker’s distance (Lasker (1977)) and Relethford’s coefficients (Relethford (1988)).

Distances were obtained by the following transformations:

Hedrick’s distance: dHij = d(Hij) = − log(Hij). (2.2.16)

Other different measures of the isonymic distance between a pair of locations (i, j)
can be derived from (2.2.4). For instance, the Lasker distance (Lasker (1977)), namely
Lij is given by:

Lij = − log(Iij), with i, j = 1 . . . , n. (2.2.17)

Lasker distances can be interpreted as a measure of similarity between regions,
where large distance indicate less similarity in surname composition. Nevertheless,
Lasker distance is not the only option to quantify surname similarity.

Other common coefficients are the Euclidean distance, introduced by Cavalli–
Sforza and Edwards (Cavalli-Sforza (1997)), for genes and adapted to surnames’s
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context in Rodŕıguez-Larralde and Barrai (1997)), and Nei’s distance (Nei (1973b)),
both of them given by:

Eij =

√
1−

∑
k∈Sij

√
pkipkj, with i, j = 1 . . . , n. (2.2.18)

Eij measures the distance between localities i and j.

dNij = d(N) = − log(Nij) = − log

(
Iij√
IiIj

)
, with i, j = 1 . . . , n. (2.2.19)

Euclidean and Nei’s distances have been developed for purely genetic data, but they
can be applied to the frequencies of surnames, such as done by Barrai et al. (2001) or
Mikerezi et al. (2013). Euclidean distance has the advantage over the other two dis-
tances that, when two groups share no surnames, distance is unity, while for Lasker’s
and Nei’s, it is infinity. The Nei’s or Laker’s obtain results between 0 (absolute
similarity) and 1 (no similarity). In addition, in order to detect isolation by dis-
tance (ID)7 between locations i and j, the linear correlation of surname distances
(Lasker’s, Euclidean and Nei’s) with their geographic distances (GD) can be com-
puted (see definition of ID (equation (2.2.20)), for example for Lasker distance).

IDij = cor(Lij, log(GDij)). (2.2.20)

In Cheshire (2011), the isolation by distance is defined as:

IDij = cor(log(Lij), log(GDij)).

When two locations share no surnames, the Euclidean distance is 1, whereas for
Lasker’s and Nei’s distances it is infinity. It is of some relevance to note that Lasker’s
distance exists also at zero geographic distance, between a group and itself, where it
is − log(Iii) or − log(4FST ) (see Rodŕıguez-Larralde et al. (2007)).

Maternal percentage and paternal percentage can be calculated as follows:

Maternal percentage:
I1

I1 + I2
100.

Paternal percentage:
I2

I1 + I2
100,

7Isolation by distance (ID) is a term used to refer to the accrual of local genetic variation
under geographically limited dispersal. The ID model is useful for determining the distribution of
gene frequencies over a geographic region. Both dispersal variance and migration probabilities are
variables in this model and both contribute to local genetic differentiation. Isolation by distance is
usually the simplest model for the cause of genetic isolation between populations.
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where I1 (equation 2.2.10) and I2 (equation 2.2.11) represent random isonymy for
the first and second surname, respectively. If the migration rate differs by gender,
it’s feasible that the persistence of a particular pattern alters the random isonymic
values in subsequent generations, resulting in more different maternal and paternal
surnames (see Pinto-Cisternas et al. (1990)).

Random kinship, Φij(x) between any two regions i and j at distance x is given by
(Mikerezi et al. (2013))

Φij(x) = K exp(−Bx),

where K is the average kinship at geographic distance x = 0, say average FST , and B
is a function of average mutation rate and of the variance of x (see Malécot (1955);
Kimura (1960)). Then, Φij(x) is always positive and is expected to decrease expo-
nentially to 0 with increasing distance. Random kinship was defined as

Φij(x) =
Iij(x)

4
,

with average FST as the average kinship at distance x = 0 (Barrai et al. (2012)).
Sørensen’s8 distance (QS) is presented (Sørensen (1948):

QSij =
2nij

ni + nj
, with i, j = 1 . . . , n,

where ni and nj are the total number of surnames for i and j locations respectively,
and nij is the number of surnames shared by both locations. The Sørensen index
used as a distance measure was calculated as (1 − QS). Results of the distance
formulas (Nei’s, Laker’s) are between 0 (absolute similarity) and 1 (no similarity)
(see De Oliveira et al. (2013)).

In each region i, other parameters like entropy and redundance of the surname can
be defined (Barrai et al. (1989) and Scapoli et al. (1997)). Being pki, the frequency of
a given surname k in region i, entropy of the surname distribution is defined as (by

8

Thorvald Julius Sørensen (1902 – 1973) was a Danish botanist and evolu-
tionary biologist. He developed a quotient of similarity in species composition
between plant communities—the still much-used Sørensen similarity index. He
illustrated its use on a data set collected in Danish grassland by Johannes
Grøntved (1882-1956), who used the quantitative method to sample vegetation
developed by Christen C. Raunkiær (1860–1938).
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information theory Shannon (1948))9:

Hi = −
∑
k∈Si

pki log2(pki), with i = 1 . . . , n. (2.2.21)

The meaning of this observed entropy of the surname distribution is easily understood
from its limiting cases. If in the region i there are Ni individuals and ni = Ni

surnames, then maximum entropy is achieved: Hmax = log2(Ni).

Proof. Under random isonymy the asssumption that ni = Ni (that is, due # of
surnames equals the # of individuals).

Hi = −
∑
k∈Si

pki log2(pki) = −
∑
k∈Si

1

Ni

log2

(
1

Ni

)
= −Ni

1

Ni

log2

(
1

Ni

)
− log2

(
1

Ni

)
= −(log2(1)− log2(Ni)) = log2(Ni).

On the other hand, when all the individuals in the region i have the same surname,
ni = 1, then the value of the entropy is 0, Hmin = 0.

Proof. It is easy to see that

Hi = −
∑
k∈Si

pki log2(pki) = −
∑
k∈Si

Ni

Ni

log2

(
Ni

Ni

)
= −Nilog2(1) = 0.

9

Claude Elwood Shannon (1916 – 2001) was an American mathematician,
electrical engineer, and cryptographer known as “the father of information
theory”.
In information theory, the entropy of a random variable is the average level
of “information”, “surprise”, or “uncertainty” inherent in the variable’s pos-
sible outcomes. The concept of information entropy was introduced by Claude
Shannon in 1948 (Shannon (1948)). As an example, consider a biased coin
with probability p of landing on heads and probability 1-p of landing on tails.
The maximum surprise is for p = 1/2, when there is no reason to expect one
outcome over another, and in this case a coin flip has an entropy of one bit.
The minimum surprise is when p = 0 or p = 1, when the event is known and
the entropy is zero bits. Other values of p give different entropies between zero
and one bits.
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Given global region with population size N , entropy as Hi relative to Hmax indic-
ates the richness of surnames in the region i, the ratio being unity when there are as
many surnames as individuals. It is a well-established measure of diversity in ecology
(Margalef (1974)). The quantity

R1i = 100(1−Hi/Hmax), with i = 1 . . . , n,

is the redundancy of the distribution; it is null when all the individuals have a different
surname, (in this case H = Hmax, because ni = Ni), and 100 when all have the same
(in this case H = Hmin, because ni = 1).

More definitions related to isonymy measures can be found in Rodŕıguez-Larralde
and Barrai (1997). Unbiased isonymy (Iui ) due to random mating within region i was
estimated as

Iui =
∑
k∈Si

Fki
Ni

(Fki − 1)

(Ni − 1)
, with i, j = 1 . . . , n,

Relethford (1988) where Fki is the number of individuals with surname k in region i
and Ni is its population size of the region i.

The estimate of consanguinity resulting from random isonymy (φii) is given by
Iii/4 (Crow and Mange (1965)).

The conditional kinship (or reduced variance) between regions (Rodŕıguez-Larralde
and Barrai (1997)), i and j (rij), is the kinship relative to the contemporary region,
it was estimated as:

rij =
Iij − I
4− I

, with i, j = 1 . . . , n,

where Iij is random isonymy between locations i and j, and I is the random isonymy of
the corresponding global region, relative to the founding population (according with
methods in Relethford (1988)). An estimate of microdifferentiation was estimated for
each global region (RST ) (Rodŕıguez-Larralde and Barrai (1997)), which is interpreted
as the average square distance of regions in relation to the contemporary regional
population (according with methods in Relethford (1988)). It measures variation in
surname frequencies among regions within each global region. Its value was calculated
as:

RST =
∑
k∈Si

Ni

N
rii, with i = 1 . . . , n,

where N is the population size of the corresponding location, Ni as defined previously
(population size) and and rii is the conditional kinship within region i.

The Karlin and McGregor (Karlin and McGregor (1967)) model generates an
exact distribution of the number of neutral alleles under mutation (ξ) and drift in
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a finite population for any number of alleles. For surnames, where the number of
alleles is high, mutation can be supplemented by migration, so ξ can be taken as a
measure of immigration to the region (Zei et al. (1993)). ξ is estimated according to
v = (1− Iii)/[Iii(Ni − 1)], where Iii is defined as equation (2.2.3).

As already introduced, the inbreeding coefficient, FST = Ir/4 (Crow and Mange
(1965)), equation (2.2.1), where Ir denotes the the frequency of the same surname
in pairs of husband and wife (marital isonymy, Ir). Therere, the coefficient of rela-
tionship (R) between parents equals 2FST . Lasker (1977) proposes a generalization
of the coefficient to a new coefficient of relationship from isonymy (Ri) between two
samples of people by taking half the ratio of all possible pairs of isonymous (identical)
surnames to all possible pairs of surnames

Ri =

∑
s∈S1∩S2

(Ns1Ns2)

2N1N2

(2.2.22)

where, Ns1 is the number of instances of surname s in sample 1 (S1) and N2 is
the number of instances of the same surname in sample 2 (S2). N1 =

∑
s∈S1

Ns1 and

N2 =
∑
s∈S2

Ns2. That is, N1 and N2 are the sizes of the respective samples.

2.3 Statistical tools for spatial analysis

In this Section, some methods from spatial statistical will be introduced that could be
useful for onomastic context. Specifically, Yule’s coefficient, location quotient, Moran
index will be describe.
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2.3.1 Yule’s K coefficient

An established measure of diversity commonly used in linguistics is Yule’s10 K which
varies from 0 (in populations where everyone has a unique surname) to 104 (if everyone
shares the same surname, we conjecture that this factor is introduced to reescale the
index). is defined, for a region i, as

Ki = 104 1

N2
i

(
Li∑
li=1

l2i Vli −Ni

)
, (2.3.23)

where Ni is population in region i, Li is the highest occurring frequency of a surname
at region i, and Vl, l = 1, 2, 3, . . . , Li represents the number of different surnames
with frequency r (see Yule (1944)). Larger values of K indicate lower diversity in a
population and hence greater uniformity. Regardless of the amount of people involved,
K is proportional to the probability of any two randomly selected persons having the
same surname and thus indicates the frequency with which surnames are repeated in
a population. This can be easily shown as follows. The sequence liVli/Ni provides the
proportions of the population with surnames that occur oi times; in particular V1i/Ni

is the proportion of people who have surnames appearing uniquely in the population
and indicates surname richness (similar to equation (2.2.21)). Finally, the volume
of surname variety is measured by the ratio of distinct surnames to the number of
people in the population (McElduff et al. (2008)).

10

George Udny Yule (1871 – 1951), usually known as Udny Yule, was a British
statistician, particularly known for the Yule distribution.
The Yule–Simon distribution is a discrete probability distribution named
after Udny Yule and Herbert A. Simon. Simon originally called it the Yule
distribution. The probability mass function (pmf) of the Yule–Simon (ρ) dis-
tribution is f(k; ρ) = ρB(k, ρ+ 1), for integer k ≥ 1 and real ρ > 0, where B is
the beta function. Equivalently the pmf can be written in terms of the rising

factorial as f(k; ρ) = ρΓ(ρ+1)
k+ρ

ρ+1
where Γ is the gamma function.

Thus, if ρ is an integer, f(k; ρ) = ρ ρ! (k−1)!
(k+ρ)! . The parameter ρ can be estimated

using a fixed point algorithm. The probability mass function f has the property

that for sufficiently large k they have f(k; ρ) ≈ ρΓ(ρ+1)
kρ+1 ∝ 1

kρ+1 .
This means that the tail of the Yule–Simon distribution is a realization of Zipf’s
law: f(k; ρ) can be used to model, for example, the relative frequency of the
k-th most frequent word in a large collection of text, which according to Zipf’s
law is inversely proportional to a (typically small) power of k.
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2.3.2 Location quotient

Another measure used by Cheshire (2011) for characterising a surname is the location
quotient. Location quotient (LQ) is a measure that compares the presence of a
particular surname in a region with that surname at a more aggregated spatial level.
In our context, consider a region i and denote by j another region containing i (for
example, i is a council and j is a province), it can be defined as follows:

LQk
ij =

pki

/
#Si∑
k=1

nk

Rkj

/
n∑
i=1

Ni

, with i = 1 . . . , n, (2.3.24)

where pki is the frequency of surname k in region i, Rkj the frequency of surname k
in the global region, j, and ni represents the total number of surnames in region i,

ni = #Si; Ni is the population size of the region i, so Ni =
#Si∑
k=1

nk and n is the #

of regions. LQ values larger than 1 identify spatial units with a higher concentration
of a selected surname than what would be expected if the surname had a uniform
distribution across the region.

A surname’s core locality can be established using this measure by selecting the
spatial units that have LQ values that exceed a predetermined threshold at the top
end of the distribution.

If a surname has a distinct core area, the geographical units with the highest LQ
values are likely to be continuous or close to one another. If numerous locations share
high LQ values but are separated by vast distances (for example, variances in the
construction of spatial units in rural vs. urban areas), the surname distribution is
best described as dispersed. Furthermore, the range of LQ values for a given name
accross the entire region indicates spatial clustering: a small range will be indicate
that a surname is evenly distributed across the region, whereas a large range will
be indicate that a small number of (contiguous or otherwise) spatial units account
for a large proportion of a surname with few other occurrences. As a result, LQ is
a attempt to define a surname’s spatial variation. Other tools for spatial statistical
analysis have been introduced to this context with this goal in mind (Cheshire (2011)).

Location quotient, as has been explained, which compares the relative frequency
of a surname in a given region with the relative frequency of that surname at a more
aggregate spatial level, was applied by Winney et al. (2012) for people of the British
Isles.



2.3. STATISTICAL TOOLS FOR SPATIAL ANALYSIS 61

2.3.3 Spatial autocorrelation

Spatial autocorrelation can be defined as the correlation of a variable (in this case
surname frequency) with itself over a spatial region. It describes how similar nearby
items are to each other compared to distant objects (Tobler (1970)).11

Spatial autocorrelation can be positive or negative and zero autocorrelation in-
dicates the absence of a spatial dependence pattern. Positive spatial autocorrelation
means that close values of a variable, in this context a surname’s distribution, on a
map tend to be similar: high values tend to be close to high values, medium values
tend to be close to medium values and low values tend to be close to low values.

Therefore, those areas that exhibit higher autocorrelation are likely to represent
the main concentration of a surname (i.e. where spatial dependence is highest). On
the other hand, it could help to complement the information given by the LQ, in the
sense of suggesting the relationship between areas of higher LQ and their neighbours
(Cheshire (2011)).

A measure of contiguity, which can be broadly characterized as a neighborhood
relationship, is required in the investigation of spatial autocorrelation. The three
primary sorts of relationships are Rook’s, Bishop’s, and Queen’s cases, which are
named after the motions of chess pieces.

A crucial aspect of the definition of spatial autocorrelation is the determination
of nearby locations, i.e., those locations surrounding a given data point that could
be considered to influence the observation at that observation location. However,
the determination of this neighbourhood has a certain degree of arbitrariness. The
number of observations in the neighbourhood established for each location can be
expressed using a weighting matrix W :

W =


W11 W12 · · · W1n

W21 W22 · · · W2n
...

...
...

Wn1 Wn2 · · · Wnn


where n (n = # regions) represents the number of locations (observations). The
entrance in the row i(i = 1, . . . , n) and column j(j = 1, . . . , n), denoted as Wij,

11

Waldo Tobler (1930 – 2018) formulated The First Law of Geography, accord-
ing him, is “everything is related to everything else, but near things are more
related than distant things”. This first law is the foundation of the fundamental
concepts of spatial dependence and spatial autocorrelation and is utilized spe-
cifically for the inverse distance weighting method for spatial interpolation and
to support the regionalized variable theory for kriging.
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corresponds to the pair of locations (i, j). The diagonal elements of the matrix are
zero, by convention, while the non-diagonal elements Wij(i 6= j) take non-zero values
(one, for a binary matrix) when the i and j locations are considered neighbours. Note
that W may not be symmetric.

Specifically for areal data, n would represent the number of regions and each area
is identified with a point (centroid) cartesian coordinates. Each element of the W
matrix corresponds to the relationship between two areas. Such a matrix, W , is often
standardised by rows, i.e. each sum of rows in the matrix is made equal to one, so
that individual Wij values are proportionally represented. This is done so that each
neighbour of an area has the same weight and the sum of all the Wij (over j) is equal
to one. The concept of contiguity is a technique to represent spatial relationships
with area data. Areas that share a boundary are referred to as contiguous first-order
neighbors. Formally:

Wij =

{
1 if the area j shares a common boundary with area i,
0 otherwise.

Alternatively, two areas i and j can be defined as neighbours when the distance dij
between their centroids is less than a given critical value, say d, where distances are
calculated from information on latitude and longitude, s(i), of the centroid locations:

Wij =

{
1 if dij < d, (d > 0),
0 otherwise.

(2.3.25)

The distance-based specification equation (2.3.25) of the weighting matrix depends
on a given critical distance value, d. However, when there is a high degree of hetero-
geneity in the size of the area units, it may be difficult to find a satisfactory critical
distance. In such circumstances, a small distance will tend to lead to many “islands”,
while a distance chosen to ensure that each unit of area has at least one neighbour
may produce an unacceptably large size of number of neighbours for the smaller area
units. A common solution to this problem is to restrict the contiguous structure to
the nearest b-neighbours, and therefore exclude “islands” (areas that because they
are not at a d distance from other areas could be said to have no neighbours) and
force each unit of area to have the same b number of neighbours. Formally:

Wij =

{
1 if the centroid of j is one of the b centroids closest to that of i,
0 otherwise.

In this case, the number of neighbours b is the parameter of this weighting scheme.
Weights can be changed so that the more distant neighbours obtain less weight by
introducing a parameter θ that allows us to indicate the rate of decrease of the
weights. A commonly used continuous weighting scheme is based on the inverse
distance function, in such a way that Wij is proportional to the inverse of dij.
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Most spatial autocorrelation measures use the cross product matrix defined as
follows:

n∑
i=1

n∑
j=1

MijWij, (2.3.26)

where Wij are the entries in the spatial weight matrix defined above and Mij is a
measure of proximity between the i and j areas in some other dimension, for example,
Euclidean distance, spherical distance or Manhattan distance.

Note that a spatial correlation analysis can be performed on a local and global
scale. A global analysis implies that all elements of the W matrix are applied to an
assessment of autocorrelation, i.e. all spatial area associations are included in the
calculation of the spatial autocorrelation. In other words, the overall spatial analysis
is a statistic to summarise the whole study area, therefore it assumes homogeneity,
and this allows a value to be produced for any spatial weight matrix. On the other
hand, local measures evaluate the spatial autocorrelation associated with a particular
area unit(s). In what follows, will be presented Moran Index in its global and local
definitions.

Moran Index - global measure

There are several tools developed to measure the degree of spatial autocorrelation
in a dataset. The two most commonly used for areal units are Moran’s12 I and
Geary’s13 c (Geary (1954)).

Moran’s I can be used either globally, i.e. to determine the extent of spatial
autocorrelation throughout a complete geographic area (in this case Galicia), or loc-
ally, i.e. to determine the degree of spatial autocorrelation within councils of entire
geographic area. These measures have been used in the context of surname analysis,
previously, (see Caravello and Tasso (1999), Tasso et al. (2004), Tasso et al. (2005),
Lucchetti et al. (2005), Caravello and Tasso (2007), Cheshire and Longley (2012),

12
Patrick Alfred Pierce Moran (1917 – 1988), commonly known as Pat Moran
was an Australian statistician who made significant contributions to probability
theory and its application to population and evolutionary genetics.

13

Robert (Roy) Charles Geary (1896 – 1983) was an Irish statistician and
founder of both the Central Statistics Office and the Economic and Social
Research Institute. He held degrees from University College Dublin and the
Sorbonne. He lectured in mathematics at University College Southampton
(1922–23) and in applied economics at Cambridge University (1946–47). He
was a statistician in the Department of Industry and Commerce between 1923
and 1957. The National University of Ireland conferred a Doctorate of Science
on him in 1938. He was the founding director of the Central Statistics Office
(Ireland) (in 1949).
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Orrù et al. (2018), . . .)

The spatial autocorrelation for a certain surname k is computed for those locality
pairs that are connected, i.e., considered neighbors. Two localities i and j are connec-
ted if and only if, the square of the distance between i and j is less than the sum of
the squares of their distances to any other locality l. To estimate the autocorrelation
coefficient it is possible use the global Moran index, for a certain surnames k, defined
as:

Ikij =

n
n∑
i=1

n∑
j=1

wij(pki − p̄k)(pkj − p̄k)

Wn

n∑
i=1

(pki − p̄k)2

, with i, j = 1, . . . , n, (2.3.27)

where pki and pkj are the frequency of surnames at the i-th and j-th locality, p̄k is
the mean of pki (i = 1, . . . , n), across the i = 1, . . . , n localities, wij is equal to 1 for
all the pairs of localities falling in the studied distance class and equal to 0 for all
the other pairs, and Wn is the sum of all wij values in that distance class, which is
actually the # of regions neighbours.

In this particular measure, the distance used to create the matrix M is given by
(pki − p̄k) (pkj − p̄k) where pki and pkj are the values of the variable pk (surname in
study) in the areas i and j respectively, being p̄k the arithmetic mean of all the values
of the areas to study (equation (2.3.26)). Although it is one of the oldest measures, it
remains one of the most widely used measures of spatial autocorrelation by comparing
the value of pk in the i area with the value of pk in all other j(j 6= i) areas.

Looking at equation (2.3.27) it can be seen that the sum
n∑
i=1

(pki − p̄k)2 cannot be

0 because equation would not be well defined. However, in the case of an “almost
no variance” situation, the values would be similar (equal), in this case Moran’s I
measure would not be appropriate to see the spatial autocorrelation. The other sum

that in principle may not be well–defined is
n∑
i=1

n∑
j=1

wij = Wn but this indicates us

the sum of the entries of the adjacency matrix which, in order to apply the described
techniques, it has been assumed that there is an adjacency relationship between the
different areas and, therefore, this term cannot be cancelled. As a result, the only
way Moran’s I statistic will be 0 is if

n∑
i=1

n∑
j=1

wij (pki − p̄k) (pkj − p̄k) = 0.

This statistic varies between -1 and 1. A value of I close to 1 will imply positive spatial
autocorrelation while a value close to -1 indicates negative spatial autocorrelation.
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In the case that the value of I is close to 0, the hypothesis, that there is spatial
autocorrelation, can be rejected and, therefore, the models and techniques of this
work cannot be used since they will provide us with unreliable information of the
observed data.

Another very commonly used index for spatial autocorrelation is Geary’s c index,
which is an index of pairwise comparisons of data between different areas. These
statistics or indices are used in spatial autocorrelation tests, which are decision rules
for assessing the extent to which the observed spatial distribution of data values starts
from the null hypothesis that space does not matter, i.e. nearby areas do not affect
each other in such a way that there is spatial independence and randomness while
the alternative hypothesis implies that areas are grouped together by some kind of
spatial autocorrelation (positive or negative).

Moran Index - local measure

The local Moran’s Iki statistic is one of the classic ways of measuring the degree
of spatial autocorrelation in areal data. Surnames data can be seen as areal data,
that is, date aggregated in spatial units. The local Moran’s Iki statistic which is used
to determine whether or not there there is spatial autocorrelation around a specified
subregion i(i = 1, . . . , n). It is calculated as follows:

Iki =
n(pki − p̄ki)
n∑
j=1

(pkj − p̄k)2

n∑
i=1

wij(pki − p̄ki), with i, j = 1, . . . , n, (2.3.28)

where there are n spatial units, pki is the number of surname occurrences in spatial
unit i, p̄k is the mean of pki (i = 1, . . . n) and wij is the measure of spatial proximity
(as defined by a contiguity/weights matrix) between spatial units i and j. Positive
(negative) values of Iki denote positive (negative) spatial autocorrelation with our a
priori expectation that values will rarely be negative and are unlikely to suggest very
strong positive autocorrelation given the regionally clustered nature of most surname
occurrences.

The Z-score, or standard score, indicates how many standard deviations away
from the mean Moran’s Ikij value is, and hence relates to the likelihood of it occurring.
Higher or lower Z-scores occur in the extremes of the frequency distribution, implying
a low likelihood of occurrence at random and a higher degree of certainty.

Local Moran’s I statistic was good for discovering surname locations, but it is
not adequate for finding rare surname clusters or rationalize many common names
(see Cheshire (2011)). Local Moran’s is more appropriate than global Moran’s for



66 CHAPTER 2. REVIEW AND REGIONS OF SURNAMES

measuring surname concentrations.

Geary’s c is a measure of spatial autocorrelation or an attempt to determine if
adjacent observations of the same phenomenon are correlated. Spatial autocorrelation
is more complex than autocorrelation because the correlation is multi-dimensional and
bi-directional. Geary’s c is defined as

ckij =

(n− 1)
n∑
i=1

n∑
j=1

wij(pki − pkj)

2Wn

n∑
i=1

(pki − p̄k)2

, with i, j = 1, . . . , n, (2.3.29)

where pki and pkj are the frequency of surnames at the i-th and j-th locality, p̄k is
the mean of pki (i = 1, . . . , n), across the i = 1, . . . , n localities, wij is a matrix of
spatial weights with zeroes on the diagonal. The value of Geary’s c lies between 0 and
some unspecified value greater than 1. Values significantly lower than 1 demonstrate
increasing positive spatial autocorrelation, whilst values significantly higher than 1
illustrate increasing negative spatial autocorrelation. Geary’s c is inversely related to
global Moran’s I, but it is not identical. global Moran’s I is a measure of global spatial
autocorrelation, while Geary’s c is more sensitive to local spatial autocorrelation.

2.4 Other statistical methods for surnames data

analysis

The goal of this Section is to give an overview of the different statistical methods used
in the literature to analyze surnames data and indicating which type of information
do they use (isonymy measures . . . ). The Section is organized as follows: presentation
of correlation measures, in particular, Mantel test, as a statistical test of the correl-
ation between two matrices (Mantel (1967)); multivariate analysis techniques such
as principal component analysis, multidimensional scaling (MDS), clustering and self
organizing maps (SOMs); describe of two barrier detection algorithms such as Mon-
monier’s algorithm (Monmonier (1973)) and Wombling’ Algorithm (Womble (1951));
and some notes on non-parametric models for Estimation of multivariate density and
bootstrap.
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2.4.1 Correlation measures

The concept of relationship or correlation refers to the degree of joint variation
between two or more variables. It starts by introducing a particular type of relation-
ship called linear and only two (simple) variables will be considered. Subsequently,
the case of more than two variables is presented.

The most direct and intuitive way to get a first impression of the type of relation-
ship between two continuous variables is through a scatter plot. A scatter plot is a
graph in which one of the variables (X) is placed on the abscissa axis, the other (Y )
on the ordinate axis and the pairs (xi, yi) are represented as a point cloud. The shape
of the point cloud informs us about the type of relationship between the variables.
However, use a scatter plot as a way of quantifying the relationship between two vari-
ables is not, in practice, as useful as it may seem at first sight. This is because the
relationship between two variables is not always perfect or zero: it is usually neither.

These considerations suggest that there are point clouds to which a line can be
adjusted straighter than it is possible to do to others. So the adjustment of a line
to a cloud of points does not seem to be a question of all or nothing, but rather of
degree (more or less adjustment). This warns us of the need to use some numerical
index capable of quantifying that degree of adjustment more precisely than a simple
inspection of the scatter diagram allows. These numerical indices are usually called
correlation coefficients and have the important property of allowing us to quantify
the degree of linear relationship existing between two quantitative variables. The
classical correlation coefficients are:

• Pearson’s 14 correlation coefficient (1896) is perhaps the best and most widely
used coefficient to study the degree of linear relationship between two quantit-
ative variables.

• Kendall’s15 tau-b correlation is appropriate for studying the relationship between
ordinal variables.

14

Karl Pearson (1857 – 1936) was an English mathematician and biostatist-
ician. He has been credited with establishing the discipline of mathematical
statistics. He founded the world’s first university statistics department at Uni-
versity College, London in 1911, and contributed significantly to the field of
biometrics and meteorology. Pearson was also a proponent of social Darwinism
and eugenics.

15
Sir Maurice George Kendall (1907 – 1983) was a British statistician, widely
known for his contribution to statistics. The Kendall tau rank correlation is
named after him.
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• Spearman’s16 ρ correlation coefficient (1904) is Pearson’s correlation coefficient,
but applied after transforming the original scores into ranges.

These measures can be used in simple analysis but for a joint consideration over
a regionalized structure, other correlations statistics should be used.

Boattini et al. (2021) analyses relied on different multivariate methods and cor-
relation tests for surname structure of Trentino (Italy), Tüm (2021) use a χ2 test
to determine whether the surnames between the three corpora of Turkish surnames
differed. In other works, the Spearman correlation test was calculated: Vernay (2001)
distribution of surnames and genetic structure at county of Ardèche (France); Morelli
et al. (2002) surname analysis of Corsica Island (France); . . .

Mantel Test

The Mantel17 Test is a statistical analysis of correlation between two matrices,
X and Y , of the same range, it is usually used to compare two distance matrices
(for example in our context a surnames distance matrix between surnames and a
geographic distance matrix between these same surnames).

The null hypothesis of this technique postulates that distances/similarities between
variables in the Y response matrix are not linearly correlated with the corresponding
distances/similarities in the X model matrix. It is therefore a question of assessing
whether the association (positive or negative) is more robust than would be expected
by pure chance. The inclusion of space in this process is simple, it is enough to include
as a model matrix X, a distance matrix. In this way it can be evaluated whether the
distance in space determined by the species (or surnames in our context) is correlated
with the distance in the geographical space (to build this matrix you can different
distance measures are used, not only Euclidean, including the possibility of construct-
ing non parametric, useful for data that do not verify the conditions of normality).
In this regard, it is necessary to emphasize the importance of the choice of one type
of measure or another, as well as the type of transformation, since the results vary
greatly depending on these elements. The Mantel Test statistic (ZM) is calculated
by adding the cross products of the two similarity/distance matrices, excluding the

16
Charles Edward Spearman (1863 – 1945) was an English psychologist
known for work in statistics, as a pioneer of factor analysis, and for Spear-
man’s rank correlation coefficient.

17

Nathan Mantel (1919 – 2002) was an American biostatistician best known
for his work with William Haenszel which led to the Mantel–Haenszel test and
its associated estimate, the Mantel–Haenszel odds ratio. The Mantel–Haenszel
procedure and its extensions allow data from several sources or groups to be
combined while avoiding confounding.
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main diagonal which contains only trivial values (0 for distance matrices and 1 in the
case of similarity matrices),

ZM =
n∑
i=1

n∑
j=1

XijYij,

where Xij and Yij are the elements of the matrices X and Y , respectively. To assess
the significance of this statistic, a permutation strategy is used, in which the elements
of a matrix are randomly rearranged.

The Z statistic is expressed in arbitrary units and its implications are difficult
to understand, so the Standardized Mantel’s Coefficient. For this purpose, the cross
product of the two matrices is calculated divided by [(n(n − 1)/2) − 1] whose range
is between -1 and +1. It behaves like a correlation coefficient, and is denoted by
rM . Its significance is assessed also by permutations. The permutation test provides
on the same level of significance for the statistician ZM than for rM , since linear
transformations, such as the one used to standardise Z, affect the results of the cross
product. In general the interpretation is simple for the positive values of rM . In
this case, it would mean that how much The spatially closer two points are, the
more similar is their species (or surnames in our context) composition. However, the
negative values of rM are much more difficult to interpret. In any case, these data
should consider whether to work with distance or similarity matrices, especially when
X and Y are different, since then the interpretation of the sign would be the opposite.
Unlike ordination-based techniques, the Mantel test is based on an overall assessment
of the similarity between the different matrices, and no analysis can be made to select
the effect of the different variables of the matrix X (beyond assessing the effect of
matrices with a smaller number of variables). Similarly, include a larger number of
variables in the X matrix does not increase the explanatory capacity of the matrix
(it may even reduce it), as is the case with ordination-based analyses. A bootstrap
based calibration of the Mantel test has been recently proposed by Mart́ınez Santalla
et al. (2022).

Partial Mantel Test

Let us suppose that we have a matrix X, for example with onomastic distances,
for example the Lasker or Nei distances, between i = 1, . . . , n locations; a matrix Y ,
the linguistic distance, between i = 1, . . . , n locations and finally a matrix W , which
consists of the geographical distances between the n locations. The Partial Mantel
is also a correlation test between two matrices, but controlling for the effect of a
third distance matrix. This control is done by calculating the correlation between the
residuals of each of the two main distance matrices after a linear regression on the
third distance matrix.
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The correlation between the two matrices is calculated in a similar way to the
partial correlation coefficient, only with the Standardized Mantel statistic instead of
Pearson’s. The main difference is that the values come from distance matrices rather
than from vectors. It should be noted that the correlation between two matrices of
distances is not equivalent to the correlation between two data tables: the Mantel
correlation between the X and Y matrices is an estimate of the extent to which
variations in similarities/distances of X correspond to variations in Y . The signi-
ficance of the partial Mantel test is also usually calculated by permutations, but in
this case by exchanging the X matrix while keeping the Y and W matrices constant.
This technique has been criticized by some authors (Raufaste and Rousset (2001)),
but it seems that under conditions of moderate correlation between the independent
matrices the results are satisfactory (Castellano and Balletto (2002)).

On the other hand, the information from the residual distance matrices obtained
through Mantel’s partial analyses can be used as a basis for ordinations that allow
explain this variability. As in the Mantel tests, in the case of the partial Mantel tests,
it should be considered that the inclusion of a greater number of variables in the third
matrix (W ) does not increase the explanatory capacity of this matrix.

Mantel correlogram

The techniques previously used make it possible to establish the relationships
between the spatial pattern and the composition of a community. However, they do
not allow us to detect how the intensity of this relationship varies at different scales.
In the case of univariate data, there is a wide range of tools with which to detect these
spatial structures. When working with multidimensional data the Mantel correlogram
appears as the only simple solution to perform autocorrelation analysis.

A correlogram is a measure that allows the spatial dependence to be quantified
and distributed among distance classes. This procedure calculates the standardized
Mantel statistic values (rM) for different distance classes (d). For the distance class 1,
a X1 matrix is constructed with 1 values for the sampling points belonging to the first
distance class, while the rest of the matrix values are 0. This X matrix is compared
with the Y matrix of similarities or distances using the Mantel statistic (rM). This
process is repeated in the same way for the other types of distances, so that a model
Xd matrix is constructed and the standardized Mantel statistic is recalculated for
each distance class. The result is expressed by means of a graph in which the values
of the normalized Mantel statistic (rM) are represented in the ordinates with respect
to classes of distances between sites in the abscissa.

In the following works they have calculated correlations using the Mantel’s Test:
Manni et al. (2006) and Manni et al. (2008) for the data from the Netherlands; Es-
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parza et al. (2006) genetic relationships between parishes in the Ebro Delta Region
(Spain) as estimated by migration matrix and surnames; Rodŕıguez-Larralde et al.
(2007) in the study of Texas surnames; Boattini et al. (2007) genetic Structure of La
Cabrera (Spain), from Surnames and Migration Matrices; Dipierri et al. (2011) for
the surnames of Paraguay; Rodŕıguez-Larralde et al. (2011) a study of the population
of Bolivia; Morelli et al. (2002) surname analysis of the corsican population (France);
in the case of Spain, the following can be cited: Collado et al. (2012), Rodŕıguez-Dı́az
(2015) and Rodŕıguez-Dı́az et al. (2015) Román-Busto and Fuster (2015) (Spain and
also Portugal), Colino-Rabanal et al. (2018); Barrai et al. (2012) study of the popu-
lation of Chile; Mikerezi et al. (2013) study of the population of Albania; De Oliveira
et al. (2013) analysis of surnames in a town of twins (Cândido Godói, Brazil); Boattini
et al. (2018) study of surnames and genes in Sicily and Southern Italy . . .

2.4.2 Multivariate Analysis

In the following, a number of multivariate analysis tools are described. These tech-
niques are commonly used in the onomastic literature. In most of the articles re-
viewed, once they have calculated the different isonymy indicators, to identify the
pattern of surnames they use the technique of multivariate analysis, in particular,
cluster analysis. As has been shown, some of the most popular data classifica-
tion methods are Ward’s hierarchical clustering (Ward (1963)), k-means (Hartigan
(1975), Hartigan and Wong (1979)), partitioning around medoids (PAM) (Kaufman
and Rousseeuw (1990)), and self-organizing maps (SOM) (Kohonen (1982), Kohonen
(1984)). A very brief overview on the methods will be given, and onomastic references
will be discussed here, as techniques are introduced.

Note: We know adopt a general notation what does not correspond to the one
introduced before.

Principal Component Analysis

Principal component Analysis (Hotelling18 (1933)) is a popular method of mul-
tivariate analysis which uses the spectral decomposition of a correlation or covariance
matrix.

Let X = (X1, . . . , Xp) a multivariate data array. The following also applies if X

18

Harold Hotelling (1895 – 1973) was an American mathematical statistician
and an influential economic theorist, known for Hotelling’s law, Hotelling’s
lemma, and Hotelling’s rule in economics, as well as Hotelling’s T-squared dis-
tribution in statistics. He also developed and named the principal component
analysis method widely used in finance, statistics and computer science.
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is a vector formed by p observable variables. The main components are uncorrelated
composite variables such that a few of them explain most of the X variability. The
main components are the composite variables

Y1 = Xt1, Y2 = Xt2, . . . , Yp = Xtp,

such as:

1. var(Y1) is maximum conditioned to t′1t1 = 1.

2. Among all composite variables Y such that cov (Y1, Y ) = 0, the variable Y2

presents var(Y2), maximum conditioned to t′2t2 = 1.

3. Y3 is an uncorrelated variable with Y1, Y2 with maximum variance.

The other main components are defined in the same way.

If T = [t1, t2, . . . , tp] is the matrix p× p whose columns are the vectors that define
the main components, then the linear transformation X− Y,

Y = XT,

it is called transformation by main components.

The PCA was evaluated in the following works: Mikerezi et al. (2013) for the
population of Albania, Rodŕıguez-Larralde et al. (2011) for the surnames in Bolivia,
Barrai et al. (2012) for surnames in Chile, Manni and Barrai (2001) for the Province
of Ferrara (Italy) where the genetic and surname structures were compared and also
in Zei et al. (1993) and Boattini et al. (2012) for all Italy, Cheshire et al. (2013)
for Japan, Manni et al. (2006) and Manni et al. (2008) from Netherlands data set,
Dipierri et al. (2011) for the population of Paraguay, Rodŕıguez-Dı́az (2015) and
Rodŕıguez-Dı́az et al. (2017a) for Spanish surnames.

Multidimensional Scaling (MDS)

Multidimensional scaling (MDS) is a graphical representation of the distances
or dissimilarities between sets of objects. Objects that are more similar are closer
in the output than objects that are less similar. MDS can also serve for reducing
dimensionality for information of high dimensions.

Let’s be Ω = {ω1, ω2, . . . , ωn} a finite set with n different elements, which will
be shortly denoted by Ω = {1, 2, . . . , n}. Let’s δij = δ(i, j) = δ(j, i) ≥ δ(i, i) = 0
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a distance or dissimilarity between the elements i, j de Ω. Let us then consider the
distance matrix

∆ =


δ11 δ12 · · · δ1n

δ21 δ22 · · · δ2n
...

...
. . .

...
δn1 δn2 · · · δn

 δij = δji = δ(i, j) ≥ δii = 0.

It will be said that ∆ = (δij) is a Euclidean distance matrix if n points exist
x1, . . . , xn ∈ Rp, where x′i = (xi1, . . . , xip) , i = 1, . . . , n, such that

δ2
ij =

p∑
α=1

(xiα − xjα)2 = (xi − xj)
′ (xi − xj) .

The coordinates of the points x1, . . . ,xn, that represent the elements 1, . . . , n of Ω,
in matrix form, can be written as

X =


x11 x12 · · · x1p

x21 x22 · · · x2n
...

...
. . .

...
xn1 xn2 · · · xnp

 .

The goal of multidimensional scaling is to find the right X from the distance matrix.

This method was used in the following papers: Boattini et al. (2018) in Sicily and
Southern Italy, Cheshire et al. (2009) for Great Britain, Smith and MacRaild (2009)
analysis of Historical Data: Irish Migrants in Britain, Barrai et al. (2012) for Chile,
Cheshire et al. (2011) in sixteen 16 European countries.

Similarity

In certain applications, instead of a distance, what is measured is the degree of
similarity between each pair of individuals. A similarity s over a finite set Ω is an
application from Ω× Ω in P , such that:

s(i, i) ≥ s(i, j) = s(j, i) ≥ 0.

The matrix of similarities between the elements of Ω is

S =


s11 s12 · · · s1p

s21 s22 · · · s2n
...

...
. . .

...
sn1 sn2 · · · snp
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where sij = s(i, j). Let’s assume that you have binary variables of p X1,X2 . . .Xp,
where each Xi takes the values 0 o 1. For each pair of individuals (i, j) let’s consider
the following Table where a, b, c, d are the frequencies of (1, 1), (1, 0), (0, 1) and (0, 0),

j
1 0

i 1 a b
0 c d

respectively, with p = a+ b+ c+ d.

A similarity coefficient should be a function of a, b, c, d. Similarity coefficients are
known. If sij = a+d

p
is called Sokal-Michener; if sij = a

a+b+c
, is called Jaccard. both

of them satisfy sii = 1 ≥ sij = sji ≥ 0. These concepts are related to diversity
indices (Chapter 4 Section 4.5.2). It a similarity can be transformed into distance by
applying the formula d2

ij = sii + sjj − 2sij (adapted to measures of genetic distance
defined in Relethford (1988)).

Then the matrix A = −
(
d2
ij

)
/2 is A = −1

2

(
Sf + S ′f − 2S

)
, where Sf has all its

rows equals, and as HSf = S′fH = 0, it happens that

B = HAH = HSH.

Therefore:

1. If S is positive (semi-) defined matrix, the distance dij is Euclidean.

2. r(HSH) = r(S)− 1.

3. The main coordinates are obtained by diagonalizing HSH.

Clustering

The history of classification begins with Carl von Linné’s system, which allowed
the classification of animals and plants according to genus and species (or surnames
in our context). Machine learning studies learning from data to make accurate pre-
dictions from observations with previous data. Automatic classification of objects or
data is one of the objectives of machine learning. Three types of algorithms can be
considered (which will be further detailed below):

• Supervised classification: we have a set of data that we are going to call training
data and each data is associated to a label. We build a model in the training
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phase using these labels, which tell us whether an image is correctly or incor-
rectly classified by the model. Once the model is built, we can use it to classify
new data which, at this stage, no longer need a label for classification, although
they do need a label to evaluate the percentage of well classified objects.

• Unsupervised classification: data are not labelled and are classified based on
their internal structure (properties, features).

• Semi-supervised classification: some training data have labels, but not all. This
last case is very typical in image classification, where it is common to have a lot
of mostly unlabelled images. These can be considered as supervised algorithms
that do not need all the labels of the training data.

Classifying the elements of a finite set consists in dividing the set into homogeneous
subsets, following a certain classification criterion. Each element belongs to a single
subset, which often has a name that characterizes it. Let’s Ω = {ω1, ω2, . . . , ωn}
a finite set with n different elements, which will be abbreviated Ω = {1, 2, . . . , n}.
Classify is also to define an equivalence relation from R over Ω. This relation defines
a partition over Ω in m equivalence classes:

Ω = c1 + c2 + . . .+ cm,

where + means disjointed union. Classifications can be hierarchical or non-hierarchical.
A hierarchical classification is a succession of clusters such that each clustering is ob-
tained by grouping clusters. The following axioms are satisfied.

An indexed hierarchy (C, α) over Ω is formed by a collection of clusters C ⊂ P (Ω)
and an index α such that:

• Intersection Axiom: If c, c′ ∈ C then c ∩ c′ ∈ {c, c′, ∅}.

• Union Axiom: If c ∈ C then c = ∪{c′ | c′ ∈ C, c′ ⊂ c}.

• The union of all the clusters is the total: Ω = ∪{c | c ∈ C}.

The index α is an application of C on the set of positive real numbers such that:

α(i) = 0,∀i ∈ Ω, α(c) ≤ α (c′) if c ⊂ c′

It will say that a hierarchy is total if:

• ∀ε ∈ Ω, {i} ∈ C
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• Ω ∈ C.

To present a classification, keys are used. A generalization of keys is the ultra-metric
tree. As later, an indexed hierarchy can be visualized by means of a simple and
intuitive graphic, called a dendrogram.

An ultrametric space (Ω, u) is a structure formed by a finite set Ω and a function
distance u over Ω× Ω verifying, for every i, j, k of Ω:

• Non-negative: u(i, j) ≥ u(i, i) = 0.

• Symmetry : u(i, j) = u(j, i).

• Ultrametric property : u(i, j) ≤ sup{u(i, k), u(j, k)}. The matrix U = (u(i, j))
of order n× n

U =


u11 u12 · · · u1n

u21 u22 · · · u2n
...

...
. . .

...
un1 un2 · · · unn

 uij = uji = u(i, j), uii = 0,

is the ultrametric distance matrix.

Fundamental classification algorithm

From an ultrametric space, an indexed hierarchy can be built. Let (Ω, u) be an
ultrametric space.

1. Let’s start with the partition: Ω = {1}+ . . .+ {n}.

2. Let i, j be the two closest elements: u(i, j) = minimum. Join them {i} ∪ {j} =
{i, j}, and the new ultrametric distance u′ will be defined

u′(k, {i, j}) = u(i, k) = u(j, k), k 6= i, j.

3. Let’s consider the new partition: Ω = {1}+ . . .+ {i, j}+ . . .+ {n}, and repeat
step 2 until it reach Ω. In this process, every time ci and cj are joined, such
that u (ci, cj) = minimum, the index will be defined α (ci ∪ cj) = u (ci, cj) . The
result of this process is an indexed hierarchy (C, α).
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An indexed hierarchy is a conjunctive structure. An ultrametric space is a geo-
metric structure. Both structures are equivalent.

Hierarchical classification algorithms

Let’s suppose that, in relation to some observable variables, a distance matrix
∆ = (δ(i, j)) is obtained between the elements of a set Ω :

∆ =


δ11 δ12 · · · δ1n

δ21 δ22 · · · δ2n
...

...
. . .

...
δn1 δn2 · · · δnn

 δij = δji = δ(i, j), δii = 0.

If the ∆ distance is ultrametric, then there is no problem to carry out a clas-
sification by building an indexed hierarchy. It is enough to apply the fundamental
classification algorithm (Section 2.4.2). But in general ∆ does not comply with the
ultrametric property and therefore this algorithm must be modified.

1. Let’s start with the partition: Ω = {1}+ . . .+ {n}.

2. Let i, j be the two closest elements: u(i, j) = minimum. Join them {i} ∪ {j} =
{i, j}, and the distance of an element k to cluster {i, j} is defined

δ′(k, {i, j}) = f(δ(i, k), δ(j, k)), k 6= i, j (2.4.30)

where f is a proper function.

3. Let’s consider the new partition: Ω = {1}+ . . .+ {i, j}+ . . .+ {n}, and repeat
step 2 until it reach Ω. In this process, every time they join ci with cj such that
δ (ci, cj) = minimum, the index is defined α (ci ∪ cj) = δ′ (ci, cj). The result of
this process is an indexed hierarchy (C, α).

The function f in equation (2.4.30) is properly defined so that the ultrametric prop-
erty is fulfilled. The result of this process is an uncomplicated hierarchy (C, α).

On of this methods is the Ward’s method. The main objective of this method is
to join clusters in which the variation within them has not increased significantly, so
that the new clusters formed are more homogeneous. The technique is based on the
sum of squares and tends to create groups of similar size, making it a good method
for analysis of variance as it tends to produce clearly defined clusters (Ward (1963)).
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As can be seen in the works De Silvestri and Guglielmino (2004) for the surnames
of Sicily, Branco and Mota-Vieira (2005) for those of the Azores (Portugal), Mikerezi
et al. (2013) for those of Albania, Dipierri et al. (2005) for those of Argentina, Boattini
et al. (2010) in the area of Val di Scalve (Italian Prealpines) and Boattini et al. (2018)
in Sicily and Southern Italy, for the works of Cheshire et al. (2009), Longley et al.
(2011) and Cheshire and Longley (2012) and Kandt et al. (2016) for Great Britain,
Cheshire et al. (2013) for Japan, on the report Colino-Rabanal et al. (2018) for forty-
seven provinces of mainland Spain or Cheshire et al. (2011) in sixteen 16 European
countries.

Non-hierarchical classification algorithms

A non-hierarchical classification of n objects in relation to a quantitative data
matrix X, consists of obtaining g homogeneous and exclusive groups (clusters). If
they have g clusters the decomposition of the total variability can be considered

T = B + V.

A partition in g clusters that makes maximum B or minimum W, in relation to some
criteria, will give a solution to the problem, as there will be a maximum dispersion
among the clusters. Some criteria, justified by the multivariate analysis of variance,
are:

1. Minimize tr (W).

2. Minimize |W|.

3. Minimize Λ = |W|/|T|.

4. Maximize tr (W−1B).

But the number of different ways to group n objects into g clusters is of the order
of gn/g!, a very large number even for moderate values of n and g. Therefore, it is
necessary to follow some clustering algorithm.

For instance, moving average method consists of:

1. Start with g points from the space Rp and assign the objects to g clusters
according to the proximity (Euclidean distance) to the initial g points.

2. Calculate the centroids of the obtained g clusters and reassign the objects ac-
cording to their proximity to the centroid of each cluster.
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Grouping criteria αi αj β γ
Minimum (single linkage) 1/2 1/2 0 −1/2
Maximum (complete linkage) 1/2 1/2 0 +1/2
Average (weighted average link) 1/2 1/2 0 0
UPGMA (group average link) ni/ (ni + nj) nj/ (ni + nj) 0 0

Table 2.1: Grouping criteria for classification methods.

3. Repeat the previous step, calculating each time the amount |W| (or the chosen
optimization criterion). Stop when |W| no longer decreases. It is possible to
prove that the sum of squares of the Euclidean distances from the points of each
cluster to the centroid

g∑
h=1

k∑
i=1

d2 (xki, x̄k) ,

decreases with every step.

Jardine and Sibson (1971) proposed the so-called flexible classification method,
which consists in defining the distance of a cluster from the union of two clusters
according to some parameters, for example, initially

δ′(k, {i, j}) = αiδ(i, k) + αjδ(j, k) + βδ(i, j) + γ|δ(i, k)− δ(j, k)|,

and similarly in the following steps. By giving values to the parameters, the methods
obtained can be consulted in Table 2.1. Some examples:

• Unweighted pair group method using arithmetic averages (UPGMA) is a re-
commended method because it provides a rating that fits well within the initial
distance in the sense of the least squares. UPGMA is a straightforward approach
to constructing a phylogenetic tree from a distance matrix.

• Weighted Pair Group Method with Arithmetic Mean (WPGMS) is a simple
agglomerative (bottom-up) hierarchical clustering method.

Ward’s method is an alternative to single linkage clustering. Popular in fields like
linguistics, it’s liked because it usually creates compact, even-sized clusters.

UPGMA is a straightforward approach to constructing a phylogenetic tree from
a distance matrix. This method was applied in different works such as: Rodŕıguez-
Larralde et al. (1998) Switzerland, Barrai et al. (2000) Austria, Barrai et al. (2001)
United States, Manni and Barrai (2001) Province of Ferrara (Italy), Malnar (2002)
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Middle Dalmatia (Croatia), Morelli et al. (2002) Corsica (France), Scapoli et al.
(2005) France, Branco and Mota-Vieira (2005) Azores (Portugal), Scapoli et al. (2005)
France, Dipierri et al. (2005) Argentina, Esparza et al. (2006) Ebro Delta Region
(Spain), Rodŕıguez-Larralde et al. (2007) Texas (United States), Scapoli et al. (2007)
Western Europe, Tarskaia et al. (2009) Republic of Sakha (Yakutia), in the Russian
Federation, De Oliveira et al. (2013) Cândido Godói (Brasil).

WPGMS is a simple agglomerative (bottom-up) hierarchical clustering method.
This method was applied in De Silvestri and Guglielmino (2004) Sicilian Provinces
(Italy).

Fuzzy matching is a technique that helps identify two elements of text, strings, or
entries that are approximately similar but are not exactly the same. It was applied
in Monasterio (2017) for Official census surveys in Brazil.

The K-means algorithm

K-means is an unsupervised classification (clustering) algorithm that groups ob-
jects into K groups based on their characteristics (Hartigan (1975), Hartigan and
Wong (1979)). Clustering is performed by minimising the sum of distances between
each object and the centroid of its group or cluster. The quadratic distance is usually
used. The algorithm consists of three steps:

1. Initialisation: once the number of clusters, K, has been chosen, K centroids are
established in the data space, for example, by choosing them randomly.

2. Assigning objects to centroids: each object in the data is assigned to its nearest
centroid.

3. Updating centroids: the centroid position of each group is updated by taking
the position of the average of the objects belonging to that group as the new
centroid.

Steps 2 and 3 are repeated until the centroids do not move, or move below a threshold
distance in each step.

The K-means algorithm solves an optimisation problem, the function to be op-
timised (minimised) being the sum of the quadratic distances of each object to the
centroid of its cluster. The objects are represented by d-dimensional real vectors
(X1, . . . , Xn) and the K-means algorithm constructs K groups where the sum of dis-
tances of the objects, within each group S = {S1, S2, . . . , SK} to its centroid. The
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problem can be formulated as follows:

min
S
E (µi) = min

S

K∑
i=1

∑
xj∈Si

‖xj − µi‖2 (2.4.31)

where S is the dataset whose elements are the objects xj represented by vectors,
where each of its elements represents a characteristic or attribute. We will have k
groups or clusters with their corresponding centroid µi. On each centroid update,
from the mathematical point of view, we impose the necessary condition of extreme
to the function E (µi) which, for the quadratic function (equation (2.4.31)) is

∂E

∂µi
= 0 =⇒ µ

(t+1)
i =

1∣∣∣S(t)
i

∣∣∣
∑

xj∈S
(t)
i

xj

and the average of the elements of each group is taken as the new centroid.

The main advantages of the K-means method are that it is a simple and fast
method. But it is necessary to decide the value of K and the final result depends
on the initialisation of the centroids. In principle it does not converge to the global
minimum but to a local minimum.

Therefore, K-means is an iterative clustering algorithm that assigns each data
point into one of K clusters until convergence to a local minimum of its objective
function. Cheshire et al. (2009) and Cheshire et al. (2010) for Great Britain, Shi
et al. (2019) for China, Cheshire et al. (2011) in sixteen 16 European countries. In
this case three different algorithms: k-means, partitioning around medoids (PAM),
and Ward’s hierarchical clustering were applied.

Partitioning around medoids (PAM)

The Partitioning around medoids (PAM) algorithm searches for k representative
objects in a data set (k medoids) and then assigns each object to the nearest medoid
to create clusters. Its purpose is to minimise the sum of differences between the
objects in a cluster and the cluster centre (medoid). It is considered a more robust
variant of k-means since it is less sensitive to outliers Kaufman and Rousseeuw (1990).
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Self Organizing Maps (SOMs)

The Self-Organizing Maps (SOMs) were proposed by Teuvo Kohonen,19 (Kohonen
(1984)). It is sometimes called a Kohonen map. SOMs is an unsupervised artificial
neural networks (ANNs) that reduces the input dimensionality in order to represent
its distribution as a map.

It is based in the process of task clustering that occurs in our brain; it is a kind
of neural network used for the visualization of high-dimensional data. It compresses
the information of high-dimensional data into geometric relationships onto a low-
dimensional representation. In a SOM algorithm, the neurons are ordered in two
layers: the input layer and the competition layer. The input layer is composed of
a large number of neurons, one for each input variable. The competition layer is
composed of a topological low-dimensional grid of neurons (usually 2-dimensional)
geometrically ordered.The algorithm, that will be described next may require from a
few to several thousands depending on the complexity of the problem. The algorithm
goes as follows:

1. Each node’s weights are initialized.

2. A vector is chosen at random from the set of training data.

3. Every node is examined to calculate which one’s weights are most like the
input vector. The winning node is commonly known as the Best Matching Unit
(BMU).

4. Then the neighbourhood of the BMU is calculated. The amount of neighbors
decreases over time.

5. The winning weight is rewarded with becoming more like the sample vector.
The nighbors also become more like the sample vector. The closer a node is to
the BMU, the more its weights get altered and the farther away the neighbor
is from the BMU, the less it learns.

6. Repeat step 2 for a large number of iterations.

19

Teuvo Kalevi Kohonen (1934 - ) is a prominent Finnish academic (Dr. Eng.)
and researcher. He is currently professor emeritus of the Academy of Finland.
Prof. Kohonen has made many contributions to the field of artificial neural
networks, including the Learning Vector Quantization algorithm. Kohonen’s
most famous contribution is the Self-Organizing Map (also known as the Ko-
honen map or Kohonen artificial neural networks, although Kohonen himself
prefers SOM). Due to the popularity of the SOM algorithm in many research
and in practical applications.
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This procedure was applied in some works such as Boattini et al. (2010) and
Boattini et al. (2012) for Italian data, Rodŕıguez-Dı́az and Blanco-Villegas (2010),
Rodŕıguez-Dı́az (2015) and Rodŕıguez-Dı́az et al. (2017a) for Spanish surnames.

Manni et al. (2005) presents a general method, which provides quick and efficient
identification of those geographical areas that remained genetically closer to their
past genetic make-up: in other words, where immigration has been less intense. Ap-
plied to the most common surnames in the Netherlands. Using self-organising maps
(SOM), a clustering technique based on neural networks (Kaski (1997); Kohonen
(1982, 1984)). This study made it possible to identify clusters of surnames sharing
the same geographical origin and identical migration history, which made it possible
to locate individuals still living in the area where their surname originated (in other
words, “autochthonous”; for an application, see Manni and Toupance (2010)).

This method can be applied as a new strategy for better Y-chromosome sampling
design in retrospective population genetic studies, as the identification of surnames
with a defined geographical origin allows the selection of living descendants of those
families settled, centuries ago, in a given area. Manni et al. (2005) suggested that
the degree of autochthony may vary considerably from one area to another, being
influenced by geographical and historical factors that result in differential migration
patterns. If the General Method improves the accuracy of biodemographic inference,
it also allows estimating more reliable population structures, as polyphyletic surnames
(which are spelled in the same way even if they have multiple independent origins)
can be identified and their confounding effect controlled.

In Boattini et al. (2012), SOMs methodology allows distinguishing between mono-
phyletic and polyphyletic surnames. When interested in studying the geographical
origins of surnames, polyphyletic surnames are discarded. In this work, they compare
the current location of a monophyletic surname with its geographical origin. They
verify that the percentage of individuals currently living in the same area where their
surname originated is extremely variable, which means that self-declared regional
identities rarely correspond to the “autochthony” they assume. Boattini (Boattini
et al. (2012)) apply Manni’s (Manni et al. (2005)) general surname method to a
dataset of Italian population surnames, extracted from telephone directories, (they
discarded those with a frequency of less than 20). Later, applied SOMs method. A 20
x 20 grid was used to obtain the maps. To estimate migration flows, they compared
the geographical origin of surnames inferred by SOMs with their actual distribution
using a migration matrix model (Bodmer (1968)).
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2.4.3 Barrier detection algorithms

The algorithms for edge detection are models that allow the identification of barriers
by being able to detect areas where there are “significant” changes in the frequencies of
an event. The most commonly used approaches for this purpose are the Monmonier20

(Monmonier (1973)) and Wombling21 (Womble (1951)) algorithms. Table 2.2 shows
the main characteristics of these two barrier detection algorithms, briefly described
below.

Monmonier’s Barrier Algorithm

Monmonier’s Barrier Algorithm (Monmonier (1973)) is one of the original meth-
ods used for delineation of barriers to gene flow. It is a divisive procedure that
includes spatial contiguity in its calculations. The objective of the algorithm dif-
fers from clustering as it does not seek to establish maximum internal homogeneity
when regionalizing; instead it seeks boundaries where the differences between pairs
of observations on either side are largest (Manni et al. (2004)). The algorithm best
applied to situations where the boundaries, or barriers, between regions are of greater
interest than the areas covered by the regions themselves. It operates on a matrix of
observations that have been located on a map according to their relative geographic
position (Manel et al. (2003)). Mapping the observations requires Delaunay trian-
gulation (Brassel and Reif (1975)); this is the quickest method of connecting a set
of point observations/ localities on a map with a set of triangles that fills a two di-
mensional space completely (Manni et al. (2004)). If conceived as a network, the
localities are the vertices and the edges are the connections between localities. Each
edge is then assigned a distance derived from the data matrix (Manel et al. (2003)).
In this context (Cheshire et al. (2009)) Lasker distance or Nei distance is used as the
distance measure between locations. The first boundary is perpendicularly traced to
the edges of the network, equidistant from each pair of observations, starting from the
edge with the maximum distance value and continuing until the forming boundary
has reached the limits of the triangulation (that is, the edge of the map) or loops
back to its origin (see Manni et al. (2004) for an application of this algorithm applied
to surname data). Where edges have the same value, the one followed by a triangle
with higher values is included in the boundary (Manni et al. (2004)).

20
Mark Stephen Monmonier (1943 - ) is a Distinguished Professor of Geo-
graphy at the Maxwell School of Syracuse University. He specializes in top-
onymy, geography, and geographic information systems.

21William H. Womble ( - ) , Department of Anthropology and Sociology, University of Cali-
fornia, Los Ángeles.
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Monmonier’s Barrier Algorithm can be implemented with the standalone Barriers
software (Manni et al. (2004)) or the adegenet package for R (see R Core Team
(2020b), Jombart (2008) and Jombart and Ahmed (2011)).

Wombling Algorithm

The second method for detecting barriers or boundaries is Womble’s method (or
Wombling) (Womble (1951)) is an algorithm for the detection of barriers from a set
of continuous variables and geographic locations. It uses surfaces derived from the
variables of interest, in our case, the surname frequencies, and calculates gradients
for each variable across the surface.

In this way it can evaluate what is known as systemic function, based on the local
variation of the frequencies; the estimation of the systemic function is based on a
local polynomial regression, where the significance of the barriers or zones of drastic
change of the frequencies is determined with a binomial test.

This generates the gridded coverage of the study area and a band map, based
on the average dispersion of the study species (or surnames in our context), and
calculates the systemic function in each pixel based on the polynomial regression.
Also, the percentiles of the systemic function and the levels of significance for each
point of the grid are obtained from a binomial distribution.

Finally, it is obtained a map with the variation of the systemic function -edge
detection- and a map with the surnames variation.

WOMBSOFT package for R (see R Core Team (2020b) and Cridas and Manel (2007))
based on Wombling that has been used in landscape genetics, which requires the
genetic and coordinate database of sampling locations.

Monmonier’s algorithm (Monmonier (1973)) of barriers detection was applied in
the following works, in the search of geographical limits in the analysis of surnames;
Manni and Barrai (2001) this method was applied to linguistic and surname differ-
ences using absolute distances obtained from matrices in Italy; Boattini et al. (2007)
exploration the connections between geography and the biodemographic structure of
the population further by means of Monmonier’s algorithm over the parent-offspring
matrix and isonymous relationships in La Cabrera (Spain); Cheshire et al. (2009), in
this study Lasker distance is used as the distance measure between locations to obtain
the barriers in Gret Bretain. Manni et al. (2006), use this algorithm to obtain the
barriers of surname distances computed according to the Nei’s method in Netherlands
and in Manni et al. (2008) obtain them on a matrix of dialect (Levenshtein) distances
in Netherlands and obtain both on Manni (2017); De Oliveira et al. (2013) compute
the barriers computed based on matrix of Sorensen’s pairwise surname distances in a
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Monmonier Wombling
Brief
description

It is based on a neighbor graph
(such as a Delaunay triangula-
tion) between sampled popula-
tions or individuals, and calcu-
lates the genetic distances as-
sociated with each edge of the
graph. The algorithm builds
growing barriers from the edge
with the largest genetic distance,
and extends it to the adjacent
edges associated with the next
largest genetic distance

Uses surfaces derived from vari-
ables of interest (e.g., allele fre-
quency surfaces), and computes
gradients for each surname across
these surfaces. The gradient
norms are then averaged over al-
leles to form a new surface called
the systemic function. Regions
given high values by the systemic
function can then be identified as
zones of rapid change, i.e., bound-
aries.

Model Non parametric Non parametric
Spatial Delaunay triangulation Geographic coordinates are in-

cluded in the local weighted re-
gression

Clustering
criteria

None None

Local edge
detection
criteria

High rate of change between
paired individuals based on
Delaunay link

Average rate of change based on
individuals located within a ker-
nel of a given bandwidth size

Software Barriers or adegenet R-package WOMBSOFT R-package

Table 2.2: Main characteristics of barrier detection algorithms.

town of twins (Cândido Godói, Brazil).

Rodŕıguez-Dı́az and Blanco-Villegas (2010) and Rodŕıguez-Dı́az (2015), propose a
transformation of Hedrick’s matrix (equation 2.2.14) into a Euclidean distance mat-
rix by means of a standard transformation (Mardia et al. (1979)), according to the
expression

dij =
√

(cii − 2cij + cjj),

where cij is the genetic distance between populations i and j and dij is the resulting
Euclidean distance between populations i and j.

Once this distance matrix is obtained, the barriers have been identified using
Monmonier’s algorithm.

To understand the geographic variability of surnames, given that general correla-
tions are not informative about local variability, the original surname distance matrix
by using this algorithm was analyzed; Toledo et al. (2017), in the paper analyze the
surnames from marriage records covering the continuous period from 1638 to 1988.
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The genetic barriers detected, based on the frequency and distribution of surnames
by this algorithm.

Wombling, as discussed, is a method of barrier detection that highlights the local
abruptness changes in the frequency of surnames (Womble (1951)). This procedure
was used in the following works: Zei et al. (1993) boundaries from surname distribu-
tion detected in Italy; Cheshire et al. (2009) obtain the surname-frequency boundaries
by the procedure.

2.4.4 Non-parametric methods

Let X = (X1, . . . , Xn) be a random sample of a population with distribution F and
our goal is to estimate a certain quantity of interest or even characterize the distri-
bution. These tasks can be accomplished by parametric or non-parametric methods.
Specifically, the parametric paradigm assumes that the distribution function F be-
longs to a certain parametric family Fθ, characterized by a parameter θ which must
be estimated from a sample (e.g. by maximum likelihood). However, parametric as-
sumptions on the probability distribution family may lead to severe misspecification
problems if the selected model is not adequate for fitting the data. In this regard,
nonparametric methods introduce flexibility in the estimation procedures. One of the
most popular and widely used methods is kernel density estimation (see Silverman
(1986)).

In our context, kernel methods have been considered in a multivariate scenario, so
let X be a d-dimensional random variable. From a random sample of X, the kernel
density estimation on a point x ∈ Rd is defined as:

f̂(x) =
1

n|H|1/2
d∑
i=1

Kd(H
−1/2(x−Xi)), (2.4.32)

being Kd a d-dimensional kernel function. In practice, it is quite usual to consider
Kd as a product of univariate (symmetric about zero) densities. H is the bandwidth
matrix, which includes the parameters that control the smoothness of the estimator.
Bandwidth selection is a crucial problem in kernel density estimation, in order to
seek for an optimal trade-off between bias and variance. Although there are several
methods for doing bandwidth selection for univariate kernel density estimation, and
some of this methods have been extended to the multidimensional case (such as
normal scale and plug-in rules, as well as cross-validation procedures), a complete
specification of the (symmetric) bandwidth matrix H involves optimizing over d(d+
1)/2 values. This problem is usually known as the curse of dimensionality in kernel
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estimation. Nevertheless, the use of kernel methods in onomastics is reduced to low
dimensional spaces.

There is an extensive literature on kernel methods for density (as well as regression
and other curves of interest) estimation, and this method is certainly a powerful tool
both for exploring data and for doing inferences. Data exploration based on kernel
smoothing presents no challenges, given that the estimates are easy to compute.
Actually, this is a first step for visually assessing if a selected parametric family is
plausible, given the data sample. In addition, goodness-of-fit tests based on smooth
estimators can be also constructed. However, inference based on kernel methods in
general (and test calibration, as a particular case) presents some challenges and in
many situations, resampling is the only alternative: bootstrap methods play a key
role in this context.

The bootstrap ideas were introduced by Bradley Efron22 in “Bootstrap meth-
ods: another look at the jackknife” (Efron (1979)), inspired by earlier work on the
jackknife. Bootstrapping is a statistical procedure that intends to approximate the
sampling distribution of a statistic by resampling (constructing artificial samples from
the original one), being it possible to adapt the mechanism generating the data to
different circumstances and scenarios.

In general, consider R(X,F ) a certain statistic (from the random variable X with
distribution F ) and our aim is to approximate its sampling distribution. If F was
known, then a Monte Carlo mechanism may be used, just generating new samples
from F and, from each sample, computing the value of the statistic. However, if F is
not known, how new samples can be obtained?

Given a data sample (X1, . . . , Xn), the basic bootstrap algorithm (named uniform
bootstrap or näıve bootstrap) considers the empirical distribution function

Fn(x) =
1

n

n∑
i=1

1{Xi ≤ x}

as an estimate of the population distribution F , and new resamples are obtained
from Fn (and hence, one can also get R(X∗, Fn), where the star indicates that we
have a resample. Artifical samples from Fn are easy to get: one just needs to sample

22

Bradley Efron (1938-) is an American statistician. Efron has been president
of the American Statistical Association (2004) and of the Institute of Math-
ematical Statistics (1987–1988). Efron is especially known for proposing the
bootstrap resampling technique, which has had a major impact in the field of
statistics and virtually every area of statistical application. The bootstrap was
one of the first computer-intensive statistical techniques, replacing traditional
algebraic derivations with data-based computer simulations.
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randomly from the observed set of values, with replacement. Note also that if the
distribution is assumed to belong to a parametric family, so it is characterized by a
parameter θ, this parameter may be estimated from the original sample and resamples
could be obtained from Fθ̂ (parametric bootstrap).

Bootstrap methods have also been extended to the regression context. In this
case, consider a regression model:

Y = m(X) + ε, (2.4.33)

where Y is the response variable, X is the covariate (possibly a vector) and ε is the
zero-mean error term. The regression function m reflects the conditional mean of
the response given the covariate, that is m(x) = E(Y |X = x). As it happens for
density estimation, regression estimation can be also accomplished by parametric or
nonparametric methods. For the particular case of linear regression models, least
squares estimation is the usual procedure. Such an approach may not be flexible
enough, and kernel methods have been also introduced in this setting (see Wand
and Jones (1994) for a basic introduction and Fan and Gijbels (1996) for a detailed
presentation of local polynomial estimation).

In our setting, a simple case of bootstrap has been introduced, the so-called re-
sidual bootstrap. Consider a lineal regression function

mβ(x) = β0 + β1x1 + β2x2 + . . . , βpxp,

considering X a p-dimensional covariable and β ∈ Rp+1 a vector of coefficients to be
estimated from a sample (Xi, Yi), with i = 1, . . . , n. Denote by β̂ the least squares
estimator of β. Then, residuals from the regression model can be obtained as:

ei = Yi − Ŷi = Yi −mβ̂(xi), i = 1, . . . , n.

Note that the previous expression is valid for any parametric form, although in our
case, just linear fits are considered in practical examples. Once the residuals are
obtained, the goal is to generate new resamples (pairs of X and Y values from the
regression model). The bootstrap based on the residuals (or residual bootstrap) takes

the original values of X1, . . . , Xn and generates Y ∗i as the sum of the fitted value Ŷi and
a (resample) residual e∗i . This resample of residuals is obtained by random sampling
with replacement from the centered residuals eci = ei − e, where e is the average of
the residuals.

From a standardized Nei’s distance, a tree tested was obtained with bootstrap
analysis in Province of Ferrara (Italy) (Manni and Barrai (2001)).
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To assess the robustness of computed barriers obtained from the Monmonier’s
algorithm, a test based on the analysis of resampled bootstrap matrices was developed
in Netherlands (Manni et al. (2004), Manni et al. (2006) and Manni et al. (2008)).

For a graphical representation of the isonymy distance matrices, dendrograms were
constructed with bootstrapping using the neighbor-joining algorithm of the PHYLIP
(Bronberg et al. (2009)) in (Buenos Aires) Argentina.

Trees were constructed by the neighborjoining method, with the surname distance
matrix, with bootstrap resampling to estimate robustness at nodes of the tree (Darlu
et al. (2012)) in Netherlands.

The certainty of the regions obtained by cluster analysis was determined by boot-
strapping (Cheshire et al. (2011)) in sixteen European countries.

Kandt et al. (2016) used kernel density estimation (KDE) (see Azzalini and Torelli
(2007)) with varying bandwidth in a study about regional surnames and genetic
structure in Great Britain. Also, KDE was applied for seven years of historic census
data and twenty years of contemporary Consumer Registers in Van Dijk et al. (2019).

Bootstrap resampling was used in the cluster analysis (Cheshire et al. (2013)) in
Japan. The robustness of the surname classification has been tested by bootstrap for
surname structure of Spain (Rodŕıguez-Dı́az et al. (2015)). The stability of cluster
solutions can be further estimated by using computationally intensive bootstrapping
techniques in Great Britain (Kandt et al. (2020)).

From a standardized Nei’s distance, a tree tested was obtained with bootstrap
analysis in Province of Ferrara (Italy) (Manni and Barrai (2001)).

To assess the robustness of computed barriers obtained from the Monmonier’s
algorithm, a test based on the analysis of resampled bootstrap matrices was developed
in Netherlands (Manni et al. (2004), Manni et al. (2006) and Manni et al. (2008)).

For a graphical representation of the isonymy distance matrices, dendrograms were
constructed with bootstrapping using the neighbor-joining algorithm of the PHYLIP
(Bronberg et al. (2009)) in (Buenos Aires) Argentina.

Trees were constructed by the neighborjoining method, with the surname distance
matrix, with bootstrap resampling to estimate robustness at nodes of the tree (Darlu
et al. (2012)) in Netherlands.

The certainty of the regions obtained by cluster analysis was determined by boot-
strapping (Cheshire et al. (2011)) in sixteen European countries.
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Kandt et al. (2016) used kernel density estimation (KDE) (see Azzalini and Torelli
(2007)) with varying bandwidth in a study about regional surnames and genetic
structure in Great Britain. Also, KDE was applied for seven years of historic census
data and twenty years of contemporary Consumer Registers in Van Dijk et al. (2019).

Bootstrap resampling was used in the cluster analysis (Cheshire et al. (2013)) in
Japan. The robustness of the surname classification has been tested by bootstrap for
surname structure of Spain (Rodŕıguez-Dı́az et al. (2015)). The stability of cluster
solutions can be further estimated by using computationally intensive bootstrapping
techniques in Great Britain (Kandt et al. (2020)).

2.5 Literature review

This Section presents a list by country of the different scientific papers, cited on
previous Section, analysing surnames and using the isonymy measures or statistical
techniques described throughout this Chapter. Lasker (1991) and Colantonio et al.
(2003), are two papers based on reviews of previous ones. Alternatively, for each stat-
istical tool described, cited references are shown accompanied by a brief description.
Isonymy studies by country: collection of the articles reviewed related to surnames,
the region of analysis, and the indices and statistical techniques used.

Albania

Mikerezi et al. (2013): isonymy measures, Mantel’s Test, Principal Component Ana-
lysis, Ward method for clustering.

Argentina

Colantonio et al. (2002) Pocho parishes data, Dipierri et al. (2005), Bronberg et al.
(2009) for Buenos Aires data and Almeida and Demarchi (2020) for Valle de Cal-
amuchita (Province of Córdoba): isonymy measures, Ward method for clustering and
UPGMA method and Bootstrap method.

Austria

Barrai et al. (2000): isonymy measures and UPGMA method for multivariate analysis.
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Belgium

Barrai et al. (2003): isonymy measures.

Brazil

De Oliveira et al. (2013), Monasterio (2017) and Cardoso-Dos-Santos et al. (2021)
for Brazilian Northeast: isonymy measures, Mantel’s Test, UPGMA for mutivariate
analysis, Monmonier’s Algothim, Moran’s Index and Fuzzy matching for classification.

Bolivia

Rodŕıguez-Larralde et al. (2011): Mantel’s Test and Principal Component Analysis.

Chile

Barrai et al. (2012): Mantel’s Test and Multi–Dimensional Scaling (MDS).

China

Liu et al. (2012) and Shi et al. (2019): isonymy measures and k-means method for
mutivariate analysis.

Colombia

Gómez-Cardona et al. (2008) Antioquia data: isonymy measures and clustering method
for mutivariate analysis.

Croatia

Malnar (2002) Middle Dalmatia data: UPGMA method for analysis multivariate.

Czech Republic

Novotnỳ and Cheshire (2012): isonymy measures.
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European countries

Cheshire et al. (2011): isonymy measures, some method for analysis multivariate
(MDS, k-means, PAM and Ward) and Bootstrap method.

France

Vernay (2001) and Vernay (2001) for Ardèche data, Morelli et al. (2002) for Corsica
data and Scapoli et al. (2005): isonymy measures, Spearman for correlation, Mantel’s
Test and UPGMA for mutivariate analysis.

Germany

Crow and Mange (1965) for Hutterite data: isonymy measures.

Great Britain

Lasker (1985), Lasker (1999) for Kidlington data, Cheshire et al. (2009), Smith and
MacRaild (2009) for Irish Migrants in Britain data, Cheshire et al. (2010), Cheshire
(2011), Longley et al. (2011), Cheshire and Longley (2012), Winney et al. (2012),
Cheshire (2014), Kandt et al. (2016), Van Dijk et al. (2019), Kandt et al. (2020),
Van Dijk and Longley (2020a) and Van Dijk and Longley (2020b): isonymy meas-
ures, some methods for analysis multivariate (MDS, k-means and Ward), Bootstrap
method, Kernel density estimation, tools for Spatial Statistics (Spatial Autocorrela-
tionand Moran’s Index), Kernel Density Estimation and location quotient.

Honduras

Herrera-Paz and Mej́ıa-Mej́ıa (2011) and Herrera-Paz et al. (2014): isonymy measures
and clustering method for analysis multivariate.

Ireland and of the Irish in England and Wales

Smith and MacRaild (2009): isonymy measures.

Italy

Biondi et al. (1990) for Calabria and Apulia data, Zei et al. (1993), Caravello and
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Tasso (1999) for Lecco area (Lombardy) data, Barrai et al. (1987) and Barrai et al.
(1989) and Barrai et al. (1992) and Manni and Barrai (2001) for province of Fer-
rara data, Biondi et al. (2005) for Italian villages (Cuneo Province), Barrai et al.
(1999), Boattini et al. (2010) for area of Val di Scalve data, Biondi et al. (1993)
- De Silvestri and Guglielmino (2004) - Boattini et al. (2018) and De Silvestri and
Guglielmino (2004) for Sicily data, Boattini et al. (2012) and M. Capocasa et al.
(2016) Apennine (communities of Central Italy) data, Caravello et al. (2002) - Orrù
et al. (2018) for Sardinia data and Boattini et al. (2021) for surname structure of
Trentino: isonymy measures, Isolation by Distance, Mantel’s Test, some methods
for analysis multivariate (Principal Component Analysis, Multi–Dimensional Scaling
(MDS), Ward UPGMA and SOMs), Barrier detection algorithms (Monmonier and
Wombling), Bootstrap method, for Spatial Statistics (Spatial Autocorrelation and
Moran’s Index) and χ2 test.

Japan

Cheshire et al. (2013): isonymy measures, Principal Component Analysis and Ward
method for multivariate analysis and Bootstrap method.

Mexico

Lasker and Kaplan (1985): isonymy measures.

Netherlands

Barrai et al. (2002), Barrai et al. (2004), Manni et al. (2004), Manni et al. (2005),
Manni et al. (2006), Manni et al. (2008), Manni and Toupance (2010), Darlu et al.
(2012) and Manni (2017): isonymy measures, Mantel’s Test, Principal Component
Analysis for multivariate analysis, Monmonier’s algorithm and Boostrap method.

Paraguay

Dipierri et al. (2011): isonymy measures and Principal Component Analysis for mul-
tivariate analysis.

Portugal

Branco and Mota-Vieira (2005) for Azores data and Román-Busto and Fuster (2015):
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isonymy measures and Ward and UPGMA for multivariate analysis.

Siberia

Tarskaia et al. (2009): isonymy measures and UPGMA for multivariate analysis.

Spain

Esparza et al. (2006) Ebro Delta Region data, Boattini et al. (2007) La Cabrera
data, Rodŕıguez-Dı́az and Blanco-Villegas (2010), Collado et al. (2012), Calderón
et al. (2015), Rodŕıguez-Dı́az (2015) and Rodŕıguez-Dı́az et al. (2015), Román-Busto
and Fuster (2015), Román-Busto (2015) migration data in Olivenza (Spain) and Sur-
rounding Portuguese Areas, Rodŕıguez-Dı́az et al. (2017a), Toledo et al. (2017) Pyren-
ees (Catalonia) data, Colino-Rabanal et al. (2018) forty-seven provinces of mainland
Spain and Colino-Rabanal et al. (2018): isonymy measures, Isolation by distance,
Mantel’s Test and Mantel, Pearson, and Spearman correlations, some methods for
analysis multivariate (Principal Component Analysis, Ward, UPGMA and SOMs
methods) Barrier detection algorithms (Monmonier and Wombling) and Bootstrap
method.

Switzerland

Barrai et al. (1996) and Rodŕıguez-Larralde et al. (1998): isonymy measures and
UPGMA for multivariate analysis.

Turkey

Tüm (2021): χ2 test.

United States

Barrai et al. (2001), Chakraborty and Schwartz (1990) - Rodŕıguez-Larralde et al.
(2007) Texas data and Wang et al. (2017): Mantel’s Test, UPGMA for multivariate
analysis and Kernel density estimation.
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Uruguay

Carrieri et al. (2020): isonymy measures, Isolation by Distance, Multi–Dimensional
Scaling (MDS) for multivariate analysis.

Venezuela

Pinto-Cisternas et al. (1990) and Rodŕıguez-Larralde and Barrai (1997) for Sucre and
Táchira (Venezuelan States) data: isonymy measures and clustering for multivariate
analysis.

Western Europe

Scapoli et al. (2007): isonymy measures and UPGMA for multivariate analysis.

Western Slovenia

Tasso et al. (2005): Spatial Statistics (Spatial Autocorrelation and Moran’s Index).



Chapter 3

Application of isonymy measures
and linguistic varieties

In this Chapter the techniques described in the Chapter 2 are applied to Galician
surnames, Asturian surnames, surnames for Cataluña, Comunitat Valenciana and
Illes Balears and Spanish surnames; finally the relationship between surnames and
linguistic varieties in the case of Asturian and a comparison of onomastic distances
versus linguistic distances in the case of Galician language are presented.

3.1 Application to Galician surnames

A descriptive and detailed study of surnames in Galician is given in Chapter 1, as
well as, the frequency distribution of the 500 - 50 more frequent in the 2011 Census
is shown in Figure 1.3 (top-left or top-right), where only a selection of surnames are
labelled.

Results for isonymy structure

In order to study the isonymy structure of Galicia, the surname distribution of
2430512 people from the 2011 census accross the 315 councils was analyzed. The
analyzed data corresponds to 20754 different surnames in Galicia. Different isonymy
measures specifically, Lasker and Nei’s distances (equations (2.2.17) and (2.2.19))
and Fisher’s α coefficient (equation (2.2.5)) have been considered, and from Lasker
distances, surname clusters have been identified.

97
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Municipality Region Province Galicia
I 0.0265 0.0208 0.0142 0.0095
α 37.7075 48.0171 70.5667 104.8743
FST 0.0066 0.0052 0.0035 0.0024

Table 3.1: Average values for the isonymy value (I), Fisher’s (α), random inbreeding
of isonymy (FST ) by municipality, region, province and Galicia.

From the resulting regionalization, cultural, linguistic and genealogical informa-
tion about the population in Galicia can be inferred. It should be noted that the
analysis is both data rich and computationally intensive. Isonymy values per mu-
nicipality in Galicia were shown in Figure 3.1. The municipalities to the south of
the province of Lugo and Ourense, are those that present greater values of isonymy,
therefore smaller diversity of last names. In Table B.1 the isonymy value (I) (equa-
tion (2.2.3)), Fisher’s α (equation (2.2.5)), random inbreeding of isonymy (FST )
(equation (2.2.1)) are shown for the 315 municipalities of Galicia and in Table 3.1,
the mean values are shown for the previous index by municipality, region, province
and Galicia.

A first attempt was to eliminate the most frequent and the rarest surnames. Sur-
names that appear only in a council were removed, as well as those ones below and
above the 5% and 95% quantiles of the distribution of number of councils. Isonymy
values per municipality in Galicia were shown, for our proposal, in Figure 3.2. The
municipalities of the province of Ourense, are those that present greater values of
isonymy, therefore smaller diversity of last names.

Figure 3.1: Isonymy values per muni-
cipality in Galicia.

Figure 3.2: Isonymy values after ap-
plying filtering.
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Nei’s distance (equation (2.2.19)) is highly correlated with geographic distance,
computed from the councils centroids. Lasker and Euclidean distances (from equa-
tions (2.2.17) and (2.2.18), respectively) do not present a strong correlation. The
correlation matrix between distances is presented in Table 3.2.

The scatterplot showed in Figure 3.3, does not show a clear relationship between
the Lasker distance and the geographical distance in Galicia. The graph is based
on 49455 pairs of distances, and the resulting correlation is r = 0.56 ± 0.002. The
mean Lasker distance is 4.537 with the maximum value (5.811) occurring between
Camariñas (municipality in the province of A Coruña) and Alfoz (municipality in the
province of Lugo). Figure 3.4 shows the relationships between the Lasker distance
and geographic distance (km) after filters (in a log-log scale), and in this case, it is
also not clear this relation.

Figure 3.3: Relationships between the
Lasker distance and geographic dis-
tance (km) without filters (in a log-log
scale).

Figure 3.4: Relationships between the
Lasker distance and geographic dis-
tance (km) after filters (in a log-log
scale).

Table 3.3 shows the matrix of correlations between the distances and in addition
our filters are applied (surnames that only appear in a municipality are eliminated
and ones below and above the 5% and 95% quantiles of the distribution of number
of councils).

In Table B.1 in Appendix B there are the following values for each municipality
in Galicia: I (equation (2.2.3)), α (equation (2.2.5)), and ν (equation (2.2.7)). The
minimum value of α is 5.49 (reached in the municipality of Paradela, in the province
of Lugo) and the maximum value of α is 160.95 (in the municipality of A Estrada, in
the province of Pontevedra). These values can be compared with the value of α for
all Galicia with a value of 104.87, and the average value of α for all municipalities
is 52.47. The general correlation of Lasker distance with geographic distance for the
315 councils is only 0.56 ± 0.002 (significant little)1 (Figure 3.3).

1The general correlation of Lasker distance with google distance for the 315 councils is only
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UTM Google Isonymy Lasker Nei Euclidean
Distance Distance Between Distance Distance Distance

UTM Distance Correlation 1 0.9681 -0.3295 0.5174 0.4785 0.5174
Std. Error 0.0000 0.0011 0.0042 0.0038 0.0039 0.0038

Geographical Distance Correlation 0.9681 1 -0.3285 0.5084 0.4831 0.5084
Std. Error 0.0011 0.0000 0.0042 0.0038 0.0039 0.0038

Isonymy Between Correlation -0.3295 -0.3285 1 -0.5369 -0.4701 -0.5369
Std. Error 0.0042 0.0042 0.0000 0.0037 0.0039 0.0037

Lasker Distance Correlation 0.5174 0.5084 -0.5369 1 0.9601 1
Std. Error 0.0038 0.0038 0.0037 0.0000 0.0012 0.0000

Nei Distance Correlation 0.4785 0.4831 -0.4701 0.9601 1 0.9601
Std. Error 0.0039 0.0039 0.0039 0.0012 0.0000 0.0012

Euclidean Distance Correlation 0.5174 0.5084 -0.5369 1 0.9601 1
Std. Error 0.0038 0.0038 0.0037 0 0.0012 0

Table 3.2: Matrix of correlations between distances.

UTM Google Isonymy Lasker Nei Euclidean
Distance Distance Between Distance Distance Distance

UTM Distance Correlation 1 0.9666 -0.2441 0.3373 0.2169 0.0517
Std. Error 0 0.0002 0.0030 0.0028 0.0030 0.0031

Google Distance Correlation 0.9666 1 -0.2183 0.3348 0.1896 0.0563
Std. Error 0.0002 0 0.0030 0.0028 0.0030 0.0031

Isonymy Between Correlation -0.2441 -0.2183 1 -0.5667 -0.8770 -0.0573
Std. Error 0.0030 0.0030 0 0.0021 0.0007 0.0031

Lasker Distance Correlation 0.3373 0.3348 -0.5667 1 0.6075 0.0747
Std. Error 0.0028 0.0028 0.0021 0 0.0020 0.0031

Nei Distance Correlation 0.2169 0.1896 -0.8770 0.6075 1 0.0705
Std. Error 0.0030 0.0030 0.0007 0.0020 0 0.0031

Euclidean Distance Correlation 0.0517 0.0563 -0.0573 0.0747 0.0705 1
Std. Error 0.0031 0.0031 0.0031 0.0031 0.0031 0

Table 3.3: Matrix of correlations between distances. In this case, filters were are
applied (surnames that only appear in a municipality are eliminated and ones below
and above the 5% and 95% quantiles of the distribution of number of councils).
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I=4F α ν Surnames Altitude

α -1∗∗

ν -0.102 0.102
Surnames -0.724∗∗ 0.724∗∗ -0.483∗∗

Altitude 0.582∗∗ -0.582∗∗ 0.163∗∗ -0.627∗∗

N -0.621∗∗ 0.621∗∗ -0.675∗∗ 0.921∗∗ -0.546∗∗

Table 3.4: Spearman correlations between isonymy variables, α by Fisher, ν by
Karling and McGregor, S number of surnames, altitude and population size. ((∗∗)
Correlation is significant at the level 0.05).

I=4F α ν Surnames Altitude

α -1∗∗

ν 0.147∗∗ -0.147∗∗

Surnames -0.880∗∗ 0.880∗∗ -0.491∗∗

Altitude 0.491∗∗ -0.491∗∗ 0.386∗∗ -0.637∗∗

N -0.739∗∗ 0.739∗∗ -0.733∗∗ 0.926∗∗ -0.623∗∗

Table 3.5: Spearman correlations between isonymy variables, α by Fisher, ν by
Karling and McGregor, S number of surnames, altitude and population size, after
applied the filter. ((∗∗) Correlation is significant at level 0.05).

Tables 3.4 and 3.5 show Spearman correlations between isonymy variables, α by
Fisher, ν by Karling and McGregor, S number of surnames, altitude and population
size.

Values of α, inverse of isonymy, indicates that on average the provinces of Lugo
and Ourense are more inbred than those of A Coruña and Pontevedra (Figure 3.5).
It is observed that there is greater heterogeneity in the composition of surnames in
the south of the province of A Coruña and the north of Pontevedra.

Surname (dis)similarity among regions can be quantified by different measures. In
order to study the isonymy structure of Galicia, the surname distribution of 2430512
people from the 2011 census across the 315 councils was analyzed. Different isonymy
measures (specifically, Lasker and Nei’s distances and Fisher’s α coefficient) have been
considered, and fromLasker distances, surname clusters have been identified. From
the resulting regionalization, cultural, linguistic and genealogical information about
the population in Galicia can be inferred.

0.56 ± 0.002. 0.002 represents the standard error of the Pearson’s correlation coefficient r. Then

standard error is obtained as
√

1−r2
n−2 , in our case n = 315, the number of total councils considered.
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Figure 3.5: Values of α in Galicia from 315 councils. The provinces of Lugo and
Ourense show the lowest heterogeneity, and then the highest levels of inbreeding.

The analyzed data corresponds to 20754 different surnames in Galicia. Matrices of
isonymic distances between units within administrative levels were tested for correla-
tion with geographic distances. The correlation matrix between distances is presented
in Table 3.2. To estimate the correlation a test for association between paired samples,
using Pearson’s product moment correlation coefficient was used.

UTM Google Isonymy Lasker Nei Hedrick Euclidean
Distance Distance Between Distance Distance Distance Distance

UTM Distance Correlation 1 0.96660 -0.22442 0.33738 0.21699 0.51434 0.36192
Std. Error 0 0.00021 0.00303 0.00283 0.00304 0.00235 0.00278

Google Distance Correlation 0.96660 1 -0.19777 0.33488 0.18960 0.51221 0.36404
Std. Error 0.00021 0 0.00307 0.00284 0.00308 0.00236 0.00277

Isonymy Between Correlation -0.22442 -0.19777 1 -0.54676 -0.80073 -0.46870 -0.49057
Std. Error 0.00303 0.00307 0 0.00224 0.00115 0.00249 0.00243

Lasker Distance Correlation 0.33738 0.33488 -0.54676 1 0.60751 0.74245 0.95277
Std. Error 0.00283 0.00284 0.00224 0 0.00202 0.00143 0.00029

Nei Distance Correlation 0.21699 0.18960 -0.80073 0.60751 1 0.70077 0.53525
Std. Error 0.00304 0.00308 0.00115 0.00202 0 0.00163 0.00228

Hedrick Distance Correlation 0.51434 0.51221 -0.46870 0.74245 0.70077 1 0.72649
Std. Error 0.00235 0.00236 0.00249 0.00143 0.00163 0 0.00151

Euclidean Distance Correlation 0.36192 0.36404 -0.49057 0.95277 0.53525 0.72649 1
Std. Error 0.00278 0.00277 0.00243 0.00029 0.00228 0.00151 0

Table 3.6: Matrix of correlations between distances.
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Council District Province Galicia
Ii 0.02652 0.02083 0.01417 0.00954
α 38 48 71 105
FST 0.00663 0.00521 0.00354 0.00238

Table 3.7: Isonymy (equation( 2.2.3)) and α by Fisher for Galicia. Average isonymy
and α for councils, districts and provinces.

The effective surname number, Fisher’s α (inverse of isonymy in equation (2.2.3)),
in Galicia is 105 for the whole country considered as a unit. The average over the 315
councils is 38. When compare all Galicia with councils, these values indicate that the
estimates of α from this source varies with the size of the area and of the population
studied. This is in part explained by the difference in frequencies of common surnames
in each subdivision. In Table 3.7, it can be observed that α is higher in large areas
and populations as compared to smaller subdivisions.

Cluster analysis for surname regions

Once the aforementioned measures are obtained, the final output is a graphical
representation of the different surname regions. This is usually done by representing
the clusters given by dendrograms constructed from the matrices of Lasker distances
(see Cheshire et al. (2010)), so the basic information for splitting or merging clusters
is the similarity or isonymic distance between areas. This distance can be obtained
by different methods, such as complete linkage or Ward’s procedure.

Ward’s method is a hierarchical agglomerative clustering procedure successfully
used in linguistic variation analysis (Nerbonne (1997); Goebl (1996); Szmrecsanyi
(2012); Strauss and von Maltitz (2017)).

The identification of surname patterns through isonymy (possession of the same
surname) measures have been previously addressed by several authors. Cheshire et al.
(2010) show a strong relationship between district surname and geographic locations
in Great Britain, constructing clusters from surrounding districts based on Lasker
distances. Boattini et al. (2010) and Boattini et al. (2012), analyzed the geographic
location of different Italian surnames using neural networks, which allow for distin-
guishing monophyletic and polyphyletic surnames. Novotnỳ and Cheshire (2012) have
studied the surname space of the Czech Republic, finding clear parallelism between
their network representation and ethno–cultura boundaries in this country. Recently,
Mikerezi et al. (2013) describes the isonymic structure of Albania. From a different
perspective, Cheshire and Longley (2012) consider a bidimensional kernel smoother
to detect areas in Great Britain where certain surnames are more concentrated. Using
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this methodology, the authors identify some clustered surnames. Part of the studies
that exist are based on the analysis of a database of surnames of a territory divided
by areas (municipalities or major jurisdictions). From this database, the most fre-
quently repeated surnames and also the least common surnames are eliminated. In
the work of Manni et al. (2006) done for Holland for a territory divided into 226
departments, surnames with a frequency greater than 100 and less than 10 were elim-
inated. Removing high frequency surnames avoids the noise caused by surnames that
do not originate in a specific area of the territory (polyphyletic), such as Fernández,
Rodŕıguez, Garćıa, etc. Suppressing the less frequent or rare ones attenuates the
impact of those surnames that have foreign origin (this is fundamental in the case of
Holland).

Manni et al. (2006) compute the Nei’s distance matrix, on the basis of the result-
ing data set that allow them to obtain a territorial distribution of the set of surnames.
This distribution is what they then compare with that of the dialectal varieties. In
the case of Holland, the result seems to show little coincidence between the two dis-
tributions. In other works (for example in Scapoli et al. (2005) for the case of France)
there seems to be coincidences. The database for Galicia is more complete than the
one used in these previous works. Surnames are available by place of residence and
by place of birth. Therefore, it is possible to get more information out of the data.

The dendrogram of the 315 councils, based on the matrix of Lasker distance, is
given in Figure 3.7 by performing the cluster analysis without making cuts in the
data (Figure 3.6). One obtains, as it was to be expected, both the concentration–
distribution of the population and the high frequency with which the most common
surnames are repeated erase any result of interest.

3.1.1 Population movements in Galicia

In Galicia, population movements towards urban areas began to be more important
from the 70s of the last century. To reduce the effect that recent massive migration
to cities might have on the distribution of surnames, only those individuals born in
1965 or earlier, who tend to be more stable than younger individuals, were included
in this analysis. Our sample population consists only of individuals older than 46
years of age to become the new onomastic regionalization. Similar cuts were made
in other studies such as the study of isonymy in Venezuela, in those over 40 years of
age (Rodŕıguez-Larralde and Barrai (1997)). Table 3.8 shows the number of different
surnames and persons for 2011 and for the population born in 1965 or earlier.
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Figure 3.6: Surname clusters for Lasker
distance (five groups).

Figure 3.7: Dendrogram obtained by the
matrix of Lasker distance for 315 councils
in Galicia.

Year Surnames (Nº) Percentage People (Nº) Percentage
2011 20754 100.00% 2430512 100.00%
1965 12070 58.16% 1214191 50.00%

Table 3.8: Number of different surnames and persons for 2011 and for the population
born in 1965 or earlier.

Isonymy values per municipality in Galicia were shown, for the population born
in 1965 or earlier, in Figure 3.8. The municipalities to the south of the province of
Lugo and Ourense, are those that present greater values of isonymy, therefore smaller
diversity of last names. (Similar results when all data are considered (Figure 3.1)).
Table 3.9 shows the matrix of correlations between distances for the population born
in 1965 or earlier. And Table 3.10 shows the matrix of correlations between the
distances for the population born in 1965 or before and in addition our filters are
applied (surnames that only appear in a municipality are eliminated and ones below
and above the 5% and 95% quantiles of the distribution of number of councils).

Isonymy values per municipality in Galicia were shown, for the population born in
1965 or earlier after applying filters, in Figure 3.9. The municipalities of the province
of Ourense, are those that present greater values of isonymy, therefore smaller di-
versity of last names. (Similar results when all data are considered (Figure 3.8)).
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UTM Google Isonymy Lasker Nei Euclidean
Distance Distance Between Distance Distance Distance

UTM Distance Correlation 1 0.966603 -0.241279 0.322827 0.211936 0.047854
Std. Error 0 0.000210 0.003009 0.002862 0.003051 0.003188

Google Distance Correlation 0.966603 1 -0.216265 0.320710 0.185463 0.052177
Std. Error 0.000210 0 0.003045 0.002866 0.003085 0.003186

Isonymy Between Correlation -0.241279 -0.216265 1 -0.615183 -0.881075 -0.063027
Std. Error 0.003009 0.003045 0 0.001986 0.000715 0.003182

Lasker Distance Correlation 0.322827 0.320710 -0.615183 1 0.665729 0.073646
Std. Error 0.002862 0.002866 0.001986 0 0.001779 0.003178

Nei Distance Correlation 0.211936 0.185463 -0.881075 0.665729 1 0.075577
Std. Error 0.003051 0.003085 0.000715 0.001779 0 0.003177

Euclidean Distance Correlation 0.047854 0.052177 -0.063027 0.073646 0.075577 1
Std. Error 0.003188 0.003186 0.003182 0.003178 0.003177 0

Table 3.9: Matrix of correlations between distances (considering the surname of people
born in 1965 or earlier).

UTM Google Isonymy Lasker Nei Euclidean
Distance Distance Between Distance Distance Distance

UTM Distance Correlation 1 0.966603 -0.277387 0.536943 0.587479 0.022816
Std. Error 0 0.000210 0.002949 0.002274 0.002092 0.003193

Google Distance Correlation 0.966603 1 -0.277523 0.546444 0.576615 0.027787
Std. Error 0.000210 0 0.002949 0.002241 0.002133 0.003192

Isonymy Between Correlation -0.277387 -0.277523 1 -0.649817 -0.793978 -0.052612
Std. Error 0.002949 0.002949 0 0.001846 0.001181 0.003186

Lasker Distance Correlation 0.536943 0.546444 -0.649817 1 0.888375 -0.180767
Std. Error 0.002274 0.002241 0.001846 0 0.000673 0.003090

Nei Distance Correlation 0.587479 0.576615 -0.793978 0.888375 1 -0.076650
Std. Error 0.002092 0.002133 0.001181 0.000673 0 0.003176

Euclidean Distance Correlation 0.022816 0.027787 -0.052612 -0.180767 -0.076650 1
Std. Error 0.003193 0.003192 0.003186 0.003090 0.003176 0

Table 3.10: Matrix of correlations between distances (considering the surname of
people born in 1965 or earlier and after applied some filters).
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Figure 3.8: Isonymy values per
municipality in Galicia, for the
population born in 1965 or earlier.

Figure 3.9: Isonymy values after
applying filtering.

I=4F α ν Surnames Altitude
α -1∗∗

ν -0.235∗∗ 0.235∗∗

Surnames -0.701∗∗ 0.701∗∗ -0.379∗∗

Altitude 0.549∗∗ -0.549∗∗ 0.018 -0.531∗∗

N -0.570∗∗ 0.570∗∗ -0.614∗∗ 0.894∗∗ -0.442∗∗

Table 3.11: Spearman correlations between isonymy variables, α by Fisher, ν by
Karling and McGregor, S number of surnames, altitude and population size, after
applied the filter, (considering the surname of people born in 1965 or earlier). ((∗∗)
Correlation is significant at level 0.05).

Tables 3.11 and 3.12 show Spearman correlations between isonymy variables, α by
Fisher, ν by Karling and McGregor, S number of surnames, altitude and population
size (considering the surname of people born in 1965 or earlier).

Figures 3.10 and 3.11 show the relationships between the Lasker distance and
geographic distance (km) before and after filters (in a log-log scale), it is also not
clear this relation. The graphs are similar to those above (Figures 3.3 and 3.4).

Once the isonymy data are obtained, for the filtered data (people born in 1965 or
earlier), the cluster analysis (five groups) on the Lasker distance is performed again
(Figure 3.12 and dendrogram obtained on Figure 3.13).
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I=4F α ν Surnames Altitude
α -1∗∗

ν 0.074 -0.074
Surnames -0.882∗∗ 0.882∗∗ -0.410∗∗

Altitude 0.425∗∗ -0.425∗∗ 0.328 -0.554∗∗

N -0.713∗∗ 0.713∗∗ -0.713∗∗ 0.896∗∗ -0.556∗∗

Table 3.12: Spearman correlations between isonymy variables, α by Fisher, ν by
Karling and McGregor, S number of surnames, altitude and population size, after
applied the filter, (considering the surname of people born in 1965 or earlier). ((∗∗)
Correlation is significant at level 0.05).

Figure 3.10: Relationships between
the Lasker distance (people born in
1965 or earlier) and geographic dis-
tance (km) without filters (in a log-log
scale).

Figure 3.11: Relationships between
the Lasker distance (people born in
1965 or earlier) and geographic dis-
tance (km) after filters (in a log-log
scale).

Figure 3.14 contains a map of the ecclesiastical dioceses of Galicia. Currently in
Galicia there are five dioceses, which are as follows: Diocese of Orense, Diocese of
Tuy-Vigo, Archdiocese of Santiago de Compostela, Diocese of Mondoñedo-Ferrol and
Diocese of Lugo. It should be made clear that the diocese of Orense is made up of
the province, except for the region of Valdeorras, which belongs to the Diocese of
Astorga.

3.1.2 Yule’s K coefficient

A map of the ratio of the number of different surnames to the number of people in
each Galicia councils is given in Figure 3.15. Councils in the south and north of
Galicia have a higher proportion of surnames per head of population than those in
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Figure 3.12: Surname
clusters for Lasker dis-
tance. (People born in
1965 or earlier).

Figure 3.13: Dendrogram
obtained by the mat-
rix of Lasker distance.

Figure 3.14: Actual
map of the ecclesiast-
ical dioceses of Galicia.

the center. A map with the value of Yule’s K coefficient in each Galicia councils is
given in Figure 3.16. Councils in the southwest of Galicia (principally south of Lugo
province and Ourense province) have a higher Yule’s K coefficient than the others
councils of Galicia. These results are similar than Figure 1.3 (botoom-left), that
illustrates the diverse surnames compositions. The value of Yule’s K coefficient for

Figure 3.15: Average number of people
in the population per surname.

Figure 3.16: The Yule’s K coefficient,
K, for council.

Galicia is 95.348. Table 3.13 shows this exact value for province and the descriptive
statistics of the Yule’s K coefficient, obtained from the data of the councils.

Figure 3.17 (top) shows the proportion of unique surnames per head of population
V1/N (remember Vr; r = 1, 2, 3, Ri represents the number of different surnames with
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Province Yule’s k mean sd IQR 0% 25% 50% 75% 100% n
A Coruña 74.234 153.654 51.998 61.535 65.185 120.162 144.262 181.697 339.448 94
Lugo 17.542 364.498 291.650 315.164 120.640 172.732 265.290 487.897 1817.693 67
Ourense 16.155 359.165 129.844 174.076 157.100 261.257 326.736 435.334 761.218 92
Pontevedra 67.450 171.175 81.527 103.583 61.664 114.526 138.562 218.109 398.698 62
Galicia 95.348 261.971 187.104 185.63 61.664 139.194 202.586 324.830 1817.693 315

Table 3.13: Descriptive statistics of the Yule’s K coefficient, obtained from the data
of the councils.

frequency r, in this case r = 1, unique surnames (equation (2.3.23))) plotted against
Yule’s K coefficient for each of the 315 councils; (bottom) shows a zoom in top
plot. As expected there is a trend for those councils with a large proportion of
unique surnames to have also a greater diversity of surnames (indicated by a low K).
Figures 3.19 and 3.20 show the geographic distributions of the frequencies of Zhou
and González across councils. The surname Zhou is present in seven municipalities
in Galicia and is carried by a total of nine people, on the other hand, the surname
González is present in all councils in Galicia. Its highest percentages are found in
province of Ourense. Figure 3.18 show the density of the number of surnames per
municipality (red color), the density of surnames, filtered by those surnames appearing
in more than one council (blue color).

The relative number of surnames per council does not say anything about the
frequency distribution of surnames. Based on Figure 1.3, it is clear that Galician
surname frequencies, like those of many other countries, are characterised by very
long-tailed distributions. It therefore follows that the majority of surnames are rare,
but that the majority of people do not possess a rare surname.
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Figure 3.17: Top: Proportion of unique surnames versus Yule’s K coefficient. The
dots in red represent the municipalities of the province of A Coruña, in blue those
of Lugo, in green those of Ourense and in violet those of Pontevedra. There are two
municipalities that have a value higher than 1500, which are O Páramo and Paradela,
both in the province of Lugo. Bottom: zoom in top plot.
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Figure 3.18: Top: Density of the number of surnames per council (red color), the
density of surnames, filtered by those surnames appearing in more than one council
(blue color). Bottom: zoom in top plot.

Figure 3.19: Percentage of ZHOU
by councils.

Figure 3.20: Percentage of
GONZALEZ by councils.
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Temporal Yule’s K coefficient

The value of Yule’s K coefficient over time at the global level, i.e. Galicia, and
provinces has been plotted (Figures 3.21 to 3.25), adapting equation (2.3.23) accord-
ingly. Table 3.14 summarises the Yule’s K coefficient for Galicia and provinces. As
there is no data for all years at the beginning, the data set has been trimmed to make
the graphs and results comparable, so the temporal analysis goes from the year 1901
to the year 2011. In Figures 3.21 the years before 1901 are shown in green. A blue
line with K = 100 has been plotted on the barplots to allow a better comparison of
the results. Table 3.14, similar values were obtained for the provinces of A Coruña
and Pontevedra and the provinces of Lugo and Ourense.

Province n Min. 1st Qu. Median Mean 3rd Qu. Max. n Min. 1st Qu. Median Mean 3rd Qu. Max.
A Coruña 111 67.74 73.22 73.44 75.11 74.88 111.55 130 0.00 72.87 73.38 64.45 74.64 111.55

Lugo 111 0.00 195.35 203.45 193.43 210.16 225.01 111 0.00 195.35 203.45 193.43 210.16 225.01
Ourense 111 0.00 216.83 224.22 218.08 228.93 284.67 111 0.00 216.83 224.22 218.08 228.93 284.67

Pontevedra 111 25.00 92.08 93.01 91.94 93.43 124.65 115 0.00 91.93 92.97 88.74 93.41 124.65
Galicia 111 75.61 98.06 102.66 104.67 110.28 136.24 130 0.00 96.85 100.83 89.73 108.51 136.24

Table 3.14: Descriptive statistics for Yule’s K coefficient for Galicia and provinces.

Figure 3.21: Yule’s K coefficient for Galicia from 1901 to 2011.

Figure 3.26 Graph 1.1 to Graph 2.2 shows Yule’s K coefficient over time for four
large cities in Galicia (A Coruña, Vigo, Lugo and Santiago de Compostela).

Diocese n Min. 1st Qu. Median Mean 3rd Qu. Max. n Min. 1st Qu. Median Mean 3rd Qu. Max.
Lugo 111 0.00 227.28 238.14 224.65 246.80 266.77 111 0.00 226.59 238.11 234.63 249.92 408.16

Santiago de Compostela 111 62.24 67.03 67.16 68.95 67.72 96.45 111 59.47 65.41 65.59 66.25 65.67 85.95
Mondoñedo-Ferrol 111 0.00 100.70 102.10 93.48 103.15 106.31 111 0.00 109.63 111.04 101.77 113.22 118.49

Tui-Vigo 111 47.56 137.22 146.70 144.64 155.70 190.58 111 37.81 145.61 151.92 148.39 157.19 174.47
Ourense 111 0.00 193.94 201.61 202.59 206.05 350.62 111 0.00 211.80 219.25 215.49 225.39 312.18
Astorga – – – – – – – 111 0.00 308.04 318.02 286.19 324.37 333.18

Table 3.15: Descriptive statistics for five group Lasker (left of Table) and six dioceses
(right of Table) in Galicia.
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Figure 3.22: Yule’s K coefficient -
province of A Coruña from 1901 to
2011.

Figure 3.23: Yule’s K coefficient -
province of Lugo from 1901 to 2011.

Figure 3.24: Yule’s K coefficient -
province of Ourense from 1901 to 2011.

Figure 3.25: Yule’s K coefficient -
province of Pontevedra from 1901 to
2011.

Comparing the results of descriptive statistics for five groups obtained from the
cluster analysis based on the isonymy measures (left of Table 3.15) and the six dioceses
(right of Table 3.15) in Galicia and Figure 3.26 Graph 3.1 to Graph 3.2 shows (the
red dots represent the Yule’s K coefficient for the diocese of Lugo, in yellow the
diocese of Santiago de Compostela, in green the diocese of Mondoñedo-Ferrol, in
cyan the diocese of Tui-vigo, in blue the diocese of Ourense and in fuchsia the diocese
of Astorga), analogous results were obtained. Figure 3.26 Graph 3.1 shows Yule’s K
coefficient for five group based on Lasker distance and Figure 3.26 Graph 3.2 shows
Yule’s K coefficient for the six dioceses in Galicia.
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3.1.3 Location quotient

The location quotient (LQ) is frequently employed in economic geography and loca-
tional analysis, but it has much wider applicability, for example in the case of sur-
names. The location quotient (equation (2.3.24)) is an index for comparing a region’s
share of a particular activity with the share of that same activity found at a more
aggregate spatial level.

The majority of rare surnames cluster in specific areas for example in the case of
Great Britain and automatic detection of these can be achieved using more simple
methods such as a convex hull encompassing the surnames, or mapping the location
quotients (Cheshire and Longley (2011)). Also in Great Britain, Kandt et al. (2020)
calculate the LQ for all seventy-seven isonymy regions in Great Britain. The district
with the maximum LQ can be used as a starting point for assigning a surname as
local or non-local (Winney et al. (2012) for a analysis of genotypes and surnames in
British Isles).

Figure 3.27: Surname
population size in Galicia
(in a log-log scale).

Figure 3.28: Zoom in
on the preview (frequency
more than 1 ni > 1).

Figure 3.29: Zoom in on
the previews (only 500
surnames more frequent).

In Novotnỳ and Cheshire (2012) for Czech municipalities, the authors build a space
as a network based on the probabilities of co-occurrence of surnames and find that
the representation of the network has clear parallels with several the country’s ethnic
and cultural borders. In this sense, it is said that a better metric that accounts for
both the spatial concentration and the ubiquity of individual surnames is the location
quotient.

Figures 3.30 to 3.32 show the location quotient for three patronymic surnames
(Rodŕıguez, Fernández and López). They are the most frequent in Galicia. High
values of LQ are observed especially for the surnames Rodŕıguez and Fernández, in
the south of the province of Lugo and the province of Ourense. The surname López,
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takes high values in the province of Lugo and much higher values in the council of
Sarria, and this does not mean that it is a rare surname, but that its proportion
compared to the rest of Galicia is much higher. Figures 3.33-3.35 show the LQ for
three toponymic surnames (Mosteiŕın, Oitaven and Outomuro).

Figure 3.30: LQ for sur-
name Rodŕıguez.

Figure 3.31: LQ for sur-
name Fernández

Figure 3.32: LQ for sur-
name López.

Figure 3.33: LQ for sur-
name Mosteirin.

Figure 3.34: LQ for sur-
name Oitaven

Figure 3.35: LQ for sur-
name Outomuro.

Figures 3.36-3.38 show the LQ for three surnames (Blanco, Calvo and Calviño)
that tell us about the person’s physical or moral characteristics. The Blanco (White)
surname has its origin in a nickname, motivated by the pale colour of the person or
the colour of the hair. The Calvo (Bald) surname who suffered a total or partial hair
loss. The Calviño surname is the short for Calvo.

Figures 3.39 and 3.40 show the LQ for two local surnames (Ginzo and Crujeiras).
LQ for surname Otero (Figure 3.41), it is one of the most common Galician surnames.
It is not exclusive to Galician onomastics, but it has the highest density in Galicia,
and it could even be said that most of the Otero in the world are of Galician origin.
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Figure 3.36: LQ for sur-
name Blanco.

Figure 3.37: LQ for sur-
name Calvo

Figure 3.38: LQ for sur-
name Calviño.

There are, however, some surnames with relatively lower maximum location quo-
tient that are relatively common but still have, in essence, local distributions, this is
the case of Otero surname.

Figure 3.39: LQ for sur-
name Ginzo.

Figure 3.40: LQ for sur-
name Crujeiras

Figure 3.41: LQ for sur-
name Otero.

In general it appears that surnames with high maximum location quotient tend
to be comparatively rare and are more likely to have a local distribution, as shown,
on Figures 3.42 - 3.44 show the LQ for three rare surnames (Balteiro, Pacior and
Tarrazo).

3.1.4 Moran’s and Geary’s indices

In the onomastic literature, there are several works related toMoran’s Index, such
as the following, Caravello and Tasso (1999) carried out an analysis of the spatial
distribution of surnames in the Lecco area (Lombardy, Italy); Tasso et al. (2005)
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Figure 3.42: LQ for sur-
name Balteiro.

Figure 3.43: LQ for sur-
name Pacior

Figure 3.44: LQ for sur-
name Tarrazo.

studied of surnames and linguistic-cultural identities in Western Slovenia; Cheshire
and Longley (2012) analyzed the spatial concentrations of surnames in Great Britain.

Table 3.16 shows global Moran test for fifteen selected surnames. The correlation
score is between -1 and 1. Much like a correlation coefficient, 1 determines perfect
positive spatial autocorrelation (so our data is clustered), 0 identifies the data is
randomly distributed and -1 represents negative spatial autocorrelation (so dissim-
ilar values are next to each other). For example, the Moran I statistic is 0.71, it is
possible, therefore, to determine that there Rodŕıguez surname is positively autocor-
related in Galicia. In other words, the data does spatially cluster. For the overall
Moran I statistic, the null hypothesis states that the attribute under analysis is ran-
domly distributed among the entities in the study area; that is, the spatial processes
that promote the observed pattern of values constitute a random choice. It can be
considered the p-value as a measure of the statistical significance of the model.

Table 3.17 shows Geary’s c test for fifteen selected surnames (equation (2.3.29)).
It should be noted that the interpretation of Geary’s c values is opposite to that of
Moran’s I values, i.e., high c values are equivalent to low I values and vice versa,
for example, surname Rodŕıguez (I = 0.714, c = 0.275) and surname Tarrazo (I =
0.136, c = 0.949).

With the advent of large data sets characteristic of GIS systems, a number of
statistics, called local statistics, have been developed. They are suitable for identify-
ing the existence of “hot” spots (local clusters of high values) or “cold” spots (local
clusters of low values) and for identifying distances for which there would be associ-
ation between particular areas but that with larger distances the information on area
association would be more confusing and irrelevant.
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Surname
Moran I
statistic

p-value

BALTEIRO 0.022 7.353E-13
BLANCO 0.367 4.624E-25

CALVIÑO 0.349 3.720E-28
CALVO 0.363 1.244E-25
CRUJEIRAS 0.052 9.465E-06
FERNANDEZ 0.659 2.744E-74
GINZO 0.113 1.022E-08
LOPEZ 0.732 7.268E-97
MOSTEIRIN 0.163 1.354E-11
OITAVEN 0.046 1.354E-20
OTERO 0.491 1.167E-42
OUTOMURO 0.293 8.359E-34
PACIOR 0.084 3.826E-24
RODRIGUEZ 0.714 1.080E-85
TARRAZO 0.136 8.628E-13

Table 3.16: Global Moran test for fifteen selected surnames.

Figure 3.45 shows a Moran scatterplot for for surname Rodŕıguez. A plot of
spatial data against its spatially lagged values, augmented by reporting the summary
of influence measures for the linear relationship between the data and the lag. The
values of the surname Rodŕıguez relative frequency vary between 0.662 and 17.406.

Figure 3.46 show the spatial distribution for Calvo, Blanco and Rodŕıguez sur-
names, Local Moran, Local Indicators of Spatial Association statistic (LISA)2 cluster
map indicating significant local spatial correlations (Colours indicate significant pos-
itive (red and blue), negative (pink and pale blue) and not significant (white) spatial
autocorrelation) and G statistic Cluster, respectively. The Getis-Ord local statistic
is given as:

G = Gk∗
ij =

n∑
i=1

n∑
j=1

wijpkipkj

n∑
i=1

n∑
j=1

pkipkj

,

where pki and pkj is the frequency of surname k at i-th and j-th locality and Wij

2The concept of a local indicator of spatial association, or LISA was suggested in Anselin (1995)
to remedie this situation. A LISA is seen as having two important characteristics. First, it provides
a statistic for each location with an assessment of significance. Second, it establishes a proportional
relationship between the sum of the local statistics and a corresponding global statistic.
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Surname Geary’s c
Sample
kurtosis - K

Variance p-value

BALTEIRO 1.209 309.265 0.029 0.889E-00
BLANCO 0.610 13.188 0.002 1.981E-15

CALVIÑO 0.750 73.147 0.007 0.002E-00
CALVO 0.596 26.970 0.003 1.642E-11
CRUJEIRAS 0.722 273.315 0.026 0.042E-00
FERNANDEZ 0.363 7.820 0.001 4.813E-47
GINZO 0.878 213.179 0.020 0.198E-00
LOPEZ 0.281 26.113 0.003 3.998E-33
MOSTEIRIN 1.146 168.023 0.016 0.873E-00
OITAVEN 1.057 305.587 0.029 0.632E-00
OTERO 0.480 10.540 0.002 1.136E-28
OUTOMURO 0.815 173.153 0.016 0.078E-00
PACIOR 0.822 295.026 0.028 0.144E-00
RODRIGUEZ 0.275 3.681 0.001 4.507E-74
TARRAZO 0.949 221.788 0.021 0.364E-00

Table 3.17: Geary’s c test for fifteen selected surnames. The expectation column has
been omitted because its value is 1 for all selected surnames.

is the spatial weighting between i and j and n = # localities. The G Statistic3 is
represented as a Z-score. Greater values represent a greater intensity of clustering
and the direction (positive or negative) indicates high or low clusters. The final map
should indicate the location of hot-spots across Galicia for surname Calvo.

Figure 3.46 shows for surnames: Calvo, Blanco and Rodŕıguez, the following
information: the spatial distribution, Local Moran, LISA clusters and G statistic
Cluster, respectively.

Figure 3.47 provides some example outcomes from preliminary investigations cal-
culating local Moran’s I according to equation (2.3.28), such as, Balteiro, Otero,
Crujeiras and Ginzo surnames. Darker greens represent areas of higher spatial auto-
correlation and signal the surnames’s core area of concentration. Darker oranges
signal higher certainty in the results based on Z-scores. It is clear from these maps
that the method has the potential to discern core areas of concentration in some

3The Getis-Ord G Statistic looks at neighbours within a defined proximity to identify where
either high or low values cluster spatially. Here statistically significant hot-spots are recognised as
areas of high values where other areas within a neighbourhood range also share high values too.
First, it is needed to define a new set of neighbours. Whilst the spatial autocorrection considered
units which shared borders, for Getis-Ord they are defining neighbours based on proximity.
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Figure 3.45: Moran scatterplot for surname Rodŕıguez. Horizontal axis: represents
the relative frequency of surname Rodŕıguez. Vertical axis: spatially lagged Surname
Rodŕıguez relative frequency.

cases. The range of Local Moran’s I values are large, suggesting very strong spatial
autocorrelation, but the Z-scores associated with each value are extremely low. A
positive value for I indicates that the unit is surrounded by units with similar values.
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Table 3.18 shows useful statistics from the model which are as defined: Ii (local
moran statistic); E.Ii (expectation of local moran statistic); Var.Ii (variance of local
moran statistic); Z.Ii (standard deviate of local moran statistic); Pr(z > 0) (p-value
of local moran statistic) for fifteen selected surnames (RODRIGUEZ, FERNANDEZ,
LOPEZ, MOSTEIRIN, OITAVEN, OUTOMURO, BLANCO, CALVO, CALVIÑO,
GINZO, CRUJEIRAS, OTERO, BALTEIRO, PACIOR, TARRAZO). For all cases
the value of expectation of local moran statistic (E.li) is constant and equal to -
0.003. For almost all the selected surnames, the value of local moran statistic is quite
homogeneous, in the sense that from the minimum value to the third quartile there are
no large oscillations, whereas the maximum value almost always grows, as in the case
of Calviño, Fernández, López, Mosteiŕın, Otero, Outomuro o Tarrazo. Consequently,
the value of the standard deviate of local moran statistic and the value of the p-value
of local moran statistic grows, starting from 0 or almost 0, until they reach almost 1.
Negative local moran statistic values result in near-zero p-values.

Surname Ii E.Ii Var.Ii Z.Ii Pr(z > 0)
Min. BALTEIRO -0.564 -0.003 0.004 -5.881 0
1st Qu. BALTEIRO 0.003 -0.003 0.005 0.087 0.462
Median BALTEIRO 0.003 -0.003 0.005 0.091 0.463
Mean BALTEIRO 0.022 -0.003 0.005 0.342 0.469
3rd Qu. BALTEIRO 0.003 -0.003 0.006 0.095 0.465
Max. BALTEIRO 4.882 -0.003 0.015 62.507 0.999
Min. BLANCO -1.671 -0.003 0.084 -1.935 7.706e-186
1st Qu. BLANCO -0.000 -0.003 0.157 0.006 0.150
Median BLANCO 0.144 -0.003 0.189 0.323 0.373
Mean BLANCO 0.367 -0.003 0.218 0.886 0.349
3rd Qu. BLANCO 0.451 -0.003 0.238 1.032 0.497
Max. BLANCO 12.654 -0.003 0.961 29.049 0.973

Min. CALVIÑO -0.520 -0.003 0.068 -1.572 0

1st Qu. CALVIÑO 0.028 -0.003 0.126 0.077 0.397

Median CALVIÑO 0.082 -0.003 0.152 0.201 0.420

Mean CALVIÑO 0.349 -0.003 0.175 0.978 0.411

3rd Qu CALVIÑO 0.091 -0.003 0.191 0.259 0.469

Max. CALVIÑO 21.841 -0.003 0.769 64.351 0.942
Min. CALVO -0.454 -0.003 0.080 -1.258 0
1st Qu. CALVO 0.026 -0.003 0.150 0.068 0.296
Median CALVO 0.145 -0.003 0.181 0.342 0.366
Mean CALVO 0.363 -0.003 0.208 0.845 0.368
3rd Qu. CALVO 0.220 -0.003 0.227 0.534 0.472
Max. CALVO 17.581 -0.003 0.917 41.301 0.895

Continued on next page.
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Surname Ii E.Ii Var.Ii Z.Ii Pr(z > 0)
Min. CRUJEIRAS -0.102 -0.003 0.013 -0.387 1.174e-172
1st Qu. CRUJEIRAS 0.008 -0.003 0.023 0.057 0.468
Median CRUJEIRAS 0.008 -0.003 0.027 0.072 0.471
Mean CRUJEIRAS 0.052 -0.003 0.031 0.267 0.464
3rd Qu. CRUJEIRAS 0.008 -0.003 0.034 0.078 0.477
Max. CRUJEIRAS 7.196 -0.003 0.129 27.986 0.650
Min. GINZO -0.330 -0.003 0.030 -1.355 0
1st Qu. GINZO 0.011 -0.003 0.054 0.050 0.475
Median GINZO 0.011 -0.003 0.065 0.056 0.477
Mean GINZO 0.113 -0.003 0.074 0.409 0.474
3rd Qu. GINZO 0.011 -0.003 0.081 0.061 0.479
Max. GINZO 11.227 -0.003 0.322 43.936 0.912
Min. FERNANDEZ -1.102 -0.003 0.086 -1.479 9.092e-279
1st Qu. FERNANDEZ 0.052 -0.003 0.160 0.099 0.035
Median FERNANDEZ 0.313 -0.003 0.193 0.709 0.238
Mean FERNANDEZ 0.659 -0.003 0.222 1.525 0.258
3rd Qu. FERNANDEZ 0.765 -0.003 0.242 1.801 0.460
Max. FERNANDEZ 14.438 -0.003 0.978 35.657 0.930
Min. LOPEZ -0.189 -0.003 0.081 -0.478 0
1st Qu. LOPEZ 0.031 -0.003 0.151 0.088 0.200
Median LOPEZ 0.218 -0.003 0.181 0.475 0.317
Mean LOPEZ 0.732 -0.003 0.209 1.790 0.314
3rd Qu. LOPEZ 0.369 -0.003 0.227 0.841 0.464
Max. LOPEZ 27.261 -0.003 0.919 71.331 0.683
Min. MOSTEIRIN -1.396 -0.003 0.042 -2.040 0
1st Qu. MOSTEIRIN 0.009 -0.003 0.077 0.036 0.482
Median MOSTEIRIN 0.009 -0.003 0.093 0.040 0.483
Mean MOSTEIRIN 0.163 -0.003 0.107 0.599 0.487
3rd Qu. MOSTEIRIN 0.009 -0.003 0.116 0.044 0.485
Max. MOSTEIRIN 26.939 -0.003 0.466 88.137 0.979
Min. OITAVEN -0.238 -0.003 0.005 -2.664 0
1st Qu. OITAVEN 0.004 -0.003 0.007 0.082 0.462
Median OITAVEN 0.004 -0.003 0.007 0.089 0.464
Mean OITAVEN 0.046 -0.003 0.008 0.586 0.466
3rd Qu. OITAVEN 0.004 -0.003 0.008 0.094 0.467
Max. OITAVEN 5.530 -0.003 0.026 68.968 0.996
Min. OTERO -0.631 -0.003 0.085 -1.505 1.121E-169
1st Qu. OTERO 0.012 -0.003 0.159 0.036 0.124
Median OTERO 0.225 -0.003 0.191 0.479 0.315

Continued on next page.
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Surname Ii E.Ii Var.Ii Z.Ii Pr(z > 0)
Mean OTERO 0.491 -0.003 0.220 0.980 0.310
3rd Qu. OTERO 0.510 -0.003 0.240 1.150 0.485
Max. OTERO 27.311 -0.003 0.969 27.740 0.933
Min. OUTOMURO -0.557 -0.003 0.041 -1.652 0
1st Qu. OUTOMURO 0.015 -0.003 0.075 0.052 0.472
Median OUTOMURO 0.015 -0.003 0.090 0.063 0.474
Mean OUTOMURO 0.293 -0.003 0.103 1.083 0.468
3rd Qu. OUTOMURO 0.015 -0.003 0.112 0.069 0.479
Max. OUTOMURO 28.582 -0.003 0.449 112.504 0.950
Min. PACIOR -0.275 -0.003 0.008 -2.273 0
1st Qu. PACIOR 0.004 -0.003 0.012 0.062 0.470
Median PACIOR 0.004 -0.003 0.014 0.068 0.472
Mean PACIOR 0.084 -0.003 0.016 0.748 0.473
3rd Qu. PACIOR 0.004 -0.003 0.017 0.073 0.475
Max. PACIOR 12.871 -0.003 0.060 107.379 0.988
Min. RODRIGUEZ -0.418 -0.003 0.087 -1.194 6.441E-60
1st Qu. RODRIGUEZ 0.133 -0.003 0.162 0.295 0.045
Median RODRIGUEZ 0.445 -0.003 0.195 0.939 0.173
Mean RODRIGUEZ 0.714 -0.003 0.225 1.636 0.219
3rd Qu. RODRIGUEZ 0.736 -0.003 0.245 1.685 0.383
Max. RODRIGUEZ 6.563 -0.003 0.991 16.283 0.883
Min. TARRAZO -0.376 -0.003 0.027 -1.526 0
1st Qu. TARRAZO 0.006 -0.003 0.050 0.034 0.483
Median TARRAZO 0.006 -0.003 0.059 0.038 0.484
Mean TARRAZO 0.136 -0.003 0.068 0.616 0.487
3rd Qu. TARRAZO 0.006 -0.003 0.074 0.041 0.486
Max. TARRAZO 22.903 -0.003 0.294 93.537 0.936

Table 3.18: Local Moran for fifteen selected surnames.
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3.2 Application to Asturian surnames

A descriptive and detailed study of surnames in Asturias is given in Chapter 1, as
well as, the frequency distribution of the 500 more frequent in the 2011 Census is
shown in Figure 1.11, where only a selection of surnames are labelled.

Results for isonymy structure and cluster analysis for surname regions

Figure 3.57 on Section 3.5 shows number of different surnames per municipality
and also is weighted by population. Figure 3.58 shows the isonymy for the first
surname in Asturias. The municipalities of western Asturias are the ones that register
the highest values of isonymy, and therefore the least variety of surnames. It is an
area bordering Galicia, and it will be seen in the Section 4.4, that in the southwest
of Asturias, patronymic surnames also predominate, continuing the line of the south
of the province of Lugo.

Figure 3.48: Isonymy for the first surname.

Results of Cluster analysis for surname regions

From the results obtained (Figure 3.49), it is possible to infer that information on
the population in Asturias is related to linguistic aspects (Figure 3.50). All the details
of this similarity are described in Section 3.5, where regions of Asturian surnames with
linguistic varieties of Asturian are studied.
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Figure 3.49: Surname clusters for the
Lasker distance (4 groups).

Figure 3.50: Dialects of the Asturias lan-
guage (4).

3.3 Application to Catalan, Valencian and Balearic

surnames

A descriptive and detailed study of surnames in Cataluña, C. Valenciana and I.
Balears is given in Chapter 1, as well as, the frequency distribution of the 500 more
frequent in the 2011 Census is shown in Figure 1.13, where only a selection of sur-
names are labelled.

Results for isonymy structure and cluster analysis for surname regions

No references have been found in the literature that jointly analyses the isonymy
of the Cataluña, Comunitat Valenciana and Illes Balears.

The work Sánchez et al. (2013) aims to analyse the flows the first half of the 16th
century was a period of migration in Cataluña. The distance from Nei is calculated.
These authors identify three main patterns of behaviour based on the distribution of
the most frequent surnames. In González Mart́ın and Toja (2002) is presented the
inbreeding, isonymy, and kin-structured Migration in the Principality of Andorra.
The origin of Andorran and Catalan sumames goes back to the Middle Ages. In
Cataluña, surnames are found in the following proportions: toponymic, 33.7%; pat-
ronymic, 36.5%; and guild names, 10.6% (Mir de la Cruz (1975) and González Mart́ın
and Toja (2002)).

von Perfall (1976) presents a study of consanguinity in Ibiza (Illes Balears) but
does not take into account the isonymic theory. Bertranpetit (1984) is showed the
endogamy, inbreeding coefficient and its components, isonymic frequencies: expected
and observed, effective size of the reproductive population and effective immigration
rate. In Formentera (Illes Balears) for civil registration of births, marriages, and
deaths (1872-1978), copies of parish registers from 1918 and population census. No
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specific work has been found for the and Illes Balears.

The province of Alicante, the Balearic Islands and the Catalan Islands (but less
so) have the most frequent surnames (Figure 3.51). Similar results are obtained for
isonymy (Figure 3.52).

Figure 3.51: Number of different surnames per muni-
cipality. On the right side, the frequency, is weighted
by population.

Figure 3.52: Isonymy for
the first surname.

Results of Cluster analysis for surname regions

From the results obtained (Figure 3.53 (left)), it is possible to infer that inform-
ation on the population in the Balearic Islands, Cataluña and the Comunitat Valen-
ciana is related to linguistic aspects.

In the regionalisation by surname of the Balearic Islands, Cataluña and the
Comunitat Valenciana, there are quite a few similarities with the dialectal divisions
traditionally proposed for the dialects of Catalan (Rossellonès or North, Central,
North-West, Valencià, Balear and Alguerès) (Figure 3.53 (right) from Bernat et al.
(1989) obtained from Atles Lingǘıstic del Domini Català (ALDC)). The first five be-
long to Spanish territory. Alguerès or Alghero is the variant of Catalan spoken in
the city of Alghero, in the northwest of the Italian island of Sardinia. It has been
recognised as a minority language by Italy and the regional government of Sardinia.
This is somewhat similar to the Galicia dataset, in which one of the Galician dioceses
contains municipalities from outside this region (Figure 3.14).
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3.4 Application to Spanish surnames

The frequency distribution of the 500 more frequent in the 2011 Census is shown in
Figure 1.18, only a selection of surnames are labelled; the description of the data can
be found in the Chapter 1.

Results for isonymy structure and cluster analysis for surname regions

In the data set for Spain, an analysis similar to the previous ones has been carried
out for all the municipalities in Spain and subsequently by province. The results by
municipalities are not conclusive, perhaps it is necessary to apply some more crude
filters. In Spain there are 8116 municipalities for 2011. In order to apply isonymy
techniques, such as isonymy between and later distances from Lasker or Nei if very
fine filters are applied, no coincidental surnames are found by municipalities two to
two, therefore the calculation of these measures is meaningless (Figure 3.54). The
results of the cluster analysis to the Nei or Lasker matrix give quite similar results to
the current administrative divisions (when the number of groups is large) by provinces
and are not interesting (Figures 3.55 and 3.56 for filtered data). On the other hand,
all the data have been included for the calculation, and in Rodŕıguez-Dı́az et al. (2015)
work they have taken the data from the Canary Islands, the Balearic Islands and the
cities of Ceuta and Melilla.

Figure 3.54: Results of
the cluster analysis of the
Lasker distance by the
municipalities.

Figure 3.55: Results of
the cluster analysis of
the Lasker distance by
provinces.

Figure 3.56: Results of
the cluster analysis of
the Lasker distance by
provinces (filtered data).

The objective in this case of the calculation of the Nei matrices was to compare
the result of the cluster analysis obtained from the Nei distance with that of the
barriers calculated by the Monmonier algorithm (Chapter 2 - Section 2.4.3).

The procedure is as follows, for each sample size considered, except the total, 400
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samples of surnames have been obtained. For each of them the following measures
have been calculated: isonymy, isonymy between, Hedrick index, Nei index, Lasker
distance, Euclidean distance.

Three models have been obtained, in which the Nei matrix will be explained by
the geographical distance. The three models are the following:

• LM: Simple linear regression model of the form, log(Y ) = X, where Y repres-
ents the Nei matrix and X the geographical distance between the points of the
division (provinces, counties, municipalities and parishes) considered.

• PM: Polynomial regression model of the type: log(Y ) = X + X2 or log(Y ) =
X +X2 +X3, where X and Y are defined in the LM model. It will choose one
or the other depending on the AIC that compares both models.

• NP: Non-parametric model, log(Y ) = X, where X and Y are defined in the
LM model.

Monmonier’s algorithm (described on Chapter 2 Section 2.4.3) has been applied to the
400 Nei matrices, to the 400 LM residual matrices, to the 400 PM residual matrices
and to the 400 NP residual matrices. The software Barrier v2.2 developed by F.
Manni has been used for this purpose. For each of the three models, summary tables
(number of rejects) will be shown, for the four sets of data described above (Table 3.19
for Spanish data).

Tables presented for the LM and PM models the p-values of the coefficients, as
well as the Multiple R-squared coefficient. In addition, for the LM model, the p
value of the Harvey-Collier linearity test and finally, for the non-parametric model
the p-value of the estimated “no effect” model are showed.

Spanish surnames distributed by fifty-two provinces. In the LM model the model
coefficient is significant in 98% of the cases. The average Multiple R-squared coef-
ficient for the LM model is 16%. Therefore, although the geographic distance is
significant, it is not sufficient to explain the response variable, distance from Nei.
When applying the Harvey-Collier test in 99% of the calculated models, no linearity
is obtained. From 60% of the population size, none is linear.

In the PM model, almost 100% of the time, the coefficients are significant. The
average Multiple R-squared coefficient for the PM model is 25%. Therefore, similar
conclusions to the LM model are obtained.

In the NP model 100% of the time is significant, the “no effect” test for the model.
(Table 3.19). In this case, 5 barriers have been calculated, for each sample size.

http://ecoanthropologie.mnhn.fr/software/barrier.html
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LM PM NP
p α p β1 R2 p Harvtest p α p β1 p β2 p β3 R2 p value

30% 96% 100% 14% 93% 30% 100% 100% 100% 98% 19% 30% 100%
40% 95% 100% 14% 96% 40% 100% 100% 100% 100% 20% 40% 100%
50% 93% 100% 16% 98% 50% 100% 100% 100% 100% 21% 50% 100%
60% 93% 100% 16% 100% 60% 100% 100% 100% 100% 22% 60% 100%
70% 96% 100% 17% 100% 70% 100% 100% 100% 100% 23% 70% 100%
80% 95% 100% 17% 100% 80% 100% 100% 100% 100% 24% 80% 100%
90% 95% 100% 18% 100% 90% 100% 100% 100% 100% 24% 90% 100%
95% 97% 100% 18% 100% 95% 100% 100% 100% 100% 25% 95% 100%
97% 99% 100% 18% 100% 97% 100% 100% 100% 100% 25% 97% 100%
100% 0.0000 0.0000 18% 0.0000 100% 0.0000 0.0000 0.0000 0.0000 25% 100% 0.0000

Table 3.19: Provinces data - results and validation of the three models applied.

The barriers detected by Monmonier’s algorithm have been transferred to QGIS
in order to georeference them and better explain their formation. The thickness of
the barriers indicates that the algorithm finds more times that barrier, in the 400
input matrices. When considering 100% of the data, 400 matrices cannot be added,
only 1, therefore, in this case, the barriers have been labeled with letters, a, b, . . . to
indicate, the creation of successive barriers. For the data of the surnames of Spain
the barriers obtained are always the same. (Figures C.1 - C.16 on Annex C).

3.5 Surnames regions and linguistic varieties

This Section is an extension of the Section 3.2 and a summary and main results of
the relationship between surnames and language varieties are presented here, as it
has given rise to the following publication Sousa-Fernández and Ginzo-Villamayor
(2020). This paper examines geolinguistic and onomastic information in a linguistic
and administrative space of a limited extension the Principality of Asturias.

3.5.1 Introduction

One of the contributing factors to the emergence of linguistic geography was the in-
terest in finding connections between the spatial distribution of linguistic characterist-
ics and other external facts of a geographic nature that could contribute to explaining
language history and development. For many decades, linguists and researchers from
other disciplines involved in these studies have been looking for similarities and links
between the spatial variation shown by linguistic varieties and elements of a geo-
graphic, social, ethnic, cultural, and biological nature. Initial geolinguistic research
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focused on discovering the correlations between the spatial distribution of linguistic
traits and the historical frontiers of communities, since it was assumed that the lin-
guistic boundaries established by isogloss tracing were the consequence of old barri-
ers between religious or tribal demarcations (Schrambke (2010)). Later, interest was
concentrated in finding connections between geolinguistic variation and geographic,
ethnic, anthropological, and archaeological events that were also traceable in space
and history. Both in the earlier research, and in the later research carried out in the
last century, geolinguistic information was compared with historical data collected ba-
sically from textual documentation and different types of field surveys. The advances
in genetic sciences that have taken place since the middle of the last century have led
to the studies of population genetics starting to be used to explore the relationships
between linguistic diversity and genetic diversity. As Dediu (Dediu, 2014) comments,
the relationship between human and linguistic biology, already pointed out by Charles
Darwin, is evident when we bear in mind the simple fact that different human groups
speak different linguistic varieties.

Although modern humans are, genetically, a very homogeneous species, there
are differences that allow for an identification of population genetic structure and,
as a result, research the parallels between the diversification of genes and linguistic
varieties. Cavalli-Sforza and colleagues started from the study of these differences to
propose that the relationships between linguistic and genetic diversity are a reflection
of a demographic process that affects the two elements in the same sense. This
process can be verified in the comparison between genes geography and the geography
of the great linguistic families (Sokal (1988); Cavalli-Sforza et al. (1994); Cavalli-
Sforza (1996)). The parallelism between genetics and linguistics has been used, for
example, to explain the origins and dissemination of the linguistic Indo-European and
Austronesian families, even from opposite explanatory proposals (Dediu (2014):691-
692), and also to the correlation between areas of genetic changes and linguistic
boundaries in Europe (Barbujani and Sokal (1990)).

In the last two decades, there have been several studies that have confronted the
results of the analysis of geolinguistic diversity and the genetic structuring of popula-
tions in linguistic domains and smaller territorial spaces than those discussed in the
pioneering works of Cavalli-Sforza, Sokal and followers. The conclusions reached by
these studies, especially those carried out as regards European territories, are con-
tributing to the development of a more complete and based image of the structuring
and evolution of linguistic diversity and the relationships between space and human
population (Goebl (1996); Rodŕıguez-Dı́az et al. (2017b); Bycroft et al. (1919)).4

4For similar research in other linguistic domains and countries, cf. Contini et al. (1989); Viereck
(1998); Manni and Barrai (2001); Morelli et al. (2002); Manni et al. (2004); Manni et al. (2006);
Balanovsky et al. (2011); Boattini et al. (2012).
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3.5.2 Data and isonymy measures

The information on the surnames of this region, is taken from the official population
register of 2012 (Section 1.3.6), will be used to identify surname regions and check
relations with dialect areas described in this space.

Figures 3.57 and 3.58 show the onomastic diversity of the Asturian councils on
maps. Figure 3.57 presents the distribution of onomastic diversity based on the total
data; in Figure 3.58 the data for each municipality has been weighted based on the
number of inhabitants of the municipality, which corrects the effect produced by the
most populated municipalities. In both maps, the counties with darker colors are
those with a greater number of different surnames. The map on the left allows you
to appreciate the greater onomastic diversity of the eastern and western extremes of
the territory.

Figure 3.57: Surname diversity in Asturias (total data).

In order to obtain the regions of the surnames of the Asturian population, we
analyzed surnames from the 2012 population census across the 78 councils. For the
result to provide a better account of population structure, the number of surnames
analyzed has been shortened, following procedures used in other works (Cheshire
(2014), for instances). As in previous studies, only the data referring to the first sur-
name of each person were considered. In the first place, those names that appear in
one municipality and those that are below the 5% quartile, that is to say, names that
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Figure 3.58: Surname diversity in Asturias (weighted data).

because of their low diffusion do not show an interesting spatial distribution, have
been eliminated from the base; some examples are ABELLAS, LEMIÑA, TERROBA,
and a large number of surnames of foreign origin (ABBASSI, CHAPMAN, KADLEC,
MAILHE, SAFFAR, WOODROW, ZIELINSKI, etc.). In addition, also removed from
the base were surnames above the 95% quartile, which are the most repeated sur-
names in the population, present in most Asturian councils and most of them of
a polyphyletic origin. Exclusion of polyphyletic surnames is quite common in the
studies of surname regionalization as they are so widespread. Moreover, due to their
diffuse origin, they make it difficult to identify the patterns of regional organization
of local surnames. Among the removed surnames are those with at least one repres-
entative in each council (ÁLVAREZ, DÍAZ, FERNÁNDEZ, GARCÍA, GONZÁLEZ,
LÓPEZ, MARTÍNEZ, PÉREZ, and RODRÍGUEZ). Once these reductions have been
made, the final number of different surnames analyzed is 6,502.

Using these data, and applying the isonymy measurements and Lasker distance,
presented in the Section 2.2, the final output is a graphical representation of the dif-
ferent surname regions obtained by clustering. In the last decade, there have been
many published studies that combine the methods of isonymy determination and
cartographic results visualization in order to offer detailed analysis of the spatial dis-
tribution of surnames. The results of the analysis of the isonymy of the considered
data and the resulting municipality clusters are represented in the dendrogram (ob-
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Figure 3.59: Dendrogram obtained from Ward’s clustering of the Lasker distances
calculated at Municipality level. Figure shows two main aggregations associated with
two linguistic areas: Galician and Asturian.

tained from Ward’s clustering) of Figure 3.59 and Figure 3.60 shows the regions of
surnames obtained.

3.5.3 Linguistic data: isoglosses and Asturian varieties

The languages used by the population are Asturian, Galician-Asturian and Spanish,
the official language. Asturian is the native language of a significant part of the popu-
lation; it is protected by law since 1998 and promoted by the autonomous government
in the educational, cultural, and administrative fields. According to 2017 data, 90%
of Asturias’s inhabitants are considered potential speakers of Asturian and 40% show
their agreement to claim the total official status of this language (Llera Ramo (2017)).
The data on the linguistic variation of Asturian and on the divisions of the territory
in dialectal areas are extracted from works of linguistic and geolinguistic variation of
Asturian and Leonese.

The territory included in the community of Asturias is part of the northern Iberian
Peninsula occupied by the constituent Romance varieties, that is, historical Latin
dialects that originate in this area and which, as a result of the Christian repopu-
lations linked to the Reconquista, spread southward giving rise to consecutive dia-
lects (Gimeno Menéndez (1990); Penny (1991); Gargallo (1995, 2014)). When ana-
lyzed from an integrative perspective, these northern varieties constitute a dialectal
continuum with internal differences, but without abrupt and well-defined dialectal
borders (Penny (2004)). The differences that occur between the Romance varieties
spoken from the Atlantic coast of Galicia to the Mediterranean coast of Catalonia are
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Figure 3.60: Regions of surnames in Asturias.

gradual, smooth, and marked by independent isoglosses that predominantly have a
north to south orientation.5 Asturias is in an area where these isoglosses, essentially
those corresponding to phonetic variables, are concentrated without overlapping.

The historical varieties spoken in the northern area between the Galician and
Portuguese domains, and Spanish are traditionally identified with the cover labels of
Leonese and Astur-Leonese (Andreose and Renzi (2013)). The Spanish philologist,
Ramón Menéndez Pidal, was the one to discover, for Romance linguistics, the singu-
larity of this peninsular variety spoken in the territory occupied by the former Leonese
kingdom (De Andrés et al. (2017)). In his 1906 work, El dialecto leonés, he analyses a
series of linguistic features that serve to characterize and identify a Romance variety
used in areas of the provinces of Asturias, León, Zamora, Salamanca, in adjacent
areas of Cantabria and Extemadura, and in the Portuguese municipality of Miranda
do Douro (Menéndez Pidal (1906)). The study is part of the observation of the rural
varieties spoken in this area in his time—beginning of the 20th century—of the re-
search into previous medieval texts and of the consideration of the historical limits of
the ancient kingdom of León. Although some authors of the 19th century had already
drawn attention to the similarities between Asturian and the languages used in differ-

5In their study on genetic and linguistic frontiers in Europe, Barbujani and Sokal (1990) identify
a genetic sharp area which separates the northern third of the peninsular Spain and Portugal. In
general, this area coincides with the one which, in historical linguistic studies of the Iberian Peninsula,
is identified as an area of constituent Ibero-Roman dialects (Gargallo (1995); Penny (2004)).
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ent areas of the kingdom of León, it was Menéndez Pidal who established the leonés
label to identify this Romance linguistic variety (Gómez Turiel (2012)). It is possible
that, for the author, the denomination was basically justified for historical reasons,
since the popular names for the varieties spoken in this area were very diverse and
were determined by the local or regional nature of the language (Morala Rodŕıguez
(2007); Fernández-Ordóñez (2010)).

The work of Menéndez Pidal on Leonese served as a stimulus for subsequent re-
search that allowed us to know the linguistic characteristics of the domain in greater
depth, to specify the choice of a less limited name (Astur-Leonese) and distinguish
between Asturian, Leonese, and Mirandese (Cano González (1992); Ferreira Bar-
ros (1995); Borrego Nieto (1996); Mart́ınez Álvarez (1996); Garćıa-Arias (1997);
De Andrés et al. (2017)). The Asturian varieties—collectively known as Bable, As-
turian or Asturian language—stand out in the Leonese domain because of their greater
vitality and because they are popularly identified and denominated in a unitary way
(Morala Rodŕıguez (2007); see also Navarro (Navarro Tomás (1962)), map 4 for the
popular denominations of these varieties). Despite linguistically belonging to the
Astur-Leonese domain, Asturian is distinguished from Leonese and Mirandese by
“peculiar sociolinguistic attributes: great volume of speakers, high linguistic preser-
vation, intense literary activity, urban presence” (De Andrés (2004)).6 In addition,
it is necessary to indicate that since 1981 there is a standard model for the Asturian
written language used in education and written publications.

Although an Asturian linguistic atlas is not, as yet, available, there is a massive set
of publications that allow us to know the dialectal variation of the Asturian rural lan-
guages in detail. Since the pioneering studies of Menéndez Pidal, four linguistic areas,
one belonging to the Galician linguistic domain and three other properly Asturian
ones, and therefore of the Astur-Leonese domain, have been distinguished within the
administrative territory of Asturias. Studies carried out after Menéndez Pidal’s pub-
lications which use traditional dialectology methods confirm this division, especially
in the most conservative rural language. Following the proposals of Cano González
(1992) and Garćıa-Arias (2003), the four identifiable linguistic areas within the territ-
ory of Asturias are: Galician-Asturian area; western Asturian area; central Asturian
area; and, eastern Asturian area (Figure 3.61).

The boundaries between these varieties are established based on the layout of three
isoglosses that run from north to south and that correspond to phonetic variables

6Morala, in addressing the linguistic evolution of Spanish in this area, points out that, in addition
to the three dialectal lines identified by Menéndez Pidal, in the Leonese domain there are two large
areas of imprecise limits: the area in which in the 20th century the characteristics of patrimonial
Leonese were still clearly recognised; and, the most Castilianized area, with very few Leonese features
(Morala Rodŕıguez (2004)). Asturian is in the first of these areas.
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Figure 3.61: Dialectal areas in Asturias.

related to modern results of vowel and consonantal units of vulgar Latin: vocalic
diphthongization (terra ’soil’, porta ’door’ vs. tierra, puerta); decreasing diphthongs
(queisu ’cheese’, cousa ’thing’ vs. quesu, cosa); aspiration of f-, [f]echa ’date’ vs.
[h]echa (Figure 3.61). Starting from these phonetic features, and following the model
proposed by Garćıa-Arias (2003), it is possible to suggest a dialectal classification of
Asturias in four areas.

In previous studies similar in objectives and methods to ours, the dialectal data
used to establish relations with the geographical distribution of surnames are taken
from linguistic atlas and are analyzed by quantitative methods (Goebl (1996); Manni
et al. (2006); Rodŕıguez-Dı́az et al. (2015)). The linguistic information used in these
analyses enables more refined and solid comparisons. As for the linguistic domain
analyzed in this work, up to now there is no available geolinguistic data source that
allows such detailed analyses, as discussed above. However, we consider that the
classification of the varieties spoken in Asturias, based on the analysis of the most
conservative rural varieties and established from phonetic features, which we take as
reference, is endorsed by the Romance tradition of dialectal studies.7

The onomastic information used in our research is more complete and detailed

7In their study on the transition zone between Galician and Asturian, where quantitative pro-
cedures and a large amount of data are used, De Andrés et al. (2017) confirm the layout between
the two domains proposed in previous classic works.
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than most of the research of the same type carried out on the whole or specific areas
of the Iberian Peninsula (Scapoli et al. (2007); Rodŕıguez-Dı́az and Blanco-Villegas
(2010); Rodŕıguez-Dı́az et al. (2017a)).8

Surname regions and linguistic divisions

The significance of surnames is important in a historically rural area like Asturias,
since in Europe, and especially in rural areas and during pre-industrial times, marital
migrations involved displacements of very few kilometres (Lasker (1980); Manni et al.
(2008); Zúñiga et al. (2012); Rodŕıguez-Dı́az et al. (2017a); Bycroft et al. (1919)).

In Figure 3.59 two main clusters can be identified: the smaller cluster includes the
councils located in the west of the territory (A), and the greater cluster is made up
of the remaining Asturian councils (B). In the map corresponding to the dendrogram
it can be verified that cluster A is contiguous to the Galician territory and occupies
a surface somewhat superior to a third of Asturias (Figure 3.60). This cluster is also
very compact, since the three successive divisions that are seen in the dendrogram
happen in cluster B (B1, B2, and B3). In the visualization of the clusters on the
map of municipalities of Asturias, it is also observed that the boundaries between
them follow the north-south direction (Figure 3.60). The groupings of municipalities
located below the fourth partition show a much lower degree of similarity and they
have a disaggregated distribution around the Asturias territory.

The comparison between the map of surname regions and the map of the dialectal
divisions of Asturias allows the identification of interesting correlations (Figure 3.62):

1. The first division in two regions of surnames shows a general correspondence
with the division of Asturias into two linguistic domains: that corresponding to
the languages in the Galician domain (A) and that belonging to the Asturian-
Leon domain (B). In the dendrogram it can be observed that the successive
divisions (B1, B2, and B3) take place in the center-east cluster, which accounts
for a greater distance between cluster A and the remains of the clusters that
are scattered in B.

2. The borders between the four main regions of surnames and the isoglosses with
which the boundaries are marked between the linguistic varieties follow the
same direction from north to south and run almost parallel. In addition, these
separation limits of the two types of data are distributed in the territory creating
similar divisions in their distribution, especially those that segment the linguistic
space within the Asturian dominion.

8Most of such research utilizes partial data of the population, as telephone directories and
provincial population census, which implies incomplete and less reliable results.
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Figure 3.62: Linguistic isoglosses and regions of surnames in Asturias.

3. The similarity between the distributions of the two types of data allows us to
recognize a relation between the onomastic isoglosses of the regions of surnames
and the phonetic isoglosses which separate the dialectal varieties. This connec-
tion becomes very interesting, since some authors consider phonetic isoglosses
as reliable evidence of ancient linguistic groups. Viejo Fernández (2003):239,
when studying the dialectal borders of Asturian, indicates that the limits of
phonetic phenomena that follow a north-south path identify old changes which
had already begun in the passing from Latin to the first Asturian romance.

In a much more general way, some of the aspects detected in this comparison have
already been pointed out in some previous works carried out in the field of population
genetics studies. In Rodŕıguez-Dı́az et al. (2015), a study carried out on the provincial
division and with a smaller number of onomastic data, the authors already indicate
the linguistic proximities between Galicia and the provinces of Asturias and León.9

The authors comment that the groups recognized through the study of surnames of
the Spanish population show obvious correlations with the medieval linguistic and

9In the current study, this can be seen in the clusters resulting from the analysis of surname
distance (Nei and Hedrick measures) in the provinces of Spain. The four provinces of Galicia (A
Coruña, Lugo, Ourense and Pontevedra), the province of León and the community of Asturias are
gathered under the same tree (Rodŕıguez-Dı́az et al. (2015); Figures 3 and 7). This group shows a
higher level of onomastic similarity than other groups identified in the rest of the territory.
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political borders. The most recent research by Bycroft et al. (1919) proposes similar
conclusions from the analysis of genetic data of the Iberian population. Although this
work focused on a small community of the northwestern Iberian Peninsula, the rela-
tion detected between the boundaries of the Leonese and Galician language domains
and the first two cognitive clusters is in line with the results of these two previous
investigations and allows further fine-tuning of the similarities detected between the
two types of data.

Surnames, dialects, and history

The population structure demonstrates surnames regionalization in the Asturian
space, identifying areas in which the inhabitants of this area were related and associ-
ated in community. Surnames serve as footprints in reconstructing part of the history
of the populations and communities that inhabited this space; the regions of surnames
identify the areas in which the interrelations (social, economic, cultural, etc.) among
the inhabitants were more close-knit. The hereditary nature of surnames and the
fact that matrimonial migrations in European rural communities have been limited
to a few kilometers for centuries make family names mirrors of historical phenomena
(Manni et al. (2008)). As Cavalli-Sforza (1991) points out, the strong correlation
detected between genetic and linguistic data is not explained by genetic determinism
but by history. At moments of a remote past, there have been territorial segmenta-
tions that conditioned the linguistic and biological fragmentation which today may
be observed in the distribution of linguistic features and surnames.

It should be taken into account that Menéndez Pidal (1906) assumed the existence
of a very close relationship between extralinguistic historical factors and the dimen-
sion of the dialectal boundaries, not only for Asturian rule, but also in general for
constitutional peninsular Romance languages (Fernández-Ordóñez (2010)). The rela-
tionship between historical facts and linguistic facts is also found in the authors who
investigate the history of Asturian territory. In his study of proto-historic Asturias,
González y Fernández Valles (1978) emphasizes the territorial coincidence between
the ancient pre-Roman tribes and the dialectal configuration of modern Asturian.
This scholar affirms that linguistic fragmentation in the interior of Asturias can be
explained by tribal configurations prior to the Roman period. The distribution of
Galician peoples (albioni, egovarri) and Asturian people (paesici, luggoni, cantabri)
coincides, according to the author, with the division of the varieties recognized by dia-
lectal studies. Other later works point out that this old tripartite tribal configuration
may be the basis of later territorial distributions of different kinds (administrative,
conventual, ecclesiastical, political, etc.; Santos Yanguas (1992)).
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3.6 Onomastic variability vs. linguistic variability:

a spatial view

In the characterisation of the population of a geographical region, the study of sur-
names is an important source of information, which has been used with interesting
results in recent decades from different disciplines. The aim of this Section is to com-
pare the distribution patterns of surnames and dialectal varieties in the space of the
Galician linguistic domain (Galicia and western areas of Asturias, León and Zamora,
see Figure 1.20 in Chapter 1) with linguistic data from the same area.

In Section 3.1 and in Ginzo-Villamayor et al. (2013), the proximity, in terms of
onomastic similarity, between two locations (in this case, Galician municipalities)
could be quantified through the computation of a distance, such as the Nei distance
or the Lasker distances.

It is also interesting to analyse the distribution of surnames in comparison with
linguistic variability. On the one hand, the detection of similar geographical patterns
between surnames and dialects seems to suggest that the social and demographic
processes of evolution are similar. On the other hand, the fact that surname variability
differs from linguistic variability may be interpreted as an indication that the social
movements reflected by dialects do not correspond to the demographic history of the
region.

Measures of onomastic distance between municipalities were compared with lin-
guistic distances calculated from information collected in the Atlas Lingǘıstico Galego
(ALGa) (see Section 1.3.10), a foundational project of the Instituto da Lingua Galega
(ILG) to describe the wealth of geolinguistic variation at the end of the century (data
from 167 points in the linguistic domain -152 in Galicia and 15 in Galician-speaking
areas of Asturias, León and Zamora-). For the surname analysis, 21213 different sur-
names from 2505624 people were analysed (2011 population census, from 350 muni-
cipalities: 315 Galician, 15 in Asturias, 16 in León and 4 in Zamora) and subsequently
excluded the most common ones that would otherwise lead to an underestimation of
the real levels of diversity.

Onomastic data (it concerns the surname data for Galicia, Asturias, the provinces
of Zamora and Leon. These data has been introduced at Section 1.3.2, Section 1.3.6
and Section 1.3.8 Chapter 1.)

The population of those born in 1945 or earlier is studied (584202 persons and
9341 surnames). It should be noted that the surnames DIAZ, IGLESIAS, CASTRO,
GOMEZ, ALVAREZ, VAZQUEZ, MARTINEZ, PEREZ, GARCIA, LOPEZ, GONZA-
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LEZ, FERNANDEZ and RODRIGUEZ (accounting for 30% of the of the population)
and those surnames that appear in less than 3% of the councils.

Linguistic data: ALGa (this data has been introduced at Section 1.3.10 Chapter
1 and contains descriptive compendium of geographical variation in modern Galicia.)

It is a linguistic atlas carried out according to the assumptions of traditional
dialectology: one informant interviewed in each place; the profile of the informants
is identical: elderly, mainly men, locals and with little mobility (i.e. with few stays
outside the place of birth). People were interviewed in 167 localities (Galicia and
neighbouring areas of Asturias, León and Zamora). The interviews were carried
out between 1974 and 1976. The materials form part of a database and have been
published since 1985. The number of phonetic features analysed (or the number of
maps studied) is 275.

The objectives of this Section are the following: to find if there is any similarity
between surname barriers and dialectal varieties in the Galician linguistic domain
space. To achieve this, diversity measures are used for the surname data and the
ALGa data, using different tools from the literature applied to this context.

Dialectology is one of the sub-disciplines in the humanities that embraced di-
gital techniques early on. The use of computational and quantitative techniques in
dialectology is known as Dialectometry (Nerbonne and Kretzschmar (2013)). The
aim of Dialectometry10 (DM) is to detect and analyse the deep geolinguistic struc-
tures that are hidden in the data of a particular linguistic atlas. DM thus represents
an inductive discipline whose methodological tools are of two types: statistical and
cartographic. Statistics (numerical classification) and and cartography serve for the
quantitative analysis and the appropriate visualisation of the latter’s performance of
the performance of the latter (Goebl (2010)).

10Dialectometry is the quantitative and computational branch of dialectology, the study of dialect.
This sub-field of linguistics studies language variation using the methods of statistics; it arose in the
1970s and 80s as a result of seminal work by J. Séguy and H. Goebl.
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Figure 3.63: Dialectometric chain. Outline of the dialectometric methods used by
the Salzburg Dialectometric School (adapted from Goebl (2010)). Position A means
application of taxation; position B means selection of the measure of similarity (or
distance) and position C: determination of the desired taxometric and visual exploit-
ation. IRDij represents the: Relative Distance Index (between locations i and j).
IRSij: Relative Similarity Index (between locations i and j).

Salzburg School of Dialectometry (EDM-S)

The methods proposed by the EDM-S (Goebl (2010)),11 represent a kind of chain
which three crucial moments: the taxation of the original data; the quantitative
measurement of similarities (and distances) between atlas points, and the visual ex-
ploitation of the similarity and distance matrices (see Figure 3.63).

The most common EDM-S similarity index is the Relative Similarity Index (IRS).
Alternatively, the Relative Similarity Index (IRD), according to the formula IRS +
IRD = 100. In the field of EDM-S usually the use of IRS and IRD guarantees optimal
heuristic results Goebl (2010).

Returning to the case of Galicia, what does the ALGa measure? The linguistic

11Hans Goebl (1943 - ) is an Austrian romanist specialising in dialectology and geolinguistics.
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data available does not measure the distance between municipalities, but between the
localities in which the data were collected. Therefore, the total number of localities
is less than the number of municipalities in the study region. Specifically, what is
measured is the linguistic similarity between points, based on the linguistic variables
analysed. In the case studied, these are variables that have to do with phonetic
characteristics only, and the index used is the IRS. In order to analyse linguistic
diversity in terms of distance matrices, the following expression is used IRD = 100−
IRS. An exhusive explanation can be found in Sousa-Fernández (2017). Figure 3.64
shows two examples extracted from ALGa.

Figure 3.64: From left to right: (hora / hour) - right (oito - uito / eigth).

Figure 3.65 shows surname clusters (three and five groups) for Lasker distance
and dialectal (western, central and eastern) variations of Galician language (ALGa).
Unlike what is observed in other studies (Asturias, France, Italy, etc.), in the compar-
isons between regions of surnames and dialectal varieties in Galicia, there is not much
similarity. Note the case of Asturias (see Section 3.5, presented in Ginzo-Villamayor
and Crujeiras (2015) and published Sousa-Fernández and Ginzo-Villamayor (2020)),
Figure 3.62 shows a clear parallelism between onomastic or linguistic distances. The
case of Galicia is similar to that of the Netherlands, where the surname regions coin-
cide with ancient historical divisions, but not so much with dialectal divisions.

Other authors have studied relationships between surnames and linguistic variet-
ies, such as Manni and Barrai (2001) studied the barriers of surnames and language
varieties in Italy and in Manni (2017) in Spain. There is at least one other work com-
paring the structure of surnames in Spain with the linguistic varieties (see Rodŕıguez-
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Figure 3.65: From left to right: Surname clusters (three (left) and five (center) groups)
for Lasker distance and dialectal (western, central and eastern) variations of Galician
language (ALGa).

Dı́az et al. (2015)). Manni et al. (2006, 2008) search for relationships between sur-
names and dialects in the Netherlands in which they use Monmonier’s algorithm (see
Section 2.4.3) to find language barriers. The study of the isonymy structure of France
and a comparison with the dialectal varieties is discussed in Scapoli et al. (2005). A
principal component analysis (PCA) has been carried out (as other authors have done
in previous works for the Netherlands, Italy, France, and the Netherlands, . . .) for
the Nei distance and for the ALGa data (always considering the same space). The
key of the use of principal component analysis is because of facilitates the graphical
identification of possible patterns of similarity between surnames and dialects. In
order to find a pattern of Galician surnames, different clustering and spatial barrier
identification techniques, such as Monmonier’s algorithm (see Section 2.4.3), will also
be applied.

The algorithms for edge detection allow the identification of barriers, so they are
able to detect areas where there are significant changes in the “allelic frequencies”,
in the genetic sense, adapted to onomastic context. The most commonly used al-
gorithms are Monmonier (Monmonier (1973)) and Wombling (Womble (1951)). The
Monmonier algorithm is based on the Delaunay triangulation12 (this algorithm has
been presented in Chapter 2 Section 2.4.3), network connectivity between populations
or individuals. The algorithm starts by estimating the distance associated with each
of the nodes in the network and then the algorithm constructs barriers from a node
with the greatest distance and extends it to the adjacent node associated with the

12Delaunay triangulation (also known as a Delone triangulation) for a given set P of discrete
points in a general position is a triangulation DT(P) such that no point in P is inside the circumcircle
of any triangle in DT(P). Delaunay triangulations maximize the minimum angle of all the angles of
the triangles in the triangulation; they tend to avoid sliver triangles.
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next farthest distance.

Figure 3.66 shows three results after applied Monmonier’s algorithm in three dif-
ferent moments (population born before 1945, before 1965 and total population in
2011).

Figure 3.66: From left to right: barriers found Monmonier’s algorithm in three dif-
ferent moments (population born before 1945, before 1965 and total population in
2011) in Galicia.

There is a package in R, adegenet (see Jombart (2008); Jombart and Ahmed
(2011), R Core Team (2020a)) and a software called Barrier13 developed by Franz
Manni et al. for obtaining the barriers (Manni et al. (2004)).

Regression models and Mantel test

The aim is to see whether the onomastic distance matrix (e.g. Nei’s distance)
and e a dialectal variation (IRD) are correlated with the geographical distance. The
following regression model is considered:

Y = αeβX + ε,

with ε is normally distributed. The following two fits are proposed:

Ŷ = e(0.003·X−0.077) (Model 1).

Ŷ = e(0.002·X+3.193) (Model 2).

The Mantel test14 estimates the degree of correlation between two matrices, X

13Barrier: software to compute geographic barriers from a distance matrix (Manni et al. (2004)).
14The Mantel test, named after Nathan Mantel, is a statistical test of the correlation between

two matrices. The matrices must be of the same dimension; in most applications, they are matrices
of interrelations between the same vectors of objects. The test was first published by Nathan Mantel,
a biostatistician at the National Institutes of Health, in 1967.
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and Y (Mantel (1967)). The null hypothesis postulates that the distances/similarities
between the variables in the response matrix Y are not linearly correlated with the
corresponding distances/similarities in the model matrix X. It is therefore a matter
of assessing whether the association (positive or negative) is more robust than would
be expected by pure chance. Mantel’s statistic is based on a simple cross-product
term:

z =
n∑
i=1

n∑
j=1

xijyij

normalized:

r =
1

(n− 1)

n∑
i=1

n∑
j=1

(xij − x̄)

sx
· (yij − ȳ)

sy

where x and y are variables measured at the locations i e j, and n is the number
of rows (columns) in the distance matrices, and sx and sy are the corresponding
standard deviations. It takes values between -1 and 1. Finally, the Mantel test is
calculated and the following results are obtained in Table 3.20. Galicia data (Nei
and geographical distances) and for the linguistic distance have been used for this
purpose. The linguistic distance used is obtained from the ALGa, in this case FM
dataset. It can bee seen that all crosses give the same result.

Mantel statistic r Significance N
Nei distance and geographical distance 0.351 0.001 350
IRD distance e geographical distance 0.308 0.001 167
Nei distance and IRD distance 0.161 0.001 167

Table 3.20: Mantel correlations between onomastic distances and geographical dis-
tance.

Table 3.21 shows correlation between onomastic distances and linguistic distances.
Similar results of correlations were obtained in Rodŕıguez-Dı́az et al. (2015) for span-
ish onomastic and linguistic data.



152 CHAPTER 3. SURNAMES - LINGUISTIC VARIETIES

Geographic’s D. Euclidean D. Lasker’s D. Nei’s D. Hedrick’s D. Linguistic D.
Geographic’s D. 1 0.526∗∗ 0.189∗∗ 0.323∗∗ 0.335∗∗ 0.361∗∗

Euclidean D. 0.526∗∗ 1 0.586 0.825∗∗ 0.811∗∗ 0.236∗∗

Lasker’s D. 0.189∗∗ 0.586 1 0.757∗∗ 0.735∗∗ Not significant
Nei’s D. 0.323∗∗ 0.825∗∗ 0.757∗∗ 1 0.985∗∗ Not significant
Hedrick’s D. 0.335∗∗ 0.811∗∗ 0.735∗∗ 0.985∗∗ 1 0.117∗∗

Linguistic D. 0.361∗∗ 0.236∗∗ Not significant Not significant 0.117∗ 1

Table 3.21: Mantel correlations between Geographic, surname (Euclidean, Lasker’s,
Nei’s and Hedrick’s distances) and linguistic distances (obtained from FM dataset).
Lasker and Nei distances are not correlated with linguistics distance (100- IRS). (∗∗)
indicates significance at level 5%.

A bootstrap procedure has been carried out, with B = 500 bootstrap resamples
and m = 100 dimension matrices 100× 100 (100 random points for Geographic, sur-
name (Euclidean, Lasker’s, Nei’s and Hedrick’s distances) matrices). The bootstrap
procedure proposed here is similar to a block bootstrap. The null hypothesis to test
H0: X and Y are independents vs. Ha: dependence between the observations of X
and Y (this procedure was described on Chapter 2 - Section 2.4.4).

Randomisation procedure the points

Figure 3.67 shows a map with 350 councils for onomastic data and Figure 3.68,
show the same map but in this case with 167 points for ALGa data.

Figure 3.67: Map with 350 councils. Figure 3.68: Voronoi with 167 points.
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Algorithm: Randomisation procedure the onomastic points

while UP TO 100 POINTS do:

Step 1 . Generate a random point on the map p1 (centre of the council).

Step 2 . Find the n neighbouring councils p2 . . . pn

. . .

Step j . Generate a random point on the map pj.

Step j+1 . Find neighbouring councils pj+1 . . . p100.

Another randomisation procedure is designed for lthe linguistic points. In this
case, on Step 1, a random location p1 is generated, because in this case the coordinates
of the points are knows. Step 2, finds the m neighbouring polygons p2 . . . pm. Step
j, generates a random location pj and finally, Step j+1, finds neighbouring polygons
pj+1 . . . p100.

Figure 3.69 shows sample examples obtained with the two previous procedures.

Figure 3.69: Sample examples: for the Nei distance (left) and for the relative distance
index (right), with B = 500 bootstrap resamples and m = 100 dimension matrices
100× 100.

Linguistic D. Geographic’s D. Euclidean D. Lasker’s D. Nei’s D. Hedrick’s D.
Statistic 0.035 0.037 0.018 0.026 0.027
p-value 1 1 0.950 0.994 0.988

Table 3.22: Mantel correlations between Geographic, surname (Euclidean, Lasker’s,
Nei’s and Hedrick’s distances) versus linguistic distances (obtained from FM dataset).
None of the onomastic distances are correlated with linguistics distances (100- IRS).

None of the onomastic distances are correlated with linguistics distances (Table 3.22).
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Chapter 4

Contribution to isonymy methods

4.1 An alternative method to isonymy

The Galician Institute of Statistics (IGE) proposes for Galicia a regional organization
where are groupings of counties are grouped according to similar sociodemographic
characteristics. The areas defined in each province are as follows:

• Province of A Coruña

– Ferrol-Eume-Ortegal: includes the regions of Ferrol, Eume and Ortegal.

– Área da Coruña: includes the regions of A Coruña and Betanzos.

– Área da Costa da Morte: includes the regions of Bergantiños, Fisterra,
Muros, Terra de Soneira and Xallas.

– A Coruña suroriental: includes the regions of Arzúa, Ordes and Terra de
Melide.

– Área de Santiago: includes the regions of Barcala, O Sar and Santiago.

– A Barbanza-Noia: includes the regions of Barbanza and Noia.

• Province of Lugo

– Lugo oriental: includes the regions of Fonsagrada, Os Ancares and Sarria.

– Lugo sur: includes the regions of Chantada, Quiroga and Terra de Lemos.

– Lugo central: includes the regions of Ulloa, Lugo, Meira and A Terra Chá.

155
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– A Mariña: includes the regions of Mariña Central, A Mariña Oriental and
A Mariña Occidental.

• Province of Ourense

– O Carballiño-O Ribeiro: includes the regions of Carballiño and O Ribeiro.

– Ourense central: includes the regions of Allariz and Maceda, Terra de
Caldelas, Terra de Trives and Valdeorras.

– Ourense sur: includes the regions of Limia, Baixa Limia, Terra de Celan-
ova, Veŕın and Viana.

– Área de Ourense: includes the region of Ourense.

• Province of Pontevedra

– Pontevedra nororiental: includes the regions of Deza and Tabeirós-Terra
de Montes.

– Pontevedra sur: includes the regions of Paradanta, O Baixo Miño and O
Condado.

– Área de Pontevedra: includes the region of de Pontevedra.

– Caldas-O Salnés: includes the regions of Caldas and O Salnés.

– Área de Vigo: includes the region of comarca de Vigo.

– O Morrazo: includes the region of Morrazo.

Figure 4.1 shows a map of Galicia by provinces (n = 4), areas (n = 15) and regions
(n = 53). Minor subdivisions within the regions are the municipalities (n = 315).

Figure 4.1: Maps of Galicia by provinces (n = 4), areas (n = 15) and regions (n = 53).

From the list of all the surnames (20754 approximately, 2011 population census
for Galicia), for each area, for those surnames that appear in all the municipalities



4.1. AN ALTERNATIVE METHOD TO ISONYMY 157

that constitute an area, were searched. The results can be consulted in the Annex D,
as it is a list of surnames by area.

The surnames that coincide in the fifteen areas are FERNANDEZ, GONZALEZ,
LOPEZ, PEREZ and RODRIGUEZ. If we consider two distant areas such as the
area of Vigo and the north of Lugo, called Lugo north, the coinciding surnames
are ALVAREZ, DIAZ, FERNANDEZ, GARCIA, GOMEZ, GONZALEZ, LOPEZ,
OTERO, PEREZ, RODRIGUEZ, VAZQUEZ. Once the five that match in all areas
are eliminated, the following are left ALVAREZ, DIAZ, GARCIA, GOMEZ, OTERO,
and VAZQUEZ. However, it is striking that Galician surnames such as FERREIRA,
Mosquera, or VEIGA do not appear in the northern Lugo area.

Similarly, if we consider the areas of eastern Ourense and western A Coruña,
the common surnames are ALVAREZ, BLANCO, DOMINGUEZ, FERNANDEZ,
GOMEZ, GONZALEZ, LOPEZ, MARTINEZ, PEREZ, RODRIGUEZ. If the five
commons in all areas are eliminated, the following are left: ALVAREZ, BLANCO,
DOMINGUEZ, GOMEZ and MARTINEZ. It is surprising again that surnames like
Blanco present in western A Coruña and very frequent in Galicia do not appear in the
area of eastern Ourense. This allows us to affirm in some way that there are surnames
characteristic of a concrete zone and that over time they remain in the same place.

For each region, for those surnames that appear in all the municipalities that
constitute a region, were searched. The results can be consulted in the Annex D.

The common surnames in the fifty-three regions are the following four FERNAN-
DEZ, GONZALEZ, LOPEZ, PEREZ, and RODRIGUEZ. If the regions of A Fon-
sagrada and O Condado are compared, the common surnames are the following
ALONSO, ALVAREZ, BLANCO, DIAZ, FERNANDEZ, GARCIA, GONZALEZ,
LOPEZ, NUÑEZ, PEREZ and RODRIGUEZ. Once the four common in the fifty-
three regions are eliminated, ALONSO, ALVAREZ, BLANCO, DIAZ, GARCIA,
and NUÑEZ are left. Surprisingly, the surname IGLESIAS or PAZOS present in
O Condado are not present in the region of A Fonsagrada. The same happens with
the surname SAAVEDRA present in the region of A Fonsagrada and not in the region
of O Condado.

New proposal based on percentages

In the same way that we searched for common surnames in areas and regions, the
percentage of surnames that coincide between two municipalities has been searched
for. A non-symmetric matrix is constructed, because if ni is the number of surnames
of the municipality i and mj the number of surnames of the municipality j, the
number of coincidences is pij, the percentage of coincidences of i over j is

pij
ni

and
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that of i over j is
pij
mj

, therefore it is not a symmetric matrix. The maximum value,

maximum match percentage is 95.96% which corresponds to the municipalities of
Cesuras and A Coruña. This means that 95.56% of the surnames of Cesuras are in A
Coruña. The reverse is not the case, as we have already mentioned that the matrix
is not symmetrical, the percentage of surnames from A Coruña that are in Cesuras
is 2.96%.

The minimum value, maximum percentage of coincidence is 0.62% that corres-
ponds to the municipalities of Vigo and Negueira de Muñiz. This means that 0.62%
of the surnames from Vigo are in Negueira de Muñiz. On the other hand, the same
is not true, as we have already mentioned that the matrix is not symmetrical, the
percentage of surnames from Negueira de Muñiz that are in Vigo is 74.19%.

The upper triangular matrix of the previous matrix of dimension 315x315 is con-
sidered and the transpose is calculated, this value is assigned to the lower triangular
matrix. Now we have a symmetric matrix. On this matrix is calculated the clustering
method (Figure 4.2). Subsequently, the filters applied to the isonymy calculation in
Galicia are applied (surnames that only appear in a municipality are eliminated as
well as the ones below and above the 5% and 95% quantiles of the distribution of
number of councils) (Figure 4.2). Finally, a cut is made in the data, a cluster is made
with the filtered data and with those who were born in 1965 or earlier (Figure 4.4).
The result obtained in Figure 4.4 is not very different from the one obtained in Figure
3.9.

Figure 4.2: Percentage
of matching surnames in
Galicia.

Figure 4.3: Percentage of
matching surnames after
applying filtering.

Figure 4.4: Percentage of
matching surnames after
applying filtering people
born in 1965 or earlier.
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4.2 The distribution of surname frequencies

It is worth asking whether the distribution of surnames in Galicia conforms to a
known probability distribution. Fox and Lasker (1983) found that the frequency
distributions of the occurrence of surnames in samples in nine districts of an area in
England can be fitted by the discrete Pareto distribution.

Let the number of people be denoted by Ni, and the number of different surnames
ni(≤ Ni), in a certain region i. Consider index i = 1, . . . , n, for denoting a certain
geographical region (for two regions, (i, j), and so on). The total number of surnames
in a certain region i is denoted by ni, ni = #Si. Surnames will be identified by indices
k. For the collection of regions i = 1, . . . , n considered as a whole, N denotes the

total population size (N =
n∑
i=1

Ni).

Denote by X = 1, 2, . . . possible occurrence values for a certain surname. These
values will be used as counts of occurrences of a certain surname in a given region i.
Denote by fi(x) the absolute frequency of count x in a region i.

For each region, the frequency distribution of x, the occurrence, defined to be the
number of people in that region with a given surnames. Thus,

Ni =

l∑
x=1

fi(x)x and ni =

l∑
x=1

fi(x), i = 1, . . . , l

where ni is the occurrence of the most common name in each region.

Let X = {number of surname occurrences} be supported supp(X) = {1, 2, . . .}. The
probability mass function of the random variable X will be

pc(x) = P(X = x) =
x−(c+1)

ζ(c+ 1)
, x ∈ supp(X).

For each region, i:

i. fi(x) = {# surnames with frequency x in region i (absolute frequencies)} .

ii.
∑

x∈supp(X)

xfi(x) = Ni = population in the region i.

iii.
n∑
i=1

∑
x∈supp(X)

xfi(x) = N .
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Theoretical background - Pareto Distribution A random variable X will
be said to have a (discrete) Pareto distribution with parameter c, if its probability

mass is of the form P(X = x) = x−(c+1)

ζ(c+1)
, x ∈ supp(X) where c > 1, is a parameter

measuring decay rate, and ζ is the Riemann zeta function (which is undefined for

c = 1). In such a case it can will write X ∼ zeta(c), i.e., ζ(c) = zeta(c) =
∞∑
x=1

1
xc
.

The moments and other characteristics of such a random variable are readily
expressed in terms of the zeta function. Table 4.1 shows Pareto Distribution char-
acteristics and Figures 4.5 and 4.6 show probability mass function (note that the
function is only defined at integer values of x, the connecting lines do not indicate
continuity) and cumulative distribution function, respectively.

Parameters: c ∈ (1,∞)
Support: x ∈ {1, 2, . . .}
Probability mass function (pmf): 1/xc+1

ζ(c+1)

Cumulative distribution function (CDF): Hx,c+1

ζ(c+1)

Mean: ζ(c)
ζ(c+1)

for c > 2

Mode: 1

Variance: ζ(c+1)ζ(c−1)−ζ(c)2

ζ(c+1)2 for c > 3

Table 4.1: Pareto Distribution characteristics.

Figure 4.5: Pareto Probability mass
function (pmf) on a log-log scale. Blue
c = 2, green c = 2, red c = 4, fuchsia
c = 5.

Figure 4.6: Pareto Cumulative distri-
bution function (CDF). Blue c = 2,
green c = 2, red c = 4, fuchsia c = 5.

The Pareto function satisfies the following properties: ζ is decreasing; ζ is concave
upward; ζ(c) decreases towards (↓) 1 as c grows towards (↑)∞; and ζ(c) grows towards
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(↑)∞ as c decreases towards (↓) 1. The Pareto function is transcendental,1 and most
of its values must be approximated. However, ζ(c) can be given explicitly for even
integer values of c in particular, ζ(2) = π2

6
≈ 1.64 and ζ(4) = π4

90
≈ 1.08.

The discrete Pareto distribution, sometimes called the Zeta distribution (Edwards
(1974)),2 was fitted to each frequency distribution. According to this distribution
p(x), the probability that a name occurs x times, is proportional to x−(c+1), where c >
1 is a positive constant. To make the p(x) sum to 1, the constant of proportionality
is 1/ζ(c+ 1), where

ζ(c+ 1) =
∞∑
x=1

x−(c+1),

which is a zeta function. This function is tabulated by Jahnke and Emde (1945) (p.
273) although interpolation would be needed. Here was obtained using the R routine
zeta available in the package VGAM (see R Core Team (2020a)). Thus according to
the discrete Pareto distribution,

p(x) =
x−(c+1)

ζ(c+ 1)
, x ∈ supp(X). (4.2.1)

1In mathematics, a transcendental function is an analytic function that does not satisfy a poly-
nomial equation, in contrast to an algebraic function. In other words, a transcendental function
“transcends” algebra in that it cannot be expressed in terms of a finite sequence of the algebraic
operations of addition, subtraction, multiplication, division, raising to a power, and root extrac-
tion. Examples of transcendental functions include the exponential function, the logarithm, and the
trigonometric functions.

2The Pareto distribution is a discrete probability distribution. If X is a zeta-distributed
random variable with parameter c, then the probability that X takes the integer value k is given

by the probability mass function fc(k) = k−c

ζ(c) , where ζ(c) is the Riemann zeta function (which is

undefined for c = 1).
The Riemann zeta function being the sum of all terms k−c for positive integer k, it appears

thus as the normalization of the Zipf distribution. It can be obtained using the R routine dzipf

available in the package VGAM (see R Core Team (2020a)). The terms “Zipf distribution” and the
“Zeta distribution” are often used interchangeably. But note that while the Pareto distribution is a
probability distribution by itself, it is not associated to the Zipf’s law with same exponent and also
related with Yule–Simon distribution 10.
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If data followed the discrete Pareto distribution,3 it can be seen from equation (4.2.1)
that a plot of the log of the proportion, hence also of the number fi(x), {i = 1, . . . , n},
of names occurring x times vs log x should give a straight line of slope −(c+ 1).

Fox and Lasker (1983) used the surname occurrence data in Reading (England).
The complete description of Reading’s data can be found in work Lasker et al. (1979)
and refer to migrations of persons married in the city of Reading, Berkshire, and its
vicinity, in 1972-1973. Reading is a large town and unitary authority in the county
of Berkshire, in England, United Kingdom. Located at the confluence of the rivers
Thames and Kennet, the town is halfway between London and Oxford.

In the case of Galicia, it was looked for a town in Galicia with conditions similar
to those in Reading. The chosen municipality is Ordes (in the province of A Coruña),
the capital that also bears his name is a town with a certain population entity and
halfway between two major cities in Galicia A Coruña and Santiago de Compostela.
The rest of the municipalities that together with Ordes, make up the region of Ordes,
whose capital is Ordes itself, were also chosen. The region of Ordes is made up of
7 municipalities, which are the following: Cerceda (111.32 km2 - 0.43 inhab./km2),
Frades (81.30 km2 - 0.39 inhab./km2), Meśıa (107.30 km2 - 0.25 inhab./km2), Ordes
(157.33 km2 - 0. 52 inhab./km2), Oroso (72.08 km2 - 1.40 inhab./km2), Tordoia
(124.50 km2 - 0.25 inhab./km2) and Trazo (101.38km2 - 0.33 inhab./km2). The area
of the region is 755.24 km2 and the population density is 1.53 inhabitants/km2. In
Figures 4.7 and 4.8, the region of Ordes is presented on the map of Galicia, and in
Figure 4.8 a zoom of the area is provided.

3

Vilfredo Federico Damaso Pareto (1848 – 1923), born Wilfried Fritz
Pareto; was an Italian civil engineer, sociologist, economist, political scient-
ist, and philosopher. He made several important contributions to economics,
particularly in the study of income distribution and in the analysis of individu-
als’ choices.
The Pareto distribution, named after the Italian civil engineer, economist,
and sociologist Vilfredo Pareto, is a power-law probability distribution that is
used in description of social, quality control, scientific, geophysical, actuarial,
and many other types of observable phenomena. Originally applied to describ-
ing the distribution of wealth in a society, fitting the trend that a large portion
of wealth is held by a small fraction of the population. The Pareto principle
or “80-20 rule” stating that 80% of outcomes are due to 20% of causes was
named in honour of Pareto, but the concepts are distinct, and only Pareto dis-
tributions with shape value (α) of log45 ≈ 1.16 precisely reflect it. Empirical
observation has shown that this 80-20 distribution fits a wide range of cases,
including natural phenomena and human activities.
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Figure 4.7: Map of the councils in the
region of Ordes in Galicia.

Figure 4.8: Zoom of the left map.

Analogous to the works of Lasker et al. (1979) and Fox and Lasker (1983), three
scenarios have been considered (in the type of population chosen in scenarios 1 and
2):

1. The migrant population that in the year 1945 would be in their 20s or 30s, since
it is assumed that at that time the population married at approximately that
age (75 to 85 in 2000).4

2. The migrant population that in 1965 would be between 20 and 30 years old,
since it is assumed that at that time the population married at approximately
that age (55 to 65 in 2000).5

3. The migrant population of the year 2000.

In all the scenarios, the population living in Ordes region and born in any municipality
in Spain or in another municipality other than the one where they live, even if it is in
the same region, has been considered (without age restriction). Tables 4.2- 4.4 give
fi(x), i = 1, . . . , 7, for each council in Ordes. Figure 4.9 shows, for 7 councils and
entire region of the distributions in Tables 4.2- 4.4.

4The average age at marriage according to various authors in 1945 around 29-30 years for men
and 26 years for women (Cachinero Sánchez (1982), p. 91).

5The average age at marriage, according to various authors in 1965, around 28 for men and 25
for women (Cachinero Sánchez (1982), p. 91).
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x Cerceda Frades Meśıa Ordes Oroso Tordoia Trazo All
1 60 28 49 86 65 39 45 164
2 8 8 10 19 13 7 6 44
3 3 4 2 13 7 3 1 28
4 0 1 1 8 4 1 0 21
5 1 1 0 3 1 0 0 7
6 0 0 2 0 0 1 0 4
7 1 0 0 2 0 0 0 2
8 0 0 0 0 0 0 0 6
9 0 0 0 0 0 0 0 1
10 0 0 0 1 0 0 0 2
11 0 0 0 0 0 0 0 1
12 0 0 1 0 0 0 0 0
. . . . . . . . . . . . . . . . . . . . . . . . . . .
+13 0 0 0 0 0 0 0 11
Nº of surnames, ni 73 42 65 133 90 51 52 291
Nº of people, Ni 97 65 103 248 133 72 60 778
% unique names 82.19 66.67 75.38 64.66 72.22 74.67 86.54 56.36

Table 4.2: Surname distributions in the region of Ordes (migration population
between 75 and 85 years): occurrence of surnames, x, and number of surnames which
occurred exactly x times, fi(x), (where i = 1, . . . , 7, Cerceda (i = 1), Frades (i = 2),
Meśıa (i = 3), Ordes (i = 4), Oroso (i = 5), Tordoia (i = 6) and Trazo (i = 7)) (2000
population census).

x Cerceda Frades Meśıa Ordes Oroso Tordoia Trazo All
1 78 37 57 165 104 57 49 310
2 14 13 20 38 22 13 11 61
3 7 6 7 15 9 5 3 34
4 2 4 1 11 2 3 2 16
5 4 0 2 9 6 3 1 17
6 0 0 0 3 3 1 0 7
7 0 0 0 2 2 1 0 8
8 1 0 1 3 0 1 0 3
9 0 0 1 2 2 0 0 4
10 1 0 0 3 0 0 0 3
11 0 0 0 1 0 0 0 2
12 0 0 0 2 0 0 0 6
13 0 0 0 1 0 0 0 1
14 0 0 0 0 0 0 0 0
15+ 0 0 0 4 0 0 0 21
Nº of surnames, ni 107 60 89 259 150 84 66 493
Nº of people, Ni 173 97 149 590 263 146 93 1511
% unique names 72.9 61.67 64.04 63.71 69.33 67.86 74.24 62.88

Table 4.3: Surname distributions in the region of Ordes (migration population
between 55 and 65 years): occurrence of surnames, x, and number of surnames which
occurred exactly x times, fi(x), (where i = 1, . . . , 7, Cerceda (i = 1), Frades (i = 2),
Meśıa (i = 3), Ordes (i = 4), Oroso (i = 5), Tordoia (i = 6) and Trazo (i = 7)) (2000
population census).
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x Cerceda Frades Meśıa Ordes Oroso Tordoia Trazo All
1 159 96 88 276 290 107 97 529
2 60 27 49 104 96 34 35 187
3 27 18 29 58 66 20 20 89
4 21 11 9 33 30 11 12 69
5 8 6 9 27 20 4 8 52
6 10 6 8 15 12 10 8 31
7 11 7 5 15 10 5 5 25
8 6 2 2 8 6 3 6 23
9 1 0 1 8 6 3 0 12
10 3 2 1 4 6 3 3 14
11 5 2 1 4 3 2 1 14
12 4 2 1 9 4 5 3 19
13 3 1 2 5 3 1 1 5
. . . . . . . . . . . . . . . . . . . . . . . . . . .
25 0 0 1 1 1 0 0 2
26 2 0 0 2 1 0 0 0
+27 3 3 4 22 14 2 0 68
Nº of surnames, ni 337 185 217 618 581 221 207 1207
Nº of people, Ni 1319 593 830 3229 2135 832 671 9609
% unique names 47.18 51.89 40.55 44.66 49.91 48.42 46.86 43.83

Table 4.4: Surname distributions in the region of Ordes (migrant population): occur-
rence of surnames, x, and number of surnames which occurred exactly x times, fi(x),
(where i = {1, . . . , 7}, Cerceda (i = 1), Frades (i = 2), Meśıa (i = 3), Ordes (i = 4),
Oroso (i = 5), Tordoia (i = 6) and Trazo (i = 7)) (2000 population census).

For each region, an estimate of the parameter c in the discrete Pareto distribution
was obtained by maximum likelihood (Seal (1952)). This is the value of c satisfying

−−ζ
′(c+ 1)

ζ(c+ 1)
=

l∑
x=1

fi(x) lnx

k
.

Proof. Be p(x) = x−(c+1)/ζ(c+ 1), the probability mass function of the random vari-
able X where x = 1, 2, . . ., and c > 1,

nx being the frequency assigned to the value x. The “likelihood of the given series”
is proportional to:

l∏
x=1

p(x)nx .

Taking natural logarithms, it is written:

L =
l∑

x=1

nx ln p(x) = −(c+ 1)
l∑

x=1

nx lnx− ln ζ(c+ 1)
l∑

x=1

nx,
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Differentiating with respect to c, the only parameter,

−∂L
∂c

=
l∑

x=1

nx lnx+ ni
ζ ′(c+ 1)

ζ(c+ 1)
, ni =

l∑
x=1

nx =
l∑

x=1

fi(x),

and this equals zero when

−ζ
′(c+ 1)

ζ(c+ 1)
=

1

ni

l∑
i=1

fi(x) lnx.

The right-hand side of equation (4.2) is fixed, and it is thus easy to determine c + 1
by inverse interpolation in a table of ζ ′(c + 1)/ζ(c + 1) (Walther (1926)). Obtaining
c in practice pose some challenges. In what follows, we will describe how it has been
done in this work.

Note that the value of ζ(c+ 1) equals

ζ(c+ 1) =
l∑

x=1

x−(c+1).

Then, the value of ζ ′(c + 1) can be obtained by deriving the previous expression, as
follows.

ζ ′(c+ 1) =
∂

∂c

l∑
x=1

x−cx−1

=

l∑
x=1

− ln(x)x−cx−1

= −
l∑

x=1

x−(c+1) ln(x).

Now, one expression can be divided by the other, since the value of the quotient is
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known and not null.

−ζ
′(c+ 1)

ζ(c+ 1)
=

l∑
x=1

fi(x) ln(x)

ni
= K ′

l∑
x=1

x−(c+1) ln(x)

l∑
x=1

x−(c+1)

−K ′ = 0

K ′ will be a known constant, being the value provided by the maximum likelihood
estimation (MLE). c will be calculated as a solution of the obtained polynomial (Brent
(1973)).

The resulting estimates of c were substituted in equation (4.2.1) and expected fre-
quencies according to the discrete Pareto were found. The procedure followed was as
follows:

Step 1 . Obtain c (as described above).

Step 2 . Obtain the expected frequencies, for each x ∈ supp(X).

Step 3 . Check that the data follow a designed Pareto distribution with c obtained
in Step 1 . The following hypothesis test is proposed:

H0 : X ∼ ζ(c) that sample comes from a Pareto distribution of parameter c.

H1 : 6= H0 is composed of all distributions different from H0.

where c is the constant obtained in Step 1 . Since the sample is large, Chi-square
goodness-of-fit (χ2 GoF) test can be applied (the Appendix E justifies why χ2 goodness-
of-fit test is appropriate).

A χ2 goodness-of-fit-test showed that the discrete Pareto distribution provided a
good fit to the observed frequencies. This test statistic has been previously used in the
literature (Calderón et al. (2015) compared surnames and chromosomes for a Spanish
dataset, Boattini et al. (2021) provided a study of population structures based on
surname and dialect variability and evaluate their relationships with genetic diversity
in Trentino (Italy) orTüm (2021), was used to determine whether the surnames in
three corpora of Turkish surnames differed, among others).
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Tables 4.5 and 4.6 list the corresponding estimates of c and values of χ2 for all
sets of data. In no case, the χ2 test is significant at the 5% level. This indicates
that all sets of data are consistent with the discrete Pareto distribution. The same
parameters are shown in Table 4.7. However, in this case, as in those previously stud-
ied, for some cases (Trazo, Mesia, Cerdeda and All), the frequency distributions do
not follow a Pareto distribution. Looking at Table 4.4 the percentage of unique sur-
names has dropped considerably compared with Tables 4.2 and 4.3. Given that this
is a multiple testing problem, corrected p-values were also computed. The Benjamini
and Hochberg’ method was considered (see Benjamini and Hochberg (1995)). This
technique was applied using the R routine p.adjust available in the package stats

(see R Core Team (2020b)). Note that similar conclusions can be derived using the
corrected p-values to those obtained using the original ones. The p-value obtained
by performing a parametric boostrap calibration is added, (p-value(boot)). 1000 boot-
strap replicates have been obtained. The conclusions about p-value obtained from
parametric boostrap are similar for Tables 4.2 and 4.3. The p-value for the unfiltered
data, on the other hand, allows to affirm that the distributions come from a Pareto
distribution.

A bootstrap approach has been also used for calibrating the test.

Parametric bootstrapping assumes that the data comes from a known distribution
with unknown parameters. In this case, the data may come from a discrete Pareto
distribution. Parameters are estimated from the data available and then the estim-
ated distributions are used to simulate the samples. Thus, the parametric bootstrap
approach can be applied by means of the following algorithm.

Algorithm (Parametric bootstrap).

Step 1 . Compute the value of the statistic Tobs.

Step 2 . Draw {ε∗i }
n
i=1 a sequence of i.i.d. random elements drawn from a real

random variable ε∗ independent of {(f ∗i (X1), f ∗i (X2), . . . , )}ni=1 and which satisfies∑
x∈supp(X)

f ∗i (X) =
∑

x∈supp(X)

fi(X) and are distributed on the supp(X) in a manner

analogous to the original sample and compute an = Tboot.

Step 3 . Repeat Step 2 a large number of times nboot ∈ N in order to obtain a
sequence of values

{
aln
}nboot

l=1
.

Step 4 . Approximate the p -value of the test by the proportion of values in{
aln
}nboot

l=1
greater than or equal to Tobs.
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As Ni (number of people in a sample, region i) increases, so does ni (number of
different surnames). If the surname occurrence follows the discrete Pareto distribu-
tion, the relationship between the logarithms of Ni and ni should be linear. The
coefficient of isonymy, Ri, was calculated for each council. It is defined as measuring
the isonymy between two samples (Lasker (1977)). Within one sample it can be con-
sidered as half the probability that two different people selected from the sample at
random have the same surname. This can be calculated as

Ri =
1

2

l∑
x=1

fi(x)x2
i −Ni

Ni(Ni − 1)

where Ni =
l∑

x=1

fi(x)x where i = 1, . . . , n, n is the occurrence of the most common

name in each region (adaptation from equation (2.2.22), Lasker (1977)).

Council
Nº of
people, Ni

Nº of
surnames, ni

c χ2 p-value(BH) p-value(boot) 105Ri

Trazo 60 52 2.49 1.25 0.53 0.38 254
Frades 65 42 1.45 3.79 0.59 0.34 865
Tordoia 72 51 1.74 0.99 0.97 0.85 724
Cerceda 97 73 2.02 0.46 0.97 0.97 515
Meśıa 103 65 1.66 3.56 0.70 0.50 1123
Oroso 133 90 1.57 6.99 0.26 0.11 387
Ordes 248 133 1.28 12.63 0.25 0.07 495
All 778 291 1.01 20.52 0.25 0.05 312

Table 4.5: Estimates of c, χ2 goodness-of-fit test statistics and coefficients of isonymy,
Ri for Surname distributions in the region of Ordes (migration population between
75 and 85 years): occurrence of surnames (2000 population census).

When two distributions of surnames is fitted by the Pareto distribution, it’s useful
compare both, in order to comment on their relative concentration of surnames.

Is this procedure scalable to larger regions?

In the big cities, or big regions that is the case of the dioceses, for example, despite
having more population the surnames are more diverse, for this reason, maybe, it will
be seen that the test is not satisfied.

In this case, region will be equivalent to diocese. Tables 4.9 and 4.10 give fi(x),
{i = 1, . . . , 6}, the number of surnames occurring x times, for each diocese’s, for the
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Council
Nº of
people, Ni

Nº of
surnames, ni

c χ2 p-value(BH) p-value(boot) 105Ri

Trazo 93 66 1.69 2.56 0.69 0.52 491
Frades 97 60 1.34 6.15 0.33 0.08 591
Tordoia 146 84 1.35 4.01 0.73 0.73 661
Meśıa 149 89 1.38 9.60 0.33 0.12 594
Cerceda 173 107 1.51 7.10 0.36 0.22 538
Oroso 263 150 1.37 10.87 0.33 0.12 406
Ordes 590 259 1.14 10.20 0.73 0.64 379
All 1511 493 1.06 17.06 0.36 0.22 231

Table 4.6: Estimates of c, χ2 goodness-of-fit test statistic and coefficients of isonymy,
Ri for Surname distributions in the region of Ordes (migrant population between 55
and 65 years): occurrence of surnames (2000 population census).

Council
Nº of
people, Ni

Nº of
surnames, ni

c χ2 p-value(BH) p-value(boot) 105Ri

Frades 593 185 0.91 20.70 0.15 0.15 688
Trazo 671 207 0.83 37.95 0.03 0.01 488
Meśıa 830 217 0.80 39.90 0.04 0.02 627
Tordoia 832 221 0.80 36.19 0.07 0.05 540
Cerceda 1319 337 0.81 46.22 0.04 0.01 386
Oroso 2135 581 0.87 31.61 0.13 0.11 251
Ordes 3229 618 0.75 37.43 0.13 0.10 227
All 9609 1207 0.69 57.97 0.01 0.00 113

Table 4.7: Estimates of c, χ2 goodness-of-fit test statistic and coefficients of isonymy,
Ri for Surname distributions in the region of Ordes (migrant population): occurrence
of surnames (census data 2000).
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Position Diocese Surname
People - 2011
Population Census

People - 2000
Population Census

1st Tui-Vigo Rodŕıguez 23093 22988
1st Ourense Rodŕıguez 21004 23232
1st Astorga Rodŕıguez 3331 30806
1st Lugo López 23046 25788
1st Mondoñedo-Ferrol López 13248 14464
1st Santiago Garćıa 39744 40809
1st Galicia Rodŕıguez 105704 111658
2nd Galicia Fernández 99981 105549

Table 4.8: Most frequent surnames in the dioceses of Galicia and Galicia (first and
second position) for the 2011 and 2000 population censuses. In three of the six
dioceses, the surname Rodŕıguez is the most common Tui-Vigo, Ourense and Astorga.
The surname López is the most common in the diocese of Lugo and in the diocese
of Mondoñedo-Ferrol. In the diocese of Santiago the most common is the surname
Garćıa. In Galicia, the most common name is Rodŕıguez followed by Fernández.

2011 and 2000 population censuses, in Galicia, respectively. The 2000 data are used
because that database has the gender variable and some analysis by gender are needed.
Table 4.8 shows most frequent surnames in the dioceses of Galicia and Galicia (first
and second position) for the 2011 and 2000 population censuses.

Tables 4.9 and 4.10 show a summary of ni (# total number of surnames), Ni (#
total population), and the percentage of unique names, 100f(1)/ni, in each diocese,
i. In all distributions (both in Table 4.9 as Table 4.10), fi(x), {i = 1, . . . , 6} has
decreasing probability function mass and a very long tail; that is, many of (not most
of) the k names in a diocese are unique, and the more common a name is, the smaller
the number of names which occur so often (similar results for England in Fox and
Lasker (1983)).
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x Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
1 1516 4198 1575 2832 1579 437 6894
2 682 1918 693 1277 739 209 2832
3 328 953 404 617 371 103 1423
4 227 643 264 407 238 72 911
5 150 432 194 361 171 44 687
6 127 377 152 246 128 40 547
7 118 268 134 202 107 29 389
8 90 241 111 169 92 23 351
9 82 215 91 166 89 24 292
10 57 180 90 129 70 20 269
11 45 135 76 120 77 15 215
12 47 136 54 90 48 15 225
13 46 108 59 86 44 13 195
. . . . . . . . . . . . . . . . . . . . . . . .
249 1 4 2 1 0 0 4
265 3 3 1 0 2 0 6
+266 128 719 173 214 143 20 1172
Nº of surnames, ni 4788 13326 5257 8579 4941 1261 20766
Nº of people, Ni 263243 1185174 262961 408577 278319 32238 2430512
% unique names 31.66 31.50 29.96 33.01 31.96 34.66 33.20

Table 4.9: Surname distributions: occurrence of surnames, x, and number of surnames
which occurred exactly x times, fi(x), {i = 1, . . . , 6} (2011 population census). If it
is considered, the diocese of Lugo, as an example, NLugo =263243 people yielded
nLugo =4788 different surnames, of which f(1) = 1516 were unique in the diocese,
and the most common name, López, 23046 people.
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x Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
1 1436 3678 1359 2623 1631 397 6438
2 630 1553 729 995 665 194 2303
3 302 853 355 607 349 98 1318
4 222 564 278 398 255 67 838
5 146 401 199 302 174 43 618
6 129 333 135 250 125 30 499
7 113 260 105 191 101 28 394
8 79 223 98 168 97 19 310
9 70 204 102 135 91 27 256
10 63 172 80 144 72 20 274
11 54 132 71 109 68 15 226
12 38 122 57 80 49 23 171
13 51 107 46 77 42 13 198
. . . . . . . . . . . . . . . . . . . . . . . .
249 0 2 0 0 0 0 2
250 0 4 1 1 0 0 5
+250 154 734 187 209 153 24 1203
Nº of surnames, ni 4627 12070 5010 7868 4913 1201 19349
Nº of people, Ni 290414 1206342 283673 402906 303609 36179 2523123
% unique names 31.04 30.47 27.13 33.34 33.20 33.06 33.27

Table 4.10: Surname distributions: occurrence of surnames, x, and number of sur-
names which occurred exactly x times, fi(x), {i = 1, . . . , 6} (2000 population census).
If it is considered, the diocese of Lugo, as an example, NLugo =290414 people yielded
nLugo=4627 different surnames, of which f(1) =1436 were unique in the diocese, and
the most common name, López, 25788 people.



4.2. THE DISTRIBUTION OF SURNAME FREQUENCIES 175

Figure 4.10 shows, for seven of the distributions, six for the dioceses and one for
the total (in black colour), in Table 4.10, the numerical values of these distributions.

The resulting estimates of c were substituted in equation (4.2.1). Tables 4.11
and 4.12 list the corresponding estimates of c and values of p−value obtained after
χ2 goodness-of-fit test showed that the discrete Pareto distribution doesn’t fit to
the observed frequencies. All cases, except diocese of Astorga which has the lowest
population concentration, the value of χ2 significant at the 5% level. This indicates
that all sets, in both years, 2001 and 2011, are not consistent with the discrete
Pareto distribution. Note that similar conclusions can be derived using the corrected
p-values with Benjamini and Hochberg’ method to those obtained using the original
ones. The p-value obtained by performing a parametric boostrap calibration is added,
(p-value(boot)). 1000 bootstrap replicates have been obtained. The p-value calculated,
allows to affirm that the distributions come from a Pareto distribution.

Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
% unique names 31.66 31.50 29.96 33.01 31.96 34.66 33.20
c 0.41 0.39 0.40 0.46 0.43 0.53 0.39
p−value(BH) 0.0 0.0 0.0 0.0 0.0 0.0 0.0
p−value(boot) 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 4.11: Surname distributions: percentage unique names, c and p−value of the
contrast to see if the distribution of frequencies is distributed as a Pareto distribution
(2011 population census).

Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
% unique names 31.04 30.47 27.13 33.34 33.20 33.06 33.27
c 0.39 0.36 0.37 0.45 0.43 0.49 0.37
p−value(BH) 0.0 0.0 0.0 0.0 0.0 0.0 0.0
p−value(boot) 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 4.12: Surname distributions: percentage unique names, c and p−value of the
contrast to see if the distribution of frequencies is distributed as a Pareto distribution
(2000 population census).

Since in both cases, the frequency distribution does not confirm the Pareto dis-
tribution, as it does in paper Fox and Lasker (1983), it was tried changing the value
of c, increasing or decreasing it by a lot to see if the results of the fit test changed.
After the adjustments, the results obtained were still the same. It is observed in Fig-
ure 4.10, that the decrease is not the same as in the work by Fox and Lasker (1983),
since towards the end of the data several jumps are observed, which leads to thinking
that indeed the underliping distribution is not a Pareto one.
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Zei et al. (1983) and other authors, observed some difficulties to give a theoretical
justification to why the discrete Pareto distribution may provide a satisfactory repres-
entation of the mechanism that generated the observed distribution of surnames. An
alternative could be to try the Panaretos proposal (Panaretos (1988)), where is pro-
posed a probability model leading to a Yule distribution is developed in the study of
surname frequency data. This distribution, suitably truncated, is fitted to actual data
as an alternative to the discrete Pareto distribution, with quite satisfactory results.
This distribution is the zero-truncated version of Yule’s (Yule (1924)) distribution
with probability function

P (X = x) =
cx!

Γ(x+ c+ 2)
Γ(c+ 2) (x = 1, 2, . . . l; c > 1). (4.2.2)

As x increases, it is obvious that x!/Γ(x+ c+ 2) becomes approximately proportional
to x−(c+1). In fact, equation (4.2.2) is considered to be the discrete analogue of
the continuous Pareto distribution. In addition, equation (4.2.2) seems to be an
appropriate choice because it can arise in the context of surname frequency analysis
through a probability model and Panaretos uses the truncated Yule distribution to fit
the data of Reading from Lasker et al. (1979) and provide a satisfactory fit. But this
new fit does not show any appreciable difference from that provided by the discrete
Pareto distribution. Therefore, based on these considerations, the analysis continued
on the argument presented in Fox and Lasker (1983).

In this analysis, the population used was migrant population in the dioceses of
Galicia, that is, it was considered the population residing in the dioceses but not born
in the same diocese and repeat the same analysis. Table 4.13 gives fi(x), {i = 1, . . . , 6},
the number of surnames occurring x times, for each diocese’s, for the 2000 population
census, in Galicia, for migrant people.

Table 4.14 shows the corresponding estimates of c and values of p−value obtained
after χ2 goodness-of-fit-test and this indicates that all sets, except diocese of Astorga,
are not consistent with the discrete Pareto distribution. Observing the already men-
tioned roughness of Figure 4.10 and that the percentage of unique names is not very
high, contrary to what happens in the work of Fox and Lasker (1983).

Noting the roughness of Figure 4.10 already mentioned and that the percentage
of unique names is not very high, contrary to what happens in paper Fox and Lasker
(1983), the idea now is to look for data similar to those of Reading (Lasker et al.
(1979)). When comparing the Reading data with those of the dioceses of Galicia,
on the one hand, the frequency vectors do not reach zero as fast as in the first case.
Another thing that has an important weight is the percentage of unique surnames so
that it can be assumed that the data come from a Pareto distribution. The mean
number of occurrences per name (Ni/ni) and the standard deviation increase with n
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x Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
1 1003 1878 1062 1823 1092 374 2931
2 413 809 440 690 400 137 1124
3 205 447 247 430 209 69 616
4 120 310 176 269 127 28 429
5 106 230 126 204 83 13 309
6 54 176 85 134 68 14 246
7 63 132 62 113 49 5 211
8 53 97 61 100 26 9 173
9 38 101 44 87 29 6 138
10 30 99 30 67 26 3 125
11 35 68 31 64 20 3 84
12 23 63 31 45 11 2 86
13 21 59 19 44 17 5 85
. . . . . . . . . . . . . . . . . . . . . . . .
99 0 2 0 1 2 0 6
100 0 4 1 1 0 1 5
+100 25 112 30 83 19 6 278
Nº of surnames, ni 2402 5271 2723 4727 2311 698 8227
Nº of people, Ni 21779 87896 27735 70010 17420 3274 228114
% unique names 41.76 35.63 39.00 38.57 47.25 53.58 35.63

Table 4.13: Surname distributions: occurrence of surnames, x, and number of sur-
names which occurred exactly x times, fi(x), {i = 1, . . . , 6} (2000 population census,
for migrant people).

Lugo Santiago Mondoñedo-Ferrol Tui-Vigo Ourense Astorga All
percentage unique names 41.76 35.63 39.00 38.57 47.25 53.58 35.63
c 0.67 0.56 0.64 0.60 0.79 0.96 0.50
p−value(BH) 0.00 0.00 0.00 0.00 0.00 0.05 0.00
p−value(boot) 0.00 0.00 0.00 0.00 0.00 0.05 0.00

Table 4.14: Surname distributions: percentage unique names, c and p−value of the
contrast to see if the distribution of frequencies is distributed as a Pareto distribution
(2000 population census).
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the percentage of unique names and the estimate of the parameter c decrease as Ni

increases. From equation (4.2.1), the probability that a name is unique is 1/ζ(c+ 1),
and if this decreases as n increases, then c must decrease as n increases.

The coefficient of isonymy seems to be independent of sample size. Ri can be
interpreted to be half of Yule’s K coefficient which was used in linguistics (Yule
(1944)) to describe the concentration of word occurrences. Yule (1944) show that K
(and even Ri ) is effectively independent of sample size.

4.3 Migration distance

Barrai et al. (1989) relates isonymy with migration distance. They perform a study
by gender of the immigrants and based on the distance from their place of origin to
Ferrara (Italy). They have analized this in the town of Ferrara in the Po Delta in
Italy. They conclude that isonymy decreases with distance from their place of origin
and that there are gender differences, i.e., women migrate shorter distances than men.

Piazza et al. (1987) proposed a method for the estimation of migration rates
of human populations from surname distributions; they found a good correlation
between the migration rate estimated from surnames and the migration rate meas-
ured at population censuses. Barrai et al. (1987) observed that the distributions of
surnames in several small and large towns are almost exactly linearized by a log-log
transformation, and this observation was considered as indication that most surname
distributions fit the Karlin-McGregor models (Karlin and McGregor (1967)) which
give the distribution of neutral alleles expected in a population of N haploid indi-
viduals, each carrying one of k different alleles, similarity between individuals (N)
and surnames (k). Barrai et al. (1989), propose a specific question, namely, what
are the characteristics of the distribution of surnames in the migrants themselves? Is
there random isonymy in migrant groups, or is it associated in some way with the
migration distance, namely with the distance of the place of residence from the place
of origin? Is there a relation between the gender and name of migrants and migration
distance?.

A similar approach is proposed for the data from Galicia. As previously men-
tioned, in order to perform an analysis by gender, data from the 2000 population
census of Galicia will be used. Six municipalities are studied: A Coruña (241769
total, 112264 men, 129505 women) and Vigo (285526 total, 135413 men, 150113 wo-
men) which are the most populated cities; A Pontenova (3389 total, 1658 men, 1731
women) a rural municipality in the Mariña de Lugo with a small population, Ribeira
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(2478 total, 13036 men, 13442 women) a coastal municipality with some population;
O Bolo (1432 total, 700 men, 732 women) a rural municipality in the province of
Ourense with a small population and Ordes (11942 total, 5789 men, 6153 women) an
inland municipality, between the cities of A Coruña and Santiago de Compostela and
with small population size. Figure 4.11 shows a map with the population of Galicia’s
municipalities in 2000. A circular bar chart with the population of each municipality
is shown in Appendix F on Figures F.1-F.4 for each province. The data from Ordes
were also used in the Section 4.2 dedicated to the frequency of surnames. Data will be
used for the population resident in Galicia, who do not necessarily have been born in
Galicia. Migrants will be defined as those who reside in a municipality other than the
one in which they were born (so it also consider ”in-region“ migration). Immigrants
will be grouped together in four classes according to the place of origin:

• Short-range migrants: migrations between municipalities within Galicia that
are less than 50 km apart.

• Medium-range migrants: other migrations within Galicia municipalities.

• Long-range migrants: migrants from neighbouring provinces (Asturias, León
and Zamora).

• Very large-range migrants: migrants from the rest of Spain.

Migration results will be presented for the year 2000 population (using all data),
a cut-off will be introduced for the population born in 1965 or earlier and a second
cut-off for the population born in 1945 or earlier. It will be important to see that
the curves for the year 2000 are similar to those for the year 1965 and different from
those for 1945, indicating that strong migration occurred before 1965 and has now
been maintained.

The distributions obtained from the previously defined classification are analysed
using the log-log transformation according to Barrai et al. (1987). For each distri-
bution, entropy and redundancy were calculated, as defined by information theory
(Shannon (1948)). Recall that pi being the frequency of a given surname in a group,
entropy is defined as in equation (2.2.21), (Hi = −

∑
k∈Si

pki log2(pki), with i = 1 . . . , n).

Given N , entropy as H relative to H, indicates the richness of surnames in the group,
the ratio being unity when there are as many surnames as individuals.

Surname distributions and migration range

The absolute frequency of different surnames, S, as a function of the number of
individuals carrying the same surname, k, is given in Tables 4.15-4.20 by gender and
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Figure 4.11: Galicia Population.

without migration distance. In Appendix F on Tables F.1-F.6 show the same inform-
ation by gender and migration distance. These tables give also the transformations
into the logarithm in base 2 of S and k. The distributions are plotted by gender and
total in Figures 4.12-4.17 and Figures F.5-F.10 (Appendix F). In these tables the log-
arithm in base 2 is given of the quantities k and S; the distribution is in logarithmic
classes, with the average point of the class indicated.

Table 4.15-4.20 show absolute frequency S of different surnames as a function
of the number of individuals k carring the surname, x = log2(k); y = log2(S) and
Figure F.6 shows the log-log distributions of surnames represented by k individuals
with frequency S in inmigrants to A Coruña, Vigo, O Bolo, Ribeira, A Pontenova and
Ordes, respectively, for all data, regardless of migration distance. On Appendix F on
Tables F.1-F.6 and Figures F.5-F.10 are all details of migration range for inmigrants
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Figure 4.12: All inmigrants A Coruña. The left one refers to data for the year 2000,
the middle one to data for the population born in the year 1965 or earlier and the
right one to data for the population born in the year 1945 or earlier. On the abscissa
axis, it represents the number of persons, and on the ordinate axis the number of
surnames (it is a logarithm scale in base two). (Men in red, women in blue, all green
colour).

to A Coruña, Vigo, O Bolo, Ribeira, A Pontenova and Ordes, respectively.

Table 4.19 shows absolute frequency S of different surnames as a function of
the number of individuals k carring the surname, x = log2(k); y = log2(S) and
Figure 4.16 shows the log-log distributions of surnames represented by k individuals
with frequency S in inmigrants to A Coruña, for all data, regardless of migration
distance. On Appendix F on Table F.5 and Figure F.9 are all details of migration
range for inmigrants to A Pontenova.

From Table 4.21 (obtained as the sum for each distance from the detailed table
for each of the municipalities studied, see Appendix F.8), it can be observed that
the gender ratio (Female/Male), increases sharply at long and very long distances.
Similarly, for the Table 4.22 (obtained as the sum for each distance from the detailed
table for each of the municipalities studied, see Appendix F.9), it can be observed
that the gender ratio, practically the same at medium and very long distances, and
in favour of females, increases sharply at long distances, in this case, the population
born in 1965 or earlier is considered. And finally for those born in 1965 or earlier on
Table 4.23 (obtained as the sum for each distance from the detailed table for each of
the municipalities studied, see Appendix F.10), it can be observed that the gender
ratio, practically the same at all ranges of distance.
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Figure 4.13: All inmigrants Vigo. The left one refers to data for the year 2000, the
middle one to data for the population born in the year 1965 or earlier and the right
one to data for the population born in the year 1945 or earlier. On the abscissa axis,
it represents the number of persons, and on the ordinate axis the number of surnames
(it is a logarithm scale in base two). (Men in red, women in blue, all green colour).

In Tables 4.21-4.23, the migrants are distributed by gender and migration range.
Table 4.24 shows number of surnames, S, population in each council, N , migration
rate, ν and α (equations (2.2.7) and (2.2.5), respectively, defined on Chapter 2 Section
2.2) of Fisher (people born in 2000 or earlier). It is to be noted that the estimates
of ν and α are functionally dependent, since ν = α + (α +N). The quantity α is, in
Fisher’s formulation, an indication of the richness of species; in the present case, it
indicates the richness of surnames.

Table 4.25 shows number of surnames, S, population in each council, N , migration
rate, ν (equation (2.2.7)) and α (equation (2.2.5)) of Fisher (people born in 1965 or
earlier).

Table 4.26 shows number of surnames, S, population in each council, N , migration
rate, ν (equation (2.2.7)) and α (equation (2.2.5)) of Fisher (people born in 1945 or
earlier). Tables 4.24-4.26 are similar for the 3 time instants. The results for the
municipality of A Coruña and Vigo are similar to each other, and on the other hand
there are the other four municipalities.
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Figure 4.14: All inmigrants O Bolo (province of Ourense). The left one refers to data
for the year 2000, the middle one to data for the population born in the year 1965 or
earlier and the right one to data for the population born in the year 1945 or earlier.
On the abscissa axis, it represents the number of persons, and on the ordinate axis
the number of surnames (it is a logarithm scale in base two). (Men in red, women in
blue, all green colour).

Figure 4.15: All inmigrants Ribeira. The left one refers to data for the year 2000, the
middle one to data for the population born in the year 1965 or earlier and the right
one to data for the population born in the year 1945 or earlier. On the abscissa axis,
it represents the number of persons, and on the ordinate axis the number of surnames
(it is a logarithm scale in base two). (Men in red, women in blue, all green colour).
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Figure 4.16: All inmigrants A Pontenova. The left one refers to data for the year 2000,
the middle one to data for the population born in the year 1965 or earlier and the
right one to data for the population born in the year 1945 or earlier. On the abscissa
axis, it represents the number of persons, and on the ordinate axis the number of
surnames (it is a logarithm scale in base two). (Men in red, women in blue, all green
colour).

Figure 4.17: All inmigrants Ordes. The left one refers to data for the year 2000, the
middle one to data for the population born in the year 1965 or earlier and the right
one to data for the population born in the year 1945 or earlier. On the abscissa axis,
it represents the number of persons, and on the ordinate axis the number of surnames
(it is a logarithm scale in base two). (Men in red, women in blue, all green colour).
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3583 1331 1006 687 433 243 119 82 12

Males

y 11.81 10.38 9.97 9.42 8.76 7.92 6.89 6.36 3.58
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4428 1414 1060 731 453 298 170 99 28

Females

y 12.11 10.47 10.05 9.51 8.82 8.22 7.41 6.63 4.81
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 5915 2068 1814 1227 717 436 197 127 63

All
inmigrants

2000

Total

y 12.53 11.01 10.82 10.26 9.49 8.77 7.62 6.99 5.98
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3871 1275 944 634 370 222 105 71 4

Males

y 11.92 10.32 9.88 9.31 8.53 7.79 6.71 6.15 2.00
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4691 1391 969 718 384 275 144 90 19

Females

y 12.20 10.44 9.92 9.49 8.58 8.10 7.17 6.49 4.25
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 5985 2001 1631 1154 720 472 198 132 73

All
inmigrants

1965

Total

y 12.55 10.97 10.67 10.17 9.49 8.88 7.63 7.04 6.19
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3051 908 722 470 251 124 68 41 NA

Males

y 11.58 9.83 9.50 8.88 7.97 6.95 6.09 5.36 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3333 1012 766 511 326 148 87 69 NA

Females

y 11.70 9.98 9.58 9.00 8.35 7.21 6.44 6.11 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4276 1384 1063 744 516 343 185 122 48

All
inmigrants

1945

Total

y 12.06 10.43 10.05 9.54 9.01 8.42 7.53 6.93 5.58

Table 4.15: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of A Coruña. The sub-table on the left refers to the data for the
year 2000, the central one for the data of the population born in the year 1965 or
before, and the one on the right for the population born in the year 1945 or before.
Each subtable is in turn divided into three subtables, the information is divided by
gender and the total. The first column represents the logarithm in base two of the
number of individuals, which is measured in intervals by rows, the midpoint of the
interval is considered for the calculation, the second column is the number of different
surnames that fall within each interval and finally, the third column is the logarithm
in base two of the number of surnames.
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3724 1229 996 658 380 176 94 73 7

Males

y 11.86 10.26 9.96 9.36 8.57 7.46 6.55 6.19 2.81
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4585 1368 1044 657 428 201 111 83 15

Females

y 12.16 10.42 10.03 9.36 8.74 7.65 6.79 6.38 3.91
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4659 1646 1415 961 576 374 225 139 69

All
inmigrants

2000

Total

y 12.19 10.68 10.47 9.91 9.17 8.55 7.81 7.12 6.11
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3350 1022 795 524 323 165 88 65 NA

Males

y 11.71 10.00 9.63 9.03 8.34 7.37 6.46 6.02 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3853 1130 876 544 383 174 105 79 5

Females

y 11.91 10.14 9.77 9.09 8.58 7.44 6.71 6.30 2.32
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4714 1514 1245 802 495 264 164 105 47

All
inmigrants

1965

Total

y 12.20 10.56 10.28 9.65 8.95 8.04 7.36 6.71 5.55
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 2850 720 595 453 234 130 78 42 NA

Males

y 11.48 9.49 9.22 8.82 7.87 7.02 6.29 5.39 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 3205 921 628 460 283 181 97 64 NA

Females

y 11.65 9.85 9.29 8.85 8.14 7.50 6.60 6.00 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 4263 1273 1099 714 435 235 114 86 27

All
inmigrants

1945

Total

y 12.06 10.31 10.10 9.48 8.76 7.88 6.83 6.43 4.75

Table 4.16: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of A Vigo. The sub-table on the left refers to the data for the year
2000, the central one for the data of the population born in the year 1965 or before,
and the one on the right for the population born in the year 1945 or before. Each
subtable is in turn divided into three subtables, the information is divided by gender
and the total. The first column represents the logarithm in base two of the number
of individuals, which is measured in intervals by rows, the midpoint of the interval is
considered for the calculation, the second column is the number of different surnames
that fall within each interval and finally, the third column is the logarithm in base
two of the number of surnames.
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 36 10 5 2 NA NA NA NA NA

Males

y 5.17 3.32 2.32 1.00 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 44 11 3 1 NA NA NA NA NA

Females

y 5.46 3.46 1.58 0.00 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 29 13 7 14 9 7 NA NA NA

All
inmigrants

2000

Total

y 4.86 3.70 2.81 3.81 3.17 2.81 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 24 13 8 7 1 NA NA NA NA

Males

y 4.58 3.70 3.00 2.81 0.00 NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 38 6 6 7 2 NA NA NA NA

Females

y 5.25 2.58 2.58 2.81 1.00 NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 29 8 8 6 10 3 NA NA NA

All
inmigrants

1965

Total

y 4.86 3.00 3.00 2.58 3.32 1.58 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 26 4 10 1 NA NA NA NA NA

Males

y 4.70 2.00 3.32 0.00 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 31 8 6 4 NA NA NA NA NA

Females

y 4.95 3.00 2.58 2.00 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 33 14 4 6 2 NA NA NA NA

All
inmigrants

1945

Total

y 5.04 3.81 2.00 2.58 1.00 NA NA NA NA

Table 4.17: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of O Bolo (Ourense). The sub-table on the left refers to the data
for the year 2000, the central one for the data of the population born in the year 1965
or before, and the one on the right for the population born in the year 1945 or before.
Each subtable is in turn divided into three subtables, the information is divided by
gender and the total. The first column represents the logarithm in base two of the
number of individuals, which is measured in intervals by rows, the midpoint of the
interval is considered for the calculation, the second column is the number of different
surnames that fall within each interval and finally, the third column is the logarithm
in base two of the number of surnames.
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 471 185 122 46 33 17 NA NA NA

Males

y 8.88 7.53 6.93 5.52 5.04 4.09 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 546 143 102 51 30 15 NA NA NA

Females

y 9.09 7.16 6.67 5.67 4.91 3.91 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 492 216 174 132 99 68 54 19 NA

All inmigrants 2000

Total

y 8.94 7.75 7.44 7.04 6.63 6.09 5.75 4.25 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 462 140 132 82 33 18 7 NA NA

Males

y 8.85 7.13 7.04 6.36 5.04 4.17 2.81 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 466 136 115 89 42 26 13 NA NA

Females

y 8.86 7.09 6.85 6.48 5.39 4.70 3.70 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 325 131 142 110 79 63 50 23 NA

All inmigrants 1965

Total

y 8.34 7.03 7.15 6.78 6.30 5.98 5.64 4.52 NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 464 108 71 33 22 12 NA NA NA

Males

y 8.86 6.75 6.15 5.04 4.46 3.58 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 449 102 79 53 19 19 4 NA NA

Females

y 8.81 6.67 6.30 5.73 4.25 4.25 2.00 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 546 158 92 45 33 13 NA NA NA

All inmigrants 1945

Total

y 9.09 7.30 6.52 5.49 5.04 3.70 NA NA NA

Table 4.18: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of Ribeira (province of A Coruña). The sub-table on the left refers
to the data for the year 2000, the central one for the data of the population born in
the year 1965 or before, and the one on the right for the population born in the year
1945 or before. Each subtable is in turn divided into three subtables, the information
is divided by gender and the total. The first column represents the logarithm in base
two of the number of individuals, which is measured in intervals by rows, the midpoint
of the interval is considered for the calculation, the second column is the number of
different surnames that fall within each interval and finally, the third column is the
logarithm in base two of the number of surnames.
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 66 18 8 1 NA NA NA NA NA

Males

y 6.04 4.17 3.00 0.00 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 94 24 7 3 NA NA NA NA NA

Females

y 6.55 4.58 2.81 1.58 NA NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 75 35 23 21 11 17 2 NA NA

All
inmigrants

2000

Total

y 6.23 5.13 4.52 4.39 3.46 4.09 1.00 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 51 12 9 13 8 NA NA NA NA

Males

y 5.67 3.58 3.17 3.70 3.00 NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 63 18 20 10 12 5 NA NA NA

Females

y 5.98 4.17 4.32 3.32 3.58 2.32 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 80 15 23 16 14 16 NA NA NA

All
inmigrants

1965

Total

y 6.32 3.91 4.52 4.00 3.81 4.00 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 59 12 10 5 2 NA NA NA NA

Males

y 5.88 3.58 3.32 2.32 1.00 NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 77 27 12 8 1 NA NA NA NA

Females

y 6.27 4.75 3.58 3.00 0.00 NA NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 79 17 13 11 8 NA NA NA NA

All
inmigrants

1945

Total

y 6.30 4.09 3.70 3.46 3.00 NA NA NA NA

Table 4.19: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of A Pontenova (province of Lugo). The sub-table on the left refers
to the data for the year 2000, the central one for the data of the population born in
the year 1965 or before, and the one on the right for the population born in the year
1945 or before. Each subtable is in turn divided into three subtables, the information
is divided by gender and the total. The first column represents the logarithm in base
two of the number of individuals, which is measured in intervals by rows, the midpoint
of the interval is considered for the calculation, the second column is the number of
different surnames that fall within each interval and finally, the third column is the
logarithm in base two of the number of surnames.
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int 1 2 (2,4] (4,8] (8,16] (16,32] (32,64] (64,128] (128,Inf]
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 250 67 74 34 21 9 NA NA NA

Males

y 7.97 6.07 6.21 5.09 4.39 3.17 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 285 72 52 38 23 14 NA NA NA

Females

y 8.15 6.17 5.70 5.25 4.52 3.81 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 252 104 69 61 49 34 20 NA NA

All
inmigrants

2000

Total

y 7.98 6.70 6.11 5.93 5.61 5.09 4.32 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 257 81 58 20 30 9 NA NA NA

Males

y 8.01 6.34 5.86 4.32 4.91 3.17 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 277 77 47 44 28 11 NA NA NA

Females

y 8.11 6.27 5.55 5.46 4.81 3.46 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 202 74 62 49 48 42 30 NA NA

All
inmigrants

1965

Total

y 7.66 6.21 5.95 5.61 5.58 5.39 4.91 NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 260 61 41 14 18 12 NA NA NA

Males

y 8.02 5.93 5.36 3.81 4.17 3.58 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 275 66 54 15 12 1 NA NA NA

Females

y 8.10 6.04 5.75 3.91 3.58 0.00 NA NA NA
k 1 2 3.5 6.5 12.5 24.5 48.5 96.5 128
x 0.00 1.00 1.81 2.70 3.64 4.61 5.60 6.59 7.00
S 267 69 50 43 29 24 2 NA NA

All
inmigrants

1945

Total

y 8.06 6.11 5.64 5.43 4.86 4.58 1.00 NA NA

Table 4.20: This table is composed of 3 sub-tables. It refers to the migrant population
of the municipality of Ordes (province of A Coruña). The sub-table on the left refers
to the data for the year 2000, the central one for the data of the population born in
the year 1965 or before, and the one on the right for the population born in the year
1945 or before. Each subtable is in turn divided into three subtables, the information
is divided by gender and the total. The first column represents the logarithm in base
two of the number of individuals, which is measured in intervals by rows, the midpoint
of the interval is considered for the calculation, the second column is the number of
different surnames that fall within each interval and finally, the third column is the
logarithm in base two of the number of surnames.
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Distance Males Females Total F/M
Short 40280 51541 91821 0.78
Medium 39095 47463 86558 0.82
Long 5129 5613 10742 0.91
Very long 14040 15322 29362 0.92
All 98544 119939 218483 0.82

Table 4.21: Migration distance and gender of migrants (people born in 2000 or earlier).

Distance Males Females Total F/M
Short 36597 47756 84353 0.77
Medium 35764 44073 79837 0.81
Long 4652 5124 9776 0.91
Very long 11503 12890 24393 0.89
All 88516 109843 198359 0.81

Table 4.22: Migration distance and gender of migrants (people born in 1965 or earlier).

Distance Males Females Total F/M
Short 25749 34855 60604 0.74
Medium 25898 32137 58035 0.81
Long 2930 3310 6240 0.89
Very long 6632 7557 14189 0.88
All 61209 77859 139068 0.79

Table 4.23: Migration distance and gender of migrants (people born in 1945 or earlier).

Males Females All
S N ν α S N ν α S N ν α

A Coruña 4840 49213 2.74E-03 135.38 5713 62061 2.27E-03 140.94 7103 111274 1.25E-03 138.86
Vigo 4838 45342 2.53E-03 114.96 5783 53915 1.97E-03 106.42 7330 99257 1.11E-03 110.52
O Bolo 44 89 5.79E-06 5.16E-04 49 85 4.34E-06 3.69E-04 75 174 2.20E-06 3.82E-04
Ribeira 601 2433 1.40E-04 0.34 652 2221 8.29E-05 0.18 874 4654 5.30E-05 0.25
A Pontenova 76 141 9.54E-06 1.34E-03 107 189 7.83E-06 1.48E-03 147 330 4.10E-06 0.00
Ordes 374 1326 7.63E-05 0.10 409 1468 5.52E-05 0.08 549 2794 3.20E-05 0.09

Table 4.24: Number of surnames, population, migration rate and α of Fisher (people
born in 2000 or earlier).

Males Females All
S N ν α S N ν α S N ν α

A Coruña 4721 45002 2.98E-03 1.35E+02 5452 57704 2.43E-03 1.41E+02 6923 102706 1.35E-03 1.38E+02
Vigo 4644 40201 2.67E-03 1.07E+02 5457 48919 2.06E-03 1.01E+02 7091 89120 1.17E-03 1.04E+02
O Bolo 39 71 5.74E-06 4.08E-04 45 70 4.15E-06 2.90E-04 71 141 2.09E-06 2.94E-04
Ribeira 578 2018 1.38E-04 2.78E-01 571 1767 7.63E-05 1.35E-01 829 3785 5.05E-05 1.91E-01
Pontenova 73 125 1.01E-05 1.27E-03 98 166 7.96E-06 1.32E-03 141 291 4.25E-06 1.24E-03
Ordes 356 1099 7.52E-05 8.27E-02 366 1217 5.29E-05 6.44E-02 522 2316 3.10E-05 7.19E-02

Table 4.25: Number of surnames, population, migration rate and α of Fisher (people
born in 1965 or earlier).
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Males Females All
S N ν α S N ν α S N ν α

Coruña 4009 31749 0.00 126.90 4492 42014 0.00 136.51 5921 73763 0.00 132.80
Vigo 3836 27596 0.00 95.95 4430 34161 0.00 90.36 5920 61757 0.00 93.15
OBolo 31 47 0.00 0.00 36 49 0.00 0.00 58 96 0.00 0.00
Ribeira 429 1094 0.00 0.16 375 887 0.00 0.06 608 1981 0.00 0.10
APontenova 54 80 0.00 0.00 53 84 0.00 0.00 87 164 0.00 0.00
Ordes 265 643 0.00 0.05 246 664 0.00 0.04 394 1307 0.00 0.04

Table 4.26: Number of surnames, population, migration rate and α of Fisher (people
born in 1945 or earlier).
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4.4 Generalisation of isonymy between and Lasker

distance

The main purpose of this Section consists of ranking the Galician councils, taking
a groundbreaking perspective from cooperative game theory. More specifically, the
criterion chosen is based on their marginal capability to modify the overall isonymy.
However, the most usual notions involve only two regions and, for this reason, a
generalization of isonymy is required for their usage in a more general scenario of
cooperation.

4.4.1 An extension of isonymy between groups

We firstly generalize the definition of isonymy between in equation (2.2.4) and Lasker
distance in equation (2.2.17) for a more general setting. Take again R = {1, . . . , r}
the set of the involved geographical regions. For a subset T of regions of R, if Sj
is the collection of surnames of region j, with j ∈ R, the joint collection of all the
surnames is naturally given by

ST =
⋃
j∈T

Sj.

The usage of isonymy to measure of population similarities of groups with more
than 2 regions can be naturally justified. First, an extension of the concepts of
isonymy between n and Lasker distance to a more general setting is necessary. If
we take a subset of regions T ⊆ R, the isonymy between them can be innovatively
prescribed by

IT =
∑
l∈ST

(∏
j∈T

plj

)
, (4.4.3)

as an extension of equation (2.2.4). Directly, different measures of the isonymic dis-
tance between a set of regions may be determined. For instance, the Lasker distance
for T , namely LT , is given by

LT = − log(IT ). (4.4.4)

4.4.2 Isonymy under cooperation

Now, we will make use of cooperative game theory and its main results in order to
rank regions. Formally, a transferable utility cooperative game (or TU-game) is given
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by (R, v), with R = {1, . . . , r} the set of players and v : 2R −→ R a map that
assigns to each coalition T ⊆ R a real number v(T ) that represents the worth of the
cooperation of the members of T , with v(∅) = 0. GR denotes the class of TU-games
with set of players R.

Directly, the problem of cooperation of the regions can be modelled by TU-games.
Take T ⊆ R a group of regions of R. Thus, the isonymy games (R, vI) and (R, vL)
can be alternatively defined for every T ⊆ R, when using equation (4.4.3), by

vI(T ) = IT ,

and, when using equation (4.4.4), by

vL(T ) = LT .

Note that a comprehensive analysis of the theoretical properties that these classes of
TU-games satisfy can be done. However, they have not included here because it is
out of the scope of the paper. If it was of interest, this analysis can be provided on
request.

The establishment of rankings by using TU-games is an idea already considered
in other settings. Mainly, specific solutions of TU-games are used for this purpose.
It is remarkable the case of the Shapley value for a general TU-game (R, v) (Shapley
(1953)), whose definition is based on the average of those contributions of a player
to the set of coalitions that do not contain it. That is, fixed i ∈ R and (R, v) ∈ GR,
player i’s marginal contribution to coalition T ⊆ R \ {i} is given by

v(T ∪ {i})− v(T ). (4.4.5)

Formally, the Shapley value can be expressed in terms of permutations. Π(R) is the
set of permutations of R. For each σ ∈ Π(R), the set of predecessors of player i ∈ R
according to σ is denoted by P σ

i and defined as P σ
i = {j ∈ R : σ(j) < σ(i)}. Thus,

the Shapley value can be written as

Shi(R, v) =
1

|Π(R)|
∑

σ∈Π(R)

(v(P σ
i ∪{i})−v(P σ

i )), for every i ∈ R and every (R, v) ∈ GR.

The main drawback concerning the Shapley value is computational, since its com-
plexity increases exponentially with the number of players. There are many papers
dealing with this issue from several perspectives. For instance, Castro et al. (2009) in-
troduced a polynomial estimation procedure of the Shapley value based on sampling.
In this paper, we adapt it for its application in an onomastic setting.
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4.4.3 Estimating the Shapley value

The computation of the Shapley value for TU games becomes a difficult task when
the number of involved agents increases. In what follows, we describe the numerical
implementation of the sampling algorithm in Fernández-Garćıa and Puerto-Albandoz
(2006) and Castro et al. (2009) for this purpose.

Let (R, v) ∈ GR be a TU game. The steps of the sampling procedure that we
propose are described below.

1. The population of the sampling procedure is the set of permutations of R, i.e.
Π(R).

2. The vector of parameters to estimate is Sh = (Shi)i∈R, where Shi denotes
Shi(R, v) for all i ∈ R.

3. The characteristic to be studied in each sampling unit σ ∈ Π(R) is the vector
(x(σ)i)i∈R, where

x(σ)i = v(P σ
i ∪ {i})− v(P σ

i ), for all i ∈ R. (4.4.6)

4. The sampling procedure takes each permutation σ ∈ Π(R) with the same prob-
ability. Thus, a sample with replacement S = {σ1, . . . , σ`} of ` orders of R is
obtained.

5. The estimation of the ith-component of Sh, Shi, is the mean of the marginal
contributions vectors over the sample of permutations S. Formally, we obtain
a vector Sh = (Shi)i∈N where, for each i ∈ N , Shi = 1

`

∑
σ∈S

x(σ)i approximates

Shi being ` the sampling size.

Algorithm 1 presents the pseudocode of this sampling procedure.

The problem of estimating the Shapley value for i ∈ R corresponds to the approx-
imation of a population parameter since it is the mean of the marginal contributions
x(σ)i. Therefore, the approximation of this rule is seen as a very common task in
Statistics, for which simple random sampling becomes a useful tool. Given an agent
i ∈ R, the estimator Shi is clearly unbiased and consistent since that

E(Shi) = E
(

1

`

∑
σ∈S

x(σ)i

)
= E(x(σ)i) = Shi,
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Algorithm 1: Pseudocode of the sampling procedure.

Let (R, v) ∈ GR be a TU game.

Set `. Do cont = 0 and Shi = 0, for all i ∈ R.
while cont < ` do

Take σ ∈ Π(R) with probability 1
r!

.
for i ∈ N do

Calculate P σ
i and x(σ)i = v(P σ

i ∪ {i})− v(P σ
i ).

Do Shi = Shi + x(σ)i.
end for
cont = cont+ 1.

end while
Finally, Shi = Shi

`
for each i ∈ N .

and that,

Var(Shi) = Var

(
1

`

∑
σ∈S

x(σ)i

)
=
θ2

`
,

where θ2 is the variance of the marginal contributions with respect to the theoretical
mean Shi. Hence, MSE(Shi) = (Shi) − Shi)2 + Var(Shi) = Var(Shi), that goes to
zero when ` increases.

A fundamental issue in a problem as the one dealt with focuses on bounding the
absolute error in the estimation. Since this error is often not possible to be measured,
a probabilistic bound on its value is theoretically provided instead. That is, for a fixed
ε > 0 and a certain probability α ∈ (0, 1), it would satisfied, for adequate sampling
sizes, that

P(|Shi − Shi| ≥ ε) ≤ α.

It is easy to check that the estimated value usually is a good approximation of the
Shapley value when sampling sizes is sufficiently large. Saavedra-Nieves et al. (2018)
state a collection of statistical results that can be useful for determining the required
sample size. The next inequality summarizes all these bounds. Let (R, v) ∈ GR be
a TU game and take ε > 0 and α ∈ (0, 1). Then, if we take wi = max

σ,σ′∈ΠP (N)
(x(σ)i −

x(σ′)i), it satisfies that

` ≥ min

{
1

4αε2
,
ln(2/α)

2ε2

}
w2
i implies that P(|Shi − Shi| ≥ ε) ≤ α.

Below, we introduce some final comments that are helpful in bounding the error
in the estimation of the Shapley value. For the usual values of α (α = 0.1, α = 0.05
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or α = 0.01), Maleki (2015) proves that

min

{
1

4αε2
,
ln(2/α)

2ε2

}
w2
i =

ln(2/α)

2ε2
w2
i .

Even more, the previous equality only holds for those values of α such that α ≤ 0.23
(p. 46 of Maleki, 2015).

Generalisation of isonymy between and Lasker distance for Galician
surnames.

This proposal is applied on the data of the Galician surnames for 2011 population
census (data described on Chapter 1). Figure 4.18 depicts the ranking of the Galician
councils according to their capabilities of modifying the overall isonymy in the case
of a merger, after apply generalisation of isonymy between or Lasker distance. More
specifically, it shows the coloured maps of Galicia resulting from the Shapley value
estimation for the two isonymy games under consideration. In particular, light colours
in councils represent large components of the estimated Shapley value, and darker
colours represent the shortest components.

Figure 4.18: Results of Shapley value after apply generalisation of isonymy between
(left) or Lasker distance (right).

At this point, it should be noted that isonymy is related to ecology, as applied to
species, and thus to diversity, has already been discussed several times throughout the
thesis. High isonymy values correspond to low diversity and vice versa, low isonymy
values correspond to high diversity. Firstly, when the isonymy game with equation
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(4.4.3) is used, no clear pattern of town councils is observed in terms of their influence
on the overall isonymy. However, we check that in the southern area of the province
of Lugo and the province of Ourense obtain the largest components of the estimated
Shapley value for the case of the Lasker distance under this cooperative approach.
That is, all these councils positively increases the overall isonymy.

It is noteworthy that similar conclusions can be extracted from Ginzo-Villamayor
et al. (2013), which indicated scarcity (low diversity in ecological terms) of surnames
in that area compared to the rest of Galicia. This area is characterized by the pre-
dominance of patronymic surnames. This class of surnames are those that ending
in “-ez” and originate from a proper name. For example, González means “son of
Gonzalo”, Fernández, of Fernando, and Rodŕıguez, of Rodrigo, which is the most
frequent surname in Galicia. It is remarkable the fact of that only nineteen of the
most common surnames in Galicia end in “-ez” in spite of they represent more than
50% of the surnames in the Galician population. That is, there are not many sur-
names, but many people have them. Among the most common surnames, nineteen

Figure 4.19: Results of Galician Surname Maps for surnames corresponding to the
“-ez” pattern.

of them end in “-ez” and account for more than 50% of the surnames in the Galician
population, that is, there are not many surnames but many people have them. Those
surnames are: Yáñez from Juan; Diéguez from Diego; Bermúdez from Bermudo;
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Mı́guez from Miguel, Estévez from Esteve, Estevo or Esteban; Núñez from Nuño;
Méndez from Mendo; Suárez from Suar or Suero; Domı́nguez from Domingo, Sánchez
from Sancho; Gómez from Gome or Gomo; Álvarez from Álvaro; Vázquez from Vasco,
reduced form of Velasco; Mart́ınez from Mart́ın; Pérez from Petrus or Pedro; López
from Lope; González from Gonzalo; Fernández from Fernando and Rodŕıguez from
Rodrigo, which is the most frequent surname in Galicia. Figure 4.19 shows results of
Galician Surname Maps6 for surnames corresponding to the “-ez” pattern. In Galicia,
patronymic surnames are mainly found in those councils of the south of the province
of Lugo and those of the province of Ourense. Clearly, there exists a correspondence
between this map and the one obtained by colouring the Galician councils according
to the decreasing order of the components of the estimated Shapley value for the
isonymy game when considering the Lasker distance (see Figure 4.18, right).

4.5 Biodiversity indices

The goal of this Section is to introduce biological indices (Section 4.5.2) and compare
their performance by simulations (Sections 4.5.3 - 4.5.4) adapting to indices to the
onomastic context. These indices could help to characterise patronymic, toponymic
and other type of surnames or highlight different behaviours depending on the type.
As an application to real data in Chapter 5 - Section 5.6, some of these indices will
be also applied to toponymic surnames. As already introduced, isonymy measures
are an adaptation of classical biodiversity indices, see Simpson (1949).

As discussed in Chapter 1, onomastics is the science that studies names in all
their aspects. There are several examples, not too many, of use of biodiversity indices
in onomastics. In Bhatia and Wilson (1981) measure surname diversity are given
based on measures developed for gene diversity analysis and for community diversity
analysis in ecology. For example, the Shannon-Weaver information measure (H ′)
for genetic variability is used to characterize diversity in a community ecology and
it is applied by the authors to quantify name diversity. The advantage of using
this measure is that the analysis is minimally affected by rare surnames. Pettener
et al. (1998) studied the surnames and genetic structure of six Quechua communities
from the upper valley of the Ichu River in the Peruvian Central Andes. To evaluate
the variability of surnames in each population, they calculated the Shannon-Weaver
information measure (H ′). This index is independent of the sample size and measures

6Galician Surname Maps (Cartograf́ıa dos Apelidos de Galicia, GSM) is a project of the Instituto
da Lingua Galega of the Universidade de Santiago de Compostela to provide a research tool for
the study of the geographical distribution of surnames in Galicia. This employs a geographical
information system combining statistical data with a spatial analysis.

https://ilg.usc.es/cag/index_ing.jsp
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the two components of surname diversity: the number of different surnames and the
homogeneity of their distribution. To separate the homogeneity component from total
diversity, they also used the homogeneity index J ′ defined by Pielou (1969). They
also used isonymy measures to characterize the population. Hernández et al. (1971),
used Lasker distance (Lij) and Shannon-Weaver (H ′), Margalef’s (R1) and Simpson’s
(DSi) diversity indices to surnames from Easter Island.

Therefore, the purpose of this Section is provide a review on biodiversity indices
that have been use in this context, practically those already mentioned in the preced-
ing paragraph and some derivatives of these ones. The following step is to analyze
their behavior in different scenarios (Sections 4.5.3 - 4.5.4) and apply them to real
data (Chapter 5 - Section 5.6).

4.5.1 A brief introduction to biodiversity measures

The concept of specific diversity in community ecology has been intensively discussed
by ecologists for years, and its use has caused semantic, conceptual and technical
problems (Hurlbert (1971)). The basic idea of a biodiversity7 index is to obtain
a quantitative estimate of biological variability in space or in time. Biodiversity
describes the variety and variability of all species within a given ecological area.
A distinction must be made between “richness” and “diversity”. Diversity usually
implies a measure of both species number and “equitability” (or “evenness”). There
are three types of indices:

7In Magurran (2004), assumptions underlying biodiversity measurement are presented:

1. All species are equal: this means that richness measurement makes no distinctions amongst
species and treat the species that are exceptionally abundant in the same way as those that
are extremely rare species. The relative abundance of species in an assemblage is the only
factor that determines its importance in a diversity measure.

2. All individuals are equal: this means that there is no distinction between the largest and the
smallest individual, in practice however the smallest animals can often escape for example by
sampling with nets.

Taxonomic and functional diversity measures, however, do not necessarily treat all species
and individuals as equal.

3. Species abundance has been recorded in using appropriate and comparable units. It is clearly
unwise to use different types of abundance measure, such as the number of individuals and
the biomass, in the same investigation. Diversity estimates based on different units are not
directly comparable.
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1. Species richness indices: Species richness is a measure for the total number of
the species in a community.

2. Evenness indices: Evenness means the degree of distribution of individuals in a
community among the different species.

3. Taxonomic indices: These indices consider the taxonomic relation between dif-
ferent organisms in a community. Not related to the objectives of this thesis.

4.5.2 Biodiversity indices

In this Section, a brief review on indices that can be used in onomastic context is
provided.

As already introduced, in Chapter 2 - Section 2.2, consider index i = 1, . . . , n for
denoting a certain geographical region (for two regions, (i, j)). Each region has an
associated collection Si of surnames (classes), and for a pair of regions, the collection
of all the classes in them is denoted by Sij. The total number of surnames in a certain
region i is denoted by ni. Surnames will be denoted by indices (k, l).

The concepts of isonymy (equation (2.2.3)), Fisher’s α (equation (2.2.5)) was
estimated according to Barrai et al. (1996) and Karlin-McGregor ν (2.2.7) have been
already discussed, as well as measures to compare more than one region as isonymy
between regions (equation (2.2.4)), Nei distance (equation (2.2.15)) (Manni et al.
(2004)), Lasker distances (equation (2.2.17)), among others.

Some notation must be introduced in order to correctly define the biodiversity
indices to be used in this Section, Table 4.27 resumes the similarities both in notation
and definitions between diversity and onomastic context.

The number of species present (species richness or species abundance) and the
evenness with which individuals are distributed across these species (species evenness
or species equitability) determine species diversity.

Species richness indices

Species richness describes the number of different species present in an area, more
species is equivalent to greater richness. Specific richness (Si) is the simplest way
of describing biodiversity as it is describe biodiversity as it is based only on the
number of species present, without taking into account the importance value of the
species, in community i. The indices to measure the richness are related with Si
and Ni, the total number of observed individuals. There are several simple indices
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Diversity context Onomastic context
k species. surname.
i community. region.
ni # of species in community i. of surnames in region i.
Si are all species in community i. are all surnames in region i.
Ni represents the total number of individuals in a

community i.
denotes the number of individuals in region i.

pki denotes the relative frequency of species k in com-
munity i.

denotes the relative frequency of surname k in re-
gion i.

nki (≈ Nki) denotes the absolute frequency of species k in com-
munity i and Si are all species in community i.

denotes the absolute frequency of surname k in
region i and Si are all surnames in region i.

N t
ki denotes the absolute frequency of species k in com-

munity i at times t.
denotes the absolute frequency of surname k in
region i at times t.

Table 4.27: Notation and definitions for biodiversity and onomastic contexts.

of species richness that try to compensate the effects of sampling by dividing the
richness, Si, the number of recorded species, by Ni, the total number of individuals
in the sample. Margalef and Menhinick’s diversity indices are two of the most widely
used: Margalef’s diversity index, which is a species diversity index was developed by
Ramón Margalef López during the 1950s (Margalef (1958)). For a community i, the
Margalef’s diversity index is defined by

R1 = Ri
1 =

Si − 1

ln(Ni)
, (4.5.7)

where Si represents the number of species (richness) and Ni represents the total
number of individuals in all Si, (for simplicity’s of notation will be referred to R1 and
because this form is commonly presented in the literature).

Menhinick’s diversity index was introduced by Edward F. Menhinick (Menhinick
(1964)). For a community i, the Menhinick’s diversity index is defined by

R2 = Ri
2 =

Si√
Ni

, (4.5.8)

where Si represents the number of species (richness) and Ni represents the total
number of individuals in all Si, (for simplicity’s of notation will be referred to R2 and
because this form is commonly presented in the literature).

It should be noted that the calculation of these two indices is simple, which is
an advantage. Although it is a matter of correcting for the effect of sample size,
these indices are influenced by the sampling effort (which is not the case in our data
examples when information comes from population census but we may encounter this
problem if data are gathered in a different way). Despite this, they are intuitively
meaningful indices and can be useful in biodiversity research.
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Diversity indices

Indices that combine both species richness and evenness into a single value are
called diversity indices. There are several different measures of species diversity that
are sensitive to both the number of species in the sample and the relative abund-
ances of the species. Two of the most commonly used measures of heterogeneity are
Simpson’s index (DSi) and Shannon-Weaver index (H ′).

Other measures of species diversity can be derived from probability theory. As
an example, Simpson’s diversity index and the inverse introduced by Edward Hugh
Simpson (Simpson (1949)). It was the first index used in ecology. Simpson (1949)
gives the probability of any two individuals drawn at random from an infinitely large
community i belonging to the same species as:

DSi =
∑
k∈Si

p2
ki,

where pki represents the relative frequency of species k, because pki = Nki
Ni

, (where
Nki denotes the number of individuals of species k, in community i and Ni total
number of individuals in all Si species at the community. The Simpson index tends
to be smaller when the community is more diverse. Equivalently to the definition
of isonymy, Simpson’s index gives relatively little weight to rare species and more
weight to common species.

For a community i, the Simpson diversity index (when Ni is not finite, data are
assumed to come from a sample of size Ni) is defined by

D′Si =
∑
k∈Si

nki(nki − 1)

ni(ni − 1)
,

where nki represents the number of individuals of species k in a sample (in the popu-
lation is Nki) and Si represents the collection of all species at the community, species
richness.

Di
1 =

Ni

Ni − 1
D′Si ,

Di
1 and D′Si are consistent, unbiased estimators as long as ni ≥ 2 and do not require

knowledge of the number of species in the community, as n increases, the distributions
of Di

1 and D′Si tend to normality (except when Si = Ni) (see Hurlbert (1971)). The
variance of D′Si is given by Simpson (1949), he gives the variance of 1−D′Si , which is
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identical to that of D′Si) and the variance of Di
1 is simply

Var
(
Di

1

)
=

(
Ni

Ni − 1

)2

Var
(
D′Si
)
.

Therefore, D′Si is an approximation of unbiased unbiased isonymy. Diversity re-
duces as D′Si rises. As a result, Simpson’s index is commonly written as 1 − D′Si
or 1/D′Si . The most abundant species in the sample are significantly weighted in
Simpsons’ index, which is less susceptible to species richness. This index is one of the
most robust and reliable measurements of diversity known. It captures the variation
in the distribution of species abundance. As the assemblage gets more even, the value
of the measure will rise when stated as the complement (1 − D′Si), as “measure of
concentration”, or reciprocal (1/D′Si) of D′Si . Although the reciprocal (1/D′Si) form of
the Simpson index is the most often used, it is advised that 1−D′Si be used instead.

Simpson’s diversity measure stresses the dominance component of diversity rather
than the richness component, however it is not strictly speaking a pure evenness
measure. However, dividing the reciprocal form of the Simpson index by the number
of species in the sample yields a distinct measure of evenness:

E1/D′Si
=

(1/D′Si)

S
.

The scale varies from 0 to 1 and is not sensitive by species diversity. The use of the
reciprocal form of the index is commonly referred to as E1/D′Si

.

The Shannon-Weaver index, sometimes known as the Shannon-Weaver informa-
tion index, was developed separately by Shannon8 and Weaver.9 An index is based
on the premise that information contained in a symbol or message can be used to
measure diversity in a natural system, i.e., that individuals are sampled at random
from an infinitely large population and that all species are represented. This diversity
measure comes from information theory and measures the order (or disorder) observed
within a particular system.

8Claude Elwood Shannon (1916 – 2001) was an American mathematician, electrical engineer,
and cryptographer known as “the father of information theory”. Shannon founded information
theory with a landmark paper, (see Shannon (1948)).

9Warren Weaver (1894 - 1978) was an American scientist, mathematician, and science admin-
istrator. He is widely recognized as one of the pioneers of machine translation and as an important
figure in creating support for science in the United States. When Claude Shannon’s landmark 1948
articles on communication theory were republished in 1949 as The Mathematical Theory of Commu-
nication (Shannon and Weaver (1949)), the book also republished a much shorter article authored by
Weaver, which discusses the implications of Shannon’s more technical work for a general audience.
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Shannon-Weaver diversity index was introduced by Claude Elwood Shannon10

(Shannon (1948)). For a community i, the index of Shannon-Weaver is defined by
the expression

H ′ = H ′i = −
∑
k∈Si

(pki log2 pki),

where pki represents the relative frequency of species k, because pki = Nki
Ni

, where Nki

denotes the number of individuals of species k and Ni total number of individuals in
all Si species at the community, species richness (for simplicity’s of notation will be
referred to H ′ and because this form is commonly presented in the literature). This
index is related to the weighted geometric mean of the proportional abundances of
the species.

In a sample the true value of pki is unknown but it can be estimated using its
maximum likelihood estimator, nki/Ni (Pielou (1969)). Since the use of nki/Ni to
estimate pki produces a biased result, then, the index will be:

H ′ = −
∑
k∈Si

pki ln pki −
Si − 1

2Ni

+

1−
∑
k∈Si

p−1
ki

12N2
i

+

∑
k∈Si

(
p−1
ki − p

−2
ki

)
12N3

i

+ . . .

Evenness indices

Species evenness describes the relative abundance of the different species in an area
(similar abundance is equivalent to more evenness). Species evenness is commonly
described as the ratio of observed diversity to maximal diversity, with the latter
occurring when the species in a collection are evenly distributed (Margalef (1958),
Pielou (1966)). If all species in a sample sample have the same abundance, the
index used to measure used to measure equitability should be a maximum and should
therefore decrease, tending to zero as the tending to zero as relative abundances
relative abundances become less equitable.

Stuart H. Hurlbert (Hurlbert (1971)) noted that all equitability indices would
maintain this property, if they are expressed as:

E =
D

Dmax

(4.5.9)

E =
D −Dmin

Dmax −Dmin

, (4.5.10)

10Extracted from Magurran (2004): For historical reasons log2 is often used when calculating the
Shannon-Weaver diversity index. There are no pressing biological reasons why this tradition should
be preserved. Indeed it is computationally simpler, and ecologically just as valid, to use natural logs
or even log10 in the equation.
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where, D represents the diversity index and Dmin is the minimum value of D and
Dmax is the maximum value of D, respectively.

The Shannon-Weaver index, as a measure of heterogeneity, considers the degree of
evenness in species abundances. Nonetheless, a distinct measure of evenness can be
calculated. Pielou’s diversity index which is an index that measures diversity along
with species richness introduced by Evelyn Chrystalla Pielou (Pielou (1966)). It is
one of the factors most often used, i fixed. For a community i, the Pielou’s diversity
index is defined by

J ′ = J ′i =
H ′

log2 Si
,

where H ′ denotes the Shannon-Weaver index and log2 Si denotes the maximum di-
versity H ′max (for simplicity’s of notation will be referred to J ′ and because this form
is commonly presented in the literature). Pielou’s index is the Shannon-Weiner index
computed for the sample Si and represents a measure of evenness of the community
(Pielou (1966)). In other words, the ratio of observed diversity to maximum diversity
can be used to measure evenness (J ′). If all species are represented in equal numbers
in the sample, then J ′ = 1, i.e., if H ′ = H ′max = log2(Si). If one species strongly
dominates J ′ is close to zero.

Sheldon’s diversity index was introduced by Andrew Lee Sheldon11 (Sheldon (1969)),
proposes an exponential form of J ′. For a community i, the Sheldon’s diversity index
is defined by

EShe = Ei
She =

2H
′

Si
,

where H ′ denotes the Shannon-Weaver index and Si represents the number of species
(richness), (for simplicity’s of notation will be referred to Ei

She and because this form
is commonly presented in the literature).

Carlo H. R. Heip (Heip (1974)) believed that uniformity metrics should not be
based on species richness (as opposed to Pielou’s J ′) and should have a low value in
situations when uniformity is clearly poor. His proposed measure was intended to
meet these criteria: for a community i, the Heip’s diversity index is defined by

EHeip = Ei
Heip =

2H
′ − 1

Si − 1
,

11Andrew “Andy” Lee Sheldon (1938 - 2017), born in Northfield, Massachusetts. He gradu-
ated from Colby College and completed his post-graduate studies in Zoology at Cornell University.
He worked as the resident biologist at the University of California’s research facility at Sagehen Creek
Field Station where he completed his doctoral thesis. He then worked as a Research Associate at
Resources for the Future, Inc. in Washington, D.C..
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where H ′ is the Shannon-Weaver diversity index and Si are all species at the com-
munity, species richness, (for simplicity’s of notation will be referred to Ei

Heip and
because this form is commonly presented in the literature). This index varies from 0
to 1 and measures how equally the species richness contributes to the total abundance
of the community. In other words, this index is Sheldon’s index with the subtraction
of the minimum. In the exact words of Heip (Heip (1974)): “this index is theoretically
superior to other evenness indices and has a better statistical behaviour”.

Any equitability index should be independent of the number of species present in
the sample. However, both J ′ as well as EShe and EHeip are modified with minimal
changes in species richness (they are substantially modified by the addition of only
one rare species to the sample (Peet (1975)).

Hill Diversity Numbers

Considering the difficulties that arise when trying to compare different diversity
indices because among other causes, they differ significantly in their units (e.g.,
Simpson’s index has no units, the Shannon-Weaver index is expressed as bits/individual
- if the base of the log is 2- or decits/individual - if the base of the logarithm base is
10 - and nits/individual - if natural logarithms are used).

Hill (1973) developed an elegant technique of summarizing the relationship between
indices based on the insight that diversity measurements can be sorted by their
propensity to emphasize either species richness (weighting towards uncommon spe-
cies) or dominance (weighting towards numerous species), i.e., suggests performing
mathematical transformations to the indices proposed above. Hill (1973) was able to
identify diversity indices based on the weighting they provide to uncommon species
by defining them as “reciprocal mean proportional abundance”. For a community i,
the Hill’s diversity numbers are defined by the expression

J(λ) = J i(λ) =

[∑
k∈Si

(
pλki
)] 1

1−λ

, (4.5.11)

with the restriction λ ≥ 0 where pki represents the relative frequency of species k
and Si are all species at the community, species richness, and λ is a free parameter,
(for simplicity’s of notation will be referred to J(λ) and because this form is com-
monly presented in the literature). (This is equivalent to the exponential of Rényi’s
generalised entropy)12.

12The Rényi entropy of order λ, where λ ≥ 0 and λ 6= 1, is defined as Hλ(X) =
1

1−λ log
(∑n

i=1 p
λ
i

)
Here, X is a discrete random variable with possible outcomes in the set A =

{x1, x2, . . . , xn} and corresponding probabilities pi
.
= Pr (X = xi) for i = 1, . . . , n. The logarithm is
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Particular cases of λ values: λ = 0, J(0) = Si, it corresponds species richness;
λ = 1, J(1) = eH

′
, it corresponds the exponential of Shannon’s entropy; and λ =

2, J(2) = DSi , it corresponds the ’inverse’ Simpson index.

That is to say, the effective number of species is a measure of the number of
species in the sample where each species in the sample is weighted by its abundance
(J(0) > J(1) > J(2)).

If λ tends to infinity, Jinf is the reciprocal of the proportional abundance of the
commonest species (the reciprocal of the Berger-Parker index13 (Magurran (2004)).
Any order of J(λ) can be used as an indicator of diversity, although there are clear
advantages to using those with well-known properties. These diversity measures also
differ in their discriminatory power.

Hill also proposed the ratio between J(2) and J(1) as an index of equitability

EHi =

1
DSi

eH′
=
J(2)

J(1)
.

In contrast to the equitability indices defined above, Hill’s index is practically not
affected by species richness.

Diversity in space (and time)

In contrast to the usual convention, relative abundances here refer to a species’

abundance relative to its abundance in a baseline year t0, i.e., quotients
Nt
i

N
t0
i

for

i ∈ 1, . . . , S at times t. The geometric mean was introduced by Stephen Terrence
Buckland and coauthors (Buckland et al. (2011)). For a community i, the geometric
mean of relative abundances is defined by

Gt = Gi
t = exp

(
1

Si

∑
k∈Si

log
N t
ki

N t0
ki

)
, (4.5.12)

where N t
ki denotes the number of individuals of species k at time t, in region i, t0

is the baseline year and Si are all species at the community, species richness, (for
simplicity’s of notation will be referred to Gt and because this form is commonly
presented in the literature).

conventionally taken to be base 2, especially in the context of information theory where bits are used.
If the probabilities are pi = 1/n for all i = 1, . . . , n, then all the Rényi entropies of the distribution
are equal: Hλ(X) = log n. In general, for all discrete random variables X,Hλ(X) is a non-increasing
function in λ.

13The Berger–Parker index equals the maximum pki value in the dataset, i.e., the proportional
abundance of the most abundant type.
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A review of the most common indices is presented in Hubálek (2000) .

Parametric index families

The generalised mean of relative abundances for a collection of species was intro-
duced by Studeny (2012). The geometric mean of relative abundances is different from
measures based on species proportions. It is possible to generalize it in a parametric
way. For a community i, the generalised mean of relative abundances is defined by

Mt(λ) =

[
1

Si

∑
k∈Si

(
N t
ki

N t0
ki

)λ] 1
λ

, (4.5.13)

where N t
ki denotes the number of individuals of species k at times t, t0 is the baseline

year and Si are all species at the community, species richness, and λ can be any non-
zero real number. In the limit lim

λ→0
Mt(λ) = Gt. For λ = −1 and λ = 1 the harmonic

and the arithmetic mean are obtained, respectively.

For a community i, introducing a free parameter λ, Cressie and Read (1984)
introduced the following parametric form for a generalised statistic:

In(λ) =
2

λ(λ+ 1)

∑
k∈Si

nki

[(
nki
n/Si

)λ
− 1

]
, (4.5.14)

where nki represents the number of individuals of species k in a sample (in the pop-
ulation is Nki), Si represents the collection of all species at the community, species
richness, and λ is a free parameter.

Varying the value of λ gets different statistics. If λ = −1 and λ = 0 In(λ) is not
defined, but in any case, limits λ = −1 and λ = 0 can be taken.

When modifying the values of λ in the equation (4.5.14), it is modified between
different statistics. The equation does not define In(λ) for λ = −1 and λ = 0, but
limits λ = −1 and λ = 0 can be taken.

4.5.3 Simulation study

Two main simulation studies (Study I and Study II) are considered.

• Study I: The goal is to see how the indices vary for scenarios where the size of
the population changes and the number of surnames (classes) remains constant.
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N k p
S1 100 10 10
S2 1000 10 100
S3 10000 10 1000
S4 12000 600 20
S5 100000 10 10000
S6 2500000 25000 100

Table 4.28: Population sizes and number of surnames for Simulation Study I.

• Study II: In this case, the aim is to see how the number of surnames (classes)
influences in the performance of the indices by varying their size.

These main studies, together with the different scenarios when considering dif-
ferent values of N and k, will help to understand what the indices described in the
previous Section 4.5.2 are able to quantify.

Table 4.28 and Table 4.29 show the scenarios generated for each of the two sim-
ulation studies. Table 4.28, it has been set to k = 10 number of surnames, for each
scenario from S1 to S3 y S5. The scenarios S4 and S6 will be used to compare the
results with population structures in the municipality of Ordes (S4), municipality
studied in depth in the Section 4.2, and Galicia (S6).

In Table 4.29, for each N of Table 4.28, it is proposed how the size of k varies so
that there are 10 and 2 persons per surname in each combination of k and p. As in the
previous case, the sub-scenarios S6, S7, S11, S12 will be used to compare the results
with population structures in the municipality of Ordes (S7 and S8) and Galicia (S11

and S12).

Scenarios generation

In all scenarios (in both Simulation Studies I and II), the following arrangements
are realized in order to produce the balanced/unbalanced settings.

Scenarios: move the proportion of classes p · k (p ∈ [0, 1]). For example, let’s as-
sume p = 0.1, then p = k

10
. In Table 4.30, it can see the movements of the proportion,

the same number of surnames is always needed, therefore, in the unbalancing, at least
1 person will be left in the unbalancing class, and the population will be accumulated
towards the end. So that in the last move you have an absolute distribution of the
form (1, 1, ...., n− p× k − 1).

Table 4.31 and Table 4.32 show unbalanced scenarios for the particular case of
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N k p
S1 100 10 2
S2 100 50 2
S3 1000 100 10
S4 1000 500 2
S5 10000 1000 10
S6 10000 5000 2
S7 12000 1200 10
S8 12000 6000 2
S9 100000 10000 10
S10 100000 50000 2
S11 2500000 250000 10
S12 2500000 1250000 2

Table 4.29: Population sizes and number of surnames for Simulation Study II.

Class 1 . . . 10 . . . . . . . . . (k-10) . . . k
Proportion 1 . . . N

k
N
k

. . . N
k

2·N
k

· · · 2·n
k
− 1

Table 4.30: Scenario 2: move the proportion of classes p · k (p ∈ [0, 1]).

N = 100, k = 10, and p = 10, for absolute and relative frequencies, respectively.

It is recalled that some of the previously defined indices (Section 4.5.2) operate
with absolute frequencies and others with relative frequencies. In addition, for the
parametric cases (Hill Diversity Number (equation (4.5.11)), Generalised mean (equa-
tion (4.5.13)) and Cressie and Read statistics (equation (4.5.14))), which use a value
of λ, a grid of values ranging from −3 to 3, with step 0.05, has been used, so 121 times
each of them has been calculated for each scenario. For the indices that evolve over
time (Geometric mean (equation (4.5.12)) and Generalised mean (equation (4.5.13))),
they have been left fixed for the baseline year t0, but they have been obtained in the
case of application to the real case (Chapter 5 - Section 5.6).

4.5.4 Results for “raw” indices

Results for Study I (the size of population is fixed).

Tables 4.33 to 4.36 show the values of the all indices studied for all population
sizes considered (N = 100, N = 1000, N = 10000 and N = 100000) and k = 10,
fixed. As the population size increases, the Margalef, Menhinick indices logically
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1 2 3 4 5 6 7 8 9 10
S1 10 10 10 10 10 10 10 10 10 10
S2 1 10 10 10 10 10 10 10 10 19
S3 1 1 10 10 10 10 10 10 19 19
S4 1 1 1 10 10 10 10 19 19 19
S5 1 1 1 1 10 10 19 19 19 19
S6 1 1 1 1 1 19 19 19 19 19
S7 1 1 1 1 1 1 18 18 29 29
S8 1 1 1 1 1 1 1 27 28 38
S9 1 1 1 1 1 1 1 1 46 46
S10 1 1 1 1 1 1 1 1 1 91

Table 4.31: Unbalanced scenarios for the particular case of N = 100, k = 10, and
p = 10, for absolute frequencies.

1 2 3 4 5 6 7 8 9 10
S1 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10
S2 0.01 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.19
S3 0.01 0.01 0.10 0.10 0.10 0.10 0.10 0.10 0.19 0.19
S4 0.01 0.01 0.01 0.10 0.10 0.10 0.10 0.19 0.19 0.19
S5 0.01 0.01 0.01 0.01 0.10 0.10 0.19 0.19 0.19 0.19
S6 0.01 0.01 0.01 0.01 0.01 0.19 0.19 0.19 0.19 0.19
S7 0.01 0.01 0.01 0.01 0.01 0.01 0.18 0.18 0.29 0.29
S8 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.27 0.28 0.38
S9 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.46 0.46
S10 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.91

Table 4.32: Unbalanced scenarios for the particular case of N = 100, k = 10, and
p = 10, for relative frequencies.
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decrease, and are not influenced by class imbalance. In the case of Simpson’s index,
for all population sizes considered, in the uniformity scenario, its value is constant at
0.10. As classes become unbalanced, the index increases, until, from large population
values, N = 10000 saturates at 1, the maximum value.

In the case of Simpson’s >> (when the size of population is very big) index, for
all the population sizes considered, in the uniformity scenario, its value is constant
at 0.90. As the classes become unbalanced, the index decreases, until, from large
population values, N = 10000 saturates at 0, the minimum value. In the case of the
Shannon-Weaver index, for all population sizes considered, in the uniformity scenario,
its value is constant equal to 2.30. As classes become unbalanced, the index decreases,
until, from large population values, N = 100000 saturates at 0, the minimum value.
A similar analysis is concluded for the Pielou index, although in this case in all
uniformity scenarios from 0.69.

In the case of the Heip index, for all population sizes considered, in the uniformity
scenario, its value is constant at 0.44. As classes become unbalanced, the index
decreases, until, from large population values, N = 10000 saturates at 0, the minimum
value. A similar analysis is concluded for the Sheldon index, although in this case in
all uniformity scenarios from 0.49. The geometric mean values are constant at 1.11
in all scenarios and all population sizes used.

The value of the Generalised mean index for the three values of λ presented are
quite similar. They always start from 0.10, in any of the uniformity scenarios. When
λ = −3 or λ = 0 the value of the index decreases as the classes are unbalance and
quickly reaches its minimum value of 0. In contrast, when λ = 3 the value of the index
grows as the classes are unbalanced and grows to 0.46. The values of the statistic are
practically the same from N = 1000, and a little lower at N = 100.

The value of the Cressie and Read statistic for the three values of N = 1000 are
different. They always start from 0.00, in any of the uniformity scenarios. When
λ = −3 the value of the statistic grows as the classes are unbalanced and grows
in turn as we increase the population size N . Very high values are reached when
N = 100000. For λ = 0 the value of the statistic grows as the classes are unbalanced
and grows as we increase the population size N . The maximum value is reached in
the situation of maximum imbalance and for N = 100000, which is 2.30. Similar
results are obtained for λ = 3 and in this case the maximum is reached at 83.22.

The Hill diversity numbers in the uniformity scenario are always worth 10, as is
the wealth, k = 0. The same happens for k = 0, it is already known that in that case
it always coincides with the value of k. When λ = −3 Hill’s value grows as the classes
are unbalanced and grows in turn as the population are increased to size N . The
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value of 9740.04 is reached when N = 100000. For λ = 3 the value of the statistic
decreases as the classes are unbalanced and decreases as the population are increased
to size N . The minimum value is reached in the situation of maximum imbalance
and for N = 10000, which is worth 1.

Index S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

Margalef 1.95 1.95 1.95 1.95 1.95 1.95 1.95 1.95 1.95 1.95
Menhinick 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Simpson 0.10 0.12 0.13 0.15 0.16 0.18 0.23 0.30 0.42 0.83
Simpson (N >>) 0.90 0.88 0.87 0.85 0.84 0.82 0.77 0.70 0.58 0.17
Shannon-Weaver 2.30 2.20 2.10 2.01 1.91 1.81 1.61 1.40 1.08 0.50
Pielou 0.69 0.66 0.63 0.60 0.57 0.54 0.49 0.42 0.33 0.15
Heip 0.44 0.40 0.37 0.34 0.31 0.28 0.23 0.18 0.12 0.05
Sheldon 0.49 0.46 0.43 0.40 0.37 0.35 0.31 0.26 0.21 0.14
Geometric Mean 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11
Generalised Mean (λ = −3) 0.10 0.02 0.02 0.01 0.01 0.01 0.01 0.01 0.01 0.01
Generalised Mean (λ = 0) 0.10 0.08 0.07 0.06 0.05 0.04 0.03 0.03 0.02 0.02
Generalised Mean (λ = 3) 0.10 0.11 0.13 0.13 0.14 0.15 0.18 0.21 0.27 0.42
Cressie and Read (λ = −3) 0.00 1.64 3.28 4.91 6.55 8.19 9.85 11.51 13.17 14.83
Cressie and Read (λ = 0) 0.00 0.10 0.20 0.30 0.40 0.49 0.69 0.90 1.22 1.80
Cressie and Read (λ = 3) 0.00 0.09 0.18 0.28 0.37 0.46 1.27 2.61 7.38 57.06
Hill (λ = −3) 10.00 31.69 37.64 41.63 44.73 47.29 49.49 51.44 53.18 54.77
Hill (λ = 0) 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Hill (λ = 3) 10.00 8.20 7.12 6.38 5.83 5.40 4.07 3.22 2.27 1.15

Table 4.33: Simulation results for different indices for N = 100, k = 10.

Index S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

Margalef 1.30 1.30 1.30 1.30 1.30 1.30 1.30 1.30 1.30 1.30
Menhinick 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32
Simpson 0.10 0.12 0.14 0.16 0.18 0.20 0.26 0.34 0.49 0.98
Simpson (N >>) 0.90 0.88 0.86 0.84 0.82 0.80 0.74 0.66 0.51 0.02
Shannon 2.30 2.17 2.04 1.91 1.77 1.64 1.40 1.14 0.75 0.07
Pielou 0.69 0.65 0.61 0.57 0.53 0.49 0.42 0.34 0.23 0.02
Heip 0.44 0.39 0.35 0.31 0.27 0.24 0.18 0.13 0.08 0.01
Sheldon 0.49 0.45 0.41 0.37 0.34 0.31 0.26 0.22 0.17 0.11
Geometric Mean 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11
Generalised Mean (λ = −3) 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Generalised Mean (λ = 0) 0.10 0.07 0.05 0.03 0.02 0.01 0.01 0.01 0.00 0.00
Generalised Mean (λ = 3) 0.10 0.12 0.13 0.14 0.15 0.16 0.19 0.23 0.29 0.46
Cressie and Read (λ = −3) 0.00 166.64 333.28 499.91 666.55 833.19 999.85 1166.50 1333.17 1499.83
Cressie and Read (λ = 0) 0.00 0.13 0.26 0.40 0.53 0.66 0.90 1.17 1.55 2.23
Cressie and Read (λ = 3) 0.00 0.11 0.23 0.34 0.46 0.57 1.50 3.31 10.00 80.29
Hill (λ = −3) 10.00 177.83 211.47 234.03 251.49 265.91 278.32 289.25 299.07 308.01
Hill (λ = 0) 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Hill (λ = 3) 10.00 7.94 6.78 6.01 5.46 5.04 3.81 2.94 2.02 1.01

Table 4.34: Simulation results for different indices for N = 1000, k = 10.
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Index S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

Margalef 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.98
Menhinick 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10
Simpson 0.10 0.12 0.14 0.16 0.18 0.20 0.26 0.34 0.50 1.00
Simpson (N >>) 0.90 0.88 0.86 0.84 0.82 0.80 0.74 0.66 0.50 0.00
Shannon-Weaver 2.30 2.16 2.03 1.89 1.75 1.61 1.37 1.10 0.70 0.01
Pielou 0.69 0.65 0.61 0.57 0.53 0.49 0.41 0.33 0.21 0.00
Heip 0.44 0.39 0.34 0.30 0.26 0.23 0.18 0.13 0.07 0.00
Sheldon 0.49 0.45 0.41 0.37 0.34 0.31 0.26 0.21 0.16 0.10
Geometric Mean 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11
Generalised Mean (λ = −3) 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Generalised Mean (λ = 0) 0.10 0.05 0.03 0.02 0.01 0.00 0.00 0.00 0.00 0.00
Generalised Mean (λ = 3) 0.10 0.12 0.13 0.14 0.15 0.16 0.19 0.23 0.29 0.46
Cressie and Read (λ = −3) 0.00 16666.64 33333.28 49999.91 66666.55 83333.19 99999.85 116666.50 133333.17 149999.83
Cressie and Read (λ = 0) 0.00 0.14 0.28 0.41 0.55 0.69 0.93 1.21 1.60 2.29
Cressie and Read (λ = 3) 0.00 0.12 0.23 0.35 0.47 0.58 1.53 3.39 10.30 82.95
Hill (λ = −3) 10.00 1000.00 1189.21 1316.07 1414.21 1495.35 1565.08 1626.58 1681.79 1732.05
Hill (λ = 0) 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Hill (λ = 3) 10.00 7.91 6.75 5.98 5.43 5.00 3.78 2.91 2.00 1.00

Table 4.35: Simulation results for different indices for N = 10000, k = 10.

Index S1 S2 S3 S4 S5 S6 S7 S8 S9 S10

Margalef 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.78
Menhinick 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Simpson 0.10 0.12 0.14 0.16 0.18 0.20 0.26 0.34 0.50 1.00
Simpson (N >>) 0.90 0.88 0.86 0.84 0.82 0.80 0.74 0.66 0.50 0.00
Shannon-Weaver 2.30 2.16 2.03 1.89 1.75 1.61 1.37 1.09 0.69 0.00
Pielou 0.69 0.65 0.61 0.57 0.53 0.48 0.41 0.33 0.21 0.00
Heip 0.44 0.39 0.34 0.30 0.26 0.23 0.18 0.13 0.07 0.00
Sheldon 0.49 0.45 0.41 0.37 0.34 0.31 0.26 0.21 0.16 0.10
Geometric Mean 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11 1.11
Generalised Mean (λ = −3) 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Generalised Mean (λ = 0) 0.10 0.04 0.02 0.01 0.00 0.00 0.00 0.00 0.00 0.00
Generalised Mean (λ = 3) 0.10 0.12 0.13 0.14 0.15 0.16 0.19 0.23 0.29 0.46
Cressie and Read (λ = −3) 0.00 1666666.64 3333333.28 4999999.91 6666666.55 8333333.19 9999999.85 11666666.50 13333333.17 14999999.83
Cressie and Read (λ = 0) 0.00 0.14 0.28 0.42 0.55 0.69 0.94 1.21 1.61 2.30
Cressie and Read (λ = 3) 0.00 0.12 0.23 0.35 0.47 0.58 1.53 3.40 10.33 83.22
Hill (λ = −3) 10.00 5623.41 6687.40 7400.83 7952.71 8408.96 8801.12 9146.91 9457.42 9740.04
Hill (λ = 0) 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00 10.00
Hill (λ = 3) 10.00 7.91 6.74 5.98 5.42 5.00 3.78 2.91 2.00 1.00

Table 4.36: Simulation results for different indices for N = 10000, k = 10.

For scenarios: N = 10000 and k = 10, Figures 4.20, 4.21, 4.22, and 4.23 show
absolute frequency values for each scenario, as well as the density function of different
indices.



4.5. BIODIVERSITY INDICES 217

Simpson

1

2

3

4

5

6

7

8

9

10

0 2000 4000 6000 8000 10000

(a)

Simpson (N>>)

1

2

3

4

5

6

7

8

9

10

0 2000 4000 6000 8000 10000

(b)

Shannon

1

2

3

4

5

6

7

8

9

10

0 2000 4000 6000 8000 10000

(c)

Figure 4.20: Absolute frequency values for simulation results for different indices:
N = 10000 and k = 10, as well as the density function of different indices: (a)
Simpson, (b) Simpson (N >>), (c) Shannon-Weaver. The upper colour scale reaches
the value of the population N .
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Figure 4.21: Absolute frequency values for simulation results for different indices:
N = 10000 and k = 10, as well as the density function of different indices: (a) Pielou,
(b) Heip, (c) Sheldon. The upper colour scale reaches the value of the population N .
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Figure 4.22: Absolute frequency values for simulation results for Cressie and Read
statistic: N = 10000 and k = 10, as well as the density function of statistics ((a)
λ = −3, (b) λ = 0, (c) λ = 3). The upper colour scale reaches the value of the
population N .
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Figure 4.23: Absolute frequency values for simulation results for Hill diversity num-
bers: N = 10000 and k = 10, as well as the density function of Hill ((a) λ = −3, (b)
λ = 0, (c) λ = 3). The upper colour scale reaches the value of the population N .
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Results for Study II (the size of classes is not fixed).

For the Margalef (equation (4.5.7)), Menhinick (equation (4.5.8)), Geometric
Mean (equation (4.5.12)) indices there is no change in the between-scenarios because
they only take into account population size and number of surnames.

Tables 4.37 and 4.38, show minimum, median, mean and maximum values for
Simpson, Simpson (N >>) and Shannon-Weaver indices; and the evenness indices
(Pielou, Heip, Sheldon indices) in the different scenarios considered. For Simpson in-
dex and Simpson (N >>) index, it is not observed that as k increases the mean/median
values alter the index results. For Shannon-Weaver index, it is observed that as k
increases the mean/median values of the indices increase. There fore the size of k
influences on the value of the index. In the case of evenness indices, it is observed
that as k increases the mean/median values of the indices crease. The mean/median
values of the Heip and Sheldon indices for large values of N and k always give the
same values. Figure 4.24 shows Simpson, Simpson (N >>), Shannon-Weaver (row 1)
and evenness indices: Pielou, Heip, Sheldon (row 2).

Tables 4.39 to 4.41 show minimum, median, mean and maximum values for Gen-
eralised mean and Shannon-Weaver indices; Cressie and Read statistic; and Hill’s
diversity numbers in the different scenarios considered and for 3 values of λ. It is ob-
served for all three cases (Generalised Mean and Shannon-Weaver indices; Cressie and
Read statistic) that as k increases the mean/median values of the indices decrease.
The conclusions are similar for all three values of λ.

Figures 4.25 to Figure 4.27 show the values of the Generalised Mean; the values
of the Cressie and Read statistics; and the Hill diversity numbers, respectively, for
different values of λ, in some of the scenarios considered. The last scenarios have
been omitted due to their size, the complete series is not available, but only the first
and last values (S11 y S12).
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N k Min. Median Mean Max.

Simpson

100 10 0.10 0.17 0.26 0.83
100 50 0.02 0.02 0.04 0.27

1000 100 0.01 0.02 0.04 0.81
1000 500 0.00 0.00 0.00 0.25

10000 1000 0.00 0.00 0.01 0.81
10000 5000 0.00 0.00 0.00 0.25

100000 10000 0.00 0.00 0.00 0.81
100000 50000 0.00 0.00 0.08 0.25

Simpson >>

100 10 0.17 0.83 0.74 0.90
100 50 0.74 0.98 0.96 0.98

1000 100 0.19 0.98 0.96 0.99
1000 500 0.75 1.00 1.00 1.00

10000 1000 0.19 1.00 0.99 1.00
10000 5000 0.75 1.00 1.00 1.00

100000 10000 0.19 1.00 1.00 1.00
100000 50000 0.75 1.00 0.92 1.00

Shannon-Weaver

100 10 0.50 1.86 1.69 2.30
100 50 2.60 3.78 3.67 3.91

1000 100 0.78 4.12 3.85 4.61
1000 500 3.79 6.08 5.95 6.21

10000 1000 1.01 6.41 6.13 6.91
10000 5000 4.95 8.39 8.25 8.52

100000 10000 1.25 8.72 8.43 9.21
100000 50000 6.10 10.69 8.98 10.82

Table 4.37: Minimum, median, mean and maximum values for the Simpson, Simpson
(N >>) and Shannon-Weaver indices in the different scenarios considered.
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N k Min. Median Mean Max.

Pielou

100 10 0.15 0.56 0.51 0.69
100 50 0.46 0.67 0.65 0.69

1000 100 0.12 0.62 0.58 0.69
1000 500 0.42 0.68 0.66 0.69

10000 1000 0.10 0.64 0.62 0.69
10000 5000 0.40 0.68 0.67 0.69

100000 10000 0.09 0.66 0.63 0.69
100000 50000 0.69 0.69 0.69 0.69

Heip

100 10 0.05 0.29 0.27 0.44
100 50 0.10 0.26 0.24 0.29

1000 100 0.01 0.16 0.15 0.24
1000 500 0.03 0.13 0.12 0.15

10000 1000 0.00 0.08 0.08 0.12
10000 5000 0.01 0.07 0.06 0.07

100000 10000 0.00 0.04 0.04 0.06
100000 50000 0.04 0.04 0.04 0.04

Sheldon

100 10 0.14 0.36 0.34 0.49
100 50 0.12 0.28 0.26 0.30

1000 100 0.02 0.17 0.16 0.24
1000 500 0.03 0.14 0.13 0.15

10000 1000 0.00 0.09 0.08 0.12
10000 5000 0.01 0.07 0.06 0.07

100000 10000 0.00 0.04 0.04 0.06
100000 50000 0.04 0.04 0.04 0.04

Table 4.38: Minimum, median, mean and maximum values for the evenness indices
(Pielou, Heip, Sheldon indices) in the different scenarios considered.
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N k Min. Median Mean Max.

λ = −3

100 10 0.01 0.01 0.02 0.10
100 50 0.01 0.01 0.01 0.02

1000 100 0.00 0.00 0.00 0.01
1000 500 0.00 0.00 0.00 0.00

10000 1000 0.00 0.00 0.00 0.00
10000 5000 0.00 0.00 0.00 0.00

100000 10000 0.00 0.00 0.00 0.00
100000 50000 0.00 0.00 0.00 0.00

λ = 0

100 10 0.02 0.05 0.05 0.10
100 50 0.01 0.02 0.02 0.02

1000 100 0.00 0.00 0.00 0.01
1000 500 0.00 0.00 0.00 0.00

10000 1000 0.00 0.00 0.00 0.00
10000 5000 0.00 0.00 0.00 0.00

100000 10000 0.00 0.00 0.00 0.00
100000 50000 0.00 0.00 0.00 0.00

λ = 3

100 10 0.10 0.15 0.19 0.42
100 50 0.02 0.02 0.03 0.14

1000 100 0.01 0.02 0.02 0.19
1000 500 0.00 0.00 0.00 0.06

10000 1000 0.00 0.00 0.00 0.09
10000 5000 0.00 0.00 0.00 0.03

100000 10000 0.00 0.00 0.00 0.04
100000 50000 0.00 0.00 0.00 0.01

Table 4.39: Minimum, median, mean and maximum values for Generalised Mean in
the different scenarios considered and for 3 values of λ.
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N k Min. Median Mean Max.

λ = 3

100 10 0.00 7.37 7.39 14.83
100 50 0.00 0.20 0.22 0.49

1000 100 0.00 8.11 8.13 16.33
1000 500 0.00 0.20 0.22 0.50

10000 1000 0.00 8.18 8.21 16.48
10000 5000 0.00 0.20 0.22 0.50

100000 10000 0.00 8.19 8.22 16.50
100000 50000 0.00 0.20 0.24 0.50

λ = 0

1000 10 0.00 0.45 0.61 1.80
100 50 0.00 0.13 0.24 1.31

1000 100 0.00 0.49 0.75 3.83
1000 500 0.00 0.13 0.26 2.42

10000 1000 0.00 0.49 0.78 5.89
10000 5000 0.00 0.13 0.26 3.57

100000 10000 0.00 0.49 0.78 7.96
100000 50000 0.00 0.13 1.84 4.72

λ = 3

100 10 0.00 0.41 6.97 57.06
100 50 0.00 0.13 17.57 704.63

1000 100 0.00 0.46 661.36 54918.32
1000 500 0.00 0.13 1582.67 656265.57

10000 1000 0.00 0.46 65762.75 54699303.97
10000 5000 0.00 0.13 156689.67 651562656.19

100000 10000 0.00 0.46 6572646.32 54677430040.42
100000 50000 0.00 0.13 146497396302.09 651093751562.44

Table 4.40: Minimum, median, mean and maximum values for Cressie and Read
statistics in the different scenarios considered and for 3 values of λ.
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Figure 4.25: Generalised Mean (Graph 1.1-1.2) λ = −3, (Graph 2.1-2.2) λ = 0,
(Graph 3.1-3.2) λ = 3. Scenarios: N = 100 and k = 10 dashed green line; N = 100
and k = 50 solid green line; N = 1000 and k = 100 dashed blue line; N = 1000
and k = 500 continuous blue line; N = 10000 and k = 1000 dashed red line; and
N = 10000 and k = 5000 continuous red line. The y-axis has been scaled to 0.1 to
make the graph easier to read, in the case of λ = 3, the value of 0.5 is reached. The
images on the right are a zoom of those on the left, only up to k = 50.
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N k Min. Median Mean Max.

λ = −3

100 10 10 46.01 42.19 54.77
100 50 50 71.08 70.02 83.67

1000 100 100 471.70 447.72 560.93
1000 500 500 713.29 703.28 840.48

10000 1000 1000 4727.70 4499.47 5622.01
10000 5000 5000 7135.38 7035.90 8408.54

100000 10000 10000 47287.62 45015.75 56232.73
100000 50000 50000 71356.50 67907.56 84089.22

λ = 0

100 10 10 10 10 10
100 50 50 50 50 50

1000 100 100 100 100 100
1000 500 500 500 500 500

10000 1000 1000 1000 1000 1000
10000 5000 5000 5000 5000 5000

100000 10000 10000 10000 10000 10000
100000 50000 50000 50000 50000 50000

λ = 3

100 10 1.15 5.61 5.36 10.00
100 50 2.75 37.96 32.60 50.00

1000 100 1.17 54.19 48.96 100.00
1000 500 2.82 378.13 321.58 500.00

10000 1000 1.17 540.14 485.03 1000.00
10000 5000 2.83 3779.81 3211.27 5000.00

100000 10000 1.17 5399.68 4845.80 10000.00
100000 50000 2.83 37796.45 27560.46 50000.00

Table 4.41: Minimum, median, mean and maximum values for Hill’s diversity numbers
in the different scenarios considered and for 3 values of λ.
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Figure 4.26: Cressie and Read (Graph 1.1-1.2) λ = −3, (Graph 2.1-2.2) λ = 0,
(Graph 3.1-3.2) λ = 3. Scenarios: N = 100 and k = 10 dashed green line; N = 100
and k = 50 solid green line; N = 1000 and k = 100 dashed blue line; N = 1000
and k = 500 continuous blue line; N = 10000 and k = 1000 dashed red line; and
N = 10000 and k = 5000 continuous red line. The y-axis has been scaled to 18 to
make the graph easier to read, in the case of λ = 3, the value of 57.06 is reached.
The images on the right are a zoom of those on the left, only up to k = 50.
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Figure 4.27: Hill diversity numbers (Graph 1.1-1.2) λ = −3, (Graph 2.1-2.2) λ = 0,
(Graph 3.1-3.2) λ = 3. Scenarios: N = 100 and k = 10 dashed green line; N = 100
and k = 50 solid green line; N = 1000 and k = 100 dashed blue line; N = 1000
and k = 500 continuous blue line; N = 10000 and k = 1000 dashed red line; and
N = 10000 and k = 5000 continuous red line. The y-axis has been scaled to 8500 to
make the graph easier to read, in the case of λ = 3, the value of 10000 is reached.
The images on the right are a zoom of those on the left, only up to k = 50.



4.5. BIODIVERSITY INDICES 229

Real data application

Table 4.42 shows the biodiversity indices for Galicia and Ordes. All the indices
have been calculated for all the municipalities in Galicia; they are omitted here so
as not to make the document too long and repetitive. The main differences in size
between Galicia and Ordes can be seen, for the Margalef and Shannon-Weaver indices,
for the Cressie and Read statistic when λ = −3 or λ = −3 and Hill when the value
of λ is −3. It is curious, for the Hill index when the value of λ = 3 is higher in
Ordes than in Galicia, when in all the previously mentioned it is lower. The number
of different surnames in Ordes is 2.71% of all those in Galicia. The ratio of surnames
per inhabitant if it were a scenario of uniformity in the case of Ordes is five different
surnames per 100 inhabitants, whereas in the case of Galicia it would be almost 1
surname per 100 inhabitants.

Index Galicia Ordes
N 2430512 12195
S 20754 564
Margalef 1411.42 59.84
Menhinick 13.31 5.11
Simpson 0.01 0.01
Simpson (N >>) 0.99 0.99
Shannon-Weaver 6.47 4.99
Pielou 0.45 0.55
Heip 0.00 0.05
Sheldon 0.00 0.06
Geometric Mean 1.00 1.00
Generalised Mean (λ = −3) 0.00 0.00
Generalised Mean (λ = 0) 0.00 0.00
GeneralisedMean (λ = 3) 0.00 0.01
Cressie and Read (λ = −3) 867.33 28.67
Cressie and Read (λ = 0) 3.47 1.34
Cressie and Read (λ = 3) 7299684.76 87.79
Hill (λ = −3) 569245.34 4323.90
Hill (λ = 0) 20754 564
Hill (λ = 3) 59.83 64.54

Table 4.42: Biodiversity indices for Galicia and Ordes.
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Table 4.43 shows mean and standard deviation for biodiversity indices for muni-
cipalities in Galicia. Looking at Table 4.43 of averages, there are ten surnames per
one hundred inhabitants, on average in the municipalities of Galicia. Therefore Ordes
is less diverse on average than the rest of the municipalities.

Index Mean SD
N 7716 457.16
S 733 4937.70
Margalef 49.69 61.71
Menhinick 5.15 2.08
Simpson 0.03 0.02
Simpson (N >>) 0.97 0.02
Shannon-Weaver 4.55 0.59
Pielou 0.55 0.03
Heip 0.07 0.02
Sheldon 0.08 0.03
Geometric Mean 1.00 0.00
Generalised Mean (λ = −3) 0.00 0.00
Generalised Mean (λ = 0) 0.00 0.00
Generalised Mean (λ = 3) 0.02 0.01
Cressie and Read (λ = −3) 13.11 8.85
Cressie and Read (λ = 0) 1.22 0.34
Cressie and Read (λ = 3) 4216.92 34954.54
Hill (λ = 3) 2861.38 6231.50
Hill (λ = 0) 458.17 732.72
Hill (λ = 3) 36.83 19.12

Table 4.43: Mean and standard deviation for biodiversity indices for municipalities
in Galicia.

The Section 5.6 shows the application to real data, in this case, applied to top-
onymic surnames.



Chapter 5

Statistical tools for toponymic
surnames

5.1 Introduction

This Chapter presents a set of tools, which are used for the visualisation of toponymic
surnames. Data visualisation is very important in statistics. Adrian W. Bowman
emphasises that graphical effects which can add considerable value in the exploration
of data and models in general and in the quantification of uncertainty (Bowman
(2019)). Why are we interested in a good visualisation? To understand the spatial
and spatio-temporal pattern of surnames. Surnames are an important source for other
disciplines as discussed throughout this thesis.

On the other hand, as explained in Chapter 1, there are certain types of surnames,
such as toponymic surnames that come from the name of a place or patronymic
surnames that mean son of, which can be useful to be able to visualise well, in order
to understand their pattern of behaviour.

Some of the statistical techniques that can be used and that are proposed in this
Chapter are the following, various results are presented with the location quotient
already described in Chapter 2, but in this case it is a matter of looking for config-
urations in the distribution of surnames by Galicia, Kernel Density Estimation (it
is a classical technique, used by linguists), Weighted Distance (used by geographers,
it has its limitations), plot for migration movements, techniques for spatio-temporal
evolution of toponymic surnames, and propose tools from spherical analysis such
as Directional Highest Density Regions (to groups of surnames and represent them

231
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on sphere) or Spherical Cluster (which is a newer technique, and does not pursue
the analysis of a single surname, but allows the study of several surnames simultan-
eously). As future work, on Chapter 7 a preliminary analysis using spherical analysis
are shown.

5.2 Concentration - Location quotient

In this Section, a serie of toponymic surnames will be selected to represent their
distribution on a map. The selection is based on the following criteria: surnames
that are not present in the whole territory of Galicia, (30 councils or less), with at
least 10 persons sharing the surname. In addition, for a specific surname, its location
quotient will be calculated. For a specific surname, the visualisation by gender was
carried out in order to find out if there are “gender differences” in the distribution
of the surname. In some of the analyses, for a given surname, the council where the
presence of this one is more frequent compared to the rest of Galicia is used. Taking
into account, the population by councils and in others, the location quotient has been
calculated and also the analysis has been centered in that council where this one is
greater.

The Location quotient (LQ) (equation (2.3.24)) compares an area’s share of a
particular surname with the share of that surname at a more aggregate spatial level.

Surname selection criteria 1: Surnames (consider only first surname) that
appear in 30 or less councils and and with a frequency of 10 or more persons. In this
case, there are a total of 5462 different surnames and the population under study is
379750 people. For each of the 5462 surnames the following has been represented on
a map with the following Procedure (Table 5.1).

In the Figure 5.1, four surnames are represented (AGOURE, ZARRAQUIÑOS,
NERGA and ABALDE) following the above mentioned instructions.

The surname Agoure (n =10) is only present in one of the councils. The surname
Zarraquiños (n =33) is present in two councils more than 30 km away. The surname
Nerga (n =69) is present in four councils. One of them is a neighbour of the one
labelled as the most frequent. Two of them not neighbors but less than 30 km from
the one labeled as most frequent. And finally, one non-neighboring and more than 30
km, which also correspond to one city Santiago de Compostela. The surname Abalde
(n =1064) the most frequent, is present in five councils that are neighbors (and are
all) of that labeled as more frequent.
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Procedure 1
· For a surname k, it is calculated the council of Galicia where it is more frequent.
For this, the number of people with the surname k in the council i is divided by the
total population of the council. (It will be represented by a red dot on the map).
· The matrix of neighbours of the council i is calculated.
· Neighbouring municipalities in which there is a population with the surname k
will be represented in blue.
· Neighbouring municipalities where there is no population with the surname k will
be represented in cyan.
· A circle with a radius of 30 km from the location marked with a red dot is painted
on the map.
· Those councils in which there are people with the surname k and are less than
a radius of 30km from the most frequent location will be represented with a green
dot.
· Councils where there are people with the surname k and are more than 30 km
away from the most frequent location are marked with a yellow dot.
· For each surname a note is added with the number of people who have that surname
in Galicia.

Table 5.1: Procedure 1

In nine non-neighbouring councils and less than 30km away and finally in nine
non-neighbouring municipalities and more than 30km away.

Surname selection criteria 2: Surnames (consider first and second surnames)
that appear in 30 or less councils and and with a frequency of 10 or more persons.
There are a total of 6878 different surnames. The population under study is 574894
people. For each of the 6878 surnames, it has been represented on a map according
to the Procedure (5.1).

In the Figure 5.2, four surnames are represented (AGOURE, ZARRAQUIÑOS,
NERGA and ABALDE) following the above mentioned instructions.

The surname Agoure (n =16) is only present in one of the neighbour councils and
one of those are less 30 km away. And finally, one non-neighboring and more than
30 km, which also correspond to one city Lugo. The surname Zarraquiños (n =59)
is present in three of five neighbour councils and also is present in four councils
more than 30 km away, some of them are big cities such as Santiago de Compostela,
Ourense and Vigo. The surname Nerga (n =135) is present in four councils that
they are less 30 km away (1 is neighbour). Two of them not neighbors but more
than 30 km from the one labeled as most frequent, corresponding to two big cities



234 CHAPTER 5. VISUALISATION TOOLS

Figure 5.1: Surnames: AGOURE, ZARRAQUIÑOS, NERGA and ABALDE.

in Galicia, Santiago de Compostela and Ferrol. The surname Abalde (n =2139) the
most frequent, is present in five councils that are neighbors (and are all) of that
labeled as more frequent. In 10 non-neighbouring councils and less than 30km away
and finally in 13 non-neighbouring municipalities and more than 30km away.

Distributions similar to the views in Figure 5.1, when only the first surname was
considered. When considering both surnames there is more dispersion, especially to
large cities.

Surname selection criteria 3: Surnames (consider only first surname) that
appear in 15 or less councils and and with a frequency of 15 or more persons. There
are a total of 4307 different surnames. The population under study is 234398 persons.
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Figure 5.2: Surnames: AGOURE, ZARRAQUIÑOS, NERGA and ABALDE.

For each of the 4307 surnames, 1182 of them have been represented, those that appear
in only one council (102), and of the remaining ones we will represent 1080 (n1 > 0
and n3 = 0) which are in councils less than 30 km away and do not appear in councils
of more than 30km (unless they are big cities); those that appear in big cities of 30km
or more (693) - those that do not appear in big cities of 30km or more (387); resulting
3 types of maps with the following information. For each of the 4307 surnames the
following has been represented on a map with the following Procedure (Table 5.2).

For each of the 4307 surnames, a table is calculated with the following information:
surname, number of people with this surname, m number of councils where this
surname appears, LQ for each surname, n2 represents number of councils where the
surname appears in study and that are more than 30km from the council where you
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Procedure 2
· For a surname k, the council of Galicia where it is most frequent is calculated. For
this, the number of people with the surname k in the council i is divided by the
total population of the council. (It will be represented with a red dot on the map).
· A circle with a radius of 30km from the town marked with a red dot is painted on
the map.
· For each surname a note is added with the number of people who have that surname
in Galicia and the maximum LQ.
· Single map - there are a total of 102 surnames / maps.

only the council where the surname appears is represented.
· Near map - there are a total of 387 surnames / maps.

Councils where there is a population with the surname k and are less than 30km
from the maximum LQ will be represented in blue.
· Near-Far map - there are a total of 693 surnames / maps.

Councils where there is a population with the surname k and are less than 30km
from the maximum LQ will be represented in blue.

Councils in which there are people with the surname k and are within a radius
of 30km from the most frequent council will be represented by a blue dot.

Those Councils where there are people with the surname k and in a large city
and more than a radius of 30km from the most frequent council will be represented
with a green dot.

Table 5.2: Procedure 2

have the maximum LQ and are big cities and n3 represents number of councils where
the surname appears in study and that are more than 30km from the council where
you have the maximum LQ and are not big cities. In the Table 5.3, four surnames are
represented (ABADES, CARRIO, FABAL and ZURITA) following the instructions
of Procedure (Table 5.2). The column k represents the order the surname in the
Table, ordered alphabetically.

k Surname Number m LQ n1 n2 n3
2 ABADES 119 14 112.89 5 6 2

913 CARRIO 22 3 21.16 1 1 0
1528 FABAL 91 10 546.54 7 1 1
4307 ZURITA 62 10 21.54 1 4 4

Table 5.3: Surnames: ABADES, CARRIO, FABAL and ZURITA.
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In the Figure 5.3, four surnames are represented (BARTOL, ROALES, POSSES
and SERAFO) following the above mentioned instructions. The surnames Bartol
(n =15), Posses (n =19), Serafo (n =21) and Roales (n =57), are only concentrated
in one municipality.

Figure 5.3: Surnames: BARTOL, ROALES, POSSES and SERAFO.

In the Figures 5.4 and 5.5, four surnames are represented (ADURIZ, COSQUET,
ZARANDON and CORUJEIRA) and (TUNI, LESTE, BEJERANO, and PAMPIL-
LON), respectively, following the above mentioned instructions (Procedure (5.2)).
The surnames Aduriz (n =15), Cosquet (n =28), Zarandón (n =37) and Corujeira
(n =195) are all surnames that are concentrated in a radius of 30km. The surnames
Tuni (n =15), Leste (n =22), Bejerano (n =30), and Pampillón (n =480), are all
surnames that are concentrated in a radius of 30km and also expand only to large
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cities.

Figure 5.4: Surnames: ADURIZ, COSQUET, ZARANDON and CORUJEIRA.

Surname selection criteria 4: Surnames (consider first and second surnames)
unfiltered. There are a total of 29966 different surnames. The population under study
is 4859087 persons. For each of the 29966 surnames, a table is calculated with the
following information: surname, number of people with this surname, m number of
councils where this surname appears, LQ for each surname, n1 represents the number
of councils where the surname appears in the study and which are less than 30km
from the council where you have the maximum LQ, n2 represents number of councils
where the surname appears in study and that are more than 30km from the council
where you have the maximum LQ and are big cities and n3 represents number of
councils where the surname appears in study and that are more than 30km from the
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Figure 5.5: Surnames: TUNI, LESTE, BEJERANO, and PAMPILLON.

council where you have the maximum LQ and are not big cities. In the Table 5.4 four
surnames are represented (ABA, CIRUELOS, HELGUERA and ZUÑIGA) following
the instructions above. The column k represents the order the surname in the Table,
ordered alphabetically.

Surname selection criteria 5: Surnames (consider first and second surnames)
that are present in ten or more persons are considered. Those which are not present
in large cities within 30km of the council marked with a maximum of LQ. Those
which are not present in any council more than 30km from the council marked with
a maximum of LQ. The data are represented by gender, to see if there are differences
by it. There are a total of 851 different surnames. The population under study is
20788 persons, distributed as follows: 10097 men and 10691 women. For each of the
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k Surname Number m LQ n1 n2 n3
14 ABA 100 11 198.27 4 2 4

6899 CIRUELOS 12 5 67.47 0 4 0
14006 HELGUERA 11 5 79.37 1 1 2

29952 ZUÑIGA 348 41 149.09 3 6 31

Table 5.4: Surnames: ABA, CIRUELOS, HELGUERA and ZUÑIGA.

851 surnames, the following has been represented on a map following the Procedure
(Table 5.5).

Procedure 3
· For a surname k the council of Galicia where the location quotient is the highest
is calculated. For this we calculate the relative frequency of the surname k in your
council divided by the relative frequency of the surname in the total of Galicia. (It
will be represented by a red dot on the map).
· If the surname only appears in one council it will be labelled as “Only one council”.
· If the surname appears in more than one council, those councils in which there is
a population with the surname k and are less than 30km away will be represented
in blue.
· A circle with a radius of 30km from the town marked with a red dot is painted on
the map.
· For each surname, a note is added with the number of men/women who have that
surname in Galicia, as well as the maximum value of LQ.

Table 5.5: Procedure 3

In Figure 5.6, four surnames are represented (ARESTI, DOMEQUE, FAVORE-
CIDO and LAMOSO) following the above mentioned instructions (Procedure (5.5)).
Surname Aresti (men = 1, women = 9) in the case of women, the population is re-
corded in two municipalities with the surname Aresti, while in the case of men it is
only one. The municipality where the maximum LQ is reached does not coincide.
Surname Domeque (men = 10, women = 12) in the case of men, the population is
registered in two municipalities with the surname Domeque, while for women it is
only one. The municipality where the maximum LQ is reached does not coincide.
Surname Favorecido (men = 14, women = 19) the distribution pattern is similar in
both sexes, presence in three municipalities for men and in one more for women.
Surname Lamoso (men = 90, women = 90) the distribution pattern is similar in both
sexes, all municipalities with the surname Lamoso in a 30km environment.
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Figure 5.6: Surnames: ARESTI, DOMEQUE, FAVORECIDO and LAMOSO.

Surname selection criteria 6: Surnames (consider first and second surnames)
are taken that are present in 10 or more persons. Those which are not present in
large cities over 30km from the council marked with a maximum of LQ. Those which
are present in any council more than 30km from the council marked with maximum
LQ. The data are represented by gender, to see if there are differences by it. There
are a total of 1188 different surnames. The population under study is 36921 persons,
distributed as follows: 17858 men and 19063 women. For each of the 1188 surnames,
the following has been represented on a map following the next Procedure (Table 5.6).

In the Figure 5.7, four surnames are represented (VALVIS, ACEBEY, ALVO and
BOUBETA) following the above mentioned instructions (Procedure 5.6). Surname
Valvis (men = 1, women = 11), for men it is concentrated in only one municipality.
In the case of women in two that are neighbors between them. Surname Acebey (men
= 10, women = 6) in the case of men it is concentrated in two municipalities that are
neighbours among themselves and in the case of women it is concentrated in only one
municipality. Surname Alvo (men = 17, women = 8) for men they are concentrated in
three municipalities that are neighbours among themselves and in the case of women
it is only concentrated in one municipality. Surname Boubeta (men = 298, women
= 312), in the case of men they are concentrated around a radius of 30km from the
municipality marked with a maximum of LQ. In the case of women, the concentration
is similar within a 30 km radius, but there are also two other municipalities outside
that radius. It can be seen that the higher the value of n, people with the same
surname, the lower the value of LQ.
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Procedure 4
· For a surname k we calculate the council of Galicia where the LQ is higher. For
this we calculate the relative frequency of the surname k in your council divided by
the relative frequency of the surname in the total of Galicia. (It will be represented
by a red dot on the map).
· If the surname only appears in one council it will be labelled “Only one council”.
· If the surname appears in more than one council, those councils where there is a
population with the surname k and are less than 30km away will be represented in
blue.
· If the surname appears in more than one council, those councils where there is a
population with the surname k and are more than 30km away will be represented
in cyan.
· A circle with a radius of 30km from the council marked with a red dot is painted
on the map.
· For each surname a note is added with the number of people man / woman who
have that surname in Galicia, as well as the maximum value LQ.

Table 5.6: Procedure 4

Surname selection criteria 7: Surnames (consider first and second surnames)
are taken that are present in 10 or more persons. Those which are present in large
cities over 30km from the council marked with a maximum of LQ. Those which are
not present in any council more than 30km from the council marked with maximum
LQ.

The data are represented by gender, to see if there are differences by it. There
is a total of 2276 different surnames. The population under study is 64412 persons,
distributed as follows: 31314 men and 33098 women. For each of the 2276 surnames,
the following has been represented on a map following the next Procedure (Table 5.7).

In the Figure 5.8, four surnames are represented (ELORDUY, ACEBAL, ACEVO
and PAMPILLON) following the above mentioned instructions. Surname Elorduy
(men = 1, women = 9) the distribution is similar. The only difference is that for
women there are records in Santiago de Compostela. Surname Acebal (men = 10,
women = 4) the distribution is similar. The only difference is that for women there
are records in Santiago de Compostela. The municipality where the maximum LQ is
reached does not coincide. Surname Acevo (men = 14, women = 10), for men the
surname is only concentrated in one municipality and for women in four, all quite
close (<30km). Surname Pampillón (men = 253, women = 227) the distribution is
similar. Even so, there are several differences, in the case of men all the municipalities
are within a radius of 30km from where the maximum LQ is reached and in the case
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Figure 5.7: Surnames: VALVIS, ACEBEY, ALVO and BOUBETA.

Procedure 5
· For a surname k the council of Galicia where the location quotient is higher is
calculated. For this we calculate the relative frequency of the surname k in your
municipality divided by the relative frequency of the surname in the total of Galicia.
(It will be represented by a red dot on the map).
· If the surname only appears in one municipality it will be labeled “Only one
council”.
· If the surname appears in more than one municipality, those councils in which there
is a population with the surname k and are less than 30km away will be represented
in blue.
· If the surname appears in one of the 7 big cities of Galicia and it is more than
30km away, it will be represented in green.
· A circle with a radius of 30km from the town marked with a red dot is painted on
the map.
· For each surname, a note is added with the number of men and women who bear
that surname in Galicia, as well as the maximum value of LQ.

Table 5.7: Procedure 5

of women, there is registration in a nearby municipality but more than 30km and in
Santiago de Compostela. It can be said that the differences by sex are minimal, in
the examples studied.

Franz Manni and his collaborators at the University of Salamanca, have borrow us
a list of monophyletic surnames. The procedures described above have been applied,
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Figure 5.8: Surnames: ELORDUY, ACEBAL, ACEVO and PAMPILLON.

as well as, the measures of isonymy. The plots and results have been omitted because
the results obtained are analogous to those obtained with any surname that is not
monophyletic.

5.3 Kernel density estimation for visualization

Fixed a surname k, let’s x the number of occurrences of surname k and the number of
observations in each location i, will be denoted by xi. The Kernel density estimator
for the number of occurrences of surname k in a collection of regions i = 1, . . . , n is
given by:

f̂K(x) =
1

n

n∑
i=1

1

h
K

(
x− xi
h

)
=

1

n

n∑
i=1

Kh (x− xi) .

That is, f̂K is the mixture of n densities (with weights 1/n) with the same form
as the kernel K, rescaled according to the parameter h, and centered each one in
observation xi. Usually, k is chosen to be a compactly supported kernel centered
at zero, although in practical the Gaussian kernel is a common choice. The kernel
estimator is a density function provided K is also a density.

The smoothing parameter h (or bandwidth) controls the smoothness of the estim-
ator: if h is small only the observations xi closer to x will be relevant in the estimation
of f(x) while large values of h allow observations further away from x to also be rel-
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evant in the estimation f̂K(x). The final estimate is significantly affected by changes
in the choice of the smoothing parameter, so this task is crucial in non-parametric
density estimation. Large values of h make the density estimators very stable from
sample to sample (small variance) but the estimates are highly biased. On the other
hand, if h is small the estimator varies a lot in different samples (high variance), but
on average it estimates the unknown density well (low bias).

Cheshire and Longley (2012) identify spatial concentrations of surnames in Great
Britain based on kernel density estimation (KDE). Van Dijk and Longley (2020a)
and Van Dijk and Longley (2020b) show surnames distributions in historic and con-
temporary Great Britain. Wang et al. (2017) present an application “Name Profiler
Toolkit” (“This is a visual analytics system designed to enable the interactive ex-
ploration and analysis of forename and surname geographical distributions across the
United States” (from: Wang et al. (2017))), to visualize the spatial distributions of
surnames use KDE. KDE has also been used in the following papers: (Cheshire and
Longley (2011), Cheshire (2014), Van Dijk et al. (2019), Kandt et al. (2020)). On
Kandt et al. (2016) is used KDE to visualizate the geographical concentrations of
genetic profiles.

On a different perspective, one may also consider a two-dimensional KDE for
reflecting the appearance of a certain surname accross space. Let now the pair (x, y)
denote a geographical cordinate. The KDE method on a two-dimensional space can
be described as follows:

f̂(x, y) =
1

nh2

n∑
i=1

K

(
di(x, y)

h

)
,

where f̂(x, y) is the estimated density at location (x, y), n is the number of point
events that fall within the bandwidth h, di(x, y) is the distance between the location
(x, y) and an event point i. Finally, K is the density function that describes the
contribution of point i to the estimated density at location (x, y) now a bidimensional
kernel. The result is a smooth, continuous surface where each location in the study
area is assigned a density value irrespective of arbitrary administrative boundaries.

Some example KDE surfaces are provided in Figures 5.9 to 5.11 and produced
form the 2011 population census. These three Figures represent the concentrations
of the toponymic surnames Mosteiŕın, Oitaven and Outomuro, show the effectiveness
of KDE for capture the spatial distribution of surnames. For each of them, four maps
are depicted, the first one with data up to 1945, the next one up to 1965, the third
one up to 1985, and in the fourth one the KDE is obtained for all the data, given a
surname.
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Figure 5.9: Surname Mosteiŕın. Graph 1-1, represents the surname Mosteiŕın with
data up to 1945. Graph 1-2, data up to 1965 are considered. Graph 2-1, data up to
1985 are considered. Graph 2-2 without cuts. The red dots on the maps indicate the
corresponding place names. In Figure 1-1 the concentration is not presented, because
there are no or insufficient data to make the estimation.

For all surnames, the population born before 1945, between 1945 and 1965,
between 1965 and 1985, and after 1985 was considered. The KDE has been cal-
culated for 20766 surnames, under these conditions. The big cities of Galicia (Ferrol,
A Coruña, Santiago de Compostela, Lugo, Ourense, Pontevedra, and Vigo) have also
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Figure 5.10: Surname Oitaven. Graph 1-1, represents the surname Oitaven with data
up to 1945. Graph 1-2, data up to 1965 are considered. Graph 2-1, data up to 1985
are considered. Graph 2-2 without cuts. The red dots on the maps indicate the
corresponding place names.

been represented in each map. The idea is to try to find a surname whose concen-
tration has shifted over time to one or more of these cities. Figures 5.12 to 5.14,
show the KDE for the following surnames: Fouce, Gigirey, Gondar, Recaman, Misa,
Paradelo, Ruanova, Ruza. The visualization results very interesting.
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Figure 5.11: Surname Outomuro. Graph 1-1, represents the surname Outomuro with
data up to 1945. Graph 1-2, data up to 1965 are considered. Graph 2-1, data up to
1985 are considered. Graph 2-2 without cuts. The red dots on the maps indicate the
corresponding place names.
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Visualization: Surnames of the cemeteries of the parishes of
the municipality of A Pontenova (Lugo)

In this Section LQ and KDE will be presented graphically for six surnames selected
from the dataset of surnames of the cemeteries of the parishes of the municipality of
A Pontenova (Lugo) described on Chapter 1 - Section 1.3.3. The following surnames
have been selected: Gavino, Ginzo, Lombardero, Marqués, Trev́ın and Veiga. These
surnames are characteristic of A Pontenova. Table 5.8 shows the distribution of these
surnames in the municipality of A Pontenova and in the rest of Galicia.

Surname A Pontenova (Nº)
Rest of municipalities
in Galicia (Nº)

Total

GAVINO 20 3 23
GINZO 37 79 116
MARQUES 20 204 224
TREVIN 32 13 45
VEIGA 101 5906 6007
Total 210 6205 6415

Table 5.8: Six characteristic names of A Pontenova (Lugo), year 2011.

Figures 5.15 to 5.20 show three maps for each of the above surnames. These
surnames have quite high LQ values and little presence in other municipalities in
Galicia. LQ values: Gavino - 604.37, Ginzo - 221.69, Lombardero - 119.83, Marqués
- 62.06, Trev́ın - 494.24 and Veiga - 11.69.

For each of these surnames, the value of the KDE in all Galicia is also represented
with the population census of Galicia for the year 2011 and the KDE for the data of
the cemeteries, in this case, the minimum spatial unit is the parishes. With this last
graph, the parish of influence of the surnames mentioned can be observed.
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Figure 5.15: Surname Gavino. Top-left: LQ value in each municipality of Galicia.
Top-right: KDE for this surname at the level of Galicia. Bottom: KDE for this
surname, in the municipality of A Pontenova. The eleven parishes into which the
municipality is divided are shown. The contour lines show the parishes with the
greatest influence of the surname.
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Figure 5.16: Surname Ginzo. Top-left: LQ value in each municipality of Galicia.
Top-right: KDE for this surname at the level of Galicia. Bottom: KDE for this
surname, in the municipality of A Pontenova. The eleven parishes into which the
municipality is divided are shown. The contour lines show the parishes with the
greatest influence of the surname.



5.3. KDE FOR VISUALIZATION 255

Figure 5.17: Surname Lombardero. Top-left: LQ value in each municipality of
Galicia. Top-right: KDE for this surname at the level of Galicia. Bottom: KDE for
this surname, in the municipality of A Pontenova. The eleven parishes into which
the municipality is divided are shown. The contour lines show the parishes with the
greatest influence of the surname.
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Figure 5.18: Surname Marqués. Top-left: LQ value in each municipality of Galicia.
Top-right: KDE for this surname at the level of Galicia. Bottom: KDE for this
surname, in the municipality of A Pontenova. The eleven parishes into which the
municipality is divided are shown. The contour lines show the parishes with the
greatest influence of the surname.
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Figure 5.19: Surname Trev́ın. Top-left: LQ value in each municipality of Galicia.
Top-right: KDE for this surname at the level of Galicia. Bottom: KDE for this
surname, in the municipality of A Pontenova. The eleven parishes into which the
municipality is divided are shown. The contour lines show the parishes with the
greatest influence of the surname.
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Figure 5.20: Surname Veiga. Top-left: LQ value in each municipality of Galicia. Top-
right: KDE for this surname at the level of Galicia. Bottom: KDE for this surname,
in the municipality of A Pontenova. The eleven parishes into which the municipality
is divided are shown. The contour lines show the parishes with the greatest influence
of the surname.
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5.4 Weighted distance method

The goal of this Section is to find the centre of gravity of the toponymic surnames.
Ninety toponymic surnames in Galicia are considered. These surnames can be con-
sulted in Table 5.9.

Surname People Surname People Surname People Surname People Surname People Surname People

AMENEDO 252 CAAMAÑO 4462 GARGAMALA 53 LIMERES 190 MORONO 57 PERTEGA 30
AMIEIRO 63 CABARCOS 526 GOAS 217 LISTE 884 MOSTEIRIN 55 PINTOS 1536
AMOEDO 1754 CARDEIRO 47 GOIRIZ 77 LIZ 254 NAVAZA 106 PIQUIN 18
ANCA 272 CARNOTA 433 GRILLE 421 LODOS 94 NAVIA 259 PRESEDO 375
ANDION 373 CERREDELO 64 GRUEIRA 37 LORES 612 NOVOA 4245 PRIMOY 72

ANTELO 2163 CORBILLON 131 GUDIÑA 24 LUSQUIÑOS 343 OITAVEN 135 QUENDE 10

BANDIN 227 CORZO 177 GUNTIÑAS 59 MAGARIÑOS 866 ORZA 48 REGADIO 29

BANGUESES 95 CUDEIRO 125 GURGUEIRO 2 MARAÑIS 25 OUTERELO 181 REGALADE 21
BARAZAL 47 CUNDINS 170 LADRA 133 MARFUL 60 OUTOMURO 117 RIADIGOS 130

BARDELAS 82 DONIZ 76 LAMAZARES 168 MEAÑO 23 PADREDA 28 SABORIDA 7
BASANTA 824 FARRAPEIRA 62 LAREO 535 MEDEIROS 113 PALEO 269 SABUZ 23

BESADA 1171 FISTEOS 22 LASTRES 52 MIÑO 153 PALLAS 665 SALPURIDO 22
BOULLOSA 861 FORNIS 60 LEIS 1075 MIRAMONTES 544 PALMOU 48 SOENGAS 225
BOUZADA 508 FUNCASTA 111 LENS 324 MONDELO 276 PAMPIN 1387 VENCE 241

BUA 651 GALDO 635 LEVICES 29 MORAÑA 186 PEAGUDA 52 ZOBRA 23

Table 5.9: Selection of 90 toponymic surnames.

The list of surnames has been georeferenced, i.e., each surname, k, has been
given the coordinates, (xk, yk), of the centroids of the municipalities where these
surnames appear. For each surname k, i = 1, . . . n, are considered n geographical
points {(x1, y1) , · · · , (xk, yk) , · · · , (xn, yn)}. The two means of the coordinates define
the location of the central mean (spatial mean) defined as follows:

(x̄mc, ȳmc) =


n∑
i=1

xi

n
,

n∑
i=1

yi

n

 .

Similarly, the two means of the coordinates define the location of the central mean
or average center (weighted central mean) as follows:

(x̄wmc, ȳwmc) =


n∑
i=1

wixi

n∑
i=1

wi

,

n∑
i=1

wiyi

n∑
i=1

wi

 ,

where wi is the weight of the point i. In our case, it will be, wi = pki, pki is the
relative frequency of the surname k in the location i. To calculate the points that
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deviate from the central average, (x̄mc, ȳmc), the standard deviation can be computed
as follows:

SD =

√√√√√ n∑
i=1

(
xi − x̄mc

)2

+
n∑
i=1

(yi − ȳmc)2

n
.

Points may have different values of attributes reflecting their relative importance.
For (x̄wmc, ȳwmc) the weighted central mean, the weighted dispersion is obtained ac-
cording to following:

SDw =

√√√√√√√√√
n∑
i=1

wi

(
xi − x̄wmc

)2

+
n∑
i=1

wi

(
yi − ȳwm

)2

n∑
i=1

wi

. (5.4.1)

5.4.1 Standard deviation ellipse

The Euclidean distance is a good measure of the dispersion of incidents around the
central mean but does not reflect any directional bias. The standard deviation ellipse
(SDE) gives the dispersion in two dimensions and is defined by three parameters:
angle of rotation, spread along the major axis and spread along the minor axis pro-
posed. This concept was proposed by Lefever (1926).

Knowing the mean coordinates, we proceed to calculate the centered coordinates
(x′, y′), so we move the axes to the center of gravity or central mean. Next, introduce

a rotation matrix G =

(
cos θ sin θ
− sin θ cos θ

)
with an angle θ, all observed sample points

are then transformed into a new planar coordinate system,(
x′i
y′i

)
= G

(
x̃i
ỹi

)
=

(
cos θ sin θ
− sin θ cos θ

)(
x̃i
ỹi

)
=

(
ỹi sin θ + x̃i cos θ
ỹi cos θ − x̃i sin θ

)
.

The maximum likelihood estimator of the rotated samples’ variance yields,
σ2
x′ = 1

n

n∑
i=1

(x′i)
2 = 1

n

n∑
i=1

(ỹi sin θ + x̃i cos θ)2

σ2
y′ = 1

n

n∑
i=1

(y′i)
2 = 1

n

n∑
i=1

(ỹi cos θ − x̃i sin θ)2
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The angle of rotation θ of the axis y′ can be obtained from equation (5.4.1), from
the arctangent.

Consequently, corresponding angles for producing the maximum and minimum
standard deviations can be obtained by equating any derivative of the above variance
estimators with respect to θ to be zero. Then, a solution to the quadratic equation is

tan θ =

(
n∑
i=1

x′2i −
n∑
i=1

y′2i

)
+

√√√√( n∑
i=1

x′2i −
n∑
i=1

y′2i

)2

+ 4

(
n∑
i=1

x′i · y′i

)2

2

(
n∑
i=1

x′i · y′i
)

The standard deviation in x′′ and y′′ are given by the following equations:

σx′′ =

√√√√√√
(

n∑
i=1

x′2i

)(
cos2 θ

)
− 2

(
n∑
i=1

x′y′

)(
sin θ cos θ

)
+

(
n∑
i=1

y2
i

)
sin2 θ

n

σy′′ =

√√√√√√
(

n∑
i=1

x′2i

)(
sin2 θ

)
− 2

(
n∑
i=1

x′y′

)(
sin θ cos θ

)
+

(
n∑
i=1

y2
i

)
cos2 θ

n

In Wang et al. (2015) two ways of calculating SDE are presented. The first is the
classical form and the second is based on the spectral decomposition of the sample
covariance. They generalize the concept into the higher dimensional Euclidean space,
that is, the deviant standard deviational hyper-ellipsoid (SDHE).

The geographical coordinates of the places in Galicia that coincide with this list
of 90 surnames have been searched on the website OpenStreetMap. For the same
surname, there can be more than one locations with the same name, for example it
is the case of Bangueses or Mondelo.

Standard deviation ellipse in Galicia

The center of gravity, the ellipse of dispersion and the coordinates of the location
obtained from https://www.openstreetmap.org/,1 which coincides with the surname,

1OpenStreetMap (OSM) is a collaborative project to create a free editable geographic database

https://www.openstreetmap.org/
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are represented on the map. In addition, the ellipse linking the locations of the
municipalities for each surname has been represented.

Figures 5.21 to 5.26 are divided into two parts. On the left part the locations where
a certain surname appears are shown in blue. The size of the points is proportional
to the weighted distance between the municipality where the surname is located
and the municipality where the supposed toponym is located. The centre of gravity
for the given surname is shown in green. The location with the same name as the
surname is shown in red. The pink ellipse represents the standard deviation ellipse.
Finally, yellow represents the standard deviation ellipse that applies the algebraic
ellipse fit method by Fitzgibbon et al. (1999). The standard weighted distance, SDw
(equation (5.4.1)), is shown in each figure for each surname. On the right part, the
density function is represented for each surname along with the number of people
who carry that surname (first surname) in Galicia and the bandwidth parameter.

of the world. The geodata underlying the maps is considered the primary output of the project.
The creation and growth of OSM has been motivated by restrictions on use or availability of map
data across much of the world, and the advent of inexpensive portable satellite navigation devices.
Created by Steve Coast in the UK in 2004.
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IÑ
A

S
,

G
U

R
G

U
E

IR
O

,
L

A
D

R
A

,
L

A
M

A
Z

A
R

E
S
,

L
A

R
E

O
an

d
L

A
S
T

R
E

S
.



266 CHAPTER 5. VISUALISATION TOOLS

F
igu

re
5.24:

M
O

N
D

E
L

O
(tw

o
p
laces),

M
O

R
A

Ñ
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Figure 5.26: VENCE and ZOBRA.
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5.4.2 Curiosities: toponymy in Galicia

Galicia accounts for most of the 50 most common toponyms in Spain. And the vast
majority of the most common place names are located in Galicia. In brown, the
places that are more homogeneously distributed throughout the rest of Spain, of the
50 most common toponyms in Spain, 45 of them are in Galicia. The most common
toponyms are represented in Figure 5.27 (Rey (2019)).

Figure 5.27: Most common place names. In orange - those that appear mainly in
Galicia. In brown - the places that are more homogeneously distributed throughout
the rest of Spain are shown. Source: own elaboration, data extracted from GCiencia.

The ten most common place names in Spain are a photo of the Galician landscape

https://www.gciencia.com/tolociencia/galicia-toponimos-comuns-espana/
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and its inhabitants. A Igrexa is repeated 611 times, followed by O Outeiro (525), O
Castro (332), Vilar (291), A Torre (262), O Pazo (253), Outeiro (236, without the
article), O Vilar (230, with the article), A Casanova (206) and Vilanova (196, which
also appears, in smaller quantities, in the Catalan-speaking areas).

Most of these place names also appear in the list of the most common ones in the
case of surnames. For the data of Galicia in 2011, there are 20754 different surnames.
However, in this case, the Castilianization was imposed (Iglesias position twelve of
the list of most frequent surnames against Igrexas position 7726; Otero position 16
against Outeiro position 1684 or Villar position thirty-nine against Vilar position one
hundred and twenty six).

In Galicia, for the first surname, there are 27313 persons with the surname Castro
(position 11 of the list of most frequent surnames), Iglesias has 25899 persons (position
12), Otero has 19943 persons (position 16) and Villar has 7150 persons (position
thirty-nine), etc.

The official names of the population entities can be found in the Galician Gaz-
etteer. All the locations of the Gazetteer and all the surnames of Galicia for the year
2011 have been considered and both databases have been joined, when the names of
location coincide with the name of the surname. In the same way, as discussed above,
it can happen that there is more than one location with the same name. In the Gaz-
etteer database the geographical coordinates of each centre are not available, therefore
the coordinates of the centroid of the municipality to which they belong have been
assigned and in the case of surnames, as the data by municipality are available, the
coordinates of the centroid of the municipality are also considered. From these two
reduced databases it does not mean that all the coinciding surnames are toponymic,
this will lead to a detailed and individual analysis of surname by surname.

https://www.xunta.gal/toponimia-e-nomenclator
https://www.xunta.gal/toponimia-e-nomenclator
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5.4.3 Curiosities: patronymic surnames in Galicia

A patronymic surname is a name that originates from the first name of the father or
an ancestor patronymic. Patronymic names in Spanish are derived from the father’s
name by the suffixes “ez”, “oz”, “iz” and “az”, meaning “son of”. Galicia, there are
636 surnames (first surname) ending with ‘az”, “ez”, “iz” and “oz”. Of which 60 end
in “AZ”, 407 end in “EZ”, 144 end in “IZ” and 25 end in “OZ” (extracted from data
described on Chapter 1). When the 636 surnames are crossed with the Gazetteer, 41
are obtained that coincide with place names, they are the following:

• AZ: DIAZ (derived from the proper name Diago and Diego), GROMAZ, MENAZ,
MIRAZ (is related to the surnames Mirad, Mirazo), PALMAZ, PAZ (is related
to the surnames Paas, Pais, Páes, Paez), SOAZ and VAZ (is related to the
surname Baz).

• EZ: ESTEVEZ (it derives from the Galician proper name Estevo (in Spanish
Esteban) and is related to the surnames Estebo, Estevo), FERNANDEZ (it
derives from the proper name Fernán or Fernando), FLOREZ (it is in the proper
name Froyla or Fruela, of which Froylez or Frolaz was the patronymic, which
later became, in Florez) and GOMEZ (it derives from the proper name Gome).

• IZ: ALDARIZ, ALLARIZ, ARDARIZ, ARDIZ, ARIZ, ASCARIZ, ASTARIZ,
BRANDARIZ, CANTIZ, DIZ, EIRIZ, ESTRAVIZ, FRAIZ, GAMIZ, GOMARIZ,
GUNDRIZ, GUNTURIZ, LANDRIZ, LIZ, MARIZ, MOURIZ, PERDIZ, RE-
IRIZ, RODIZ, ROMARIZ, SABARIZ, SANFIZ and URIZ.

• OZ: BROZ (is related to the surname Brozos).

Figures 5.28 shows the standard deviation ellipse for a selection of surnames,
in the case of those ending in “AZ” and “IZ”, instead in “EZ” and “OZ” all have
been represented. Most of the 41 surnames obtained from the intersection with the
Gazetteer are of toponymic origin and few of them are really patronymic.
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5.4.4 Curiosities: saintly places-surnames in Galicia

The map in Figure 5.29 produced by BIQDATA (Pifczyk et al. (2016)) shows the
20808 “holiest places in Europe”, i.e., those that in their name bear the particles
“San”, “Holy” or “Holy” and their possible variants, for which they have used the
database of the National Geospatial-Intelligence Agency, NGA (EE.UU.) These are
the so-called hagiotoponyms,2 for example, Santiña (in the municipality of Portas) in
Figure 5.30 and San Clemente (in the municipality of Cuntis) in Figure 5.31.

Figure 5.29: Europe’s holiest places. Source: BIQDATA.

They found 20808 of those places. In Figure 5.32, it can be seen that France
is, with 8963 (43% of the European total), the country with the highest presence
of sacred place names, despite being “famous for its secularity”. As it is observed
France duplicates to Spain, that has 4444 places with these religious references (21.5%
of the European total). In third place is Italy with 2638 “sacred” places (12.7% of
the European total).

2Hagiotoponymy is the part of toponymy that studies place names related to the names of saints,
and, by extension, to sanctity, the sacred.

http://biqdata.wyborcza.pl/
https://www.nga.mil/Pages/Default.aspx
http://biqdata.wyborcza.pl/
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Figure 5.30: Santiña in the council of
Portas (Pontevedra).

Figure 5.31: San Clemente in the council
of Cuntis (Pontevedra).

Returning to the case of Spain, the distribution throughout the country is very
irregular. In view of the map in Figure 5.29, it can be seen that the greatest concen-
tration is in the Northwest and in the eastern part of Catalonia. Galicia is practically
covered by a red layer, perhaps having the highest concentration in Europe.

It is possible to think that the distribution of the toponyms could be, a con-
sequence of the Christian conquest. Galicia, Asturias and a part of Catalonia were
the territories of the peninsula that were for less time Muslims. It could be that
at that time putting the name of the local church in the municipality was a way of
emphasizing its Christian identity.

Similar arguments are treated Garćıa-Borrón (2013). The author collects and
analyzes 7760 hagiotoponymic3 toponyms, almost 90% of which are distributed in the
north of the Peninsula. Half of them are in Galicia, also the province of Oviedo has a
high density of toponyms. And it exceeds the average by far in the provinces of León,
Zamora, Palencia, Burgos, Huesca, Lérida, Gerona or Barcelona. This is explained
by the fact that the presence of the Muslims north was not very long-lasting, which
is naturally reflected in the field of toponymy.

It should also be said that, in Galicia, there is the city of Santiago de Compostela, a
destination for pilgrims from all over Europe from the early medieval period onwards.
This could also explain the extraordinary concentration of names of holy places in
our community.

Finally, it should be noted that place names beginning with the prefix “Saint”
(or its equivalent) are surprisingly rare, especially in traditionally Catholic countries
such as the Czech Republic (70), Poland (55) or Ireland (34).

3Hagiotoponymic surnames: The name of a place that is dedicated to a particular saint.
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Figure 5.32: Europe’s holiest countries. Source: own elaboration, data extracted from
BIQDATA.

http://biqdata.wyborcza.pl/
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Saintly places-surnames in Galicia

Surnames beginning with the letters “SAN” are considered, i.e., 560 surnames cor-
responding to 60933 persons. Of the 560, not all are hagiotoponymic origin, e.g.,
SANCHEZ (people = 25175), SANTE (people = 132), SANABRIA (people = 73),
SANCHES (people = 61), SANDIAS (people = 52), . . .

There may be others resulting from the union of the prefix “San” or “Santa”,
as for example, is the case of SANMARTIN (people = 2744) and SAN MARTIN
(people = 274); SANTAMARIA (people = 1517) and SANTA MARIA (people =
12); SANLUIS (people = 82) and also SAN LUIS (people = 74).

There may be spelling mistakes, e.g., the surname SANJURJO (people = 1500)
and the erroneous derivatives SANJURGO (people = 2) OR SAN JURGO (people =
1).

When crossing these 560 different surnames with the database of localities of the
gazetteer, we have a total of fifty-eight exact matches, that is to say, there are fifty-
eight surnames that coincide with the names of Galician towns, but this does not
mean that there are fifty-eight towns, as there are several places with the same name.
These fifty-eight could be said, a priori, to have a toponymic origin, they can be
consulted in Table 5.10. It will be necessary to see it. Forty-two of these surnames
have a frequency of more than ten and account for a total of 12539 persons.

Surname Nº Surname Nº Surname Nº Surname Nº Surname Nº
SAN ADRIAN 6 SAN MARTIN 226 SANDAMIL 35 SANTA CRUZ 34 SANTE 129
SAN ANDRES 4 SAN MIGUEL 52 SANDAR 24 SANTA MARIA 11 SANTIAGO 3458
SAN CLAUDIO 17 SAN PEDRO 9 SANDE 1617 SANTABALLA 10 SANTIN 273
SAN ESTEBAN 5 SAN RAMON 2 SANDES 17 SANTABAYA 83 SANTIRSO 15
SAN FACUNDO 1 SAN ROMAN 15 SANDIAS 48 SANTALLA 690 SANTISO 979
SAN GREGORIO 7 SAN SILVESTRE 3 SANDIN 23 SANTAMARIA 1306 SANTO 3
SAN ILDEFONSO 13 SAN VICENTE 19 SANFIZ 153 SANTANA 348 SANTOALLA 53

SAN ISIDRO 38 SANCHA 11 SANGUIÑEDO 11 SANTANDRE 5 SANTOME 1129
SAN JOSE 74 SANCHE 1 SANIN 153 SANTAR 13 SANTOMIL 69
SAN JUAN 27 SANCHES 4 SANLOUZANS 2 SANTAS 254 SANXURXO 1

SAN JULIAN 13 SANCHO 111 SANMARTIÑO 1 SANTÁS 1
SAN LUIS 71 SANDA 303 SANROMAN 539 SANTAYA 75

Table 5.10: Fifty-eight surnames beginning with “San” or “Santa” which coincide
with the names of Galician villages with the number of people which those surnames.

If it is desired to to examine the evolution of these surnames over time, it is
considered people born from 1936 onwards and make groups every 3 years, reducing
the sample of surnames from fifty-eight to thirty-five. When crossing again with the
gazetteer database, 153 locations of Galicia were selected. Thus, in these groups,
twenty-five in total, every three years, there are always thirty-five surnames. For a
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later analysis, from the point of view of functional data analysis, it is preferable that
each group always has the same number of surnames.

In Galicia there are at least 10 places called Santiso. Figure 5.34 shows for each
one of twenty-five (k = 1, . . . , 25) time intervals (people born between from 1936 to
1939, from 1936 to 1942, . . . , from 1936 to 2011) the standard deviation ellipse is
plotted, as well as the centre of gravity and the standard weighted distance, SDw,
(equation (5.4.1)).

Figure 5.33: Left: Standard weighted distances for each ten localities called Santiso.
Right: Places called Santiso in Galicia.

Figure 5.33 (left) shows for each of the ten localities, the value of standard weighted
distance, SDw (equation (5.4.1)) over the twenty-five time intervals, these intervals
are cumulative, from one to the next the population of the previous interval is ac-
cumulated, and in the last one all the data is available, i.e., those born in 2011 or
earlier. Finally, Figure 5.33 (right) shows the places called Santiso in Galicia.
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5.5 Migration movements

Table 5.11 shows population migration movements between Galician provinces, year
2011. In the data sets considered we have the municipality of birth and the mu-
nicipality of residence, so we can study the movements to the place of residence of
the inhabitants of Galicia. In view of Table 5.11, most Galicians reside in the same
province of birth. The provinces of A Coruña and Pontevedra are the most receiving
provinces.

Province of residence
A Coruña Lugo Ourense Pontevedra Total
Nº % Nº % Nº % Nº % Nº %

Province
of birth

A Coruña 951641 96.15 8717 0.88 3611 0.36 25761 2.60 989730 100.00
Lugo 34841 9.18 324192 85.43 7491 1.97 12955 3.41 379479 100.00
Ourense 12923 3.80 3333 0.98 292116 85.97 31416 9.25 339788 100.00
Pontevedra 24126 2.96 3235 0.40 6000 0.74 780765 95.90 814126 100.00
Total 1023531 40.57 339477 13.45 309218 12.26 850897 33.72 2523123 100.00

Table 5.11: Population migration movements between Galician provinces, year 2011.

In this Section, some nice graphs, called chord diagrams, are presented to visualise
population movements, in this case migratory ones. A chord diagram depicts the flow
of information or connections between different entities (called nodes). Each entity is
represented by a piece on the circular layout’s periphery. Then, between each entity,
arcs are drawn. The importance of the flow is proportional to the magnitude of the
arc. An example displaying the number of people migrating from one country to
another can be found in Abel and Cohen (2019). Figure 5.35 shows the movements
of migration to large attracting municipalities in Galicia. Direction of the flow is
indicated by the arrowhead. The width of the arrow at the flow’s base indicates its
size.

The surname dataset contains the municipality of birth and the municipality of
residence of each individual. These chord diagrams have been adapted for surname
movements. Once the origin of a surname is known, these charts are useful to see
where people are moving to. Figures 5.36 show the movements of migration within
Galicia surname Basanta, Figure 5.37 for surname Crujeiras, Figure 5.38 surname
Ginzo, Figure 5.39 for surname Lores, Figure 5.40 for surname Outomuro and Fig-
ure 5.41 for surname Soengas.



280 CHAPTER 5. VISUALISATION TOOLS

A
be

go
nd

o

0

A
m

es

01

A
ra

ng
a

0

A
re

s

0

A
rt

ei
xo

01

A
rz

úa

0

B
añ

a,
 A

0

B
er

go
nd

o

0

B
et

an
zo

s

0

B
oi

m
or

to

0

B
oi

ro

01

B
oq

ue
ix

ón

0

B
rió

n

0

C
ab

an
a 

de
 B

er
ga

nt
iñ

os

0

C
ab

an
as

0

C
am

ar
iñ

as

0

C
am

br
e

0

C
ap

el
a,

 A

0

C
ar

ba
llo

01

C
ar

no
ta

0

C
ar

ra
l

0

C
ed

ei
ra

0

C
ee

0

C
er

ce
da

0

C
er

di
do

0

C
es

ur
as

0

C
oi

ró
s

0

C
or

cu
bi

ón

0

C
or

is
ta

nc
o

0

C
or

uñ
a,

 A

01 2 3 4 5 6 7 8 91011
12

Cul
le

re
do

0

Cur
tis

0

Dod
ro

0

Dum
br

ía

0

Fe
ne

0

Fe
rro

l

01 23

Fist
er

ra

0

Fra
de

s

0

Irix
oa

0

Laxe

0

Larach
a, A

0

Lousa
me

0

Malpica
 de Bergantiñ

os

0

Mañón

0

Maza
ric

os

0

Melide

0

Mesía

0

Miño

0

Moeche

0

Monfero

0

Mugardos

0

Muxía

0

Muros

0

Narón

0
1

Neda

0

Negreira

0

Noia

0

Oleiros

0
1 Ordes

0

Oroso

0

Ortigueira

0

Outes

0

Oza dos Ríos

0

Paderne

0

Padrón

0 Pino, O

0 Pobra do Caramiñal, A

0 Ponteceso

0 Pontedeume

0

Pontes de García Rodríguez, As

0

Porto do Son

0

Rianxo

0

Ribeira

0
1

Rois

0

Sada0

San Sadurniño

0

Santa Comba0

Santiago de Compostela

01
2

3
45

Santiso0

Sobrado

0

Somozas, As

0

Teo

0

Toques

0

Tordoia

0

Touro

0

Trazo

0

Valdoviño
0

Val do Dubra

0

Vedra

0

Vilasantar

0

Vilarmaior

0

Vimianzo

0

Zas

0

Cariño

0

Abadín

0

Alfoz

0

Antas de Ulla

0

Baleira

0

Barreiros

0

Becerreá

0

Begonte

0

Bóveda

0

Carballedo

0

Castro de Rei

0

Castroverde

0

Cervantes

0

Cervo

0

Corgo, O

0

Cospeito

0

Chantada

0

Folgoso do Courel

0

Fonsagrada, A

0

Foz

0

Friol

0

Xermade

0

Guitiriz

0

Guntín

0

Incio, O

0

Xove

0

Láncara

0

Lourenzá

0

Lugo

012
34

M
eira

0

M
ondoñedo

0

M
onforte de Lem

os

0

M
onterroso

0

M
uras

0

N
avia de Suarna

0

N
egueira de M

uñiz

0

N
ogais, A

s

0

O
urol

0

O
uteiro de R

ei

0

Palas de R
ei

0

Pantón

0

Paradela

0

Páram
o, O

0

P
astoriza, A

0

Pedrafita do C
ebreiro

0

P
ol

0

P
obra do B

rollón, A

0

P
ontenova, A

0

P
ortom

arín

0

Q
uiroga

0

R
ibadeo

0

R
ibas de S

il

0

R
ibeira de P

iquín

0

R
iotorto

0

S
am

os

0

R
ábade

0

S
arria

0

S
aviñao, O

0

S
ober

0

Taboada

0

Trabada

0

Triacastela

0

V
aladouro, O

0

V
icedo, O

0

V
ilalba

0

V
iv

ei
ro

0

B
ar

al
la

0

B
ur

el
a

0

A
lla

riz

0

A
m

oe
iro

0

A
rn

oi
a,

 A

0

A
vi

ón

0

B
al

ta
r

0

B
an

de

0

B
añ

os
 d

e 
M

ol
ga

s

0

B
ar

ba
dá

s

0

B
ar

co
 d

e 
V

al
de

or
ra

s,
 O

0

B
ea

de

0

B
ea

riz

0

B
la

nc
os

, O
s

0

B
ob

or
ás

0

B
ol

a,
 A

0

B
ol

o,
 O

0

C
al

vo
s 

de
 R

an
dí

n

0

C
ar

ba
lle

da
 d

e 
Va

ld
eo

rr
as

0

C
ar

ba
lle

da
 d

e 
A

vi
a

0

C
ar

ba
lli

ño
, O

0

C
ar

te
lle

0

C
as

tre
lo

 d
o 

Va
l

0

C
as

tre
lo

 d
e 

M
iñ

o

0

C
as

tro
 C

al
de

la
s

0

C
el

an
ov

a

0

C
en

lle

0

C
ol

es

0

C
or

te
ga

da

0

C
ua

le
dr

o

0

C
ha

nd
re

xa
 d

e 
Q

ue
ix

a

0

En
tri

m
o

0

Es
go

s

0

Xi
nz

o 
de

 L
im

ia

0

G
om

es
en

de

0

G
ud

iñ
a,

 A

0

Iri
xo

, O

0

Xun
qu

ei
ra

 d
e 

Am
bí

a

0

Xun
qu

ei
ra

 d
e 

Esp
ad

an
ed

o

0

La
ro

uc
o

0

La
za

0

Le
iro

0

Lo
be

ira

0

Lo
bio

s

0

Mac
ed

a

0

Manza
neda

0

Masid
e

0

Melón

0

Merca
, A

0

Mezq
uita

, A

0

Montederra
mo

0

Monterre
i

0

Muíños

0

Nogueira
 de Ramuín

0

Oím
bra

0

Ourense

01
2

3
45

Paderne de Allariz

0

Padrenda

0

Parada de Sil

0

Pereiro de Aguiar

0

Peroxa, A

0

Petín
0

Piñor
0

Porqueira

0

Pobra de Trives, A

0

Pontedeva

0

Punxín

0

Quintela de Leirado

0

Rairiz de Veiga

0

Ramirás

0

Ribadavia

0

San Xoán de Río

0

Riós

0

Rúa, A

0

Rubiá

0

San Amaro

0

San Cibrao das Viñas

0

San Cristovo de Cea

0

Sandiás

0

Sarreaus

0Taboadela

0Teixeira, A

0Toén

0Trasmiras

0

Veiga, A

0

Verea

0

Verín 0

Viana do Bolo 0

Vilamarín 0

Vilamartín de Valdeorras 0

Vilar de Barrio 0

Vilar de Santos

0

Vilardevós

0

Vilariño de Conso

0

Arbo

0

Barro

0

Baiona

0

Bueu

0

Caldas de Reis

0

Cambados

0

Campo Lameiro

0

Cangas

0
1

Cañiza, A

0

Catoira

0

Cerdedo

0

Cotobade

0

Covelo

0

Crecente

0

Cuntis

0

Dozón

0

Estrada, A

0

Forcarei

0

Fornelos de Montes

0

Agolada

0

Gondomar

0

Grove, O

0

Guarda, A

0

Lalín

0

Lama, A

0

Marín

0
1

Meaño

0

Meis

0

Moaña

0
1

M
ondariz

0

M
ondariz−Balneario

0

M
oraña

0

M
os

0

Neves, As

0

Nigrán

0

O
ia

0

Pazos de Borbén

0

Pontevedra

01
2 34

Porriño, O

0

Portas

0

Poio

0

Ponteareas

0
1

Ponte C
aldelas

0

Pontecesures

0

R
edondela

01

R
ibadum

ia

0

R
odeiro

0

R
osal, O

0

S
alceda de C

aselas

0

S
alvaterra de M

iño

0

S
anxenxo

0

S
illeda

0

S
outom

aior

0

Tom
iño

0

Tui

0

V
alga

0

V
igo

01 2 3 4 5 6 7 8 9 1011121314

V
ilaboa

0

V
ila de C

ruces

0

V
ilagarcía de A

rousa

01

V
ilanova de A

rousa

0

Illa de A
rousa, A

0

Figure 5.35: Migration to large attracting municipalities in Galicia.
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Figure 5.36: Migrations within Galicia surname Basanta.
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Figure 5.37: Migrations within Galicia surname Crujeiras.
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Figure 5.39: Migrations within Galicia surname Lores.
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Figure 5.40: Migrations within Galicia surname Outomuro.
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Figure 5.41: Migrations within Galicia surname Soengas.
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5.6 Spatio-temporal evolution of toponymic sur-

names

In the analysis of the surnames of the population of Galicia, it is easy to identify
surnames that coincide with place names, i.e. toponymic surnames. These surnames
are not usually found in the same place of the denomination, but initially in other
nearby places and with the passage of time, in more distant places. For example, the
surname Outomuro is a Galician surname of toponymic origin that has its origin in the
municipality of Cartelle (in the province of Ourense), it presents a very concentrated
distribution in nearby municipalities and along the time in others not so close as is the
case of Vigo. In this Section, the goal is try to analyse the spatio-temporal evolution
of toponymic surnames in Galicia, through the use of diversity indices.

5.6.1 Introduction

Toponymic surnames (place names) refer to surnames whose origin is in the place from
which they came or where the person or family associated with them own land. Geo-
linguistic theory indicates that these surnames have a characteristic spatio-temporal
distribution, so that at first, they appear in areas close to the place of denomination,
and along the time they become less common. That is to say, they present evolutions
that are not necessarily simple, as occurs in general in onomastic studies.

As an example, Figure 5.44 shows the distribution of the surname Outomuro, for
those born between 1920 and 2011. There are 9 maps of the provinces of Pontevedra
and Ourense, only provinces where this surname appears in Galicia, and its distribu-
tion over the years. In the same way as for the surname Outomuro, the distribution
of the surname Ginzo4 is shown in Figure 5.42, surname also of toponymic origin. It
is mainly located in the region of the Mariña Oriental, more precisely in A Pontenova.
Ginzo is a Castilianisation of Xinzo, a toponym of pre-Roman origin (med. Genitio)
that is repeated in 12 places in Galicia, as well as giving its name to a municipality
(Xinzo de Limia). The surnames come from those located in the Mariña lucense and
on the border with Asturias, from some of the places in the municipalities of Foz, A
Pontenova or even Tapia de Casariego (Asturias).

In contrast, Figure 5.43 shows the distribution of the surname Fernández. It is
a patronymic surname with the suffix “-ez”, which was the procedure used in the

4Dicionario dos apelidos galegos, which is being elaborated in the Section of Onomastics of
the Instituto da Lingua Galega (USC) directed by Ana Isabel Boullón Agrelo.
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Figure 5.42: Distribution maps of the Ginzo surname with births from 1920 to 2011
in different municipalities of Galicia. In grey colour are represented the municipalities
of Galicia where there are no births of any person with the surname Ginzo. In dark
cyan colour are shown all the municipalities where there are people with this surname
in the corresponding age group. In pink colour the municipality of A Pontenova
is represented, Xinzo is a place of this municipality. In the municipalities that in
addition to the dark cyan background there are blue dots, these represent, that there
were people with this surname born in the corresponding interval.

Middle Ages to mean “son of”, because at that time surnames were not transmitted
by inheritance, and changed from generation to generation. It is a derivation of the
proper name Hernando, which is the origin of Fernández or Hernández. It is difficult to
separate the two surnames as both Hernandez and Fernandez have their origin in the
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proper name Ferran, which means brave warrior, derived from the Celtic word “Har”,
translated as “war” and “power”. From Ferrán or Hernán, we derive Fernando and
Fernández and Hernando and Hernández. In Catalan, its origin, Ferrán, is preserved
in the same way, and in Spanish it becomes Fernando. It is possible that the surname
Fernández was taken from King Fernando. As can be seen, the distribution is totally
different from that of Outomuro or Ginzo, in the first two cases the surname is
concentrated in the municipalities where it arises or bordering and it expands little
by little. Lasker and Kaplan (1983) carried out a similar study for British surnames
in which they concluded similar results, as for example in the case of the surname
McKinley.

For this analysis, two data sources were used, on the one hand the Gazetteer5 from
Galicia (year 2012) which has 37308 records. It is recalled that Gazetteer contains the
toponymy of the provinces, parishes, municipalities and places of Galicia, in accord-
ance with the opinions of the Toponymy Commission and with the rules dictated by
the Xunta de Galicia (previously introduced in Section 1.3.9). The second source of
data used is the 2000 population census of surnames of Galicia (corresponding to the
year 2011) which contains 20757 different surnames (data described on Section 1.3.2).

Operations with Gazetteer

In this Section, with toponymy, from all the localities of the gazetteer the particles
of the type “As / the (feminine plural)”, “Os / the (masculine plural)”, “de arriba /
from above”, “de abaixo / from below”, “grande / big” or “grandes / big in plural”,
“pequeno / small”, “Santa / female saint”, “San / masculine saint”, . . . were elimin-
ated. Once the previous particles have been eliminated, work with those “localities”
that coincide exactly with surnames. For this study, no derivations were considered,
i.e. Lameira is equivalent to Lameiro or vice versa. The total number of matches is
close to 16000 (43.48% of the gazetteer). A first graphical analysis of the spatial dis-
tribution of some of these surnames was made and as a result of this analysis, the idea
of investigating their spatial distribution arose. It is observed that surnames such as
“Casaldoeiro” (coincides with a nucleus in the municipality of Brión), “Someso” (in
municipality of A Coruña), “Mallou” (in municipality of Santiago de Compostela) and
“Allariz” (in municipality of Maŕın) appear more frequently in those municipalities
close to the place of origin.

On the other hand, there are surnames such as “Toande”, “Caberta”, “Marrondo”,
“Negrelos” or “Corredoura”, which appear in municipalities other than those where
there are localities with this surname, but bordering them.

5Gazetteer - Nomenclátor URL:
http://abertos.xunta.gal/catalogo/territorio-vivienda-transporte/-/dataset/0270/nomenclator-
galicia/.
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Figure 5.43: Distribution maps of the surname Fernández with those born from 1920
to 2011 in different municipalities of Galicia. The grey colour represents the muni-
cipalities of Galicia. Blue dots represent the number of Fernández per municipality
and in yellow the same weighted by population (divided by the population of the
municipalities in 2011).

Due to the fact that the number of surnames whose toponymic origin is suspected
is very high, a series of surnames was determined that cover the entire Galician
territory in a more or less uniform way. The initial number of surnames selected is
ninety, distributed in five zones (eighteen per zone), (see Table 5.12). Table G.1 in
Annex G shows the proportion of each surname in each of the areas.
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Figure 5.44: Distribution maps of the surname Outomuro with those born from 1920
to 2011 in different municipalities of Galicia. In grey colour are represented the mu-
nicipalities of the province of Pontevedra and in cyan colour those of the province of
Ourense. In darker cyan all the municipalities with the population with this surname
in the corresponding age group are indicated. In pink colour is represented the muni-
cipality of Cartelle, Outomuro is a locality of this municipality. In the municipalities
that in addition to the dark cyan background there are blue dots, these represent that
there was a population with this surname born in the corresponding interval.

In order to represent the five areas considered, the following procedure is de-
scribed. The idea is to divide Galicia into five parts: northwest, northeast, centre,
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NORTH-WEST
AMENEDO ANCA ANTELO BANDIN CAAMAÑO CARNOTA
CUNDINS FORNIS GRILLE LASTRES LEIS LENS

LISTE MIÑO MIRAMONTES MORONO PRESEDO PRIMOY

NORTH-EAST
AMIEIRO ANDION BASANTA CABARCOS FUNCASTA GALDO

GOAS GOIRIZ GRUEIRA LADRA LIZ LODOS
MARFUL MOSTEIRIN PALEO PERTEGA PIQUIN QUENDE

CENTER
BARDELAS CARDEIRO FISTEOS GURGUEIRO LAMAZARES LAREO

MARAÑIS NAVAZA ORZA PALMOU PAMPIN REGADIO
REGALADE RIADIGOS SABORIDA SOENGAS VENCE ZOBRA

SOUTH-WEST
AMOEDO BANGUESES BESADA BOULLOSA BOUZADA BUA

FARRAPEIRA GARGAMALA LORES LUSQUIÑOS MAGARIÑOS MEAÑO

MORAÑA NAVIA OITAVEN OUTERELO PALLAS PINTOS

SOUTH-EAST
BARAZAL CERREDELO CORBILLON CORZO CUDEIRO DONIZ

GUDIÑA GUNTIÑAS LEVICES LIMERES MEDEIROS MONDELO
NOVOA OUTOMURO PADREDA PEAGUDA SABUZ SALPURIDO

Table 5.12: Examples of toponymic surnames in different areas of Galicia.

southwest and southeast. From the definition of northwest, northeast, southwest and
southeast, it seems to be more or less clear which municipalities belong to each of
these zones. It is more complicated to define the municipalities that are in the centre.
The municipality of Laĺın in the province of Pontevedra is considered the geographical
centre of Galicia, and the following definition is proposed, those municipalities that
are in “zone q” will be said to be in the centre. Zone q is defined as those municipal-
ities whose UTM-X coordinate is between the first and third quartile of the UTM-X
coordinates of Galicia and whose UTM-Y coordinate is between the first and third
quartile of the UTM-Y coordinates of Galicia (see Figure 5.45).

Five surnames out of the ninety toponymic surnames are considered in order not
to make this Section too repetitive. Table 5.13 shows the distribution of the surnames
Caamaño, Cudeiro, Galdo, Miramontes and Mondelo for each of the considered areas
of Galicia. In addition, each of them is identified with an area of Galicia (see Fig-
ure 5.46).

Surname NORTH-WEST NORTH-EAST CENTER SOUTH-WEST SOUTH-EAST

CAAMAÑO 86.37% 2.33% 2.29% 8.67% 0.34%
CUDEIRO 6.40% 3.20% 84.80% 1.60% 4.00%
GALDO 28.82% 70.55% 0.16% 0.47% 0.00%
MIRAMONTES 92.65% 1.29% 2.39% 3.68% 0.00%
MONDELO 9.06% 21.01% 7.61% 6.88% 55.43%

Table 5.13: Distribution of the surnames Caamaño, Cudeiro, Galdo, Miramontes and
Mondelo in the five areas of Galicia.
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Figure 5.45: Map of Galicia divided into five areas according to the definition of
“zone q”, for the municipalities of the centre. In green colour the northwest zone is
represented, in red colour the northeast zone, in black the central zone, in turquoise
blue the southwest zone and in dark blue the southeast zone. The central blue point
represents the geographical centre of Galicia (in the municipality of Laĺın).

Figure 5.46: Locations in Galicia of the surnames Miramontes, Galdo, Cudeiro, Far-
rapeira and Padreda (from left to right). The size of the dot is proportional to the
number of people who carry that surname weighted by the population of the muni-
cipality.
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5.6.2 Indices to quantify the diversity of surnames

The objectives of this Section are as follows: to apply diversity indices to try to
explain the expansion of toponymic surnames in Galicia over time. To do so, diversity
measures introduced in Section 4.5.2 will be used. In particular, the parametric family
of statistics In(λ) (equation (4.5.14)) studied by Cressie and Read (1984), based
on statistics for uniformity measures will be explored. Also Simpson’s index (DSi)
(equation 4.5.2) and Shannon-Weaver index (H ′) (equation (4.5.2)) and Geometric
Mean (Gt) (equation (4.5.12)).

Remember that, the index i = 1, . . . , n is considered to denote a certain geograph-
ical region, in this case, the five areas described previously, i = 1, . . . , 5. Each region
has an associated collection Si of toponymic surnames, in this case ninety selected
surnames (Table 5.12), eighteen for area, i.e., ni = 18. The total population con-
sidered is 34687 distributed as follows (NORTH-EAST = 3745, NORTH-WEAST =
13419, SOUTH-EAST = 6195, SOUTH-EAST= 1705, SOUTH-WEAST = 9623).

None ecological community is perfectly even and same applies to the study of
surnames in the different areas. Therefore, it is interesting to quantify the divergence
of species (surnames) in the study area. Studeny (2012) studies this divergence based
on the Cressie and Read statistic. For this purpose, considered the likelihood ratio G
and the Pearson’s χ2, defined as follows:

G = 2
∑
k∈Si

nki log

(
nkiSi
Nki

)
(5.6.2)

χ2 =
∑
k∈Si

(nki − n
S

)2

n
Si

. (5.6.3)

where nki represents the number of individuals with surname k in the population
is Nki, Si represents the collection of surnames at the community, in a certain re-
gion i. Cressie and Read (1984) generalise this idea by introducing and studying a
parametric family for the statistic, which incorporates both G and χ2. The statistics
G (equation (5.6.2)) and χ2 (equation (5.6.3)) are transformations of the diversity
measures, Simpson’s index (DSi) (equation (4.5.2)) and Shannon-Weaver index (H ′)
(equation (4.5.2)). Cressie and Read (1984) and Read and Cressie (1988) proposed
the statistic In(λ) (equation (4.5.14)):

In(λ) =
2

λ(λ+ 1)

∑
k∈Si

nki

[(
nki

Nki/Si

)λ
− 1

]
.

If this statistics is divided by 2n an estimator of a measure of divergence is obtained
between the true species abundance distribution pki and the perfectly even distribu-
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tion p∗ (the former is the Kullback6-Leibler7 divergence.8), (Studeny (2012)). This
divergence measure quantifies the departure of pki from evenness using a parametric
form

Ip(λ) =
1

λ(λ+ 1)

S∑
i=1

pi

[(
pi
p∗i

)λ
− 1

]
.

As the values of the Cressie and Read statistics are difficult to interpret, they are
transformed to a 0 to 1 scale which is easy to interpret, according to the expression:

ρp(λ) = 1− Ip(λ)

max Ip(λ)
, λ > 1,

where Ip(λ) = 1
2n
In(λ) and max Ip(λ) = 1

λ(λ+1)
(Sλi − 1). ρp(λ) is only defined for

λ > −1 and differentiates well between abundance distribution for −1 < λ < 1.

The values for ρp(λ) are calculated for ninety toponymic surnames (Table 5.12),
in the 5 zones in intervals of 10 years.

Table 5.14 shows the values of the Cressie and Read statistic (In(λ)) for the values
of -0.5, 0.5 and 1 and for the different periods of birth (1920-29, 1930-39, 1940-49,
1950-59, 1960-69, 1970-79, 1980-89, 1990-99 and 2000-11). It is important to highlight
the process of urbanisation that took place in Galicia from 1965 onwards. This has
to be taken into account in columns “1970-79”, “1980-89”, “1990-99” and “2000-11”
for Tables 5.14 to 5.16. This process is also evident in Figure 5.44 and Figure 5.42,
since 1965, these surnames have been moving from municipalities bordering the place
of origin to more populated areas or large cities. Table 5.15 shows the values of the

6

Solomon Kullback (1907 – 1994) was an American cryptanalyst and mathem-
atician, who was one of the first three employees hired by William F. Friedman
at the US Army’s Signal Intelligence Service (SIS) in the 1930s, along with
Frank Rowlett and Abraham Sinkov.

7
Richard A. Leibler (1914 - 2003) was an American mathematician and crypt-
analyst. He received his A.M. in mathematics from Northwestern University
and his Ph.D. from the University of Illinois in 1939.

8The Kullback–Leibler divergence, DKL (also called relative entropy), is a measure of how
one probability distribution is different from a second, reference probability distribution. Applic-
ations include characterizing the relative (Shannon) entropy in information systems, randomness
in continuous time-series, and information gain when comparing statistical models of inference. In
contrast to variation of information, it is a distribution-wise asymmetric measure and thus does not
qualify as a statistical metric of spread – it also does not satisfy the triangle inequality. In the simple
case, a relative entropy of 0 indicates that the two distributions in question have identical quantities
of information. In simplified terms, it is a measure of surprise, with diverse applications such as
applied statistics, fluid mechanics, neuroscience and bioinformatics.
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Cressie ans Read statistic for the values of λ 1.5, 2 and 2.5 and for the different birth
years; also Table 5.16 shows the values of the statistic for the values of λ 3, 5 and 10.

λ Area 1920-29 1930-39 1940-49 1950-59 1960-69 1970-79 1980-89 1990-99 2000-11
-0.5 NORTH-WEST 914.83 1365.94 3990.89 3279.87 4380.34 3050.20 5206.76 1876.52 3359.37
-0.5 NORTH-EAST 426.52 694.86 472.54 383.33 1201.28 680.65 467.09 377.26 338.51
-0.5 CENTER 414.78 751.60 1498.23 2230.31 5266.78 793.00 1367.43 283.22 341.68
-0.5 SOUTH-WEST 560.67 921.96 1244.97 2991.05 2685.81 2119.02 2255.66 4681.35 1772.07
-0.5 SOUTH-EAST 291.13 496.17 251.57 237.07 408.42 116.97 223.37 33.49 354.69
0.5 NORTH-WEST 1077.53 1533.20 4615.45 6135.90 5658.51 3323.52 7974.23 2807.70 5844.24
0.5 NORTH-EAST 528.44 893.73 453.87 360.87 1233.34 694.17 673.17 485.60 481.38
0.5 CENTER 600.30 789.93 2058.08 2779.73 12011.34 1191.99 2139.20 332.19 523.67
0.5 SOUTH-WEST 676.88 898.80 1253.90 4358.85 5128.30 2519.61 2892.18 7689.52 2536.58
0.5 SOUTH-EAST 288.16 484.38 285.82 209.76 464.24 117.44 346.44 31.46 459.25

1 NORTH-WEST 1475.80 1980.14 6245.99 11941.73 8501.24 4242.73 13595.90 4436.16 10678.56
1 NORTH-EAST 718.46 1299.38 503.40 394.07 1479.16 814.29 978.41 641.69 731.11
1 CENTER 912.87 937.47 3062.42 3868.17 29058.46 1890.63 3485.80 406.97 778.27
1 SOUTH-WEST 867.89 1044.26 1504.44 7062.03 10501.23 3341.68 4146.97 13933.80 3790.85
1 SOUTH-EAST 329.49 560.42 350.06 218.21 586.70 132.00 541.51 32.32 644.53

Table 5.14: Cressie and Read statistics for λ values of -0.5, 0.5 and 1 and for different
birth years.

λ Area 1920-29 1930-39 1940-49 1950-59 1960-69 1970-79 1980-89 1990-99 2000-11
1.5 NORTH-WEST 2313.81 2861.99 9569.57 28130.94 15011.54 6066.36 27817.35 8102.30 23339.35
1.5 NORTH-EAST 1086.48 2202.56 597.83 459.17 1949.26 1035.49 1580.30 929.68 1280.25
1.5 CENTER 1579.40 1214.46 5226.68 6086.44 87241.57 3505.86 6582.21 537.45 1287.30
1.5 SOUTH-WEST 1215.35 1322.32 1975.91 13525.52 26596.92 4964.42 6817.87 30623.49 6428.02
1.5 SOUTH-EAST 407.60 709.21 466.73 239.77 814.66 158.84 956.32 34.37 1021.55

2 NORTH-WEST 4075.85 4562.54 16307.43 76380.05 30291.31 9577.69 66124.21 16641.58 58518.48
2 NORTH-EAST 1794.05 4250.22 754.46 566.41 2794.79 1413.11 2781.57 1461.13 2516.92
2 CENTER 3029.10 1704.22 9998.10 10615.80 301592.78 7404.46 13977.49 759.94 2330.40
2 SOUTH-WEST 1840.53 1805.71 2798.34 29626.40 78303.04 8146.93 12614.09 78094.49 12098.15
2 SOUTH-EAST 540.93 971.85 671.80 276.54 1225.84 203.39 1859.06 37.71 1794.47

2.5 NORTH-EAST 7895.44 7898.67 30377.25 229195.27 67754.70 16450.48 176671.70 37428.78 162209.52
2.5 NORTH-EAST 3181.59 9068.92 1005.46 734.88 4317.12 2051.03 5239.00 2461.36 5403.85
2.5 CENTER 6283.42 2567.93 20932.80 20123.63 1142264.81 17293.63 32435.19 1141.80 4538.37
2.5 SOUTH-WEST 2983.34 2635.60 4221.16 71789.40 254737.35 14546.92 25741.98 221883.12 24729.53
2.5 SOUTH-EAST 764.23 1428.18 1033.50 333.27 1973.26 275.40 3887.53 42.57 3425.19

Table 5.15: Cressie and Read statistics for λ values of 1.5, 2 and 2.5 and for different
birth years.

Figure 5.47 shows the values of the ρ index for each value of the parameter λ
from -0.95 to 0.95 for the following birth periods: 1920-29, 1930-39, 1940-49, 1950-59,
1960-69 and 1970-79.

Figure 5.48 and 5.49 show the values of ρp(λ) index for the different values of
parameter λ over the six birth periods considered for each of the 5 areas into which
Galicia has been divided.
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λ Area 1920-29 1930-39 1940-49 1950-59 1960-69 1970-79 1980-89 1990-99 2000-11
3 NORTH-WEST 16469.25 14624.64 60857.45 737740.79 163582.64 30290.08 515579.91 90192.51 483649.68
3 NORTH-EAST 5974.38 20837.57 1407.06 997.05 7112.48 3139.47 10399.90 4391.91 12381.00
3 CENTER 13819.81 4115.15 46992.15 40739.31 4601854.36 43521.12 80377.34 1808.82 9364.27
3 SOUTH-WEST 5122.53 4077.86 6711.68 187313.19 885957.21 27848.02 56855.77 681297.42 53889.85
3 SOUTH-EAST 1140.99 2229.62 1681.51 418.07 3358.98 391.86 8588.81 49.30 6977.34
5 NORTH-WEST 484394.45 266463.98 1585161.74 117519147.84 8611456.39 552878.81 62585210.34 4651745.45 58643669.62
5 NORTH-EAST 108109.84 879127.35 7941.46 4778.45 83066.34 25312.38 224894.99 65677.77 496810.01
5 CENTER 458465.80 41951.65 1842460.98 1039902.26 1717702865.61 2677117.65 4474057.25 16863.72 246499.75
5 SOUTH-WEST 66524.72 36054.56 62128.71 13350441.69 186443409.59 599208.26 2257633.05 94731935.44 1817820.67
5 SOUTH-EAST 8578.76 20507.17 17227.92 1448.66 41482.40 2339.25 286317.63 109.53 179542.49

10 NORTH-WEST 7.09E+09 1.39E+09 2.25E+10 1.09E+14 5.51E+11 3.09E+09 3.68E+13 3.20E+11 3.08E+13
10 NORTH-EAST 4.70E+08 2.96E+10 2.56E+06 8.66E+05 1.64E+08 1.65E+07 1.33E+09 1.86E+08 1.42E+10
10 CENTER 7.88E+09 5.32E+07 6.36E+10 1.18E+10 1.25E+16 2.42E+11 3.21E+11 1.79E+07 2.78E+09
10 SOUTH-WEST 1.42E+08 3.55E+07 5.50E+07 1.90E+12 3.26E+14 5.77E+09 9.56E+10 7.40E+13 4.20E+10
10 SOUTH-EAST 5.18E+06 2.14E+07 1.79E+07 1.31E+05 7.82E+07 7.24E+05 4.93E+09 2.01E+03 1.83E+09

Table 5.16: Cressie and Read statistics for λ values of 3, 5 and 10 and for different
birth years.

Figure 5.47: From left to right and top to bottom: value of transformation of evenness
index in 1920-29, 1930-39, 1940-49, 1950-59, 1960-69 and 1970-79 for different values
of λ from λ = −0.95 to λ = 0.95 and each area (north-east blue line, north-west green
line, centre red line, south-east orange line and south-west violet line).

Buckland et al. (2011) proposed Geometric Mean (Gt) (equation (4.5.12)) of
relative abundance indices, as biodiversity measure. Consider the previous data
(Table 5.12) from a five zones, i = 1, . . . , 5.
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Figure 5.48: Values of ρp(λ) index for the different values of parameter λ over the six
birth periods considered. Graph 1.1: north-west area. Graph 1.2: north-east area.
Graph 1.3: center area. Graph 3.1: south-west area. Graph 3.2: south-east area.
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Figure 5.49: Values of ρp(λ) index for the different values of parameter λ over the six
birth periods considered. Graph 1.1: south-west area. Graph 1.2: south-east area.
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For surnames k in a zone i, it can be count surnames by zone for different in-
stants of time / periods: t0 = 1930− 1939, t1 = 1940− 1949, t2 = 1950− 1959,
t3 = 1960− 1969, and t4 = 1970− 1979, t0 is baseline year considered. There
are not the same number of species along the time in five areas, then, it was ne-
cessary, delete some surnames of the dataset. Finally, The total population con-
sidered is 14587 distributed as follows (NORTH-EAST = 1137 (surnames: BAS-
ANTA, GALDO, LADRA, PALEO), NORTH-WEAST = 6589, CENTER = 2984
(surnames: CAAMAÑO, LAREO, LISTE, NOVOA, PALLAS, PAMPIN) (surnames:
ANTELO, BUA CAAMAÑO, LAREO, LEIS, LENS, LISTE, MIÑO, MIRAMONTES,
NOVOA, PALLAS, PAMPIN, PINTOS), SOUTH-EAST= 669 (surnames: GUDIÑA,
NOVOA, OUTOMURO, PEAGUDA), SOUTH-WEAST = 3208 (surnames: AMOEDO,
BESADA, BOULLOSA, BOUZADA, BUA, LORES, MAGARIÑOS, NOVOA, OU-
TERELO)). Finally the number of total surnames is 27. Table 5.17 shows Simpson’s
index (DSi) (equation (4.5.2)) and Shannon-Weaver index (H ′) (equation (4.5.2)) and
Geometric Mean (Gt) (equation (4.5.12)) for selected toponymic surnames.

Indice 1930-1939 1940-1949 1950-1959 1960-1969 1970-1979

NORTH-EAST

Arithmetic mean of abundance 77.750 55.250 27.500 76.750 47.000
Geometric Mean of relative abundance Gt 1 0.698 0.531 1.140 0.774
Simpson index D′Si 0.461 0.331 0.396 0.365 0.325
Shannon-Weaver index H ′ 1.450 1.638 1.580 1.696 1.722

NORTH-WEST

Arithmetic mean of abundance 51.538 124.615 99.462 127.231 104.000
Geometric Mean of relative abundance Gt 1 9.397 2.149 9.596 9.271
Simpson index D′Si 0.300 0.191 0.462 0.314 0.148
Shannon-Weaver index H ′ 2.431 2.760 1.869 2.418 3.022

CENTER

Arithmetic mean of abundance 43.500 94.167 99.000 225.000 35.667
Geometric Mean of relative abundance Gt 1 3.520 1.803 2.157 0.614
Simpson index D′Si 0.383 0.268 0.348 0.671 0.664
Shannon-Weaver index H ′ 1.655 2.125 1.760 1.012 1.083

SOUTH-EAST

Arithmetic mean of abundance 59.500 24.250 25.750 40.750 17.000
Geometric Mean of relative abundance Gt 1 0.856 0.950 0.909 0.705
Simpson index D′Si 0.872 0.669 0.522 0.839 0.714
Shannon-Weaver index H ′ 0.436 0.914 1.161 0.534 0.852

SOUTH-WEST

Arithmetic mean of abundance 27.889 58.000 78.222 88.444 103.889
Geometric Mean of relative abundance Gt 1 1.451 7.858 5.475 14.681
Simpson index D′Si 0.298 0.216 0.149 0.385 0.155
Shannon-Weaver index H ′ 2.283 2.367 2.858 2.056 2.883

Table 5.17: Biodiverstiy indices for selected toponymic surnames.

Figure 5.50 shows value of geometric mean of relative abundance estimates plotted
against the period, t and also the Simpson’s and the Shannon-Weaver indices from the
surnames proportions, for the 5 areas in Galicia. The geometric mean has increased
for north-west and south-west violet zones. Simpson’s index non identify this increase
for any zone. Shannon-Weaver index has an increasing trend in all areas, although
not all start in the same period, for example south-east zone has increased since 1969.
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Figure 5.50: Top: the index values are on the same scale. Bottom: The values of
the indices are on the same scale, due to their calculation formulae. From left to
right: value of geometric mean of relative abundance estimates, Simpson’s index and
the Shannon-Weaver index for the 5 areas in Galicia (north-east blue line, north-west
green line, centre red line, south-east orange line and south-west violet line).
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Chapter 6

Spatial and spatial-temporal
modeling of surnames patterns

6.1 Introduction

This Chapter will be focused on the introduction of new statistical methods for data
processing and modeling in geolinguistics, specifically, on surnames in Galicia. The
main objective is modeling spatial and spatio-temporal surname patterns in this re-
gion. The different research lines within the onomastic context have not taken into
account so far the spatial and pattern dimension of the surnames evolution in a model-
based approach. With this aim, our approach will be inspired by the spatial and
spatio-temporal analysis of disease evolution. The spatio-temporal disease mapping
literature is full with models for characterizing a disease’s geographical distribution
and its evolution over time.

The availability of information from modern registries with high quality data
gathered along time and areas has resulted in a significant increase in statistical tech-
niques for disease mapping in recent years. The papers that follow provide a list of
different applications of this methodology: Schrödle and Held (2011a) and Schrödle
and Held (2011b) demonstrate the use of ecological regression with a linear or non-
parametric relationship between an explanatory variable and illness incidence using
data from Coxiellosis in cows reported to the Swiss Federal Veterinary Office from
2005 to 2008; MacNab (2014) discusses identification of structural characteristics of
the underlying relative risks (RR) ensemble for posterior relative risks inference within
Bayesian generalized linear mixed model framework for small area disease mapping
and ecological–spatial regression applied to male mortality count data for the 84 local

303
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health areas; Riebler et al. (2016) discuss a recently proposed parameterisation of the
Besag, York and Mollié model that leads to improved parameter control as the hyper-
parameters can be seen independently from each other applied to insulin-dependent
diabetes mellitus data in Sardinia; Anderson et al. (2017) outline a new modeling
approach for clustering spatiotemporal disease risk data, by clustering areas based
on both their mean risk levels and the behavior of their temporal trends, illustrated
by a study of respiratory disease risk in Glasgow, Scotland; in Goicoa et al. (2018)
the spatial, temporal, and spatiotemporal interaction random effects are reparamet-
erized using the spectral decompositions of their precision matrices to establish the
appropriate identifiability constraints, applied to breast cancer mortality data from
Spain; Asmarian et al. (2018) propose a Bayesian spatial joint model of Bernoulli
distribution and Poisson distribution to map disease count data with excessive zeros
applied to Iranian male breast cancer data at the county level in 2014.

By fixing administrative regions, for example, councils, spatial and spatio-temporal
methods for count data can be applied in this context. These methods will be useful
for modeling evolution patterns for surnames. Hierarchical modeling, through Besag,
York and Mollié (BYM) method (see Besag et al. (1991) and Rue and Held (2005)
for a general reference in this type of models) will be used to reach this goal and
Banerjee et al. (2004) to study the particular case of spatial data. In order to fit this
type of models in practice, the Integrated Nested Laplace Approximations (INLA)
approach proposed by Rue et al. (2009), will be used. To estimate the posterior mar-
ginal distributions of the quantities of interest, the method uses INLA and numerical
integration. Many latent Gaussian models admit conditional independence properties
leading to sparse precision matrices, and INLA takes advantage of this to speed com-
putation. This allows to make Bayesian inference without the need to run long and
complex Markov chain Monte Carlo (MCMC) algorithms. The developed methods
will be applied to the data of surnames in Galicia, provided by the IGE (from 2011
population census).

Illustration

The spatial pattern (Section 6.2.1), of the surnames “Crujeiras”, “Ginzo” and
“Rodŕıguez” in Galicia for the year 2011 will be analysed. In Annex H results will be
shown for other 17 surnames considered in less detail so that the memory does not
become too repetitive. The other surnames considered are the following:

• Typically Galician origin: CAMBEIRO, DOPAZO and SOUSA. The surnames
Crujeiras and Ginzo belong to this category.

• patronymic: DIAZ, FOUZ, MUÑIZ and MUÑOZ. The surname Rodŕıguez be-
long to this category.
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• Related to characteristics of people or terrain: BLANCO, CALVO, LAMAS,
NEGRO and PARDO.

• Toponymic: AMENEDO, AMIEIRO, MEAÑO, PADREDA and OUTOMURO.

Results will be displayed in four time instants (born in or before 1945/1965/1985/2011),
for all these twenty surnames (four in this Chapter and seventeen on Annex H). In
addition, a spatial-temporal analysis (Section 6.2.3) is carried out for the surname
“Ginzo”. For this analysis, the data of the continuous population census from 2010
to 2015 will be used.

Figure 6.1 shows the geographical locations of the three surnames under study.

• Crujeiras:1 488 people, is located mainly in the region of Barbanza, specifically
in the municipality of Ribeira. Crujeiras is the Castilianization of Cruxeiras,
and most of its bearers come from the place Cruxeiras in the municipality of
Ribeira. It is a phonetic variant of Curuxeiras, plural of curuxeira “place where
the owls nest and live” and as “village or farmhouse located in a rough and
painful place”, of disputed etymological origin. It is related to the surnames
Curuxeira, Coruxeira, Cruxeira, which are also largely Castilianised. With
different forms and spellings, both the singular and plural forms have been
documented as onomastic complements since the beginning of the 15th century.

• Ginzo:1 130 people, it is located mainly in the region of Marina Oriental, more
precisely in A Pontenova, this surname was introduced in Section 5.6.1, and all
details can be consulted there.

• Rodŕıguez:1 118209 people. In 2011 it was the most common surname, spread
accross Galicia. Rodŕıguez is the most frequent Galician surname, present in
all the councils of Galicia, with almost 240000 occurrences if the first or second
position of the surname is taken into account. This surname was introduced in
Section 5.6.1, and all details can be consulted there. The high frequency of this
surname comes from the name from which it derives, Rodrigo, one of the most
widespread names of Germanic origin in the Middle Ages, from the existence
of a saint (martyred in Cordoba in the 10th century) and of some important
historical figures, such as the last of the Gothic kings or the Castilian hero
Rodrigo Dı́az de Vivar, El Cid. It is documented in medieval texts from the
11th century onwards.

1Dicionario de los apellidos gallegos, which is being elaborated in the Section of Onomastics
of the Instituto da Lingua Galega (USC) directed by Ana Isabel Boullón Agrelo.
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Figure 6.1: From left to right: locations in Galicia of the surnames Crujeiras, Ginzo
and Rodŕıguez. The size of the dot is proportional to the number of people with that
surname weighted by the population of the council. To make the dots clearly visible,
what was done was to divide each surname into four intervals according to the ratio
of number of people and population and assigned a dot size.

6.2 Some basic ideas

In the last decades, the availability of spatial and spatio-temporal data has increased
considerably, mainly due to the advance of computational tools that allow data to
be collected in real time. The analysis of the geographical and temporal distribution
of surnames makes it possible to study the spatial and temporal variability of the
structure of human populations. In this way, surnames can be used as a source
of information on population characteristics. In addition, the analysis of surname
patterns provides dynamic information on population movements. In Chapter 2 it
is shown how the study of surnames by means of isonymy measures combined with
cluster analysis tools can provide surname maps that reflect the urbanisation process
in rural and urban areas, among others. The spatial and spatio-temporal modelling
approach in this Chapter allow for deeper insight in surnames distribution.

As usual, consider index i = 1, . . . , n for denoting a certain geographical region.
Each region has an associated collection Si of surnames. The total number of sur-
names in a certain region i is denoted by ni, ni = #Si. Surnames will be identified
by index k. Ni is the population size of the region i. For the collection of regions

i = 1, . . . , n considered as a whole, N denotes the total population size (N =
n∑
i=1

Ni).
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Risk of a surname

In this Section, the risk of a surname in Galicia is estimated. Data on the number
of cases for each surname under study observed and expected are used. First, how to
calculate and interpret Standardised Incidence Ratios (SIR) in the municipalities of
Galicia is described. Then, how to fit the Besag, York and Mollié (BYM) model to
obtain relative risk estimates and quantify the effect of covariates is shown, which will
be detailed below. It also shows how to calculate the probabilities that the relative
risk is higher than a given threshold value.

Noted that all the statistics ad models introduced in this Section are intented
for a fixed surname k. However, in order to simplify notation superscript k will be
ommited.

For a fixed surname k and for each region i, i = 1, . . . , n, the SIR is defined as the
ratio of observed counts to the expected counts

SIRi = Yi/Ei. (6.2.1)

The expected counts Ei represent the total number of people with a specific surname
that one would expect if the population of region i behaved the way the standard (or
regional) population behaves. In the case of the surname pattern refers to mobility.
Ei can be calculated using indirect standardization as

Ei = r(s)Ni, (6.2.2)

where r(s) is the rate in the standard population (total number of cases divided by
total population in all regions), and Ni is the population of region i. SIRi indicates
whether region i has higher (SIRi > 1), equal SIRi = 1 ) or lower (SIRi < 1) risk
than expected from the standard population. Results are displayed using tables,
static plots created with ggplot2, and other interactive maps created with leaflet

(see R Core Team (2020a)). The number of expected counts is obtained from the data.
If the expected counts were not available, it could be calculate them using indirect
standardisation (Moraga (2018)), adapted to this context. This ratio is called the
Standardized Mortality Ratio (SMR) when it is applied to mortality data.

The observed and expected cases for a specific surname can be visualized, as well
as the SIRs and covariate values. Figures 6.2, 6.3 and 6.4 show a map of Crujeiras,
Ginzo and Rodŕıguez, respectively, surnames SIR in Galicia. When the map of SIRs
is examined, it can be seen which councils in Galicia have SIR equal to 1 indicating
observed counts are the same as expected counts, and which counties have SIR greater
(or smaller) than 1, indicating observed counts are greater (or smaller) than expected
counts. These maps gives a sense of different surnames risk across Galicia.
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Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
CRUJEIRAS 94 207 346 462

Table 6.1: Number of people with the surname CRUJEIRAS according to year of
birth.

Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
GINZO 31 57 88 116

Table 6.2: Number of people with the surname GINZO according to year of birth.

SIRs, on the other hand, may be misleading and unreliable in councils with tiny
populations. Model-based approaches, on the other hand, allow for the incorporation
of variables and the borrowing of information from nearby councils in order to improve
local estimates, resulting in the smoothing of extreme results based on small sample
sizes.

Figure H.6 shows information about the observed values for surnames Ginzo,
Crujeiras, Rogŕıguez and Blanco for 2011 year.

Table 6.1 shows the number of people with the surname CRUJEIRAS according to
the year of birth. The surname CRUJEIRAS (469 as first surname in the dataset) is
related to the surnames Crugeiras (34 as first surname in the dataset), Crujeira (0 as
first surname in the dataset), Cruxeira (0 as first surname in the dataset), Cruxeiras
(0 as the first surname in the dataset).
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Figure 6.2: SIR Surname Crujeiras. From left to right (graph 1.1) born in 1945 or
before, (graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Table 6.2 shows the number of people with the surname GINZO according to the
year of birth. The surname GINZO (127 as first surname in the dataset) is related
to the surname Xinzo (0 as the first surname in the dataset).

Table 6.3 shows the number of people with the surname RODRÍGUEZ according
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Figure 6.3: SIR Surname Ginzo. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
RODRIGUEZ 26331 55104 84152 105704

Table 6.3: Number of people with the surname RODRÍGUEZ according to year of
birth.

to the year of birth. Surname of patronymic origin derived from the name Rodrigo
(115,893 as first surname in the dataset). It is also the name of a municipality, As
Pontes de Garćıa Rodŕıguez, in the province of A Coruña.
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Figure 6.4: SIR Surname Rodŕıguez. From left to right (graph 1.1) born in 1945 or
before, (graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

6.2.1 Surname spatial modelling

Although in some situations SIRs can give an idea of the spatial variability of a
surname, very extreme values can occur in regions with small populations due to
small sample sizes. Instead, disease/surname models are preferred for obtaining dis-
ease/surname risk estimates because they allow incorporating covariates and borrow-



310 CHAPTER 6. SPATIAL AND SPATIAL-TEMPORAL MODELS

ing information from neighbouring regions to improve local estimates, resulting in
smoothing or reduction of extreme values depending on small sample sizes, (Gelfand
et al. (2010)). A common approach is to model the observed counts, for a surname
k, Yi, i = 1, . . . , n, using a Poisson distribution with mean Ei × θi, where Ei is the
expected counts and θi is the relative risk in region i (log(θi) = ηi). This RR in region
i, namely θi, can be interpreted as follows (Lawson (2009)): if θ > 1 and θ < 1 are
areas with high and low risks, respectively and if θ = 1 have the same risk as expected
from the standard population.

To analyse the spatial pattern of surnames in Galicia, considering the effects of
the covariate number of inhabitants by councils, the model proposed in Besag et al.
(1991) (BYM model) is fitted and adapted to this context. One of the assumptions
of this model is that the log-risk2 can be decomposed as the sum of a structured
spatial component and a random error, but it can also include the smooth effect of
some covariates. Formally, the BYM model is formulated as follows, for each council
i = 1, . . . , n:

Be Yi = the number of persons with the surname k in the council i.

This counting process will be modelled through a Poisson–LogNormal model (see
Banerjee et al. (2004), p. 162).

That is, Yi|ηi ∼ Poisson(Ei exp(ηi)) where Ei is the population at risk (estimate of
the population bearing the surname k under study), ηi (the log–relative risk) a linear
predictor and the variables Yi conditionally in ηi are independent, for a surname k,.
The latent field ηi will be taken into account to model the underlying structure and
to capture spatial variability. A simple approach is given by:

ηi = µ+ fs(si) + fu(si), (6.2.3)

where si is the centroid of each region and fs e fu denote structured and unstructured
spatial effects, respectively and µ denotes the overall risk level. Other covariates or
random effects are often also included to quantify risk factors and address other
sources of variability. The next Section will show how to model by adding covariates.

For fs, an intrinsic Gaussian Markov random field (GMRF) will be imposed (Rue and
Held (2005), see Section 2.2 for a precise definition of GMRF), and prior densities can
be written according to some structure matrices. For fu, it will consider the white
noise process that represents the “overdispersion” that regions can have:

2These models are used in the field of epidemiology. Here log–risk is understood as the population
likely to possess the surname under study, in epidemiological words, the risk of “bearing” a certain
surname.
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• Denoted by z(si) ≡ fs(si), i = 1, . . . , n, Z is a GMRF. The z(si), z(sj) con i 6= j
are dependent with a Markov structure and follow a distribution N(0, τ2).

• On the other hand, it is denoted by w(si) ≡ fu(si), i = 1, . . . , n, W is white
noisy. The w(si), i = 1, . . . , n are independent with distribution N(0, τ1).

6.2.2 Surname spatial modelling with covariates

Using data about population and other covariates, surname risk estimates within each
region can obtained. The model (equation (6.2.3)) can be generalize in the following
sense.

Consider a model assuming that the observed counts, Yi, are conditionally inde-
pendently Poisson distributed:

Yi|ηi ∼ Poisson(Ei exp(ηi)) = Poisson(Eiθi), i = 1, . . . , n,

where Ei is the expected counts and θi is the relative risk (or θi is the relative risk)
in area i. θi is expressed as

ηi = log (θi) = µ+ β × covariatei + fs(si) + fu(si), (6.2.4)

where µ is the intercept that represents the overall risk, β is the coefficient of the
covariate, fs(si) is a spatial structured component modeled with a conditional autore-

gressive models (CAR), fs(si) | fs(s−i) ∼ N
(
fs
δi
,
σ2
fs

nδi

)
, and fu(si) is an unstructured

spatial effect defined as fu(si) ∼ N
(
0, σ2

fu

)
.

Study of covariates

Different socio-economic covariates have been considered for the 2011 data. These
variables, which are so common nowadays, were not that usual in 1965 and even less so
in 1945. For this reason, in this Section, no age cutoffs will be made in the population.
These covariates for regions are used in ηi, i = 1, . . . , n.

These covariates are generally demographic indicators, all of them are available
on the website of the IGE:

• altitude, density (it is the quotient between the population of a territory and
its surface area, i.e. the number of inhabitants per square kilometre of surface
area),

• mean age at 2011 (obtain directly from the surname database),
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• percentage of population between 20 and 64 years, percentage of population over
65, ageing index, over-ageing index, overall dependency ratio (ratio between the
potentially dependent population groups (population under 15 years and popu-
lation over 64 years) and the potentially working age population group (popu-
lation between 15 and 64 years)), youth dependency ratio (ratio between the
young population (population under 15 years) and the population of potentially
active age (population between 15 and 64 years)), senile dependency ratio (ratio
of the older population (population over 64) to the potentially active population
(population aged 15-64)), old-age index (ratio of the population aged 64+ to the
population under 20 years expressed as a %, i.e. the number of persons aged
65+ per 100 persons under 20 years), working age population structure index
(ratio of population aged 40-64 to population aged 15-39 ), working-age popula-
tion replacement rate (ratio of the population aged 60-64 to the population aged
15-19 and measures the capacity of a population to replace retiring individuals),
over-ageing index (ratio of the population aged 84+ to the population aged under
64 expressed in %, i.e. the number of people aged 85+ per 100 aged 65+),

• total population, population by sex and five-year age groups,

• income per capita (units),

• urbanisation and suburbanisation5.

The problem with these variables is the strong correlation between them, as many of
them measure the same feature from different points of view. It is therefore neces-
sary to reduce the number of variables. It is important to highlight the fact that the
concept of more information is related to the concept of more variability or variance.
The greater the variability of the data (variance), the more information is considered
to exist, which is related to the concept of entropy. To reduce the number of vari-
ables, principal component analysis (PCA)3 is carried out. To study the relationships
between correlated variables, the original set of variables can be transformed into a
set of new variables, called a set of principal components. The new variables are
linear combinations of the previous ones and are constructed according to the order
of importance in terms of the total variability they collect from the sample. To study
the relationships that occur between correlated variables (measuring common inform-
ation), the original set of variables can be transformed into a set of new variables that
are unrelated to each other (without repetition or redundancy of information) called
a set of principal components. The new variables are linear combinations of the pre-
vious ones and are constructed according to the order of importance in terms of the
total variability they collect from the sample.

3Calculation of the principal components from the correlation matrix, R routine pricomp avail-
able in the package stats, is applied.



6.2. SOME BASIC IDEAS 313

To check whether the correlations between the variables are significantly different
from zero, we test whether the determinant of the matrix is different from one, i.e.
whether the correlation matrix is different from the identity matrix by applying Bart-
lett’s test of sphericity. Bartlett’s test of sphericity tests the null hypothesis that the
correlation matrix is an identity matrix, in which case there would be no significant
correlations between the variables and the PCA would not be relevant.

R routine cortest.bartlett available in the package psych4 is used. The p-value
obtained is 0, therefore the null hypothesis is rejected, which means that the variables
are correlated. Figure 6.5 shows the correlation between the variables represented
by colours, the blue ones being positively correlated and the red ones negatively
correlated. Figure 6.6 shows the eigenvalues of principal components in an analysis,
is called scree plot. Raymond B. Cattell5 introduced the scree plot in 1966. Since it is
not clear from the sedimentation plot whether there are 2 or 3 components, through
the R routine fa.parallel available also in the package psych, it can be determine
the number of factors or components in a data matrix or a correlation matrix is to
examine the scree plot of the successive eigenvalues and in this case the number of
components is 2.

Figure 6.7 shows cumulative explained variance that with only 3 components 91%
of the variance can be captured, practically all the information contained in all the
variables considered. This information is completed with the results of Table 6.4, only
the information of the first nine components is shown. According to the proportion of
accumulated variance, using the first 9 components may be a good choice, as together
they explain 98.73% of variance.

The first two components all have variances (eigenvalues) greater than 1 and
between them account for 88% of the variance of the original variables (see Table 6.4).

Figure 6.8 shows a biplot (Gower and Hand (1996)), based on which of these
characteristics they represent, in this case PCA. This plot shows the distances between
the observations and also the inner products between observations and variables and
represents the variables with calibrated axes and observations as points allowing you

4psych: procedures for Psychological, Psychometric, and Personality Research is a
package of R. A general purpose toolbox for personality, psychometric theory and experimental
psychology. Functions are primarily for multivariate analysis and scale construction using factor
analysis, principal component analysis, cluster analysis and reliability analysis, although others
provide basic descriptive statistics.

5
Raymond Bernard Cattell (1905 – 1998) was a British-American psycho-
logist, known for his psychometric research into intrapersonal psychological
structure.
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Figure 6.5: This graph shows the correlation between the variables represented by
colours, the blue ones being positively correlated and the red ones negatively correl-
ated.

to project the observations onto the axes to make an approximation of the original
values of the variables.

Table 6.5 shows the first three main components (loadings)6 and the most repres-
entative variables in each of them. For PC1: urbanisation, suburbanisation and mean

6Loadings are interpreted as the coefficients of the linear combination of the initial variables
from which the principal components are constructed.
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Figure 6.6: The scree plot shows the eigenvalues on the y-axis and the number of
components on the x-axis. It always displays a downward curve. The point where
the slope of the curve is clearly leveling off (the “elbow”) indicates the number of
components that should be generated by the analysis, in this case 2 (or 3).

Figure 6.7: The cumulative explained variance shows that with only 3 components
91% of the variance can be captured, practically all the information contained in all
the variables considered.

age in 2011 carry the most weight; for PC2: per 65 more 2011 (it means percentage
of people aged 65 and over in 2011), mean age in 2011 and senile dependency index
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PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9
Standard deviation 4.81 2.81 0.95 0.83 0.76 0.70 0.63 0.55 0.49
Proportion of Variance 0.66 0.22 0.03 0.02 0.02 0.01 0.01 0.01 0.01
Cumulative Proportion 0.66 0.88 0.91 0.93 0.95 0.96 0.97 0.98 0.99
Eigen value 23.10 7.87 0.91 0.68 0.57 0.49 0.39 0.30 0.24

Table 6.4: The study of the proportion of variance explained shows that the three
components collect most of the information (91.09%), with the variance declining
drastically in the successive components.

2011 carry the most weight; and finally for PC3: suburbanisation, urbanisation and
over ageing index carry the most weight.

Figure 6.9 shows a graph of variables and lets visualize principal component ana-
lysis. Positively correlated variables point to the same side of the plot. Negatively
correlated variables point to opposite sides of the graph. When PC1 is set against
PC2, 3 directions are marked, one related to those variables related to population
size (upper left quadrant, corresponds mainly to the 7 large cities of Galicia, see Fig-
ure 6.8), others related to the population that is no longer of working age (upper right
quadrant, in this group corresponds to most of the municipalities of Ourense), and
finally those variables opposite to the previous one, i.e. related to the working-age
population (lower left quadrant, this group includes medium-sized municipalities with
perhaps more industrial development).

Finally, before relating the principal components to the surnames occurrences,
they will be classified according to the variables degree of urbanisation (Figure 6.10)
and suburbanisation (Figure 6.11) (these variables were introduced in Section 1.3.2)
and income (Figure 6.12). In the three figures, the socio-economic distribution of
Galicia is perfectly observed, on the one hand, there are the big cities and cities
of a certain size with the highest and intermediate salaries and on the other hand,
there is the area of those less densely populated municipalities, where the population
residing in them is normally larger and the incomes are the lowest (mainly coming
from pensions).

Once we have the principal components analysed we will include them in our
analysis as covariates, although we have seen that the first two are sufficient, we
will use the first three. Figure 6.13 three maps of 3 principal components in Galicia
councils.
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PC1 PC2 PC3
Altitude 0.08 0.22 -0.00
Density -0.17 0.04 0.00
Mean Age 2011 0.11 0.30 -0.03
Pop 20 64 2011 -0.10 -0.28 0.15
Per 65 more 2011 0.11 0.30 -0.07
Ageing Index 0.10 0.29 -0.21
Over Ageing Index 0.09 0.21 0.17
Global Dependency Index 2011 0.10 0.28 -0.22
Youth Dependency Index 2011 -0.11 -0.27 -0.09
Senile Dependency Index 2011 0.11 0.29 -0.16
Working Age Population Structure Index 0.09 0.27 -0.09
Turn Over Rate Working Age Population 0.08 0.24 -0.16
Total Population -0.20 0.08 0.03
· · · · · · · · · · · ·
Income Per Inhabitant -0.11 -0.12 -0.38
Urbanisation 0.15 0.12 0.53
Suburbanisation 0.13 0.14 0.58

Table 6.5: The first three main components. The shaded cells indicate the most
representative variables in each component, the first in blue, the second in green and
the third in yellow, and the remaining cells are uncoloured.
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Figure 6.8: Up: The left and bottom axes are of the PCA plot — use them to read
PCA scores of the samples. The top and right axes belong to the loading plot — use
them to read how strongly each characteristic influence the principal components.
Below: This is a zoom of the central part of the upper figure.
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Figure 6.9: Graph of variables. On the right hand side the name of some variables has
been omitted, due to space limitations. On the right hand side only 3 variables have
been selected. The colours mark the contribution of the variables, those in reddish
colours have a higher contribution and those in blue have a lower contribution.

Figure 6.10: PC1 vs PC2, representing the urbanisation variable. It can be seen how
it is perfectly separated according to its values (ZDP, ZIP, ZPP).
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Figure 6.11: PC1 vs PC2, representing the suburbanisation variable. It can be seen
how it is perfectly separated according to its values (ZDP, High ZIP, Low ZIP, High
ZPP, Intermediate ZPP, Low ZPP).

Figure 6.12: PC1 vs PC2, representing the income variable. The variable is divided
into 3 income brackets: from 5800e to 11600e, from 11600e to 17400e and from
17400e to 23300e.
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6.2.3 Spatio-temporal modelling

Investigating only the spatial pattern of surnames does not allow to conclude anything
about another component of variation, the temporal one, which could be also of
interest. The above model can easily be extended to the pattern case by including
time. Note again that a certain surname, k is fixed, but we omit this indications in
formulations.

The response variable for a region i, i = 1, . . . , n and time moment t = 1, . . . , T will
be:

Yit = the number of persons with surname k in the council i in time t.

The spatial model (equation (6.2.3)) is extended by allowing for the time component
leaving: Yit|ηi ∼ Poisson(Eit exp(ηit)), where Eit is the population at risk at time t.

The approach that the latent field will follow in this case is: .

ηit = µ+ fs(si) + fu(si) + fT (t), (6.2.5)

with t = 1, . . . , T , where in fT (t) the temporal structure is specified. Such a structure
may correspond to a linear component in time, a smooth component or a process
involving temporal correlation.

6.2.4 Bayesian inference with INLA

Model fitting and inference in spatio-temporal disease mapping models have usu-
ally been done using either an empirical Bayes or fully Bayes approach. The models
were fitted using the method based on the Integrated Nested Laplace Approximations
(INLA),7 proposed by Rue et al. (2009). The INLA approach is a deterministic al-
gorithm for Bayesian inference based on Integrated Nested Laplace Approximations.
INLA is especially designed for latent Gaussian models (a subclass of structured ad-
ditive regression models), which are flexible enough to be used in many different types
of applications. Rue et al. (2017) show a review of recent examples of applications
using the R- INLA8 package. INLA provides a fast and useful tool for fitting latent
Gaussian models (processes that follow fs, fu and fT have Gaussian distributions

7Bayesian computing with INLA!, (2009) URL: http://www.r-inla.org/.
8R- INLA is a package of R that implements the Bayesian inference approach using INLA (Mar-

tino and Rue (2010a)), (available at www.r-inla.org).
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(equations (6.2.3) and (6.2.5))), including models with temporal or spatial structure
in a Bayesian context.

In these models, the response variable y = (y1, . . . , yN)′ is assumed to belong to
an exponential family, where the mean µi is linked to a predictor νi trough a link
function g, such that g (µi) = νi. The structure additive predictor νi is defined as
follows (fs(si))

νi = µ+
J∑
j=1

βjuji +
L∑
l=1

fl (zli) for i = 1, . . . , N,

where µ is an intercept, the coefficients β = {β1, . . . , βJ} represents the linear effect
of some covariates u = (u1, . . . , uJ)′ , and f = {f1, . . . , fL} are unknown functions
of the covariates z = (z1, . . . , zL)′. Note that a very flexible class of models are
defined, since very different forms can be assumed for the unknown functions fl,
such as smooth and nonlinear effects of covariates, and temporal or spatial random
effects among others. The target functions of Bayesian inference are the marginal
a posteriori distributions for each component of the parameter vector. The INLA
procedure calculates the numerical approximation of the posterior distributions of
interest, based on the Laplace approximation method.

To carry out Bayesian inference, the hyperparameters of the a priori spatial effect
and of the random part must be specified. The hyperparameters are the precision of
the τ1 in the iid model and the precision τ2 of the besag model, as θ = (log τ1, log τ2).
On these parameters, a priori distributions are considered, log–gamma in this case,
with initial parameters (0.5 / 0.31, 0.01).

6.2.4.1 Model selection criteria

In regression analysis, it often want to find a reduced model with the best subset
of the variables from the full model. The model selection in frequentist analysis is
commonly based on Akaike Information Criterion (AIC), a MLE-based criterion.

Criteria based on the deviance

The sensitivity analysis of the model to the parameter choice of the a priori dis-
tributions can be done on the basis of the Deviance Information Criterion (DIC).
This criterion is based on Bayesian deviance (see Spiegelhalter et al. (1988)). It is
a generalisation of the AIC and the Bayesian Information Criterion (BIC). The DIC
criterion is used especially on a posteriori distributions obtained by MCMC methods.
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For its construction the deviation must be defined: .

D(λ) = −2 ln (p (Y |λ)) ,

where Y represents the response variable, λ the model-specific parameters. The
parameters that appear in the BYM are µ, τ1 e τ2. The a posteriori mean deviation
can also be obtained as follows: D̄ = E [D(λ)].

On the other hand, the Bayesian deviation of the a posteriori means is D̂ =
D [E(λ)]. Thus, the DIC criterion is defined by:

DIC = 2D̄ − D̂.

It is also a criterion that provides good results for hierarchical models such as those
applied in this Chapter. Models with a smaller DIC value are preferred. The DIC
penalises both the fit and the complexity of the model. The fit seems to be better when
introducing a higher number of parameters to the model, but this is compensated
in the DIC criterion with a second penalty for the number of parameters seeking
a balance between goodness of fit and model complexity. In the INLA library, the
dic=TRUE flag makes the inla() function compute the model’s DIC. The model with
the lower DIC provides the better trade off between fit and model complexity.

6.2.4.2 Spatial modelling results with INLA

For the year 2011, in Galicia, there are 488 people with the surname Crujeiras, 130
with the surname Ginzo and 118209 with the surname Rodŕıguez in 315 councils.
A fit was made according to the one described in Section 6.2.1, taking the a priori
hyperparameters used by default in inla, since the use of other parameters does
not improve the results. The specification of the formula for running the model in
R–INLA is explained at Annex H - Section H.2.2.1.

The graph of Galicia is not a connected set, but is formed by two connected
components: Illa de Arousa and the remaining three hundred and fourteen councils
integrated in the Iberian Peninsula. This must be indicated to the model with the
parameter adjust.for.con.comp = TRUE. The function inla returns an object of the
class inla, which contains a number of elements that can be explored, such as mean,
standard deviation and quantiles. For example, Table 6.6 shows the DICs obtained
for the three models as well as information on the a posteriori distribution of the
estimated model coefficients (mean, standard deviation and quantiles).

Figure 6.14 shows the spatial pattern of the surnames Crujeiras, Ginzo and Rodŕıguez
taking into account the number of inhabitants per municipality, representing the pos-
teriori mean of the structured effect and Figure 6.15 the unstructured random part.
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DIC Mean SD 0.25quantile 0.5quantile 0.975quantile
Crujeiras 215.39 Intercept -13.32 0.69 -14.81 -13.24 -12.19

Ginzo 181.18 Intercept -13.63 0.78 -15.29 -13.51 -12.40
Rodŕıguez 2816.88 Intercept -3.16 0.01 -3.17 -3.16 -3.15

Table 6.6: DIC and a posteriori distribution results for the mean of the structured
spatial process

Figure 6.14: Posteriori mean of the structured part of the latent field ηi. From left to
right: for the surnames Crujeiras, Ginzo and Rodŕıguez from the 2011 census data.

Figure 6.15: A posteriori mean of the unstructured effect of the latent field ηi. From
left to right: for the surnames Crujeiras, Ginzo and Rodŕıguez from the 2011 census
data.

Spatial modelling results with INLA (cuts over time)

As mentioned above, four cuts were made to the surname database at four points
in time (born in or before 1945/1965/1985/2011). Figures 6.16, 6.17 and 6.18 show
for each cut, up: representing the posteriori mean of the structured effect and below:
the unstructured random part (for the surnames Crujeiras, Ginzo and Rodŕıguez,
respectively).
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Figure 6.16: Surname Crujeiras. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure 6.17: Surname Ginzo. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Results of fit with covariates

Each of the first three principal components, obtained previously, is plotted against
the number of persons with Ginzo and Rodŕıguez surnames. For each one of the
surnames, a Generalized Linear Model (GLM)9 with a Poisson distribution and a log

9The generalized linear model (GLM) is a flexible generalization of ordinary linear regression that
allows for response variables that have error distribution models other than a normal distribution.
The GLM generalizes linear regression by allowing the linear model to be related to the response
variable via a link function and by allowing the magnitude of the variance of each measurement to
be a function of its predicted value.

Generalized linear models were formulated by John Nelder and Robert Wedderburn as a way of
unifying various other statistical models, including linear regression, logistic regression and Poisson
regression models. They proposed an iteratively reweighted least squares method for maximum
likelihood estimation of the model parameters. Maximum likelihood estimation remains popular
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Figure 6.18: Surname Rodŕıguez. From left to right (graph 1.1) born in 1945 or
before, (graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Mean SD 0.025quantile 0.5quantile 0.975quantile mode
(Intercept) -0.03 0.01 -0.05 -0.03 -0.00 -0.03
PC1 0.00 0.01 -0.01 0.00 0.01 0.00
PC2 0.00 0.01 -0.02 0.00 0.03 0.00
PC3 -0.12 0.04 -0.20 -0.12 -0.03 -0.12

Table 6.7: Summary of the fixed effects of the model for Rodŕıguez surname. The
column with kld is omitted, because is always zero. kld represents the symmetric
Kullback-Leibler divergence (Kullback and Leibler (1951)) that describes the differ-
ence between the Gaussian and the simplified or full Laplace approximations for each
posterior.

link could be proposed, where each surname will be the independent variable and the
explanatory variables of the model will be PC1, PC2 and PC3, but in this case, the
INLA adjustment will be applied.

The models for the different surnames will be fitted using the three principal
components introduced in Section 6.2.1.

Mean SD 0.025quantile 0.5quantile 0.975quantile mode
Precision for df.i.struct 3.25 0.38 2.57 3.23 4.04 3.19
Phi for df.i.struct 0.89 0.06 0.73 0.90 0.98 0.93
Precision for ID2 27109.09 21795.73 3046.87 21521.69 83438.69 8975.43

Table 6.8: Summary of the hyperparameters of the model for Rodŕıguez surname.

Summaries of these posterior distributions include posterior means and 95% cred-

and is the default method on many statistical computing packages. Other approaches, including
Bayesian approaches and least squares fits to variance stabilized responses, have been developed.
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Mean SD 0.025quantile 0.5quantile 0.975quantile mode
(Intercept) -0.03 0.01 -0.05 -0.03 -0.00 -0.03
PC3 -0.12 0.04 -0.20 -0.12 -0.040 -0.12

Table 6.9: Summary of the fixed effects of the model for Rodŕıguez surname. The
column with the symmetric Kullback-Leibler divergence (kld) is omitted, because is
always zero.

ible intervals (CI), which can be used as Bayesian alternatives to the maximum likeli-
hood estimates and 95% confidence intervals, respectively. For example, the posterior
mean of the coefficient for PC1 is 0.0000, and the 95% credible interval is (-0.0114,
0.0113). These indicate that, with very high probability, PC1 is 0 and symmetry
similar happens with for PC2. For PC3 the posterior mean of the coefficient for PC3

is -0.1156, and the 95% credible intervals (-0.1972, -0.0341). This indicates that,
with very high probability, PC3 is negatively associated with the response, RODRIGUEZ
(Table 6.7). Table 6.8 shows the summary of the hyperparameters of the model. In
Annex H explains are obtained the above summaries with INLA for surname Blanco.

In contrast to confidence intervals, which are determined using large sample ap-
proximations, Bayesian interval estimates are usually appropriate in small samples.
Furthermore, the Bayesian 95% credible interval estimates have an intuitively attract-
ive interpretation: the interval containing the real parameter with 95% probability.
This interpretation is frequently preferred to the 95% confidence interval, which is
the range of values in repeated sampling that contains the real parameter 95% of the
time.

The INLA library includes a set of functions to operate on marginal distribu-
tions. The most commonly used functions are inla.dmarginal, inla.pmarginal,
inla.qmarginal, inla.mmarginal, and inla.emarginal to compute the density,
distribution, quantile function, mode, and expected values of marginals, respect-
ively. The inla.rmarginal function is used to generate random numbers, and the
inla.tmarginal function can be used to transform a given marginal distribution.

Because of the coefficients PC1 and PC2 are not significant, the model is fitted only
with the third component. The results of the new fit can be seen in Tables 6.9 and
6.10. Comparing the DICs between two Bayesian models, a smaller DIC is obtained
for the last model (2831.600) respect the previous one (2831.605).

From the output, regression coefficients of the variable PC3 are significantly dif-
ferent from zero (in the Bayesian sense). That is, the 95% credible intervals of these
coefficients do not contain zero. his indicates that, with very high probability, PC3 is
negatively associated with the response, RODRIGUEZ. Model coefficients can be inter-
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Mean SD 0.025quantile 0.5quantile 0.975quantile mode
Precision for df.i.struct 3.20 0.36 2.55 3.18 3.95 3.14
Phi for df.i.struct 0.90 0.06 0.76 0.92 0.98 0.94
Precision for ID2 24417.34 21359.39 2369.09 18571.19 80581.59 6848.30

Table 6.10: Summary of the hyperparameters of the model for Rodŕıguez surname.

preted as follows. For example, the posterior mean of PC3, -0.1176, means that for
each additional increase in PC3 the number of RODRIGUEZ is expected to decrease -
0.1176, when other covariates are fixed. The 95% credible interval for PC3, is (-0.1949,
-0.0405), which contains the true parameter of PC3 with 95% probability.

Mapping relative risks:

The estimates of the relative risk of certain surname and their uncertainty for each
of region are given by the posterior mean and the 95% credible intervals. Column
mean is the posterior mean and 0.025quant and 0.975quant are the 2.5 and 97.5
percentiles, respectively. Figure 6.19 shows the relative risk of surname Rodŕıguez,
and 0.025quant and 0.975quant to the lower and upper limits of 95% credible intervals
of the risks.
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Figure 6.19: Relative risk of surname Rodŕıguez (centre), and 0.025quant and
0.975quant to the lower (left) and upper (right) limits of 95% credible intervals of
the risks (year 2011).

Exceedance probabilities

The probabilities of relative risk estimates being greater than a given threshold
value can be also computed. These probabilities are called exceedance probabilities
and are useful to assess unusual elevation of carrying a specific surname, k. The
probability that the relative risk of region i is higher than a value c can be written as
P (θi > c).
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This probability can be calculated by substracting P (θi ≤ c) to 1 as follows:

P (θi > c) = 1− P (θi ≤ c) .

In R-INLA, the probability P (θi ≤ c) can be calculated using the inla.pmarginal
function with arguments equal to the marginal distribution of θi and the threshold
value c. Then, the exceedance probability P (θi > c) can be calculated by substracting
this probability to 1.

Figure 6.20: Maps for surname Rodŕıguez of exceedance probabilities in Galicia coun-
cils (year 2011). On the right is more detailed information for a specific council, in
this case, Bóveda. This is actually a snapshot of an interactive map.

For surname Rodŕıguez, the probability that the relative risk of the first region
exceeds 2, P (θ1 > 2) can be computed. Figure 6.20 shows the map of the exceedance
probabilities for surname Rodŕıguez. This map provides evidence of excess risk within
individual councils. In councils with probabilities close to 1, it is very likely that the
relative risk exceeds 2, and areas with probabilities close to 0 correspond to councils
where it is very unlikely that the relative risk exceeds 2. Areas with probabilities
around 0.5 have the highest uncertainty, and correspond to councils where the relative
risk is below or above 2 with equal probability. It can be observed that the councils
in the south of province of Lugo and north of province of Ourense are the councils
where it is most likely that the relative risk exceeds 2.

Sensitivity analysis

For the sensitivity analysis 6 scenarios were proposed based on the modification
of the calculation of expected cases (6 factors). The Table 6.11 shows the factor for
the calculation of expected counts Ei (obtained according to equation (6.2.2)), DIC,
and the summary of exceedance probabilities (Figure 6.21).
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factor E DIC Min. 0.25quantile Median Mean 0.975quantile Max.
0.05 2831.62 1.00 1.00 1.00 1.00 1.00 1.00
0.25 2831.65 0.00 0.98 1.00 0.83 1.00 1.00
0.50 2831.70 0.00 0.00 0.17 0.46 1.00 1.00
1.00 2831.62 0.00 0.00 0.00 0.18 0.00 1.00
1.50 2831.64 0.00 0.00 0.00 0.05 0.00 1.00
3.00 2831.65 0.00 0.00 0.00 0.00 0.00 0.00

Table 6.11: Six different scenarios for the calculation of E. Factor, DIC and the
summary of exceedance probabilities.

Results of spatio-temporal modelling with INLA

In the period 2000–2015, the mean number of people who carry the surname Ginzo
indistinctly in the first or second place is 261, with a fairly uniform behaviour in the
period. It should be noted that the years 2000 and 2015 are the years in which the
least number of people bear the surname (252) and, on the contrary, the year 2008 is
the year in which the most people are registered (267). A summary by province over
time can be found in Figure 6.22.

In this Section, a simple adjustment was made according to the one described
in the Section on spatio-temporal modelling. As parameter the temporal effect the
prior.iid=c(1,1) is chosen and fitted the model to the second dataset.

In this case, 20% of the total population of the council is used as “the population
at risk”, making an estimate in those municipalities where the Ginzo surname is more
present. A summary for the coefficients of the fixed effects of the estimated model
(mean, standard deviation and quantiles) is given in Table 6.12. The DIC in this case
is 2264.18. Both the intercept and the coefficient associated with the year variable,
which captures the time component, are significant.

Mean SD 0.25quantile 0.5quantile 0.975quantile
Intercept -15.10 1.25 -17.75 -14.92 -13.03

Year -0.19 0.06 -0.31 -0.18 -0.09

Table 6.12: Estimation of the coefficients of the adjusted spatial-temporal model for
the Ginzo surname.

In the spatio-temporal model formulation, the a posteriori mean of the main effects
is plotted together with a confidence band of 95% in Figure 6.23. Small decreases in
the data cause them to decrease every year, as shown by the decreasing lines.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.21: Six scenarios approach, modifying the calculation of expected cases.
(Values of the factor: (a) 0.05, (b) 0.25, (c) 0.50, (d) 1.00, (e) 1.50, (f) 3.00).

The conclusion to be drawn from this study after applying the spatial-temporal
model versus the spatial model is that the maps of the surname distributions are
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Figure 6.22: By province distribution of the surname Ginzo in the period 2000–2015,
in red colour it represents people from the province of A Coruña, in orange those
from the province of Lugo, in brown those from Ourense and in blue those from
Pontevedra.

similar. Perhaps it can be said that in the neighbourhoods of those 261 people
bearing the surname Ginzo there is not much movement either in space or over time.
Surely, if more data were available for more years, more interesting results could be
obtained, since taking into account the age of the people and making temporal cuts
as in Chapter 2 by means of cluster analysis techniques it is possible to detect the
process of urbanisation in Galicia or even the map of the dioceses of Galicia (before
the urbanisation process the map of the surnames of Galicia was distributed in the
same way as the map of the dioceses).
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Figure 6.23: Linear time trend for the surname Ginzo in Galicia. The central line
represents the a posteriori mean for the regression coefficients, and the blue dashed
lines represent the 95% confidence intervals.

2000 2001 2002 2003 2004 2005 2006 2007
-0.19 -0.38 -0.57 -0.76 -0.95 -1.14 -1.33 -1.52

Table 6.13: Estimated coefficient β for each year in the period 2000-2007.

2008 2009 2010 2011 2012 2013 2014 2015
-1.71 -1.90 -2.09 -2.28 -2.47 -2.66 -2.85 -3.04

Table 6.14: Estimated coefficient β for each year in the period 2008-2015.
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Figure 6.24: Left: A posteriori mean of the unstructured part of the latent field ηi
for the spatio-temporal model fit.



336 CHAPTER 6. SPATIAL AND SPATIAL-TEMPORAL MODELS

6.3 Joint models

In this case, the surnames have been grouped by categories: apelative, patronymic
and toponymic. For the analysis to be presented below, one must consider three
dimensional vector of counts.

A Bayesian hierarchical spatio-temporal model for the joint study of three categor-
ies of surnames is proposed in this Section. Specific and shared spatial and temporal
effects are included in these models. Surname-specific weights control the reliance on
shared terms, allowing their posterior distribution to be used to identify surnames
with similar spatial and temporal patterns. At the municipality level in Galicia, the
approach described here was used to investigate three categories of surnames (apel-
ative, patronymic, and toponymic), after the procedure obtained with web scraping
techniques (Chapter 1, Section 1.3.5). In order to explore similarities and differences
among different type of surnames, shared and specific spatial and temporal effects
have been computed and mapped. For the study of spatio-temporal trends in sur-
name mapping, models proposed by other authors, such as Abellan et al. (2008),
Guangquan et al. (2012) and Gómez-Rubio et al. (2019), to detect specific disease
patterns in particular areas, are adapted to the onomastic context. These models can
be used to find locations that have a similar spatio-temporal trend or that exhibit a
specific spatio-temporal pattern. Multivariate models with shared geographical effects
are frequently used to capture similar patterns in the spatial analysis of different dis-
eases. Gómez-Rubio et al. (2019), for example, proposes a Bayesian spatio-temporal
joint model for a number of diseases with distinct and common geographical and
temporal effects.

Over the last decade, joint models have been expanded as a way to better fit mod-
els, regulate all sources of uncertainty, and give reliable inference (see, for instance,
Blangiardo and Cameletti (2015) or Illian et al. (2013)). Incorporating spatial struc-
ture in the joint model reduces variability by allowing information to be borrowed
from several sources, but it also adds to the model’s complexity. By using MCMC ap-
proaches, such models may become unstable and experience convergence challenges.
The INLA technique introduced by Rue, Martino and Chopin (Rue et al. (2009)),
on the other hand, can be used to define and run complex posterior distributions of
spatial joint models (Asmarian et al. (2018)).

The shared spatial and temporal terms would account for common spatial and
temporal patterns. The effect of these common patterns on the specific types of
surnames is controlled by specific weights that measure the dependence of a given
types of surnames on these patterns. It can accommodate deviations from the shared
trends for different types of surnames by examining specific spatial and temporal pat-
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terns. Finally, the weights’ posterior distribution can capture dependencies between
surnames with comparable spatial and temporal patterns.

6.3.1 Joint models of several types of surnames

The models described in the previous sections (see Section 6.2.3 and Section 6.2.1)
can be applied to different types of surnames to generate space-time risk estimates
that can be mapped and analysed to discover “high-risk” pattern. Surnames with
similar distributions may exhibit comparable patterns, such as similar regional or
temporal variation, and a multivariate analysis could be used to better assess these
shared patterns. Simultaneously, the model must accommodate for specific deviations
from the common pattern in certain areas.

To build joint models for D different types of surnames, Y
(d)
it and E

(d)
it will denote

the observed and expected cases of each type of surname d in area i and time period t,
respectively. The number of cases Y

(d)
it is assumed to follow a Poisson distribution with

mean Y
(d)
it θ

(d)
it , where θ

(d)
it is the relative risk, in area i and time period t (log(θi) = ηi)

(see equation (6.2.4)).

Relative risks in a joint model include terms that are shared by several types of
surnames. The weighting of the shared effects can be used to quantify the dependence
of the type of surname’s geographic or temporal distribution on the shared pattern.
The purpose is to detect comparable spatial or temporal characteristics of various
surnames in a straightforward manner. The model structure is built on shared spa-
tial and temporal components. The goal of the application is to find shared and
particular spatial and temporal patterns that can lead to the detection of surnames
with comparable patterns.

6.3.2 Spatio-temporal joint modelling of several types of
surnames

The goal of spatio-temporal data modeling is to find shared and particular patterns
of surname kinds in both space and time. The model is the following:

Y
(d)
it |η

(d)
it ∼ Poisson(E

(d)
it exp(η

(d)
it )) = Poisson(E

(d)
it θ

(d)
it )

log(θ
(d)
it ) = µd + Φ

(d)
i + Ψ

(d)
t , d = 1, . . . , D.
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Now, µd are type of surname-specific intercepts, and Φ
(d)
i and Ψ

(d)
t are spatial and tem-

poral effects for each type of surname in area i and time period t, respectively. These
two effects are defined by including type of surname-specific and shared patterns in
the following way

Φ
(d)
i = u

(d)
i + δSdUi, (6.3.6)

Ψ
(d)
t = ν

(d)
t + δTd Vt. (6.3.7)

In equation (6.3.6), both shared effects and type of surname specific effects are
induced. The effect of the shared spatial effect Ui on the relative risk is modulated
through weights δSdUi. Similarly, the effect of the shared temporal pattern on the
relative risk is controlled by weights δSd Vt (equation (6.3.7)). The vectors of type of
surname-specific and shared effects are defined using an intrinsic CAR model (Rue
and Held (2005)) specification (notation taken from Gómez-Rubio et al. (2019)):

u
(d)
i ∼ CAR

(
W, τSd

)
d = 1, 2, 3; U ∼ CAR

(
W, τS0

)
,

ν
(d)
i ∼ CAR

(
Q, τTd

)
d = 1, 2, 3; V ∼ CAR

(
Q, τT0

)
.

Here, W is the spatial adjacency matrix10 (Besag et al. (1991)) and Q defines a tem-
poral adjacency structure. Finally, the precisions of the different effects are τSd , τ

T
d , τ

S
0

and τT0 . It’s worth noting that the previous model ignores space-time interactions.
These could be included but additional constraints would be needed (Richardson
et al. (2006)), increasing the complexity of the model. Figure 6.25 shows a graphical
representation of the joint spatio-temporal model. It already allows for divergence
from any shared spatial and temporal trends by introducing type-specific surname-
specific spatial and temporal effects. This means that the sorts of surnames under
investigation may behave differently in terms of space and time. Furthermore, for the
same reason, uncorrelated random effects have not been explored.

Several options can be examined when it comes to the priors for the remaining
parameters. Type of surname specific intercepts µ(d) are assigned improper flat priors.
Spatial and temporal weights have been assigned a log-Normal prior with zero mean
and precision 1/5.9 (similarly as in Downing et al. (2008) and Gómez-Rubio et al.
(2019)).

The results will be displayed after choosing a uniform distribution between 0 and
10 on the standard deviations. In the sensitivity analysis Section, these results will
be compared with those of the inverted Gammas and half-Cauchy models in which all

10The spatial weights matrix determines the spatial proximity between the random effects, and
is most commonly defined as a binary, first-order, adjacency matrix.
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scale parameters have the same priors. Detailed results can be consulted in Annex I:
Sections I.1 and Sections I.2. The three different models proposed for fitting, have the
same scale parameters for priors: The uniform distribution between 0 and 10 on the
standard deviations, which seems to be less informative than inverted Gammas on
the precisions (Gelman (2006)); a half-Cauchy prior (with scale parameter equal to
25) might likewise be used as a prior for all standard deviations in the model (Gelman
(2006)); finally, an inverted Gamma is a typical choice for precision priors, a third
model in which all precisions have an inverted Gamma with parameters 0.01 and 0.01
as priors was considered.

In this model, terms Ui and Vt in the model are multiplied by surname specific
weights. This may cause an identifiability problem between weights δSd and δTd , and
the scale of the effects, i.e., precisions τS0 and τT0 .

According to Gómez-Rubio et al. (2019), this could lead to an identifiability issue
between the weights δSd and δTd , as well as the size of the effects, i.e. precisions τS0
and τT0 . Furthermore, precisions τS0 and τT0 can be set to 1 so that the scale of spatial
and temporal shared effects is incorporated into weights δSd and δTd (Gómez-Rubio

et al. (2019)). No identifiability difficulty of effects Φ
(d)
i and Ψ

(d)
t has been seen in the

models fitted in the example in Section 6.3.3. The correlation of weights can be used

to examine spatial dependence between two or more categories of surnames:
{
δSd
}D
d=1

in the posterior joint distribution. In the same way, the joint posterior correlation

of weights can be used to determine temporal dependence
{
δTd
}D
d=1

. Spatio-temporal
relationships can also be examined for a single surname by looking at correlations in
the joint posterior distribution of

(
δSd , δ

T
d

)
.

6.3.3 Joint spatio-temporal types of surname mapping
in Galicia

An example has been constructed here on the examination of three types of surnames
in Galicia in order to evaluate the qualities and properties of the model described in
the previous Section. Apelative, patronymic and toponymic surnames (D = 3) were
considered, as already mentioned.

The dataset is obtained by applying web scraping techniques (see Chapter 1,
Section 1.3.5.). For the temporal analysis, the dataset has been divided into 10
time instants: born before 1921, before 1931, before 1931, before 1941, before 1951,
before 1961, before 1971, before 1981, before 1991, before 2001 and before 2011. The
analysis has been carried out at the municipality level for both sexes together (are no
differences by gender have been identified).
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Figure 6.25: Graphical representation of the joint spatio-temporal model (adapted
from Gómez-Rubio et al. (2019)).
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Figure 6.26: Standardized incidence ratios (SIRs = Y
(d)
it /E

(d)
it ). Scales are different

for visualization purposes.
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Figure 6.26 shows the standardized surnames ratios for the three types of sur-
names. Apelative and toponymic surnames seem to have a similar spatio-temporal
pattern, whilst patronymic shows a different pattern. These spatial patterns have
not already been described previously in the literature of the surnames of Galicia.
Despite the fact that the study was conducted at various spatial and temporal levels,
a fairly similar pattern was noticed over time, and it is expected that these patterns
would show up in the analysis and be picked up by the various effects in this model.

The model presented in Section 6.3.2, has been adjusted for data fitting. The res-
ults presented here correspond to a model with uniform priors on the spatial and tem-
poral random effects standard deviations. On the standard deviations, half-Cauchy
priors were used, and on the accuracy parameters, inverted Gamma priors were used.
The sensitivity analysis in Section 6.3.4 provides a summary. With INLA package for
the R software (R Core Team (2020b)), the models have been fitted and utilized to
calculate the posterior marginals of the parameters.

Spatial analysis

Figure 6.27: Posterior means of the spatial effect. Apelative (left), patronymic
(centre) and toponymic (right) surnames.

First and foremost, the analysis of the model various spatial effects will be revised.
The posterior means of the total spatial effects,

Φd
i = udi + δSdUi,

are shown in Figure 6.27 (i.e., sum of shared plus specific effects). Apelative and
toponymic surnames show a similar spatial patterns, with areas of “high risk” in the
northwest and southwest. Patronymic surname shows a different spatial pattern with
some areas of “high risk” in the northeast and southeast.
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Parameter Mean 2.5% q. Median 97.5% q.
δS1 2.280 0.136 1.220 11.200
δS2 0.010 0.000 0.004 0.057
δS3 1.590 0.069 0.781 8.230
δT1 0.602 0.009 0.128 3.970
δT2 0.159 0.003 0.049 0.992
δT3 0.849 0.012 0.175 5.610

Table 6.15: Summary statistics of the posterior distribution of the shared spatial
effect weights (the first three rows) and temporal effects (the other three) (model
uniform).

Figure 6.28: Posterior means of shared spatial effect (top-left map) and surname
specific spatial effect.

Figure 6.28 displays the posterior means of the shared effects and type of sur-
name specific spatial effect u

(d)
i , and Table 6.15 presents summaries of the posterior

distribution of the shared spatial effect weights δSd for each type of surname. A few
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regions of “high risk” can be detected in the northwest and southeast of Galicia on
all maps in Figure 6.28. In addition, patronymic surnames appear to have more ex-
treme values than apelative and toponymic surnames in terms of spatial pattern. This
could be due to patronymic surnames’ lesser reliance on the shared spatial pattern
(as seen in Table 6.15), allowing the unique pattern to account for the majority of
its spatial pattern. The results show that apelative and toponymic surnames have
a larger dependence on the spatial shared term, and that the temporal shared term
has a comparable but inverse dependence. Fixing the precisions of the shared terms,
as indicated above, is a straightforward technique to improve weight identification
Gómez-Rubio et al. (2019).

In terms of the common spatial component Ui, apelative and toponymic surnames
appear to have a weight that is much larger than one. The weight of a patronymic
surname is much lower than one (2.280 and 1.590, respectively). This suggests that
apelative and toponymic surnames have a higher dependence on the shared spatial
effect, i.e., the spatial pattern is very similar to the shared pattern.

Temporal analysis

In Figure 6.29, the posterior means of shared (Vt), specific temporal effects (v
(d)
t )

and total temporal effect (Ψ
(d)
t = v

(d)
t + δTd Vt) are also shown. The shared temporal

effect shows a decrease in risk over time. The three types of surnames now have
a fairly similar temporal pattern. The three surnames’ specific temporal effects do
not show a significant departure from the shared temporal pattern, and these three
distinct temporal patterns have an effect that is very close to zero for all years.

It is worth noticing that the shared temporal effect captures the overall downward
trend in time, whereas surname-specific effects are low, with estimates for all years
extremely close to zero.

Summary statistics of weights δTd for the shared temporal trend are shown in
Table 6.15. Apelative and toponymic surnames have very similar weights, with pat-
ronymic having a slightly lower weight. In this case, all apelative and toponymic
surnames seem to have a strong dependence on the shared temporal pattern as the
weights are very close to one (0.602 and 0.84, respectively), which also explains the
weak type of surname-specific temporal trends.

Joint spatio-temporal analysis

It has so far focused on geographical or temporal patterns while analyzing the
data. The model’s smoothed spatio-temporal relative smoothed, θ

(d)
it , are shown in

Figure 6.30.
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Figure 6.29: Posterior means of shared temporal effect (top), specific temporal effect
(middle) and total temporal effect. (Apelative surnames are shown in red, in blue
patronymic surnames and in green toponymic surnames).

Figure 6.31 shows the probability of having a relative risk, θ
(d)
it , higher than one.

Looking at the areas of high probability it can be possible find areas of increased
risk. Again, apelative and toponymic surnames show a very similar spatio-temporal
pattern, which also seems to be persistent over time. Patronymic surname shows a
constant spatial pattern from the beginning the period at the end, as seen in Fig-
ure 6.31.
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Figure 6.30: Posterior means of spatio-temporal relative risks. Scales are different for
visualization purposes.
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Figure 6.31: Probabilities of having an estimation of the relative risk greater than 1
to identify areas of high risk.
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6.3.4 Sensitivity analysis

The results so far are consistent with the model provided in Section 6.3.2 with uniform
priors on the random effect standard deviations. It was decided to use these priors
because several authors (see, for example, Gelman (2006)) have questioned the use of
the inverted Gamma as a prior for the precision in the model. As a result, a sensitivity
analysis is shown, taking into account various priors for the scale parameters of the
random effects in the model. As indicated at the end of Section 6.3.2, three versions
of the joint spatio-temporal models were fitted, using each of three alternatives for
the priors of the variances. The estimates of spatio-temporal weights are very near
(inverted Gamma and half Cauchy models).

In Annex I, the results are shown when the inverted Gammas (Section I.1) and
half-Cauchy models (Section I.2) are used as priors. Summary statistics of the weights
for shared spatial and temporal effects for the three models are shown on the following
tables (model uniform - Table 6.15, inverted Gammas - Table I.1 and half-Cauchy -
Table I.2). The spatial and spatio-temporal results of the weights for the three models
are similar.

The posterior means of the total spatial effect are similar for the three models
(Figure 6.27, Figure I.1 and Figure I.6). As discussed above, apelative and toponymic
surnames show a similar spatial patterns, with areas of “high risk” in the northwest
and southwest. On the other hand, patronymic surname shows some areas of “high
risk” in the northeast and southeast.

Figure 6.28, Figure I.2 and Figure I.7 show the posterior means of the shared
and type of surname specific spatial effects. In Figure 6.29, Figure I.3 and Figure I.8
the posterior means of shared and specific temporal effects are shown. All of them
are similar. The risk decreases over time as a result of the shared temporal effect.
The spatio-temporal models are presented in Figure 6.30, Figure I.4 and Figure I.9.
They also show similar patterns. Finally, Figure 6.31, Figure I.5 and Figure I.10 show
the probability of having a relative risk higher than one. Apelative and toponymic
surnames show a very similar spatio-temporal pattern and patronymic surname shows
a constant spatial pattern from the beginning the period at the end in the three fitting
proposed.
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6.4 BYM for toponymic surnames

This Section is a complement to Chapter 5 Section 5.6 from a model based perspective.

In Ginzo-Villamayor and Crujeiras (2015), it is proposed a modelling of the spa-
tial pattern of surnames in Galicia, considering the effects of the covariate number
of inhabitants per municipality, adjusting the model proposed by Besag et al. (1991)
(BYM model), adapted to this context. By investigating only the spatial pattern of
surnames it is not possible to conclude anything about another component of vari-
ation, the temporal one, which may be of equal interest. Also in Ginzo-Villamayor
and Crujeiras (2015), the above model is easily extended to the spatio-temporal case
including time. Figure 6.32 shows the models fitted using INLA, proposed by Rue
et al. (2009), for the surnames Miramontes, Galdo, Cudeiro, Farrapeira, Padreda e
Outomuro. These six surnames have toponymic origin: Miramontes (in the municip-
ality of Santiago de Compostela), Galdo (in the municipality of Mañón), Cudeiro (in
the municipality of Ourense), Farrapeira (in the municipality of Salceda de Caselas),
Padreda (in the municipality of Vilar de Barrio) e Outomuro (in the municipality of
Cartelle).

This modelling completes the analysis of toponymic surnames presented in Chapter
5.
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Chapter 7

Conclusions and further research

The main purpose of this Chapter is to present, in brief, a discussion of the main
conclusions and ideas for future work that can be drawn from each of the Chapters of
this thesis. The work collected in this thesis has been a long-going project, carried out
through several years and with many future work ideas. Onomastics, and linguistics
in general, is in an huge need to advanced statistical methods, son the contribution
of this thesis aim to set a solid basis for this purpose.

Introduction

Chapter 1 focuses on explaining the need of surname analysis, providing those con-
cepts of geolinguistics required for an adequate understanding of the methodologies
hereby presented. In addition to these notions, all the databases used throughout
this manuscript are thoroughly described. Following this line, a first extension of
our work would consist in the analysis of new databases of surnames under different
approaches. For instance, a study at a micro level, where the minimum spatial unit of
study is parish instead of the municipality, may be of interest. We mention the case
of the municipality of A Pontenova (Lugo, Spain), that is geographically divided into
two parts by the river Eo and, consequently, the surnames are differently distributed
on both sides of the river.

351
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A review on statistical analysis of surnames and

construction surnames of regions

Chapter 2 can be considered as a key Chapter in the thesis, since it addresses the
first objective of the thesis. Classical techniques applied to surnames analysis, mainly
related to isonymy, are presented and reviewed. A methodological background of the
main statistical techniques used in the literature for this context is presented, as well
as an exhaustive review of the most recent articles related to surnames. This task
leads to the publication of a review article, in line with the ones of Lasker (1991) or
Colantonio et al. (2003). As future work, it is intended to explore other statistical
techniques that may extract more (or different) information from the data (such us
directional highest density regions (HDiR) or clustering directional).

Application of isonymy measures and linguistic

varieties

Following those methodologies presented along Chapter 2, clusters of councils based
on Lasker distances between them can be obtained on Chapter 3 for the different
datasets. Some preliminary results reveal a unique and evidence-based regional geo-
graphy that is useful for improving our understanding of cultural and social history.
As a result, this study found clear regionalisation patterns in surname frequency dis-
tributions, closely matching the historical borders for five diocesan boundaries. The
resulting regionalisation demonstrates the utility of an innovative inductive approach
to summarize and analyze large population datasets cultural and geographic space,
the outcomes of which can provide the basis to hypothesis generation about social,
cultural and historic patterning. The research also contributes a range of methodo-
logical insights for future studies concerning spatial clustering of surnames.

The study of regional surnames in Galicia / Asturias provides some ideas on
population stability. It is not surprising that this stability is greater in traditionally
more rural areas than in urban areas.

In Section 3.5, a comparative analysis of onomastic data (mainly surnames) and
linguistic data is presented. This work is similar to other approaches in other linguistic
areas, mainly in Europe, and its objective is to investigate the relationship between the
distribution by areas of surnames and the distribution of dialects. The relationship
between the distribution of surnames and dialectal distribution has been studied
in Manni et al. (2006), where they check the non-significant statistical association
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between the two. To specify, they analyzed the variation in isonymy in 226 localities
in The Netherlands, excluding the most frequent surnames and the so-called rare
ones, an idea that can be naturally justified for the case of Galicia.

A key assumption is that surnames were distributed in the past following patterns
similar to those of the dissemination of linguistic characteristics. This point has been
analyzed in the Chapter 3.5.

The origin of a surname should answer essentially two questions: where the name
geographically came from, and how it came about linguistically. Of course, both
are related, and require a combination of geographical and linguistic elements to
be considered. However, there is a fundamental distinction between looking at the
distribution of early attestations and understanding the linguistic processes by which
a name came into being.

As a result, the analysis included in Section 3.5 was published in Sousa-Fernández
and Ginzo-Villamayor (2020) and the main contributions are the following. The
obtained results allow the establishment of regions of surnames that show many sim-
ilarities in their distribution with dialect areas recognised by traditional dialectology
studies. The conclusions of the study present the results obtained jointly with some
of the explanatory proposals on the historical constitution of the linguistic diversity
of this area.

The aim of this study was to explore new methods that help to deepen the know-
ledge of the relationships between the demographic and social structure of the popula-
tions and the spatial organization of linguistic diversity. The research was focused on
the analysis of onomastic and geolinguistic data from Asturias, an autonomous com-
munity in north-west Spain, which is part of the linguistic domain historical called
Asturian-Leonese. The methods applied in the analysis of the distribution of the
surnames of Asturias, in part like those used for years to study the structure of the
populations in other spaces, have helped us to discover the existence of four onomas-
tic regions of configuration similar to dialectal areas traditionally recognized in the
Asturian domain.

The study of the relationships between the territorial distribution of surnames
and dialects has given different results in the studies of European countries and com-
munities.

As in France (Scapoli et al. (2005)), in Italy (Goebl (1996)), and in Belgium (Barrai
et al. (2004)), the dialectal transitions generally respect the boundaries between the
regions of surnames. In The Netherlands (Manni et al. (2008)), the studies carried
out so far acknowledge that there seems to be no relevant similarities between regional
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varieties and surnames, but probably between surnames and religion areas. In the
case of Spain, the studies carried out so far identify a certain similarity, although it
would be necessary to review the analyses using more solvent and robust data, both
on the onomastic and linguistic levels (Rodŕıguez-Dı́az et al. (2017a)).

The study of isonymy and the identification of the surname regions of Asturias
has emphasized some features relevant to the analysis of the geolinguistic variation
of Asturian Romance and the organization of the population of this territory.

Firstly, the main surname clusters are organized in areas separated by boundaries
that follow a vertical line from North to South. These limits show evident similarities
with the phonetic isoglosses that have been used to delimit the main varieties of As-
turian. The territory division into four clusters of surnames also makes it obvious that
there are many coincidences with the four recognized linguistic varieties of Asturian
and with the distribution of tribal groups of antiquity identified in previous studies.

Secondly, the cluster analysis of onomastic data also makes it possible to identify
two groups that reflect certain general similarities with the partition in linguistic
domains of the territory of Asturias (A and B in 3.59 and Figure 3.62). Although of
a greater extension, the western cluster (A in Figure 3.62) occupies an area similar
to the area that dialectal studies place, due to their linguistic characteristics, within
the Galician linguistic domain. Besides, the center-eastern cluster (B in Figure 3.62),
which is larger than the first one, coincides with its extension with the territory of
Asturias by including in the Leonese language domain.

In addition, it should be noted that the results obtained in this comparative
analysis confirm the usefulness of onomastic data in research into the origins and
historical causes of linguistic variety spatial distribution. This type of research, which
has so far been focused on the analysis of extensive linguistic domains, should also be
applied to the study of minor linguistic areas. Geolinguistic and dialectal studies will
be enriched by the interdisciplinary contributions of linguistics and other disciplines.
All of them will contribute to broaden our knowledge about societies and the way they
relate to languages and space. The names themselves are revealed as an important
source of information to study languages, both now and in the past.

Proper names prove to be an important source of information to study languages.
Phonetic, morphological, and lexical characteristics of place names and proper names
have long been used to trace the history and evolution of linguistic variables. In this
sense, dialectology uses onomastic information as evidence of the distribution in the
past of linguistic traits (Scott (2016)). Now, we aim to contribute to emphasize the
worth of the onomastic data as evidence of the structure of the modern and ancient
populations, and, therefore, as a complement to better understand the way in which



355

linguistic diversity is organized in space. This study shows the interesting results that
can be drawn from this field of interdisciplinary research.1

Section 3.6 includes a comparative study of the distribution of patterns of sur-
names and dialectal varieties in the space of the Galician linguistic domain. For this
purpose, the Mantel test, Mantel (1967), is used. Further simulation studies and cal-
ibration of the test are planned as future work. As well as exploring new ways such as
the Moran index of spatial autocorrelation (Mantel (1967)), described in Chapter 2,
to solve problems with dependent data on the Mantel test.

Contribution to isonymy methods

Chapter 4 is divided on five different parts. Below, we summarized the results in each
of them.

Section 4.1 proposes a new alternative method to isonymy based on percentage.
Section 4.2 is based on the distribution of surname frequencies. The municipality
of Ordes (A Coruña) can be highlighted as a particular case because of its socio-
demographic characteristics. Section 4.3 involves migration distances of the Galician
population to see differences by gender in terms of distance from the place to migrate
as well as of migration over time. Section 4.4 generalises the notions of isonymy
between and Lasker distance for more than two locations. The proposed new approach
is based on cooperative game theory, through the definition of TU games. This new
method has been applied for Galicia with positive results. In the future, its application
to the area of influence of Galician and Spain should be considered. However, the
computational effort required is the main drawback.

Taking into account that traditional isonymy measures arise as an adjustment
of classical biodiversity indices (Simpson (1949)), the adaptation and the proposal of
new measures of biodiversity in onomastics, such as the test statistics for multinomial
distributions proposed by Cressie and Read (1984), is of interest.

Section 4.5 describe that adaptation through the elaboration of an R package, on
Annex J, for which the help manual is presented. The development of the package
is the third and final objective of the thesis. Suitable extensions will be analyzed
on future, performing simulation studies in order to evaluate their performance in

1Despite the interesting results obtained in this interdisciplinary collaboration, the study frame-
work is unknown or very superficially looked into by dialectology specialists. In the latest dialectology
(Auer and Schmidt (2009); Boberg et al. (2018)) and onomastics (Hough (2016)) manuals, studies
of this type still occupy a very discrete place.
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different scenarios. Other biodiversity indices will be also reviewed and adapted as,
for instance, following Magurran and McGill (2011).

Statistical tools for toponymic surnames

Chapter 5 is devoted to the analysis of toponymic surnames. Below, we mention the
most representative results. This Chapter presents a set of tools for the visualisation
of toponymic surnames. For example, Section 5.2 shows examples of toponymic sur-
names for location quotient (introduced on Chapter 2); Section 5.3 show results of
kernel density estimation. As future work, sharing these results on a web server may
be of interest for the general audience.

Section 5.4 proposes a procedure to find the centre of gravity of thetoponymic
surnames based on the calculus of the standard deviation ellipse. As future work,
the usage of functional data techniques using distances between municipalities and
surnames may result in a journal publication.

Section 5.5 shows different plots based on migratory movements of people and,
consequently, of surnames. As further research, we propose the integration of these
graphical tools in a Shiny Server.

Section 5.6, shows a spatio-temporal evolution of toponymic surnames in Galicia,
using diversity indices (Section 4.5). As future work, there are two challenges to
be addressed. Firstly, we want to establish a hypothesis test for comparing the
distributions of the proportions of toponymic surnames and, then, studying the spatial
dispersion of these surnames from their place of origin.

As future work, below, shows a preliminary analysis using spherical analysis.

Spherical analysis

The objectives of this Section is applied Directional Highest Density Regions (HDiR)
to groups of surnames and represent them on sphere. The second objective is applied
spherical clustering.
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Directional Highest Density Regions

Highest Density Regions estimation in Rd

Given a random sample of points Xn = {X1, . . . , Xn} of a random vector X with
values in Rd, reconstructing the t− level set

G(t) =
{
x ∈ Rd : f(x) ≥ t

}
where f denotes the density function of X and t > 0. Or, if the practitioner fixes
a value τ ∈ (0, 1), estimating the Highest Density Region (HDR) with probability
content 1− τ

L(τ) =
{
x ∈ Rd : f(x) ≥ fτ

}
where fτ can be seen as the largest constant such that

P(X ∈ L(τ)) ≥ 1− τ

with respect to the distribution induced by f .

There is a method for estimating a HDR, the plug-in methodology. Plug-in meth-
ods propose

L̂(τ) =
{
x ∈ Rd : fn(x) ≥ f̂τ

}
as an estimator for L(τ) where

fn(x) =
1

n

n∑
i=1

KH (x−Xi)

where K is a symmetric density function with KH(z) = |H|−1/2K
(
H1/2z

)
, H de-

notes the bandwidth matrix and f̂τ = fτ (fn) denotes an estimator of the threshold
fτ . Hyndman (1996) estimated fτ as the quantile τ of the empirical distribution of
fn (X1) , · · · , fn (Xn).

HDRs estimation in Sd−1

Given a random sample of points Yn = {Y1, . . . , Yn} of a random vector Y with
values in the unit sphere Sd−1, reconstructing the t− level set

Gg(t) =
{
y ∈ Sd−1 : g(y) ≥ t

}
where g denotes the directional density function of Y and t > 0. Or, if the practitioner
fixes a value τ ∈ (0, 1), estimating the Highest Density Region (HDR) with probability
content 1− τ

Lg(τ) =
{
y ∈ Sd−1 : g(y) ≥ gτ

}



358 CHAPTER 7. CONCLUSIONS AND FURTHER RESEARCH

where gτ can be seen as the largest constant such that

P (Y ∈ Lg(τ)) ≥ 1− τ
with respect to the distribution induced by g.

There is a method for estimation of directional HDRs. Plug-in methods (Hyndman
(1996); Saavedra-Nieves and Crujeiras (2021)) propose

L̂g(τ) =
{
y ∈ Sd−1 : gn(y) ≥ ĝτ

}
as an estimator for Lg(τ) where

gn(y) =
1

n

n∑
i=1

KvM

(
y;Yi; 1/h2

)
where 1/h2 > 0 is concentration parameter and KvM denotes the von Mises-Fisher
kernel density.

Application HDiR to surnames data

A total of 1711 surnames have been classified, representing 8.15% of the total
number of surnames and 86.15% of the population, using the Web-Scraping tech-
nique (Chapter 1 - Section 1.3.5). The procedure carried out is as follows: once the
surnames have been classified into 3 groups: apelative, toponymic or patronymic, for
each municipality in Galicia the population has been distributed according to these 3
groups, that is to say, to have the population distributed in these 3 groups. Figure 7.1
shows the HDiR from toponymic, patronymic and apelative surnames obtained with
HDiR package (see R Core Team (2020a)). This package is a R tool for nonparamet-
ric plug-in estimation of Highest Density Regions (HDRs) in the directional setting
Saavedra-Nieves and Crujeiras (2021). Table 7.1 shows descriptive statistics for the
percentages of the different types of surnames for all councils.

Min. Median Mean Max.
Apelative 1% 13% 13% 35%
Patronymic 31% 58% 55% 92%
Toponymic 3% 28% 30% 56%

Table 7.1: Descriptive statistics for the percentages of the different types of surnames
for all councils in Galicia.

Consider τ = 0.8, on Figure 7.1 and the aim is to find out which municipalities are
in each of the two connected components. Figure 7.2 shows the councils in Galicia,

Table 7.2 shows descriptive statistics for the percentages of the different types of
surnames, in the related components and for the rest.
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Figure 7.1: HDiR from toponymic, patronymic and apelative surnames.

Figure 7.2: Left: councils for τ = 0.8 (left connected components - Figure 7.1).
Middle: councils for τ = 0.8 (left and right connected components - Figure 7.1).
Right: all councils in Galicia.

Min. Median Mean Max. Min. Median Mean Max. Min. Median Mean Max.
Apelative 12% 17% 17% 28% 1% 17% 17% 29% 3% 12% 13% 35%
Patronymic 36% 46% 46% 61% 35% 46% 50% 91% 31% 59% 60% 92%
Toponymic 21% 36% 36% 47% 8% 33% 33% 44% 3% 27% 27% 56%

Table 7.2: Descriptive statistics for the percentages of the different types of surnames,
in the related components and for the rest.
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Mixtures of von Mises-Fisher Distributions

This Section presents a data representation in the hypersphere (Mardia and Jupp
(2000)) and the application to surname data. Several large-scale data mining ap-
plications, such as text categorization and gene expression analysis, deal with high-
dimensional data that can be represented on a unit hypersphere (Banerjee et al.
(2005)).

A hypersphere is a generalisation of a sphere to higher dimensions, denoted by
Sn, and can be understood as Sn = {x ∈ Rn+1; ‖x‖ = α}, for a particular α ∈ R+

constant. Independently of α, a normalisation can be made in order to work with a
unitary hypersphere, α = 1. The case n = 1 refers to the circle.

For the case of the sphere, using polar coordinates, it is sufficient to use two
different angles in order to cover the set of possible values. One of these will be the
variable called longitude φ and the other latitude π

2
− θ, the parameterisation used is

as follows:

x = (cos θ, sin θ cosφ, sin θ sinφ).

To use this parameterisation, in order to guarantee that two different values of θ and
φ do not result in the same point (except for 0 and π), restricted to φ ∈ [0, 2π] and
θ ∈ [0, π]. Note that this last interval is not [0, 2π] because then we would have the
possibility of obtaining a θ′ such that cos θ′ = cos θ and sen θ′ = − sen θ. Then, there
exists φ′ such that sin φ′ = − sen and cosφ′ = − cosφ so that they are in the same
coordinates. Once we have the polar coordinates, we can consider their projection in
the plane.

Modelling data in the sphere

Random variables supported on a sphere can be modelled by different distribu-
tions. The most important one is the von Mises-Fisher (vMF) distribution. Banerjee
et al. (2005) proposes a generative mixture-model approach to clustering directional
data based on the vMF distribution, which arises naturally for data distributed on
the unit hypersphere.

Let’s assume a sample of x1, · · · , xn of data obtained from a sphere. The sample
mean in polar version, x̄ = R̄x̄0, where R̄ is the norm of the mean x̄. Thus, when
considering the sample mean, if we have two or more distinct observations, we would
obtain that R̄ < α, or in the unitary case R̄ < 1, or in the unitary case x, we can
define its mean length as

ρ =

(
n∑
i=1

E [xi]
2

) 1
2

,
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and if ρ > 0 satisfies, a mean direction can also be defined µ = ρ−1E[x], µ corresponds
to the normalised mean, i.e. it would indicate the direction and direction of the mean.

von Mises-Fisher distribution

Considering the circular case, where the observations can be viewed as angles.
The von Mises distribution is defined as the distribution that has as density function

f(θ;µ, κ) =
eκ cos(θ−µ)

2πI0(κ)
,

where I0(κ) =
+∞∑
m=o

1
m!Γ(m+1)

(
κ
2

)2m
is the modified Bessel function of the first kind.

Parametric clustering

Estimation of the parameters of a mixture of von Mises-Fisher distributions. As-
suming that the number of distributions to be estimated, NK, and the type of distri-
bution are known, an iterative algorithm can be constructed, called the EM algorithm
(Hornik and Grün (2014)). This algorithm is based on trying to increase the likeli-
hood, to make the estimation of which weights and parameters of the distributions
fit better to our observations. There are several remarkable aspects of this algorithm.
First, it requires the number of distributions NK. This value can be estimated using
the Akaike Information Criterion, the Bayes Information Criterion or Cross Valida-
tion, among others. The second, and more difficult to solve, is to assume the type of
distribution that follows. In this case, we use the mean-shift algorithm.

Application of clustering

The described techniques are applied to the data of the surnames of Galicia, for
the year 2011. In this case, the hypersphere considered has dimension 20754. This
technique was applied using the package’s R movMF (see R Core Team (2020b) and
Hornik and Grün (2014)). The clustering obtained from the a-posteriori probabilities
is analyzed by comparing the cluster membership with the surnames assigned to a
council. Because each surname might have several councils assigned, the surnames
and their cluster assignments are suitably repeated.

Figure 7.3 (Graph 1-1, Graph 3-1 and Graph 3-1) show the results of the spherical
cluster analysis, in 3 different scenarios: with all data (hypersphere, S20754), only those
born in 1965 or earlier (S12566), and only those born in 1945 or earlier (S8986).

Figure 7.3 (Graph 1-2, Graph 3-2 and Graph 3-2) show the results of the spherical
cluster analysis, in last 3 different scenarios and removing those ones below and above
the 5% and 95% quantiles of the distribution of number of councils (hypersphere,
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S9557, S6416 and S4657, respectively). Once these filters are applied, the clusters ob-
tained are more compact, and similar to those obtained in the Lasker distance cluster.

Spatial and spatial-temporal modeling of surnames

pattern

Chapter 6 is divided in two main blocks that correspond to Section 6.2 and Sec-
tion 6.3. Previously, Section 6.1 introduces new statistical methods for data pro-
cessing and modelling in geolinguistics, specifically, for surnames in Galicia. The aim
is to model spatial and spatio-temporal surname patterns in this region. The differ-
ent research lines within the onomastic context have not considered the spatial and
spatio-temporal dimension of the surnames’ evolution in a model-based approach.
Hierarchical modeling, through Besag, York and Mollié method (see Besag et al.
(1991) and Rue and Held (2005)) was considered, and Banerjee et al. (2004) was also
used to study the particular for spatial data. This task corresponds to the second goal
this thesis. As future work, the implementation of new applications in Shiny to make
them available for testing and improving the proposed models should be addressed.

Besides, a Bayesian hierarchical model for the joint analysis of spatio-temporal
surname data has been developed (Section 6.3). It combines ideas from other models
for spatio-temporal disease mapping (Richardson et al. (2006), Abellan et al. (2008),
Guangquan et al. (2012), Gómez-Rubio et al. (2019)) and the joint analysis of several
diseases (Downing et al. (2008)), all of them adapted to the onomastic context. In
this way, the model may discover similarities and variations in the distribution of rel-
ative risks associated with each type of surname by defining common and distinctive
spatial patterns of surnames. Types of surname-specific weights govern reliance on
common spatial and temporal patterns, which can aid in the identification of sur-
names with shared geographical and temporal patterns. Research on distinct spatial
effects can be used to identify places where a surname’s trend is different. Similarly,
surnames with a different temporal variation can be highlighted by looking at the
type of surname-specific temporal effects. Furthermore, by examining the posterior
probability of the relative risk, this model can be helpful for identifying locations of
“high risk”. These probabilities can also be considered to find patterns of high risk
that are common among numerous surnames. From 1921 to 2011, apelative, pat-
ronymic, and toponymic surnames in Galicia are involved, as seen in the example.
The model was able to detect a similar spatial pattern in apelative and toponymic
surnames, as well as a distinct spatial pattern in patronymic surnames. It was also
able to determine that apelative and toponymic surnames of surnames have similar
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temporal variations. In the case of patronymic surnames, the spatial pattern is con-
stant over time. The model gives a simple and modular specification of many shared
and specific patterns that may be used to determine trends in surname distribution in
terms of geography and time. Only three different surname types were studied along
this dissertation. However, the model may easily be extended to a higher number of
surnames (by adding a finer taxonomy) by simply adding the necessary spatial and
temporal effects.

Another line of research that would improve this model is to classify surnames
into groups, with only surnames from the same group sharing spatial and temporal
characteristics. It would require the creation of an indicator of the belonging of each
surname to every category. Thus, it is possible to determine which surnames have
a shared spatial and temporal variation by computing the posterior probabilities of
these indicator variables. INLA approach proposed by Rue et al. (2009) will be a
valuable tool to execute this strategy, since it will require the exploration of many
models. Finally, we pretend the analysis of new problem on linguistic distances based
on onomastic distances through hierarchical structures.
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Figure 7.3: Spherical cluster. Graph 1-1, all data. Graph 1-2, applied filter. Graph
2-1, data up to 1965. Graph 2-2, applied filter. Graph 3-1, data up to 1945. Graph
3-2, applied filter.
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Appendix A

Names

This Appendix is devoted to provide additional information to Chapter 1 related to
names. In this thesis, the distribution of names is not analysed. Regarding this point,
it may be clarified to the reader why a name analysis is not carried out. A proper
name is a noun used to designate persons, place or things, with no inherent semantic
characteristics, and designates a single being. In this case it will refer to the proper
names of persons.

The selection of a name is different in different cultures. Sometimes, its is frequent
to use the name of a relative, such as a grandparent, aunt or uncle; this often occurs
in a specific order. They may also refer to the order in which the child was born or to
its special position in the family; for example, the appointment of twins is carefully
regulated in many cultures (Ainiala et al. (2016)). In all languages and cultures,
names are used. The branch of linguistics that is dedicated to the study of proper
names is called onomastics. In onomastics, the term used for names to referring to
people is personal name Ainiala et al. (2016). Eponymy is the study of proper names.
This is divided into two branches: Anthroponymy (the proper names of people are
called anthroponyms, such as Clara or Luis) and Toponymy (the proper place names
are called toponyms). In this discipline, the word name always refers to the proper
name. The study of “what a name is” was of interest to linguists and philosophers
for hundreds, even thousands, of years. In the 19th century, onomastics emerged for
the first time as a sub-science that contributes to research in the history of language,
history and archeology: for linguists, names provide information on the history and
distribution of words and for the historians and archaeologists, the names give clues
about expansion, routes, economy and livelihoods.

When names and their referents are studied, an idea is given of what those words

367
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mean. New names continually appear. A cultural and social context can be found
behind the creation of new individual names and the development of full name cat-
egories. The beginning of a new category of name is likely when a new phenomenon
arises, that is, a class of new referents, emerges and there is a need to individualize
the members of the class by linguistic means.

The sociolinguistic study of names includes mainly the investigation of their use
and variation. Sociolinguistic onomastics can be called socio-onomastics and socio-
onomastic research. The socio-onomastic approach takes the social and situational
field, where names are used, into consideration.

Onomastic research, traditionally, has focused on the investigation of place names
or toponymy and personal or anthroponymic names, in other words, on toponomastics
and anthroponomastics.

• Toponymy is used to designate place names. Toponymy is defined as the set of
proper names of the place of a country or a region. In turn, place names are
normally divided into two groups: names of nature and names of cultures.

– The names of nature are those whose referent is a natural place (for ex-
ample, a sea, a mountain or a forest). Nature names can be roughly divided
into two groups:

1. topographic names (for example, the name of a swamp or rock); (For
example in Galicia in 2011 there were 57 people with the name ALOIA,1

with an average age of 11.21)

2. and hydronyms (for example, the name of a lake or moat) (ANTELA2

- n = 15, mean age = 7.06 -).

– The names of cultures can be divided into:

1. Names of settlements (such as names of farms or towns). (For ex-
ample, the name IRIA FLAVIA, - n = 27, mean age = 26.18 -.
Iria Flavia3 is a small village in Galicia, belonging to municipality
of Padrón (province of A Coruña). The names of ARES4 - n = 45,

1Mount Aloya (in Galician Monte Aloia) is a summit of the Galiñeiro mountain range, in the
northwest of the Iberian Peninsula. The mountain is located in the Spanish municipality of Tuy,
belonging to the province of Pontevedra, in Galicia.

2The Antela lagoon (Lagoa de Antela in Galician) is a dried-up lagoon in the 1950s, located in
the region of La Limia, in the center of the Galician province of Ourense, Spain.

3Iria Flavia or simply Iria in Galicia, northwestern Spain, is an Ancient settlement and former
bishopric in the modern municipality of Padrón, which remains a Catholic titular.

4Ares is a Spanish coastal municipality in the province of La Coruña (Galicia). It stretches along
the coastal strip that runs from the entrance to the Ferrol estuary to the port of Redes.
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mean age = 7.24 - or ALDAN5 - n = 54, mean age = 7.22 - are
another toponymic examples.).

2. Names of crops (such as names of fields and meadows) (the name of
MENCIA6 - n = 233, mean age = 5.36 -. Menćıa is the name of a
variety of red grape).

3. Names of artifacts. This category includes names of roads, bridges,
dams, and other structures.

The names of cultures are those whose referent is a place built or formed
by humans (for example, a field, a road or a house).

• Anthroponymy is used to personal names. Anthroponymy or anthropological
onomastics is the branch of onomastics that studies the origin and meaning
of people’s proper names, including surnames. Own names may refer to the
following terms:

– Qualities: ADA (Ada means cheerful.) (n = 127), CLARA (Clara means
illustrious.) (n =2618), FATIMA (Fátima means splendid.) (n = 2205).

– Circumstances of birth: CESAR (César means born by caesarean section.)
(n = 3062), EUGENIO (Eugenio means from good origins.) (n = 2387)
or EUGENIA (n = 928), RENATO (Renato means reborn.) (n = 26),
TOMAS (Tomás means twins.) (n = 2036).

– Natural elements: AURORA (n = 3843), IRIA (Iria comes from the name
of the colours of the rainbow.) (n = 5000), NIEVES (n = 3663) or NEVES
(n = 7), ROCIO (n = 4,464).

– Objects: CRISTAL (n = 29), PEDRO (Pedro comes from stone (petra in
latin).) (n = 6691), ROQUE (Roque comes from rock) (n = 276).

– Marian devotions: ALMUDENA (n = 1101), LUZ (n = 958).

– Gods and mythological beings: ANTEA (n = 3), ARIADNA (n = 501),
ARTURO (n = 2890), CASANDRA (n = 36), TRISTAN (n = 39).

– Literary names: ALICIA (n = 5331), ARTURO (n = 2890), HEIDI (n =
5), JULIETA (n = 43), ROMEO (n = 17), ULISES (n = 44).

– Precious stones: AGATA (n = 22), CORAL (n = 200), ESMERALDA
(n = 368), GEMA (n = 544), RUBI (n = 13), PERLA (n = 16).

– Flowers or plants: AZUCENA (n = 356), BEGOÑA (n = 3111), DALIA
(n = 140), GARDENIA (n = 25), JACINTO (n = 536), HORTENSIA
(n = 1423), LILA (n =23), MARGARITA (n = 5053), ROSA (n = 10905).

5Aldán (Cangas), a parish in the municipality of Cangas in Pontevedra, Spain.
6Menćıa is the name of a variety or breed of red grape introduced and cultivated mainly in the

northwest of the Iberian Peninsula since the time of Ancient Rome.
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– Animals or fish: ALONDRA (n = 3), CASTOR (n = 440), CORAL (n =
200), DELFIN (n = 538) or DELFINA (n = 1496), LEON (n = 18) or
LEO (n = 183), LOBO (n = 183), PALOMA (n = 812).

– Colours: ALBA (n = 7270), AZUL (n = 2), BLANCA (n = 1189) or
BRANCA (n = 8), CELESTE (n = 143), ORIOL (Oriol means golden.)
(n = 7), ROSA (n = 10905), RUFO (n = 2) or RUFINO (Rufino means
reddish.) (n = 165), VIOLETA (n = 206).

– Continents, countries, regions, cities, places: AFRICA (n = 246), ARAN-
ZAZU (Aranzazu means abundant mountain range.) (n = 280), BELEN
(n = 2270), JORDAN (n = 63), JUDITH (n = 351), LIBIA (n = 75),
LIDIA (n = 24998).

– Stars: ESTRELLA (n = 2716), ESTELA (n = 904), LUNA (n = 109),
LUZ (n = 958), SOL (n = 25).

– Illustrious characters: ANIBAL (n = 280), AUGUSTO (n = 313), CESAR
(n = 3062), DANTE (n = 13), HORACIO (n = 373), RODRIGO (n =
2289), VIRGILIO (n = 132).

The names considered in all the examples are simple names, in most of them there
are compound names, such as ANA BELEN (n = 4287) or JULIO CESAR (n = 384).

Through the media, itis interested in things that people did not know before mass
communication, such as natural disasters or wars that occur on the other side of the
world or the companies of a movie star or the wife of a footballer. For example, in
Galicia in 2011 there were 11 people with the name CHENOA, with an average age
of 7.27. Chenoa7 is the name of a famous singer in Spain. An example related to
soccer is the name DIEGO ARMANDO8 - n = 14, mean age = 22 - or LIONEL9 -
n = 12, mean age = 19.58 -.

This is the reason why modern onomastics has to take into account many other
sub-branches of the nomenclature, in addition to place names and personal names.

7
Maŕıa Laura Corradini Falomir (1975 - ), popularly known as Chenoa, is an
Argentine-Spanish female music artist who became successful after appearing
on the TV contest Operación Triunfo.

8

Diego Armando Maradona (1960 - 2020) is an Argentine football manager
and retired professional footballer. He is currently the coach of Argentine
Primera División club Gimnasia de La Plata. He is widely regarded as one of
the greatest football players of all time.

9

Lionel Andrés Messi (1987 - ) is an Argentine professional footballer who
plays as a forward and captains both Spanish club Barcelona and the Argen-
tina national team. Often considered the best player in the world and widely
regarded as one of the greatest players of all time, Messi has won a record six
Ballon d’Or awards, and a record six European Golden Shoes.
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At present, in Western countries, there are practically no restrictions on the use
of first names. Therefore, parents try to give their children unique, modern names.
Sometimes these are foreign names or names from other cultures, and even names of
television characters. In recent years, the media, especially television, seems to be
playing an increasingly important role in selecting and naming of persons Vandebosch
(1998). For example, in the case of Game of Thrones (first episode year 2011), in
Spain, according to the INE, there are already 136 girls called Daenerys. The average
age of this name is 2.3 years. Another of characters in the series is Arya Stark. In
Spain there are already 689 girls with this name and the average age is 2.3 years old.
(Data taken from the Statistical use of the Register dated 01/01/2019).

In 1997, a survey was conducted in Flanders in 1997 (Vandebosch (1998)), which
was designed to determine the reasons for naming. The survey was distributed in the
maternity areas of the hospitals. Parents of newborns were asked the name chosen
and why they chose that name and discarded others. The answers on inspiration
were varied, such as personal contacts, books of names, television, books/literature,
newspapers, movies. If all media are considered, as the sum of the response percent-
ages of television, books, newspapers, magazines, movies, music, sports and radio, it
accounts for 34% of the name choices.

Another study is presented in the Netherlands that relates proper names to socio-
economic factors (Bloothooft and Onland (2011)). They analyzed names of children
for whom they knew their social and economic characteristics. Family income was
studied for each name group, as well as lifestyles. The analysis concludes that the
relationship between modern naming practices and socio-economic factors is not clear.
They also observe that the lifespan of modern names is shorter than that of traditional
names that last over time.

For all these reasons, of choice of names, the study of proper names is not interest
in this dissertation.

Names in Galicia

In what follows, we will provide some information for the most frequent names in
Galicia as well as rare names and Galician names.

Most frequent names

For the 2011 Population Census data, there are 74201 different names in Galicia.
The hundred most frequent names in Galicia are in Table A.1. In Table A.1, the
average and median ages for each name are also presented.

The greatest differences, more than 4.5 points of difference in absolute value,
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Name Frequency Median Average Name Frequency Median Average Name Frequency Median Average
MANUEL 81316 60 57.70 ANGEL 11352 48 46.79 RAQUEL 7701 28 28.91
JOSE 65617 65 62.35 MIGUEL 11256 28 29.76 JULIO 7693 56 55.11
MARIA 46151 64 56.05 ROSA 10905 65 64.21 MONICA 7514 34 32.69
CARMEN 36914 69 65.62 ANA 10860 27 29.43 MARIA JOSEFA 7363 58 59.91
ANTONIO 36394 59 57.44 MARTA 10837 25 23.91 ALBA 7270 14 14.51
JOSE MANUEL 34573 45 45.45 JUAN 10658 56 51.11 JUAN MANUEL 7254 44 43.81
MARIA DEL CARMEN 25378 54 53.90 CONCEPCION 10539 65 64.01 ANDRES 7234 45 43.98
JESUS 23877 57 55.58 MARIA LUISA 10484 56 56.15 JUAN JOSE 7227 43 43.78
JOSE LUIS 23541 49 48.93 MARIA ISABEL 10428 46 46.87 PEDRO 6961 42 41.26
JOSE ANTONIO 23282 48 48.21 CRISTINA 10297 27 27.38 ELENA 6880 47 46.94
JOSEFA 22612 68 67.52 ADRIAN 10261 16 15.14 MARIA DEL PILAR 6797 49 50.12
FRANCISCO 19664 57 55.03 PAULA 10251 17 18.36 MARINA 6640 60 56.38
MARIA CARMEN 19458 54 55.11 JORGE 10095 29 29.27 ALFONSO 6571 51 50.95
DOLORES 18416 70 68.36 ISABEL 10082 50 49.95 JULIA 6503 60 55.86
DAVID 18239 25 25.12 PILAR 9992 63 61.83 MARIA PILAR 6372 51 52.14
PABLO 17298 23 23.36 JOSE RAMON 9678 48 48.55 TERESA 6316 62 60.11
CARLOS 16979 38 38.87 MARCOS 9459 27 24.60 RICARDO 6223 51 51.03
JAVIER 15192 30 30.06 JUAN CARLOS 9396 40 39.75 EMILIO 6220 58 56.73
MARIA DOLORES 14893 52 53.15 JOSE MARIA 9334 58 56.99 SILVIA 5960 28 26.35
DANIEL 14788 22 26.42 M. CARMEN 9291 57 57.34 MARTIN 5868 14 18.71
RAMON 14520 60 57.91 OSCAR 9104 30 27.57 PURIFICACION 5804 64 63.97
ANA MARIA 14367 42 42.43 MARIA JESUS 9046 44 44.73 JOSEFINA 5794 66 65.65
LUIS 14290 56 53.41 IVAN 9005 21 20.10 JAIME 5688 53 50.47
MANUELA 14082 66 64.95 FRANCISCO JAVIER 8851 40 39.67 SUSANA 5618 34 33.78
LUCIA 13233 19 22.18 BEATRIZ 8827 32 33.41 CONSUELO 5610 69 67.41
MARIA JOSE 13197 41 40.95 SANTIAGO 8731 38 40.08 EDUARDO 5586 51 50.31
LAURA 12875 19 23.48 RUBEN 8715 24 22.50 ALVARO 5486 23 28.23
ALEJANDRO 12620 19 23.75 ROSA MARIA 8388 45 44.96 RAFAEL 5437 42 44.41
MARIA TERESA 12300 51 51.35 PATRICIA 8378 29 27.39 SONIA 5410 32 29.83
FERNANDO 11989 43 43.97 MIGUEL ANGEL 8026 37 36.73 EVA 5342 29 28.57
DIEGO 11855 21 20.21 SERGIO 7960 21 24.91 ALICIA 5331 42 44.26
SARA 11701 19 31.32 ENRIQUE 7717 52 50.93 NOELIA 5221 20 19.50
MERCEDES 11653 62 61.18 ROBERTO 7709 33 35.53
ALBERTO 11489 31 32.26 ANDREA 7706 14 16.45

Table A.1: The 100 most frequent Galician names in a population of 2430512 people.
Average and median age of people with the corresponding name.

between median and average are found in the names of MARIA (min. = 0, max. =
111), ALEJANDRO (min. = 0, max. = 99), SARA (min. = 0, max. = 105), JUAN
(min. = 0, max. = 111), MARTIN (min. = 0, max. = 92) and ALVARO (min. = 0,
max. = 99). These six names are used today because the value of the minimum is
zero and they were used at least 92 years ago.

The data from the Galician Population Census for 2011 has been divided into 26
periods of four years each, since the dataset includes a variable that is the age of each
person.

Table A.2 shows the most common names of men and women for each of these
periods.

In the earliest periods the most common names for men were JOSE and MANUEL
and in the case of women MARIA and CARMEN. In intermediate periods and earlier
in the case of women than men, the most common names are a composite name
formed by the previous ones, thus JOSE MANUEL for men and MARIA CARMEN
for women. Entering new names already in the 90’s. This does not mean that tra-
ditional names such as MANUEL, JOSE, MARIA and CARMEN have disappeared,
as explained in Table A.1 are still used today.
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Figure A.1 shows the most frequent names of men and women in three different
periods, 1908-1911, 1960-1911 and 2008-2011 and the maps for the 26 periods are
in Figure A.2. The idea is to look for a spatial pattern at first sight in the most
frequent names, which is not an objective of the thesis, is for future research. The
municipalities painted in white colour mean that there were no births or these births
were not registered in this period for either men or women. The municipalities painted
in gray colour mean that there were births either to men or to women in this period
and also that the frequency of appearance of the most frequent name per municipality
is 10 or less.

In the earlier periods the most common names are less than in the later periods, for
example in the case of men, for the period between 1908 and 1911, the most frequent
names were JOSE (in 24 of 315 municipalities, 7.62%), MANUEL (18 (5.71%)) and
ANTONIO (11 (3.49%) (in 16.83% of the municipalities the most frequent names were
one of these 3); in the case of women CARMEN (28 (8.89%)), MARIA(26 (8.25%)),
DOLORES (15 (4.76%)) and JOSEFA (11 (3.49%)) (in 25.05% of the municipalities
the most frequent names were one of these 4). In the period 2008-2011, as can be
seen in the Figure A.1 there are many more colors, this means, that there are more
different frequent names, for example in the case of men the most frequent is HUGO
(in 47 municipalities it is the most frequent (14.92%)) and for women LUCIA (39
(12.38%)).

Compound names (names consisting of two or more words), for men, are observed
to be more frequent between 1952 and 1987. In the case of women, on the other hand,
they began to be used a little earlier in 1944 and continued until 1983.
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1908 - 1911

1916 - 1919

1924 - 1927

1932 - 1935

1940 - 1943

1948 - 1951

1956 - 1959

1912 - 1915

1920 - 1923

1928 - 1931

1936 - 1939

1944 - 1947

1952 - 1955

1960 - 1963

Figure A.1: Most frequent names for men and women in four-year periods from 1908
to 1963.
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1964 - 1967

1972 - 1975

1980 - 1983

1988 - 1991

1996 - 1999

2004 - 2007

1968 - 1971

1976 - 1979

1984 - 1987

1992 - 1995

2000 - 2003

2008 - 2011

Figure A.2: Most frequent names for men and women in four-year periods from 1964
to 2011.
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1908 - 1911

1960 - 1963

2008 - 2011

Figure A.3: Most frequent names for men and women in four-year periods. Top
results for men’s names and bottom results for women’s names.
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PERIOD MAN’S NAME WOMAN’S NAME
1 1908 - 1911 JOSE MARIA
2 1912 - 1915 MANUEL MARIA
3 1916 - 1919 JOSE MARIA
4 1920 - 1923 JOSE MARIA
5 1924 - 1927 JOSE MARIA
6 1928 - 1931 JOSE MARIA
7 1932 - 1935 JOSE CARMEN
8 1936 - 1939 JOSE CARMEN
9 1940 - 1943 MANUEL CARMEN

10 1944 - 1947 MANUEL CARMEN
11 1948 - 1951 MANUEL CARMEN
12 1952 - 1955 MANUEL MARIA DEL CARMEN
13 1956 - 1959 MANUEL MARIA DEL CARMEN
14 1960 - 1963 MANUEL MARIA DEL CARMEN
15 1964 - 1967 MANUEL MARIA DEL CARMEN
16 1968 - 1971 JOSE MANUEL MARIA JOSE
17 1972 - 1975 JOSE MANUEL MONICA
18 1976 - 1979 JOSE MANUEL MONICA
19 1980 - 1983 DAVID MARIA
20 1984 - 1987 DAVID MARIA
21 1988 - 1991 DAVID MARIA
22 1992 - 1995 ADRIAN LAURA
23 1996 - 1999 ADRIAN LAURA
24 2000 - 2003 PABLO LAURA
25 2004 - 2007 PABLO LUCIA
26 2008 - 2011 HUGO LUCIA

Table A.2: Most frequent names of men and women over time in Galicia. Source:
Own preparation based on Galician Population Census for 2011.
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Rare names

Of the total number of names (74201), there are 69109 (93.13%) of them used by
10 people or less, which means 113873 people. Some are due to typographical errors
and others are foreign names. That is, there are 5092 names used by 2316693 people,
representing 95.31% of the population.

Galician names

There are a number of names in Galician, which have their equivalent in Spanish,
some of which can be seen in Table A.3. It can be seen that Spanish names have
a higher average age than Galician names, for example the case of BRAIS with an
average of 10.65 and the age over 35, compared to BLAS with an average of 42.92
and the age over 89. All this is due to the process of Castilianization, which began
in Galicia in the 16th century.

Galician
Name

Frequency Min. Median Mean Max.
Spanish
Name

Frequency Min. Median Mean Max.

ANXO 2071 0 7 10.12 76 ANGEL 11352 0 48 46.79 111
BRAIS 4259 0 9 10.65 35 BLAS 177 0 44 42.96 89
IAGO 4025 0 13 14.33 62 JACOB 91 1 27 24.77 50
ANTIA 3666 0 9 10.66 79 ANTONIA 4257 1 68 66.41 105
UXIA 3056 0 6 8.26 45 EUGENIA 928 0 65 60.16 101

Table A.3: Galician names and its Spanish equivalents.

Figures A.4 and A.5, show the most frequent Galician names in Galicia, for both
men and women. The municipalities represented in grey are those in which none of
these 30 surnames appear, for each case, respectively.
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Figure A.4: Frequency of the 30 most common Galician male names by municipality.
Source: Own preparation based on Galician Population Census for 2011.

Figure A.5: Frequency of the 30 most common Galician women’s names by municip-
ality. Source: Own preparation based on Galician Population Census for 2011.
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Appendix B

Isonymy table in Galicia

This Appendix is devoted to provide additional results used in Chapter 1. Table B.1
shows for councils in Galicia the following information: council identification (name
of council), municipality population (Po), mean age (Age), sample size (birthplace)
(N), number of different surnames (S), most frequent last name (Sfr), Fisher’s Alpha
(α), Karlin’s ν, random isonymy I, entropy (Ent), inbreeding coefficient (FST , where
I= 4FST ), horizontal and vertical coordinates of 315 councils (X, Y ), surface of
council (Sur), population density (De) and degree of urbanization (DU) presented in
alphabetic order by name council.

In Chapter 2 the definitions of Fisher’s Alpha (α) (equation (2.2.5)), Karlin’s ν
(equation (2.2.7)), random isonymy (equation (2.2.3)), entropy (equation (2.2.21)),
and the measure of population substructure the inbreeding coefficient (equation (2.2.1)).
The degree of urbanization is defined as the type of locality in which an individual
resides according to its urban or rural character, and three categories are established:
Densely Populated Area (ZDP), Intermediate Zones (ZIP), Poorly Populated Areas
(ZPP) (see Chapter 1 Section 1.3.2).

Council Po Age N S Sfr Alpha ν I Ent FST X Y Sur De DU
Abad́ın 2811 54 4259 273 DIAZ 68.3 0.016 0.015 2.0713 0.004 622276 4803501 196.0 14.3 ZPP
Abegondo 5709 55 6854 436 RODRIGUEZ 71.1 0.010 0.014 2.1419 0.004 557429 4784483 83.8 68.1 ZPP
Agolada 2926 55 4528 309 VAZQUEZ 58.6 0.013 0.017 2.0365 0.004 579194 4737963 147.9 19.8 ZPP
Alfoz 2059 53 2695 230 GARCIA 63.3 0.023 0.016 1.9927 0.004 626726 4817987 77.5 26.6 ZPP
Allariz 5985 54 5051 357 CID 30.4 0.006 0.033 1.8840 0.008 598855 4671811 86.0 69.6 ZPP
Ames 28852 39 9255 1061 GARCIA 128.0 0.014 0.008 2.5090 0.002 529009 4748976 80.0 360.7 ZIP
Amoeiro 2297 58 2543 192 GONZALEZ 23.5 0.009 0.043 1.7050 0.011 586914 4694779 39.7 57.9 ZPP
Antas de Ulla 2275 56 3313 242 GARCIA 33.9 0.010 0.030 1.9296 0.007 589726 4736598 103.6 22.0 ZPP
Aranga 2113 58 3536 213 VAZQUEZ 44.5 0.012 0.022 1.8883 0.006 580349 4786237 119.6 17.7 ZPP
Arbo 3741 52 4906 397 RODRIGUEZ 37.0 0.007 0.027 1.9456 0.007 556364 4663935 42.9 87.2 ZPP
Ares 5801 46 4412 477 MARTINEZ 60.3 0.013 0.017 2.1859 0.004 560234 4809905 18.3 317.0 ZPP
Arnoia A 1084 54 1293 122 FERNANDEZ 28.4 0.022 0.035 1.6723 0.009 571703 4678238 20.7 52.4 ZPP
Arteixo 30482 43 12817 925 MARTINEZ 79.4 0.006 0.013 2.2913 0.003 539987 4794320 93.7 325.3 ZIP
Arzúa 6328 53 9225 436 VAZQUEZ 67.9 0.007 0.015 2.1348 0.004 566826 4753244 155.5 40.7 ZPP
Avión 2528 63 2826 221 FERNANDEZ 50.2 0.017 0.020 1.9313 0.005 559977 4693347 121.1 20.9 ZPP
Baiona 12258 41 9198 637 GONZALEZ 55.8 0.006 0.018 2.1299 0.004 513019 4660214 34.5 355.3 ZIP
Baleira 1510 55 2263 181 FERNANDEZ 16.9 0.007 0.059 1.6970 0.015 645543 4767327 168.8 8.9 ZPP
Baltar 1094 57 1506 155 RODRIGUEZ 33.5 0.022 0.030 1.7761 0.007 604766 4643590 94.0 11.6 ZPP

Continued on next page.
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Council Po Age N S Sfr Alpha ν I Ent FST X Y Sur De DU
Bande 2020 58 2927 222 RODRIGUEZ 22.3 0.008 0.045 1.6974 0.011 585332 4654013 99.0 20.4 ZPP
Baña A 4102 53 5307 406 GARCIA 95.1 0.018 0.011 2.2267 0.003 520328 4756999 98.2 41.8 ZPP
Baños de Molgas 1825 58 2945 188 CID 53.0 0.018 0.019 1.9228 0.005 609183 4675912 67.6 27.0 ZPP
Baralla 2889 53 3544 246 FERNANDEZ 19.1 0.005 0.052 1.7345 0.013 642786 4752172 141.2 20.5 ZPP
Barbadás 9731 44 3185 392 FERNANDEZ 62.4 0.019 0.016 2.1085 0.004 590205 4684004 30.2 322.2 ZIP
Barco de Valdeorras O 14123 39 8110 680 RODRIGUEZ 34.8 0.004 0.029 2.0301 0.007 666158 4698057 85.7 164.8 ZIP
Barreiros 3166 52 3162 363 FERNANDEZ 54.6 0.017 0.018 2.0955 0.005 643225 4820179 72.4 43.7 ZPP
Barro 3668 46 3436 351 GARCIA 83.8 0.024 0.012 2.1658 0.003 529242 4708336 37.6 97.6 ZPP
Beade 515 57 640 104 RODRIGUEZ 34.6 0.051 0.029 1.7169 0.007 571557 4686493 6.4 80.5 ZPP
Beariz 1278 62 1244 132 LAMAS 38.0 0.030 0.026 1.7718 0.007 559350 4703553 56.0 22.8 ZPP
Becerreá 3121 53 3258 256 FERNANDEZ 25.1 0.008 0.040 1.8371 0.010 651757 4749641 172.0 18.1 ZPP
Begonte 3379 55 4927 322 DIAZ 55.1 0.011 0.018 2.0362 0.005 606371 4779387 126.8 26.6 ZPP
Bergondo 6722 50 4038 510 LOPEZ 88.4 0.021 0.011 2.2702 0.003 561010 4795903 32.7 205.6 ZPP
Betanzos 13537 44 9760 874 SANCHEZ 92.8 0.009 0.011 2.3564 0.003 563202 4791896 24.2 559.4 ZIP
Blancos Os 1007 57 1665 119 RODRIGUEZ 38.6 0.023 0.026 1.7463 0.006 602962 4648633 47.6 21.2 ZPP
Boborás 2936 59 3659 311 GONZALEZ 49.8 0.013 0.020 1.9970 0.005 567786 4699557 87.8 33.4 ZPP
Boimorto 2211 55 4717 243 GARCIA 40.0 0.008 0.025 1.9192 0.006 570985 4762298 82.3 26.9 ZPP
Boiro 19106 43 17056 663 FERNANDEZ 70.8 0.004 0.014 2.1240 0.004 509245 4725364 86.6 220.6 ZIP
Bola A 1436 58 1925 176 FERNANDEZ 29.0 0.015 0.035 1.7761 0.009 591237 4666683 34.9 41.1 ZPP
Bolo O 1117 60 1937 173 RODRIGUEZ 20.8 0.011 0.048 1.6681 0.012 656155 4684695 91.2 12.2 ZPP
Boqueixón 4430 48 4664 399 FERNANDEZ 91.7 0.019 0.011 2.2032 0.003 547330 4742026 73.2 60.5 ZPP
Bóveda 1624 56 2077 212 RODRIGUEZ 21.8 0.010 0.046 1.7460 0.011 623496 4721667 91.1 17.8 ZPP
Brión 7462 48 5670 603 GARCIA 122.1 0.021 0.008 2.3767 0.002 522918 4744593 74.9 99.6 ZPP
Bueu 12348 43 13056 552 OTERO 83.7 0.006 0.012 2.2044 0.003 505336 4691841 30.8 400.9 ZIP
Burela 9575 29 3692 580 GARCIA 73.2 0.019 0.014 2.2627 0.003 631931 4835320 7.8 1227.6 ZIP
Cabana de Bergantiños 4865 60 6755 319 LEMA 54.6 0.008 0.018 2.0144 0.005 508581 4782619 100.2 48.6 ZPP
Cabanas 3346 65 3067 364 LOPEZ 67.7 0.022 0.015 2.1445 0.004 570499 4809613 30.3 110.4 ZIP
Caldas de Reis 10060 50 9868 681 GONZALEZ 99.4 0.010 0.010 2.3113 0.003 528231 4718365 68.3 147.3 ZIP
Calvos de Rand́ın 1176 48 1576 150 RODRIGUEZ 29.0 0.018 0.035 1.7267 0.009 594935 4643356 97.9 12.0 ZPP
Camariñas 6168 45 6611 343 MOUZO 56.1 0.008 0.018 1.9874 0.004 488336 4778793 51.6 119.5 ZPP
Cambados 13946 60 13300 670 GONZALEZ 82.3 0.006 0.012 2.2035 0.003 516989 4707832 23.4 596.0 ZIP
Cambre 23649 47 7575 804 GARCIA 97.1 0.013 0.010 2.3602 0.003 554568 4792309 40.7 581.1 ZIP
Campo Lameiro 2036 42 2510 289 GARCIA 69.1 0.027 0.014 2.1045 0.004 539136 4710470 63.8 31.9 ZPP
Cangas 26121 44 22087 848 MARTINEZ 71.6 0.003 0.014 2.2112 0.003 515634 4680695 38.1 685.6 ZIP
Cañiza A 6461 50 7204 420 RODRIGUEZ 35.8 0.005 0.028 1.9171 0.007 558685 4672791 105.0 61.5 ZPP
Capela A 1386 43 3768 218 LOPEZ 51.8 0.014 0.019 1.9235 0.005 577673 4810873 58.0 23.9 ZPP
Carballeda de Avia 1504 51 2119 166 RODRIGUEZ 26.3 0.012 0.038 1.6832 0.010 566942 4686837 46.4 32.4 ZPP
Carballeda de Valdeorras 1819 56 2533 197 FERNANDEZ 35.6 0.014 0.028 1.7771 0.007 677610 4690580 222.7 8.2 ZPP
Carballedo 2593 57 4523 250 GONZALEZ 19.0 0.004 0.053 1.6861 0.013 597903 4708829 138.9 18.7 ZPP
Carballiño O 14145 52 8697 692 GONZALEZ 36.1 0.004 0.028 2.1098 0.007 576045 4699388 54.3 260.5 ZIP
Carballo 31303 57 25881 836 RODRIGUEZ 91.1 0.004 0.011 2.2745 0.003 527040 4784628 186.1 168.2 ZIP
Cariño 4474 45 4122 295 LOPEZ 68.0 0.016 0.015 2.0613 0.004 588573 4842204 47.2 94.8 ZPP

Carnota 4834 45 5699 245 CAAMAÑO 41.0 0.007 0.024 1.8255 0.006 491817 4743923 70.9 68.2 ZPP
Carral 6064 48 5281 390 RODRIGUEZ 78.3 0.015 0.013 2.1600 0.003 552139 4784764 48.0 126.3 ZPP
Cartelle 3299 50 4857 234 RODRIGUEZ 30.5 0.006 0.033 1.7745 0.008 580839 4676979 94.3 35.0 ZPP
Castrelo de Miño 1814 52 2832 190 RODRIGUEZ 31.9 0.011 0.031 1.7918 0.008 577221 4683092 39.7 45.7 ZPP
Castrelo do Val 1177 57 1709 152 RODRIGUEZ 40.4 0.023 0.025 1.8107 0.006 636042 4655645 122.1 9.6 ZPP
Castro Caldelas 1533 59 1999 151 RODRIGUEZ 21.3 0.011 0.047 1.6420 0.012 631522 4692786 87.6 17.5 ZPP
Castro de Rei 5474 58 5650 385 FERNANDEZ 64.1 0.011 0.016 2.1344 0.004 626957 4781475 177.0 30.9 ZPP
Castroverde 2933 57 4161 282 FERNANDEZ 46.9 0.011 0.021 2.0073 0.005 635783 4764948 174.1 16.8 ZPP
Catoira 3489 52 3626 281 GARCIA 49.8 0.014 0.020 1.9722 0.005 524183 4723180 29.4 118.7 ZPP
Cedeira 7338 54 7821 388 PEREZ 41.3 0.005 0.024 1.9747 0.006 580373 4836308 85.4 85.9 ZIP
Cee 7898 44 6482 485 TRILLO 67.9 0.010 0.015 2.1376 0.004 484200 4757679 57.5 137.4 ZIP
Celanova 5906 50 5489 413 RODRIGUEZ 33.3 0.006 0.030 1.9666 0.008 584942 4668105 67.3 87.8 ZPP
Cenlle 1357 45 2163 228 RODRIGUEZ 25.4 0.012 0.039 1.7986 0.010 576143 4688085 29.0 46.8 ZPP
Cerceda 5392 52 6304 306 GARCIA 72.1 0.011 0.014 2.0532 0.003 542120 4779715 111.3 48.4 ZPP
Cerdedo 2297 60 2854 320 GARCIA 95.3 0.032 0.010 2.1715 0.003 548867 4710618 79.8 28.8 ZPP
Cerdido 1328 54 2446 208 LOPEZ 53.8 0.022 0.019 1.9444 0.005 583867 4829488 52.7 25.2 ZPP
Cervantes 1643 57 2403 131 LOPEZ 18.2 0.008 0.055 1.5390 0.014 666310 4744177 277.6 5.9 ZPP
Cervo 4562 58 3891 443 FERNANDEZ 57.2 0.014 0.017 2.1125 0.004 625900 4841788 77.9 58.6 ZPP
Cesuras 2225 55 4020 225 SANCHEZ 29.3 0.007 0.034 1.8328 0.009 563839 4779397 79.5 28.0 -
Chandrexa de Queixa 619 46 1209 78 RODRIGUEZ 15.4 0.013 0.065 1.4143 0.016 634125 4679085 171.8 3.6 ZPP
Chantada 8897 58 9606 526 FERNANDEZ 36.1 0.004 0.028 2.0082 0.007 598215 4718617 176.7 50.4 ZIP
Coirós 1771 58 1727 223 LOPEZ 57.6 0.032 0.017 2.0101 0.004 570145 4788247 33.9 52.2 ZPP
Coles 3199 51 2776 267 GONZALEZ 36.1 0.013 0.028 1.8877 0.007 595713 4695783 38.1 84.0 ZPP
Corcubión 1767 53 1571 240 LAGO 69.3 0.042 0.014 2.0447 0.004 483927 4753491 6.5 271.8 ZIP
Corgo O 3882 56 4279 317 LOPEZ 34.5 0.008 0.029 1.9570 0.007 627871 4754520 157.3 24.7 ZPP
Coristanco 7102 45 9906 389 GARCIA 75.2 0.008 0.013 2.1119 0.003 518969 4778904 141.3 50.3 ZPP
Cortegada 1326 54 2126 180 ALVAREZ 27.2 0.013 0.037 1.7540 0.009 570371 4673415 26.9 49.3 ZPP
Coruña A 246028 50 183510 7564 GARCIA 130.1 0.001 0.008 2.8465 0.002 546981 4799636 37.8 6508.7 ZDP
Cospeito 5088 55 6376 369 FERNANDEZ 69.7 0.011 0.014 2.1053 0.004 619048 4786712 144.8 35.1 ZPP
Cotobade 4432 35 4777 456 GARCIA 87.6 0.018 0.011 2.2332 0.003 542285 4702599 134.7 32.9 ZPP
Covelo 3235 52 4126 349 FERNANDEZ 43.7 0.010 0.023 2.0413 0.006 554000 4680334 127.9 25.3 ZPP
Crecente 2533 54 3435 311 RODRIGUEZ 37.3 0.011 0.027 1.9246 0.007 565315 4670915 57.5 44.1 ZPP
Cualedro 1993 58 2889 177 RODRIGUEZ 31.1 0.011 0.032 1.7764 0.008 616585 4646761 117.6 16.9 ZPP
Culleredo 29207 56 7450 876 GARCIA 108.6 0.014 0.009 2.4107 0.002 548269 4791565 61.7 473.4 ZIP
Cuntis 5066 55 6353 484 GONZALEZ 94.0 0.015 0.011 2.2307 0.003 536459 4721191 79.8 63.5 ZPP
Curtis 4214 44 5124 310 SANCHEZ 33.6 0.007 0.030 1.8992 0.007 577697 4776477 116.6 36.1 ZPP
Dodro 2980 49 3427 303 RODRIGUEZ 61.7 0.018 0.016 2.0529 0.004 523015 4730293 36.1 82.5 ZPP
Dozón 1744 53 2074 183 FERNANDEZ 30.2 0.014 0.033 1.7941 0.008 578374 4715997 74.2 23.5 ZPP
Dumbŕıa 3652 46 4392 232 LEMA 53.3 0.012 0.019 1.9305 0.005 492190 4759747 125.2 29.2 ZPP
Entrimo 1398 54 1543 139 RODRIGUEZ 17.7 0.011 0.056 1.5517 0.014 571463 4643999 84.5 16.5 ZPP

Continued on next page.
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Council Po Age N S Sfr Alpha ν I Ent FST X Y Sur De DU
Esgos 1194 50 1376 164 RODRIGUEZ 37.7 0.027 0.027 1.8542 0.007 607542 4687860 37.8 31.6 ZPP
Estrada A 21759 56 21556 1090 RODRIGUEZ 161.0 0.007 0.006 2.5304 0.002 544566 4726400 280.8 77.5 ZPP
Fene 13902 58 9703 804 FERNANDEZ 81.4 0.008 0.012 2.3385 0.003 568100 4812707 26.3 528.6 ZIP
Ferrol 72963 48 71510 3458 LOPEZ 103.5 0.001 0.010 2.6597 0.002 559150 4817866 82.7 882.3 ZDP
Fisterra 4983 42 5222 246 CANOSA 35.0 0.007 0.029 1.8276 0.007 478877 4754107 29.4 169.5 ZPP
Folgoso do Courel 1211 41 1932 150 LOPEZ 23.6 0.012 0.042 1.7098 0.011 649816 4719634 193.3 6.3 ZPP
Fonsagrada A 4309 45 6459 299 FERNANDEZ 12.8 0.002 0.078 1.6267 0.020 656267 4777658 438.5 9.8 ZPP
Forcarei 4044 58 5236 372 LOPEZ 83.0 0.016 0.012 2.1354 0.003 555766 4714572 168.4 24.0 ZPP
Fornelos de Montes 2002 56 2159 247 FERNANDEZ 72.1 0.032 0.014 2.0575 0.003 547898 4687011 83.1 24.1 ZPP
Foz 9968 55 7430 584 FERNANDEZ 53.4 0.007 0.019 2.1545 0.005 634989 4826484 100.3 99.4 ZIP
Frades 2607 49 4200 232 GARCIA 53.2 0.013 0.019 1.9644 0.005 558956 4766312 81.6 31.9 ZPP
Friol 4202 46 7219 313 LOPEZ 75.8 0.010 0.013 2.1004 0.003 596789 4766235 292.3 14.4 ZPP
Gomesende 946 52 1799 131 ALVAREZ 20.6 0.011 0.049 1.6001 0.012 574550 4671369 28.3 33.4 ZPP
Gondomar 13973 58 10062 619 RODRIGUEZ 47.6 0.005 0.021 2.0999 0.005 521050 4661761 74.5 187.6 ZIP
Grove O 11241 59 9858 501 OTERO 60.7 0.006 0.016 2.0773 0.004 508941 4702447 21.9 513.3 ZIP
Guarda A 10484 43 9623 464 GONZALEZ 26.6 0.003 0.038 1.8144 0.009 511635 4639158 20.5 511.4 ZIP
Gudiña A 1554 41 1563 165 RODRIGUEZ 28.8 0.018 0.035 1.7382 0.009 651767 4655934 171.4 9.1 ZPP
Guitiriz 5727 42 8117 387 LOPEZ 57.3 0.007 0.017 2.0683 0.004 593055 4784549 294.0 19.5 ZPP
Gunt́ın 3050 52 4243 263 LOPEZ 19.7 0.005 0.051 1.7364 0.013 609711 4750982 154.8 19.7 ZPP
Illa de Arousa A 5020 53 3818 233 DIOS 35.3 0.009 0.028 1.8254 0.007 510674 4711353 6.9 727.5 ZPP
Incio O 1956 56 3023 189 LOPEZ 29.4 0.010 0.034 1.7851 0.009 633760 4725855 146.1 13.4 ZPP
Irixo O 1740 40 3096 245 LOPEZ 48.7 0.016 0.021 1.9512 0.005 570736 4707410 121.1 14.4 ZPP
Irixoa 1502 57 2566 209 LOPEZ 52.9 0.020 0.019 1.9490 0.005 575637 4793141 68.6 21.9 ZPP
Laĺın 21127 59 19541 835 GONZALEZ 55.8 0.003 0.018 2.1966 0.004 571337 4723832 326.8 64.6 ZIP
Lama A 2976 58 2779 330 BARREIRO 78.4 0.027 0.013 2.1300 0.003 550522 4695926 111.8 26.6 ZPP
Láncara 2908 48 3490 239 LOPEZ 20.1 0.006 0.050 1.7776 0.012 636129 4745206 121.7 23.9 ZPP
Laracha A 11337 54 11914 538 RODRIGUEZ 69.0 0.006 0.014 2.1711 0.004 536380 4786914 126.0 90.0 ZPP
Larouco 557 53 677 95 FERNANDEZ 18.1 0.026 0.055 1.5713 0.014 651193 4690927 23.7 23.5 ZPP
Laxe 3366 51 3425 265 LEMA 48.2 0.014 0.021 1.9850 0.005 498589 4781794 36.8 91.5 ZPP
Laza 1561 57 2304 186 RODRIGUEZ 43.7 0.019 0.023 1.8652 0.006 627964 4662237 215.9 7.2 ZPP
Leiro 1799 48 2371 246 VAZQUEZ 33.5 0.014 0.030 1.8863 0.007 569584 4691779 38.3 47.0 ZPP
Lobeira 983 57 1657 111 ALVAREZ 13.0 0.008 0.077 1.4118 0.019 579032 4650614 68.9 14.3 ZPP
Lobios 2238 56 2706 226 GONZALEZ 22.1 0.008 0.045 1.7112 0.011 575888 4636583 168.4 13.3 ZPP
Lourenzá 2449 60 2462 283 LOPEZ 57.1 0.023 0.018 2.0494 0.004 639043 4812888 62.6 39.1 ZPP
Lousame 3657 54 5035 386 GARCIA 78.9 0.015 0.013 2.1504 0.003 513547 4734962 93.6 39.1 ZPP
Lugo 98007 51 63506 3139 LOPEZ 69.0 0.001 0.014 2.5130 0.004 617123 4762166 329.8 297.2 ZDP
Maceda 3129 51 3645 262 GONZALEZ 33.9 0.009 0.029 1.8941 0.007 615586 4679442 101.9 30.7 ZPP
Malpica 6102 38 7810 387 VARELA 63.2 0.008 0.016 2.0871 0.004 513588 4800847 61.2 99.7 ZPP
Manzaneda 1006 55 1348 107 RODRIGUEZ 22.6 0.016 0.044 1.5649 0.011 646882 4681474 114.6 8.8 ZPP
Mañón 1589 50 2377 262 RODRIGUEZ 66.4 0.027 0.015 2.0760 0.004 602182 4834253 82.2 19.3 ZPP
Maŕın 25864 56 21627 1220 GONZALEZ 107.6 0.005 0.009 2.4206 0.002 524008 4690080 36.7 704.7 ZIP
Maside 3058 55 3686 297 GONZALEZ 21.9 0.006 0.046 1.7670 0.011 580889 4697043 40.0 76.5 ZPP
Mazaricos 4720 41 6769 279 GONZALEZ 61.5 0.009 0.016 2.0099 0.004 500788 4753233 187.3 25.2 ZPP
Meaño 5444 54 5991 386 GARCIA 74.9 0.012 0.013 2.1353 0.003 517838 4699967 27.8 195.8 ZIP
Meira 1780 50 1593 220 FERNANDEZ 42.2 0.026 0.024 1.9535 0.006 641418 4787250 46.6 38.2 ZPP
Meis 4988 45 5349 417 MARTINEZ 94.6 0.017 0.011 2.2224 0.003 522931 4705190 52.4 95.2 ZPP
Melide 7824 49 8075 436 VAZQUEZ 55.7 0.007 0.018 2.0874 0.004 578662 4754083 101.3 77.2 ZIP
Melón 1475 47 2083 169 RODRIGUEZ 28.9 0.014 0.035 1.7370 0.009 564268 4680781 53.2 27.7 ZPP
Merca A 2212 49 3163 231 FERNANDEZ 43.6 0.014 0.023 1.9202 0.006 590643 4674840 51.0 43.4 ZPP
Meśıa 2922 56 4985 249 SANCHEZ 43.6 0.009 0.023 1.9345 0.006 551850 4778324 107.1 27.3 ZPP
Mezquita A 1328 57 1183 170 GARCIA 35.6 0.029 0.028 1.8187 0.007 662955 4652642 104.3 12.7 ZPP
Miño 5760 54 4349 404 VAZQUEZ 72.0 0.016 0.014 2.1499 0.003 566680 4800903 33.0 174.5 ZPP
Moaña 19336 53 18707 729 MARTINEZ 87.4 0.005 0.011 2.2234 0.003 523531 4683388 35.1 550.9 ZIP
Moeche 1363 50 2039 204 LOPEZ 64.6 0.031 0.015 2.0043 0.004 582573 4824309 48.5 28.1 ZPP
Mondariz 5081 42 6210 429 ALFAYA 78.3 0.012 0.013 2.1518 0.003 546149 4676943 85.1 59.7 ZPP
Mondariz-Balneario 730 58 553 136 LORENZO 55.5 0.091 0.018 1.9148 0.005 543861 4674729 2.3 317.4 ZPP
Mondoñedo 4299 51 5217 440 GARCIA 54.2 0.010 0.018 2.1293 0.005 632214 4811132 142.7 30.1 ZPP
Monfero 2178 46 4846 242 MARTINEZ 50.1 0.010 0.020 1.9430 0.005 581227 4800101 171.7 12.7 ZPP
Monforte de Lemos 19622 52 15327 1030 RODRIGUEZ 25.0 0.002 0.040 2.0029 0.010 623903 4708628 199.5 98.4 ZIP
Montederramo 935 58 1660 110 GONZALEZ 13.9 0.008 0.072 1.4165 0.018 623467 4682333 135.6 6.9 ZPP
Monterrei 2973 47 3594 280 RODRIGUEZ 40.8 0.011 0.025 1.9394 0.006 622654 4645224 119.1 25.0 ZPP
Monterroso 4032 59 4005 297 VAZQUEZ 37.3 0.009 0.027 1.9523 0.007 597997 4741422 114.6 35.2 ZPP
Moraña 4398 56 4809 408 GARCIA 78.2 0.016 0.013 2.1528 0.003 534222 4713034 41.2 106.7 ZPP
Mos 14942 52 12455 662 RODRIGUEZ 48.1 0.004 0.021 2.0688 0.005 531179 4671924 53.2 280.9 ZIP
Mugardos 5481 46 5952 562 MARTINEZ 80.0 0.013 0.012 2.2514 0.003 562138 4811336 12.8 428.2 ZIP
Múıños 1782 43 2075 167 RODRIGUEZ 25.0 0.012 0.040 1.6893 0.010 586247 4643143 109.6 16.3 ZPP
Muras 784 49 1768 174 LOPEZ 57.4 0.031 0.017 1.9405 0.004 608132 4815302 163.8 4.8 ZPP
Muros 9565 58 10894 457 FERNANDEZ 43.6 0.004 0.023 1.9795 0.006 497273 4739314 72.9 131.2 ZPP
Mux́ıa 5377 58 6539 358 LEMA 81.2 0.012 0.012 2.1142 0.003 484478 4767501 121.2 44.4 ZPP
Narón 38910 47 15957 1134 LOPEZ 74.6 0.005 0.013 2.3478 0.003 567384 4821230 66.9 581.6 ZIP
Navia de Suarna 1390 50 2179 136 FERNANDEZ 12.4 0.006 0.080 1.4505 0.020 666137 4758334 242.6 5.7 ZPP
Neda 5442 39 5641 531 RODRIGUEZ 76.3 0.013 0.013 2.2516 0.003 570735 4816722 24.5 222.1 ZIP
Negreira 7077 58 6529 496 GARCIA 95.0 0.014 0.011 2.2444 0.003 514970 4750915 115.1 61.5 ZPP
Negueira de Muñiz 224 48 306 62 LOPEZ 18.7 0.058 0.054 1.5033 0.013 671753 4777209 72.3 3.1 ZPP
Neves As 4400 49 4976 350 RODRIGUEZ 31.2 0.006 0.032 1.8769 0.008 549615 4663709 65.5 67.2 ZPP
Nigrán 17879 57 11197 803 FERNANDEZ 56.0 0.005 0.018 2.1540 0.004 517491 4666052 34.8 513.8 ZIP
Nogais As 1341 49 1732 148 LOPEZ 37.4 0.021 0.027 1.7890 0.007 655412 4737809 110.3 12.2 ZPP
Nogueira de Ramúın 2381 41 3217 253 RODRIGUEZ 21.7 0.007 0.046 1.7482 0.012 606449 4694790 98.3 24.2 ZPP
Noia 14876 54 13158 797 MARTINEZ 99.0 0.007 0.010 2.3365 0.003 510774 4738932 37.2 399.9 ZIP
Oia 3179 59 3060 236 GONZALEZ 27.6 0.009 0.036 1.7704 0.009 512908 4652359 83.3 38.2 ZPP
Oı́mbra 2045 44 2219 190 FERNANDEZ 38.9 0.017 0.026 1.8263 0.006 622478 4636784 71.9 28.4 ZPP
Oleiros 34133 46 8330 1023 GARCIA 81.4 0.010 0.012 2.3885 0.003 554391 4800064 43.7 781.1 ZIP
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Council Po Age N S Sfr Alpha ν I Ent FST X Y Sur De DU
Ordes 12948 56 12195 564 GARCIA 83.7 0.007 0.012 2.1680 0.003 549016 4771448 157.2 82.4 ZPP
Oroso 7174 46 4860 416 MOSQUERA 88.9 0.018 0.011 2.1740 0.003 550147 4761048 72.6 98.8 ZPP
Ortigueira 6956 47 10403 594 MARTINEZ 86.5 0.008 0.012 2.2482 0.003 594593 4833986 210.0 33.1 ZPP
Ourense 108002 45 76151 3520 RODRIGUEZ 54.5 0.001 0.018 2.4415 0.005 591599 4689523 84.6 1276.6 ZDP
Ourol 1152 56 2507 261 FERNANDEZ 62.6 0.024 0.016 2.0543 0.004 609789 4824194 142.1 8.1 ZPP
Outeiro de Rei 5004 37 5023 317 FERNANDEZ 67.1 0.013 0.015 2.0746 0.004 613630 4773139 134.2 37.3 ZPP
Outes 7243 60 8571 428 MARTINEZ 74.1 0.009 0.013 2.1414 0.003 506499 4744495 99.7 72.6 ZPP
Oza dos Rı́os 3229 53 4078 299 SANCHEZ 49.2 0.012 0.020 2.0023 0.005 568423 4784133 72.1 44.8 -
Paderne 2628 50 3022 296 PEREZ 84.3 0.027 0.012 2.1230 0.003 568172 4794166 39.8 66.0 ZPP
Paderne de Allariz 1601 56 1664 143 FERNANDEZ 30.3 0.018 0.033 1.7545 0.008 603540 4681607 38.8 41.3 ZPP
Padrenda 2355 57 3179 253 ALVAREZ 24.0 0.007 0.042 1.7302 0.010 569989 4663559 57.0 41.3 ZPP
Padrón 8924 60 8431 717 RODRIGUEZ 108.2 0.013 0.009 2.3849 0.002 530289 4734122 48.4 184.4 ZIP
Palas de Rei 3743 54 5779 336 VAZQUEZ 40.1 0.007 0.025 1.9861 0.006 592354 4750138 199.7 18.7 ZPP
Pantón 2936 45 5149 317 RODRIGUEZ 23.5 0.005 0.043 1.7820 0.011 611216 4707045 143.2 20.5 ZPP
Parada de Sil 648 57 1285 106 PEREZ 23.0 0.018 0.043 1.5934 0.011 618552 4691286 62.4 10.4 ZPP
Paradela 2068 60 2983 126 LOPEZ 5.5 0.002 0.182 1.1586 0.046 616538 4733392 121.1 17.1 ZPP
Páramo O 1603 63 2106 136 LOPEZ 7.2 0.003 0.139 1.3530 0.035 620712 4743721 74.8 21.4 ZPP
Pastoriza A 3437 55 4345 314 GARCIA 65.1 0.015 0.015 2.0848 0.004 633446 4795673 175.0 19.6 ZPP
Pazos de Borbén 3192 54 3355 321 MIGUEZ 54.4 0.016 0.018 2.0594 0.005 538435 4681870 50.0 63.8 ZPP
Pedrafita do Cebreiro 1228 52 1624 131 LOPEZ 27.6 0.017 0.036 1.7121 0.009 657123 4728639 104.9 11.7 ZPP
Pereiro de Aguiar 6184 46 3761 334 FERNANDEZ 37.7 0.010 0.026 1.9261 0.007 600635 4688844 60.9 101.5 ZPP
Peroxa A 2179 54 3354 204 RODRIGUEZ 19.4 0.006 0.052 1.6348 0.013 598633 4701297 54.5 40.0 ZPP
Pet́ın 1008 55 1374 162 RODRIGUEZ 22.5 0.016 0.044 1.6873 0.011 656710 4692494 30.5 33.0 ZPP
Pino O 4743 61 5996 341 CASTRO 82.4 0.014 0.012 2.1446 0.003 555345 4754396 132.1 35.9 ZPP
Piñor 1362 54 1874 176 FERNANDEZ 21.4 0.011 0.047 1.6732 0.012 581310 4708551 52.7 25.8 ZPP
Pobra de Trives A 2456 53 2367 216 RODRIGUEZ 20.2 0.008 0.050 1.6591 0.012 641970 4687555 84.2 29.2 ZPP
Pobra do Brollón A 2027 56 2986 223 RODRIGUEZ 30.6 0.010 0.033 1.8093 0.008 634109 4713908 176.7 11.5 ZPP
Pobra do Caramiñal A 9726 51 9378 529 FERNANDEZ 72.9 0.008 0.014 2.1594 0.003 504407 4719495 32.5 299.3 ZIP
Poio 16501 60 9584 736 MARTINEZ 100.6 0.010 0.010 2.3288 0.002 524381 4699027 33.9 486.8 ZIP
Pol 1798 44 2532 262 FERNANDEZ 51.2 0.020 0.020 2.0281 0.005 635802 4778064 125.9 14.3 ZPP
Ponte Caldelas 6319 41 6125 574 MARTINEZ 81.4 0.013 0.012 2.2626 0.003 539916 4692886 87.0 72.6 ZPP
Ponteareas 23561 55 16645 880 RODRIGUEZ 60.6 0.004 0.017 2.2051 0.004 540159 4670810 125.6 187.6 ZIP
Ponteceso 6134 48 8553 384 VARELA 64.9 0.008 0.015 2.0964 0.004 509979 4790042 92.0 66.7 ZPP
Pontecesures 3136 42 2981 385 GARCIA 100.5 0.033 0.010 2.2432 0.002 529871 4729404 6.7 468.1 ZIP
Pontedeume 8342 50 7842 591 LOPEZ 67.2 0.008 0.015 2.1547 0.004 568568 4805849 29.3 284.7 ZIP
Pontedeva 667 40 965 110 GONZALEZ 21.6 0.022 0.046 1.5889 0.012 571157 4669099 9.9 67.4 ZPP
Pontenova A 2732 47 3497 326 FERNANDEZ 40.8 0.012 0.024 2.0167 0.006 647370 4798753 135.8 20.1 ZPP
Pontes de Garćıa Rodŕıguez As 11139 55 8318 582 LOPEZ 88.9 0.011 0.011 2.2384 0.003 591244 4813109 249.4 44.7 ZIP
Pontevedra 82400 53 71034 3728 GARCIA 146.3 0.002 0.007 2.7218 0.002 531395 4698619 118.3 696.5 ZDP
Porqueira 1043 43 1428 140 RODRIGUEZ 23.4 0.016 0.043 1.7368 0.011 595800 4652654 43.4 24.0 ZPP
Porriño O 18075 38 13131 775 RODRIGUEZ 45.1 0.003 0.022 2.1198 0.006 530814 4664864 61.2 295.3 ZIP
Portas 3070 59 3496 378 FONTAN 101.4 0.028 0.010 2.2465 0.002 527248 4712782 22.6 135.8 ZPP
Porto do Son 9847 41 10615 456 SANTOS 60.5 0.006 0.017 2.0511 0.004 501009 4726119 94.6 104.1 ZPP
Portomaŕın 1737 48 2405 163 LOPEZ 15.4 0.006 0.065 1.5880 0.016 607766 4741570 115.1 15.1 ZPP
Punx́ın 825 46 1078 137 GONZALEZ 15.2 0.014 0.066 1.5566 0.016 581562 4691656 17.1 48.2 ZPP
Quintela de Leirado 724 56 1158 111 ALVAREZ 25.0 0.021 0.040 1.6381 0.010 575285 4664192 31.3 23.1 ZPP
Quiroga 3711 58 4155 286 RODRIGUEZ 27.0 0.006 0.037 1.8365 0.009 648590 4706079 317.4 11.7 ZPP
Rábade 1733 58 1305 236 FERNANDEZ 51.2 0.038 0.020 2.0159 0.005 612237 4775814 5.2 333.3 ZPP
Rairiz de Veiga 1622 56 2678 195 FERNANDEZ 32.0 0.012 0.031 1.8053 0.008 594850 4660665 72.1 22.5 ZPP
Ramirás 1856 46 2514 207 RODRIGUEZ 31.0 0.012 0.032 1.7744 0.008 579597 4670734 40.7 45.6 ZPP
Redondela 30006 56 22443 1117 RODRIGUEZ 69.6 0.003 0.014 2.2426 0.004 531937 4680944 52.1 575.9 ZIP
Rianxo 11780 59 12403 518 RODRIGUEZ 73.1 0.006 0.014 2.1223 0.003 517678 4725934 58.8 200.3 ZIP
Ribadavia 5459 43 6007 479 RODRIGUEZ 39.6 0.007 0.025 2.0192 0.006 571211 4682522 25.2 216.6 ZPP
Ribadeo 10023 45 6849 687 FERNANDEZ 34.4 0.005 0.029 2.1003 0.007 652657 4819659 108.9 92.0 ZIP
Ribadumia 5107 50 4091 377 MARTINEZ 71.3 0.017 0.014 2.1226 0.004 520087 4707044 19.7 259.2 ZIP
Ribas de Sil 1098 45 1331 165 RODRIGUEZ 20.5 0.015 0.049 1.6730 0.012 640415 4699729 67.8 16.2 ZPP
Ribeira 27699 43 24831 953 PEREZ 68.4 0.003 0.015 2.2247 0.004 499140 4714247 68.8 402.6 ZIP
Ribeira de Piqúın 654 57 1060 117 FERNANDEZ 15.7 0.015 0.064 1.5960 0.016 646683 4783861 73.0 9.0 ZPP
Riós 1846 42 2561 167 RODRIGUEZ 39.5 0.015 0.025 1.8159 0.006 643086 4648438 114.4 16.1 ZPP
Riotorto 1466 54 2194 219 FERNANDEZ 52.1 0.023 0.019 1.9922 0.005 640821 4798558 66.3 22.1 ZPP
Rodeiro 3034 56 4440 253 FERNANDEZ 38.7 0.009 0.026 1.9048 0.006 586570 4723717 154.9 19.6 ZPP
Rois 4910 55 5480 437 RODRIGUEZ 95.6 0.017 0.010 2.2489 0.003 522598 4737580 92.8 52.9 ZPP
Rosal O 6613 56 5645 315 MARTINEZ 25.0 0.004 0.040 1.7660 0.010 513920 4643385 44.1 150.0 ZPP
Rúa A 4719 47 3029 341 RODRIGUEZ 27.9 0.009 0.036 1.8959 0.009 654495 4697394 35.9 131.4 ZPP
Rubiá 1561 46 1978 172 FERNANDEZ 20.1 0.010 0.050 1.6259 0.012 673092 4704101 100.7 15.5 ZPP
Sada 14870 44 6024 731 LOPEZ 73.8 0.012 0.014 2.2979 0.003 558297 4800585 27.5 540.7 ZIP
Salceda de Caselas 8665 57 5897 374 FERNANDEZ 30.7 0.005 0.033 1.8508 0.008 535307 4661199 35.9 241.4 ZIP
Salvaterra de Miño 9546 45 9033 491 GONZALEZ 37.5 0.004 0.027 1.9739 0.007 549020 4669350 62.5 152.7 ZPP
Samos 1614 42 2392 178 LOPEZ 17.6 0.007 0.057 1.7382 0.014 641205 4730502 136.8 11.8 ZPP
San Amaro 1262 47 1841 172 GONZALEZ 16.3 0.009 0.061 1.5906 0.015 577331 4691627 29.0 43.5 ZPP
San Cibrao das Viñas 4579 56 2730 271 IGLESIAS 49.1 0.018 0.020 1.9777 0.005 594680 4681468 39.5 115.9 ZPP
San Cristovo de Cea 2634 57 3475 267 FERNANDEZ 21.0 0.006 0.048 1.7309 0.012 583174 4713136 94.4 27.9 ZPP
San Sadurniño 3099 53 4843 315 LOPEZ 58.9 0.012 0.017 2.0383 0.004 577109 4820157 99.0 31.3 ZPP
San Xoán de Rı́o 708 56 1185 83 RODRIGUEZ 15.0 0.013 0.067 1.4180 0.017 638961 4694223 61.1 11.6 ZPP
Sandiás 1391 56 1740 168 FERNANDEZ 42.5 0.024 0.024 1.8428 0.006 603680 4663166 52.8 26.3 ZPP
Santa Comba 10241 60 11061 487 GARCIA 78.7 0.007 0.013 2.1621 0.003 515864 4766069 203.7 50.3 ZPP
Santiago de Compostela 95207 55 84379 4197 GARCIA 153.2 0.002 0.007 2.7459 0.002 539554 4751248 220.0 432.8 ZDP
Santiso 1883 49 3313 239 LOPEZ 58.1 0.017 0.017 1.9924 0.004 575971 4746805 67.4 27.9 ZPP
Sanxenxo 17586 38 14983 733 OTERO 75.9 0.005 0.013 2.2200 0.003 514495 4696618 45.1 389.9 ZIP
Sarreaus 1486 55 2173 156 RODRIGUEZ 32.4 0.015 0.031 1.7815 0.008 615625 4662803 77.3 19.2 ZPP
Sarria 13590 42 10481 564 LOPEZ 11.1 0.001 0.090 1.7131 0.023 628410 4736921 184.6 73.6 ZIP
Saviñao O 4408 58 5867 277 LOPEZ 16.3 0.003 0.061 1.6494 0.015 610952 4721869 196.6 22.4 ZPP
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Silleda 9199 47 9496 644 GONZALEZ 82.4 0.009 0.012 2.2825 0.003 559409 4727350 168.0 54.8 ZPP
Sober 2516 57 4618 217 RODRIGUEZ 14.6 0.003 0.069 1.5136 0.017 618550 4699116 133.4 18.9 ZPP
Sobrado 2087 50 3992 212 GARCIA 42.4 0.011 0.024 1.9173 0.006 581779 4767798 120.6 17.3 ZPP
Somozas As 1306 61 2533 186 LOPEZ 52.5 0.020 0.019 1.9382 0.005 587387 4819869 70.9 18.4 ZPP
Soutomaior 7223 57 4613 490 LORENZO 66.9 0.014 0.015 2.1673 0.004 535783 4687295 25.0 288.9 ZIP
Taboada 3345 58 4473 316 VAZQUEZ 44.8 0.010 0.022 1.9727 0.006 601657 4730485 146.7 22.8 ZPP
Taboadela 1652 42 1685 159 CID 38.3 0.022 0.026 1.8128 0.007 596944 4678183 25.2 65.6 ZPP
Teixeira A 428 56 737 71 RODRIGUEZ 14.6 0.019 0.069 1.3950 0.017 625556 4692224 27.6 15.5 ZPP
Teo 18266 55 9120 780 GARCIA 137.0 0.015 0.007 2.4496 0.002 535679 4738586 79.3 230.3 ZIP
Toén 2605 62 2778 227 GONZALEZ 36.4 0.013 0.027 1.8773 0.007 585325 4684555 58.3 44.7 ZPP
Tomiño 13604 44 10772 575 FERNANDEZ 42.9 0.004 0.023 2.0449 0.006 520927 4650629 106.6 127.6 ZPP
Toques 1343 57 2131 147 VAZQUEZ 38.6 0.018 0.026 1.8049 0.006 585381 4758184 77.9 17.2 ZPP
Tordoia 4168 44 5629 210 FRAGA 49.8 0.009 0.020 1.8874 0.005 535888 4770905 124.6 33.5 ZPP
Touro 4082 55 5957 351 FERNANDEZ 75.1 0.012 0.013 2.1287 0.003 556329 4745455 115.3 35.4 ZPP
Trabada 1310 53 1720 186 FERNANDEZ 31.6 0.018 0.032 1.8537 0.008 647573 4811540 82.7 15.8 ZPP
Trasmiras 1560 52 2252 166 RODRIGUEZ 22.9 0.010 0.044 1.7539 0.011 614045 4654049 56.7 27.5 ZPP
Trazo 3472 52 4686 231 NOYA 55.9 0.012 0.018 1.9545 0.004 537729 4762383 101.3 34.3 ZPP
Triacastela 772 56 963 95 LOPEZ 27.5 0.028 0.036 1.6785 0.009 646058 4736104 51.2 15.1 ZPP
Tui 17236 52 15302 936 GONZALEZ 40.1 0.003 0.025 2.1036 0.006 528320 4657270 68.3 252.4 ZIP
Val do Dubra 4313 53 5458 335 GARCIA 58.5 0.011 0.017 2.0692 0.004 528325 4763279 108.6 39.7 ZPP
Valadouro O 2180 43 2717 258 FERNANDEZ 62.6 0.023 0.016 2.0580 0.004 622854 4821888 110.4 19.7 ZPP
Valdoviño 6926 52 7436 354 LOPEZ 47.9 0.006 0.021 1.9981 0.005 570920 4828378 88.2 78.5 ZPP
Valga 6103 53 6677 478 GARCIA 101.5 0.015 0.010 2.2484 0.002 528471 4726688 40.6 150.3 ZIP
Vedra 5046 53 5294 475 FERNANDEZ 110.9 0.021 0.009 2.3063 0.002 543923 4736863 52.8 95.6 ZPP
Veiga A 1048 44 1809 140 RODRIGUEZ 31.4 0.017 0.032 1.7166 0.008 668478 4681453 290.5 3.6 ZPP
Verea 1222 48 1890 163 ALVAREZ 27.9 0.015 0.036 1.7247 0.009 583503 4661008 94.2 13.0 ZPP
Veŕın 14633 60 8194 689 RODRIGUEZ 58.5 0.007 0.017 2.1755 0.004 631488 4640842 94.1 155.5 ZIP
Viana do Bolo 3247 58 3780 298 RODRIGUEZ 30.7 0.008 0.033 1.8841 0.008 658785 4668837 270.4 12.0 ZPP
Vicedo O 1921 43 2739 222 FERNANDEZ 39.6 0.014 0.025 1.8986 0.006 610299 4846246 76.0 25.3 ZPP
Vigo 297241 53 219349 7395 RODRIGUEZ 83.8 0.000 0.012 2.6535 0.003 523637 4672590 109.1 2724.5 ZDP
Vila de Cruces 6325 53 8517 473 LOPEZ 91.6 0.011 0.011 2.2034 0.003 563885 4738957 155.0 40.8 ZPP
Vilaboa 6024 37 5098 446 GONZALEZ 71.8 0.014 0.014 2.1643 0.003 528773 4689022 36.9 163.3 ZIP
Vilagarćıa de Arousa 37903 52 28107 1609 GARCIA 129.3 0.005 0.008 2.5408 0.002 517812 4718675 44.2 857.5 ZIP
Vilalba 15202 46 17066 615 LOPEZ 82.5 0.005 0.012 2.2040 0.003 608610 4797127 379.4 40.1 ZPP
Vilamaŕın 2162 40 2148 199 RODRIGUEZ 29.3 0.013 0.034 1.7797 0.009 591259 4701980 56.1 38.5 ZPP
Vilamart́ın de Valdeorras 2047 50 2282 193 FERNANDEZ 24.9 0.011 0.040 1.7237 0.010 660198 4701613 88.3 23.2 ZPP
Vilanova de Arousa 10614 58 11595 614 MARTINEZ 103.6 0.009 0.010 2.2734 0.002 518391 4711540 33.6 315.9 ZIP
Vilar de Barrio 1602 54 2472 178 GOMEZ 44.5 0.018 0.022 1.8596 0.006 618955 4670170 106.7 15.0 ZPP
Vilar de Santos 942 43 1232 129 NOGUEIRAS 30.4 0.024 0.033 1.7330 0.008 599070 4661448 20.7 45.5 ZPP
Vilardevós 2182 57 3425 231 ALVAREZ 31.2 0.009 0.032 1.7730 0.008 641024 4640464 152.1 14.3 ZPP
Vilariño de Conso 673 55 1014 72 RODRIGUEZ 22.6 0.022 0.044 1.5075 0.011 643376 4668236 200.2 3.4 ZPP
Vilarmaior 1273 57 1823 207 VARELA 48.1 0.026 0.021 1.9418 0.005 571148 4800998 30.3 42.0 ZPP
Vilasantar 1380 57 3026 185 GARCIA 39.7 0.013 0.025 1.8505 0.006 573397 4769436 59.2 23.3 ZPP
Vimianzo 8039 45 9033 432 LEMA 67.2 0.007 0.015 2.1166 0.004 497115 4771620 187.3 42.9 ZPP
Viveiro 16107 57 12253 809 FERNANDEZ 68.9 0.006 0.015 2.2634 0.004 614000 4832397 109.3 147.4 ZIP
Xermade 2179 57 4034 235 LOPEZ 57.6 0.014 0.017 1.9728 0.004 597710 4803273 166.3 13.1 ZPP
Xinzo de Limia 10329 49 8254 531 RODRIGUEZ 48.7 0.006 0.021 2.1048 0.005 607202 4655756 132.7 77.8 ZIP
Xove 3496 44 3734 260 FERNANDEZ 52.1 0.014 0.019 1.9490 0.005 621696 4843308 89.1 39.2 ZPP
Xunqueira de Amb́ıa 1697 64 2588 179 CID 40.7 0.015 0.025 1.8505 0.006 606110 4670772 60.2 28.2 ZPP
Xunqueira de Espadanedo 914 55 1073 120 BLANCO 26.2 0.024 0.038 1.6596 0.010 612493 4686613 27.7 33.0 ZPP
Zas 5219 48 6879 343 BLANCO 78.4 0.011 0.013 2.1136 0.003 506217 4771092 133.3 39.2 ZPP

Table B.1: Council identification, municipality population, mean age, sample size
(birthplace), number of different surnames, most frequent last name, Fisher’s Alpha
(α), Karlin’s ν, random isonymy I, horizontal and vertical coordinates of 315 councils
(X, Y ), surface of council, population density and degree of urbanization presented in
alphabetic order. Po means municipality population; Age, mean age;N , sample size;
S, number of different surnames; Sfr most frequent last name; I, random isonymy
Karlin’s ν; X, horizontal coordinate; Y , vertical coordinate; Sur, surface of council;
De population density and DU degree of urbanisation.
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Appendix C

Barriers for Spanish surnames

This Appendix is devoted to provide additional results used in Chapter 3. The barriers
obtained with Monmonier algorithm (Chapter 2 - Section 2.4.3) are presented. In this
case, the data of the surnames in Spain aggregated by provinces are used and the Nei
matrix is obtained. As explained in Chapter 3, different scenarios are used to calculate
the barriers. The first one obtains the barriers from the Nei matrix. The Nei distance
matrix (Y ) is considered to depend on the geographical distance matrix (X), in this
case, log(Y ) depends on X and three fits are considered: linear model, polynomial
model and non-parametric model. The geographical distance matrix is obtained by
calculating the centroids of each province and then calculating the Euclidean distance
between each pair of points. The residuals of these three fits are considered and the
barriers are obtained, with Monmonier’s algorithm. All these barriers have been
calculated for sample sizes of 30%, 97% and 100% of the data.

Figure C.1: 30%
spanish data: Nei
matrix.

Figure C.2: 30%
spanish data: re-
siduals from lineal
model.

Figure C.3: 30%
spanish data: re-
siduals from polyno-
mial model.

Figure C.4: 30%
spanish data: re-
siduals from non-
parametric model.
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Figure C.5: 70%
spanish data: Nei
matrix.

Figure C.6: 70%
spanish data: re-
siduals from lineal
model.

Figure C.7: 70%
spanish data: re-
siduals from polyno-
mial model.

Figure C.8: 70%
spanish data: re-
siduals from non-
parametric model.

Figure C.9: 97%
spanish data: Nei
matrix.

Figure C.10: 97%
spanish data: re-
siduals from lineal
model.

Figure C.11: 97%
spanish data: re-
siduals from polyno-
mial model.

Figure C.12: 97%
spanish data: re-
siduals from non-
parametric model.

Figure C.13: 100%
spanish data: Nei
matrix.

Figure C.14: 100%
spanish data: re-
siduals from lineal
model.

Figure C.15: 100%
spanish data: re-
siduals from polyno-
mial model.

Figure C.16: 100%
spanish data: re-
siduals from non-
parametric model.



Appendix D

Surnames by sociodemographic
characteristics area in Galicia

This Appendix is devoted to provide additional results used in Chapter 4. From the
list of all the surnames (20766 approximately, 2000 population census) in Galicia,
were searched for each area, for those surnames that appear in all the municipalities
that constitute an area (areas defined by Galician Institute of Statistics, based on
socio-demographic criteria between municipalities, the areas are represented in the
Figure 4.1 on Chapter 4). The results were the following:

A Coruña:
ALONSO ALVAREZ ARES BAO BARBEITO BARCIA BARRAL BARREIRO BARROS

BELLO BERMUDEZ BESTILLEIRO BLANCO BOTANA CABANAS CALVIÑO CANCELO CANDAL
CARIDAD CARRO CASAL CASTELO CASTRO CERNADAS CHAS CORTES COUCEIRO

CRESPO DIAZ DOMINGUEZ OVAL ESPIÑEIRA FANDIÑO FARIÑA FERNANDEZ FERREIRO

FERREÑO FRAGA FREIRE FUENTES GARCIA GENDE GOMEZ GONZALEZ GRELA
IGLESIAS INSUA LAMAS LESTA LONGUEIRA LOPEZ LOUREIRO MALLO MANTEIGA

MARTINEZ MENDEZ MIGUEZ MIRANDA MOSQUERA MOURIÑO MUIÑO NAVEIRA NAYA

NOVO NOYA NUÑEZ OTERO PAN PARDO PARGA PATIÑO PAZ

PAZOS PEDREIRA PENA PEREIRO PEREZ PIÑEIRO PONTE POSE PRADO
PREGO RAMOS REGUEIRA REGUEIRO REY RICO RIO RIOBOO RIOS
RIVAS RODRIGUEZ ROEL ROMERO SALGADO SANCHEZ SANJURJO SANTOS SEIJAS
SEIJO SEOANE SOUTO SUAREZ TABOADA TAIBO TORREIRO VALES VARELA

VAZQUEZ VEIGA VELO VIDAL VILARIÑO VILLAR VILLAVERDE VIQUEIRA

Santiago:
ALVAREZ ANDRADE ARES BARRAL BARREIRO BARROS BLANCO BOTANA BOUZAS

BREA CABO CALVIÑO CAMPOS CASAL CASTRO CERNADAS CONDE CORRAL
COUTO CRESPO DIAZ DOMINGUEZ ESTEVEZ FERNANDEZ FERREIRO FREIRE GARCIA

GIL GOMEZ GONZALEZ IGLESIAS JIMENEZ LAGO LIÑARES LISTE LOPEZ
MALLO MARTINEZ MATA MATO MENDEZ MIGUEZ MIRANDA MONTERO NOYA

NUÑEZ OTERO PAZ PAZOS PENA PEREIRA PEREIRO PEREZ PIÑEIRO
PORTO POSE PUENTE REGUEIRO REY RIO RIOS RIVAS RODRIGUEZ
SALGADO SANCHEZ SANTOS SEOANE SOUTO SUAREZ TORRES VALES VARELA
VAZQUEZ VIEITES VILAS VILLAR

389
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East Coruña:
CASAL CASTRO FERNANDEZ GARCIA GOMEZ GONZALEZ IGLESIAS LOPEZ MARTINEZ
PEREZ RODRIGUEZ SANCHEZ VARELA VAZQUEZ

Ferrol:
ALONSO ANEIROS BARRO BOUZA CALVO CASAL CASTRO CHAO DIAZ
DOMINGUEZ DOPICO FERNANDEZ FORMOSO FREIRE GARCIA GARROTE GOMEZ GONZALEZ

HERMIDA LAMAS LOPEZ MARTINEZ MENDEZ MONTERO MUIÑO OTERO PAZ
PENA PEREZ PICOS PITA PRIETO RAMOS RIVERA RODRIGUEZ ROMERO

SANCHEZ SIXTO VARELA VEIGA VIGO YAÑEZ

West Coruña:

ALVAREZ BLANCO CAAMAÑO CASTRO COSTA DOMINGUEZ FERNANDEZ GARCIA GOMEZ
GONZALEZ LOPEZ MARTINEZ PEREZ REY RODRIGUEZ ROMERO SUAREZ VARELA
VAZQUEZ

North Lugo:
ALVAREZ DIAZ FERNANDEZ GARCIA GOMEZ GONZALEZ LOPEZ OTERO PEREZ
RODRIGUEZ VAZQUEZ

South Lugo:
ARIAS DIAZ FERNANDEZ GARCIA GONZALEZ LOPEZ PEREZ RODRIGUEZ

Lugo:
ARIAS CARREIRA CASTRO DIAZ FERNANDEZ FOLGUEIRA GARCIA GOMEZ GONZALEZ

IGLESIAS LOPEZ MARTINEZ MEILAN MENDEZ NOVO NUÑEZ PEREZ REGUEIRO
RODRIGUEZ SAAVEDRA SANCHEZ SEIJAS VARELA VAZQUEZ VILA

West Ourense:
ALVAREZ DOMINGUEZ FERNANDEZ GOMEZ GONZALEZ LOPEZ MARTINEZ PEREZ RODRIGUEZ
VAZQUEZ

Ourense:
ALONSO ALVAREZ BLANCO CASTRO CONDE DIAZ DOMINGUEZ FERNANDEZ FERREIRA
GARCIA GOMEZ GONZALEZ IGLESIAS LOPEZ MARTINEZ NOVOA PEREIRA PEREZ
RODRIGUEZ VARELA VAZQUEZ

East Ourense:
ALONSO ALVAREZ BLANCO DOMINGUEZ FERNANDEZ GOMEZ GONZALEZ LOPEZ MARTINEZ
PEREZ RODRIGUEZ
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East Pontevedra:
ALVAREZ BLANCO CARBALLO CASTRO DIAZ FERNANDEZ GARCIA GOMEZ GONZALEZ
IGLESIAS LOPEZ LORENZO MARTINEZ OTERO PEREZ RODRIGUEZ SANCHEZ SILVA
VARELA VAZQUEZ

Pontevedra:
BARREIRO BARROS BLANCO BOULLOSA BUGALLO CARAMES CASAL CASTRO COLLAZO
DIAZ DOMINGUEZ DURAN ESTEVEZ FERNANDEZ FONTAN FRANCO GARCIA GIL

GOMEZ GONZALEZ IGLESIAS JUSTO LOPEZ LORENZO MARTINEZ MENDEZ MUIÑOS

OTERO PAZ PAZOS PEREIRA PEREZ PINTOS PIÑEIRO REY RIVAS
RODRIGUEZ SANCHEZ SANMARTIN SILVA SOLLA SUAREZ TABOADA TORRES VARELA
VAZQUEZ VIDAL

Vigo:
ALONSO ALVAREZ BARREIRO BLANCO CASAL CASTRO CONDE COSTA COSTAS
DACOSTA DIAZ DOMINGUEZ DURAN ESTEVEZ FERNANDEZ FERREIRA FONTAN GARCIA
GARRIDO GIL GOMEZ GONZALEZ HERMIDA IGLESIAS LOPEZ LORENZO MARTINEZ

MENDEZ MIGUEZ MOSQUERA MOURIÑO OTERO PAZO PEREIRA PEREZ PIÑEIRO
PORTELA REY RODRIGUEZ ROMERO SANCHEZ SANTOS SILVA SOTO SOUSA
SUAREZ TABOAS TORRES VAZQUEZ VEIGA VILA VILLAR

West Pontevedra:
ALVAREZ BARREIRO BLANCO CASTRO DIAZ DOMINGUEZ FERNANDEZ GARCIA GOMEZ

GONZALEZ IGLESIAS LOPEZ LORENZO MARTINEZ NUÑEZ OTERO PEREIRA PEREZ

PIÑEIRO RODRIGUEZ SILVA SUAREZ VIDAL

For each region, for those surnames that appear in all the municipalities that
constitute a region, were searched (in Galicia there are fifty-three regions and they
are represented in the Figure 4.1 on Chapter 4). The results were the following:

A Coruña:
ALONSO ALVAREZ ARES BAO BARBEITO BARCIA BARRAL BARREIRO BARROS

BELLO BERMUDEZ BESTILLEIRO BLANCO BOTANA CABANAS CALVIÑO CANCELO CANDAL
CARIDAD CARRO CASAL CASTELO CASTRO CERNADAS CHAS CORTES COUCEIRO

CRESPO DIAZ DOMINGUEZ DOVAL ESPIÑEIRA FANDIÑO FARIÑA FERNANDEZ FERREIRO

FERREÑO FRAGA FREIRE FUENTES GARCIA GENDE GOMEZ GONZALEZ GRELA
IGLESIAS INSUA LAMAS LESTA LONGUEIRA LOPEZ LOUREIRO MALLO MANTEIGA

MARTINEZ MENDEZ MIGUEZ MIRANDA MOSQUERA MOURIÑO MUIÑO NAVEIRA NAYA

NOVO NOYA NUÑEZ OTERO PAN PARDO PARGA PATIÑO PAZ

PAZOS PEDREIRA PENA PEREIRO PEREZ PIÑEIRO PONTE POSE PRADO
PREGO RAMOS REGUEIRA REGUEIRO REY RICO RIO RIOBOO RIOS
RIVAS RODRIGUEZ ROEL ROMERO SALGADO SANCHEZ SANJURJO SANTOS SEIJAS
SEIJO SEOANE SOUTO SUAREZ TABOADA TAIBO TORREIRO VALES VARELA

VAZQUEZ VEIGA VELO VIDAL VILARIÑO VILLAR VILLAVERDE VIQUEIRA

Santiago:
ALVAREZ ANDRADE ARES BARRAL BARREIRO BARROS BLANCO BOTANA BOUZAS

BREA CABO CALVIÑO CAMPOS CASAL CASTRO CERNADAS CONDE CORRAL
COUTO CRESPO DIAZ DOMINGUEZ ESTEVEZ FERNANDEZ FERREIRO FREIRE GARCIA

GIL GOMEZ GONZALEZ IGLESIAS JIMENEZ LAGO LIÑARES LISTE LOPEZ
MALLO MARTINEZ MATA MATO MENDEZ MIGUEZ MIRANDA MONTERO NOYA

NUÑEZ OTERO PAZ PAZOS PENA PEREIRA PEREIRO PEREZ PIÑEIRO
PORTO POSE PUENTE REGUEIRO REY RIO RIOS RIVAS RODRIGUEZ
SALGADO SANCHEZ SANTOS SEOANE SOUTO SUAREZ TORRES VALES VARELA
VAZQUEZ VIEITES VILAS VILLAR
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Betanzos:

ARES CASAL CASTRO DIAZ ESPIÑEIRA FERNANDEZ GARCIA GOMEZ GONZALEZ
IGLESIAS LOPEZ MARTINEZ MOSQUERA NAVEIRA NOVO PAZ PEREZ REGUEIRO
REY RIVAS RODRIGUEZ SANCHEZ SEOANE SOUTO VARELA VAZQUEZ VIDAL

VILARIÑO

Ferrol:
ALONSO ANEIROS BARRO BOUZA CALVO CASAL CASTRO CHAO DIAZ
DOMINGUEZ DOPICO FERNANDEZ FORMOSO FREIRE GARCIA GARROTE GOMEZ GONZALEZ

HERMIDA LAMAS LOPEZ MARTINEZ MENDEZ MONTERO MUIÑO OTERO PAZ
PENA PEREZ PICOS PITA PRIETO RAMOS RIVERA RODRIGUEZ ROMERO

SANCHEZ SIXTO VARELA VEIGA VIGO YAÑEZ

Arzúa:
AGRA ALLER ALONSO ALVAREZ ARES ASOREY BALADO BALBOA BARREIRO

BLANCO BOTANA BRAVO BREA BUDIÑO BUJAN CAMPOS CAO CARNEIRO
CARNOTA CARREIRA CARRIL CASAL CASANOVA CASTELO CASTRO CORRAL COSTOYA

DURO FANDIÑO FERNANDEZ FREIRE FUENTES FURELOS GARCIA GIL GOMEZ

GONZALEZ GUERRA IGLESIAS LAMAS LEON LIÑEIRA LOPEZ LORENZO MARIÑO

MARTINEZ MATA MATO MEIJIDE MELLA MENDEZ MONTAÑA MONTERO MOSQUERA
NEIRA NOVO NOYA OTERO PAMPIN PAZ PAZO PAZOS PEREIRO
PEREZ PINTOR PRADO QUINTAS QUINTELA RAMOS REY RIAL RICO
RIOS RIVAS RODRIGUEZ ROUCO SANCHEZ SANDA SANMARTIN SANTISO SANTOS
SEGADE SEIJO SENIN SEOANE SESAR SOUTO SUAREZ TABOADA TATO

TOJO VALIÑO VARELA VAZQUEZ VEIGA VEIRAS VIDAL VIEITES VIGO
VILAR VILLAR

A Barcala:

ABELENDA ABRUÑEIRAS AGRA ALEGRE ALENDE ALLO ALMOZARA ALONSO ALVAREZ
ALVITE AMADO AMARELLE AMEIJEIRAS AMIGO ANDRADE ANDUJAR ANTELO ANTIQUEIRA

AÑON ARAGUNDI ARDIONS ARES ARNEJO AROSA BAAMONDE BAHAMONDE BALBOA

BALSA BAÑA BARBEIRA BARCA BARCALA BARCIA BARDANCA BARREIRO BARRIO

BASCUAS BELLO BLANCO BOTANA BOUZAS BRANTUAS BRAÑA BRENLLA BUSTO

CAAMAÑO CALO CALVELO CALVIÑO CALVO CAMPOS CANABAL CANCELA CANCELO
CANTORNA CAPEANS CAPELO CARBALLO CARDESO CARNOTA CARREIRA CARRIL CARRO
CASAIS CASAL CASTRO CEBEY CERNADAS CID CIVES COBAS CONDE

CORDEIRO CORZON COSTA COUSO COUTO CRESPO CUNS CURRAIS DACUÑA
DEUS DOMINGUEZ DOPAZO EIRAS ESPASANDIN ESPERANTE ESPINOSA ESTEVEZ ESTURAO

FAGIN FAJIN FARIÑA FERNANDEZ FERREIRO FERRIN FERRO FERROL FETEIRA
FIGUEROA FIUSA FONDO FORJAN FRAGA FRANCISCO FREIRE FUENTES GAGO
GARCIA GERPE GESTO GIL GIRAUT GODON GOLAN GOMEZ GONZALEZ

GORGAL GRILLE GUZMAN HOMBRE IGLESIAS INSUA LAIÑO LAMAS LEIS

LEMA LENS LIÑARES LIÑEIRA LISTA LOIS LONGUEIRA LOPEZ LORENZO

LOURIDO LUEIRO MAGARIÑOS MALLON MALVAREZ MANCEBO MANEIRO MANSILLA MANTEIGA

MARIÑO MARTINEZ MATO MAYO MEIJIDE MELLA MENDEZ MESIAS MIGUEZ

MIRA MIRANDA MONTES MOSQUERA MOURE MOURELLE MOURO MUIÑO MUÑIZ

NEGREIRA NIETO NOUCHE NOVIO NOVO NOYA NUÑEZ OROÑA OTERO

OURO OUTEIRO PAIS PARAJO PARAMOS PARDIÑAS PARIS PATIÑO PAZOS

PENA PENSADO PEREIRA PEREIRO PEREZ PICHEL PIÑEIRO PISCO POMBO

PONTE PORTEIRO POSE POUSA POUSADA PUGA PUÑAL QUINTANS QUINTEIRO

QUIÑOY RAMA RAMAS RAMOS RAÑA RECAREY REDONDO REGUEIRO REMUÑAN
REY RIAL RIOBO RIOS RIOSECO RIVAS RIVEIRO RODRIGUEZ ROGIDO
ROJO ROMARIS ROMERO RUSO RUZA SALVANDE SANCHEZ SANDE SANMARTIN
SANTIAGO SANTOS SEIJAS SENRA SEOANE SILVA SOUTO SUAREZ TEIGA

TOME TORREIRA TOSAR TRILLO TUÑAS TURNES VAAMONDE VAL VALES
VARELA VAZQUEZ VEIGA VEIRAS VIDAL VIEITO VIGO VILA VILACOBA

VILAR VILARIÑO VILAS VILLAR
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Barbanza:
ABAL ABALO ABELLEIRA ABUIN AGEITOS AGRELO ALCALDE ALONSO ALVAREZ
ARCA ARES ARIAS BANDIN BARREIRO BETANZOS BLANCO BOO BOUZAS

BOUZON BRION BRIONES BUSTELO CAAMAÑO CALO CALVIÑO CALVO CAMPAÑA

CASAIS CASAL CASTAÑO CASTELO CASTILLO CASTIÑEIRAS CASTRO CEBREIRO CERNADAS
CERQUEIRAS CESPON CHAVES CHOUZA COLLAZO CONDE CORES COSTA CRESPO
CRUJEIRAS DA SILVA DAVILA DIEGUEZ DIESTE DIOS DOMINGUEZ DOPAZO DURAN

ESCURIS FARIÑA FERNANDEZ FERREIRO FERREIROS FIDALGO FIGUEIRA FIGUEIRAS FIGUEIRIDO

FIGUEIRO FILGUEIRA FRANCO FREIRE FUENTES FUNGUEIRIÑO GAGO GARCIA GARRIDO

GODON GOMEZ GONZALEZ GRAÑA GUDE HERMIDA HERMO IGLESIAS LAGO

LAIÑO LAMAS LAMPON LAPIDO LEMOS LENS LIJO LISTE LOJO

LOPEZ LORENZO LOUREIRO LUSTRES MANEIRO MARIÑO MARTIN MARTINEZ MATO
MAYAN MELON MENDEZ MIGUEZ MILLAN MIRANDA MOARES MOSQUERA MOURE

MUÑIZ NEIRA NIETO NOAL NOVO NOVOA NOYA OLIVEIRA OLVEIRA

ORDOÑEZ OTERO OUBIÑA OUTEIRAL OUVIÑA OZORES PARADA PARDAL PAZ

PELETEIRO PENA PEREIRA PEREZ PINTOS PIÑEIRO PLACES PORTO POSE

POUSO PRADO QUEIRUGA QUINTANS RAMA RAMOS RAÑO REBOLLIDO REDONDO
RESUA REY RIAL RIO RIOS RIVAS RIVEIRO RODRIGUEZ ROMAY
ROMERO RUIZ SABORIDO SAMPEDRO SANCHEZ SANLES SANTIAGO SANTOS SEGADE
SEOANE SIEIRA SILVA SOMOZA SOUTO SUAREZ TEIXEIRA TORRADO TORRES

TREUS TRIGO TRIÑANES TUBIO VARELA VAZQUEZ VEIGA VICENTE VIDAL

VIGO VILA VILAS VILLANUSTRE VILLAR VITURRO YAÑEZ

Bergantiños:

ABELENDA ALVAREZ AMADO AMARELLE ANDRADE AÑON ARIJON BELLO BERMUDEZ

BLANCO BOUZAS BUSTO CAAMAÑO CALVETE CANCELA CARRACEDO CASTIÑEIRA CASTRO
COLLAZO COSTA COUSILLAS DIAZ DOMINGUEZ EIROA ESMORIS ESPASANDIN FACAL

FARIÑA FERNANDEZ FERREIRO FIGUEROA FRAGA FUENTES GARCIA GOMEZ GONZALEZ
IGLESIAS LEMA LOPEZ MARTINEZ MATO NAYA OTERO PAZOS PENA
PEREIRA PEREZ POMBO POSE RAMA REGUEIRA REY RIAL RIOS
RODRIGUEZ ROJO ROMERO SANCHEZ SANDE SANTOS SOUTO SUAREZ TAIBO
TORRES VARELA VAZQUEZ VELO VILA VILLAR

Eume:

ALLEGUE ALONSO ALVARIÑO ANTON ARNOSO BARRO BASOA BERNARDO BLANCO
BOUZA CAAVEIRO CALVO CASAL CASTRO COUCE COUTO CRIADO DIAZ
DOPICO FEAL FERNANDEZ FILGUEIRAS FORNOS FRAGA FREIRE GARCIA GOMEZ

GONZALEZ GRAÑA GRUEIRO HERMIDA IGLESIAS LAMAS LOPEZ MAROÑO MARTINEZ
MEIZOSO OTERO PARDO PAZ PAZOS PENA PEREIRA PEREZ PERMUY

PICO PICOS PIÑEIRO PITA PORTO PRIETO RAMOS REGUEIRO RIVAS
RIVERA RODEIRO RODRIGUEZ ROMERO SANCHEZ SANMARTIN SECO SEIJAS SEIJO

SOTO SOUTO TOJEIRO VARELA VAZQUEZ VEIGA VIDAL VILA YAÑEZ

Terra de Soneira:
ALLO ALVAREZ ALVITE AMADO AMEIJEIRAS ANDRADE ANDUJAR ANTELO ANTONIO

ARAUJO ARIAS BALSAS BAÑA BARBEIRA BELLO BERMUDEZ BLANCO BUGALLO

BUSTO CAAMAÑO CALVO CAMIÑO CAMPOS CANCELA CANOSA CARBALLO CARRACEDO

CARRIL CASTIÑEIRA CASTRO CERNADAS CONDE COSTA COUSILLAS CUNDINS CURES
DEVESA DIAZ DOMINGUEZ DUARTE EIROA ESMORIS ESPASANDIN FACAL FEAL
FERNANDEZ FERREIRA FERREIRO FIGUEIRAS FONDO FREIRE FUENTES GARCIA GERPE
GOMEZ GONZALEZ HERMIDA HERNANDEZ IGLESIAS INSUA LAGO LAVANDEIRA LEIS

LEMA LISTA LOPEZ LORENZO MARCOTE MARTINEZ MATA MATO MIÑONES

MIRA MIRANDA MONTERO MOREIRA MOSQUEIRA MOSQUERA MOUZO MUIÑO NEGREIRA

NOVO NOVOA OANES OLIVEIRA OREIRO PAIS PARDIÑAS PAREDES PAZ
PAZOS PENA PENSADO PEREIRA PEREZ POMBO PORTEIRO POSE QUEIRO
QUINTANS RAMOS REGO REGUEIRA REY RIAL RIVEIRO RODRIGUEZ ROJO
ROMAR ROMERO SALGADO SANCHEZ SANTIAGO SANTOS SENDON SILVA SONEIRA

SOTO SOUTO SUAREZ TEDIN TOJA TOURIÑAN TRIGO TRILLO VALIÑA

VARELA VAZQUEZ VELO VIDAL VIEITES VILA VILARIÑO VILLAR VILLAVERDE
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Muros:

ABELLEIRA AGULLEIRO ALONSO ALSINA ALVAREZ ALVELA ANDRADE AÑON ARES
ARIAS BALAYO BARREIRO BARREIROS BEIRO BERMUDEZ BLANCO BREA BUSTO

CAAMAÑO CALO CAMBEIRO CAMPOS CANDAMO CANOSA CARBALLO CARPINTERO CASAIS

CASTIÑEIRA CASTRELO CASTRO CERNADAS CERVIÑO COSTA CRESPO CUBELO DIAZ
DOMINGUEZ DOSIL DUBERT ECHEVERRI ESTEVEZ FABEIRO FERNANDEZ FERRER FIGUEIRA
FIGUEIRAS FIGUEROA FIUZA FORMOSO FRANCO FREIRE FUENTES GARCIA GESTO
GIL GOMEZ GONZALEZ GOYANES GUISADO HERMIDA HERRERO IGLESIAS INSUA

LADO LAGO LAMELA LARIÑO LEIS LEMA LEON LESTON LOJO

LOPEZ LOURIDO LOURO LUACES MACEIRAS MALVAREZ MARCOTE MARIÑO MARQUEZ

MARTINEZ MAYAN MAYO MIGUENS MIRANDA MONTERO MORAN MOURIÑO NOCEDA

NOVAS NOYA NUÑEZ OREIRO OTERO OUTES PAIS PARIS PASTORIZA

PAZ PEDROSA PEREZ PESTONIT PIÑEIRO POLA PORRUA PORTELA QUEIRUGA
QUINTELA RAMA RAMOS REY RIAL RIVEIRO RODRIGUEZ ROMANI ROMERO
ROO SAAVEDRA SABORIDO SAMBADE SANCHEZ SANDE SANTIAGO SANTOS SANVICENTE

SENANDE SENDON SESTAYO SIABA SIEIRA SILVA SIMIL SOÑORA SOUTO

SUAREZ TAJES TOBA TORO TRILLO TRIÑANES VARELA VAZQUEZ VEGA
VELOSO VIDAL VIGO VILAR VILAS VILELA VILLAVERDE

Fisterra:

AGULLEIRO ALVARELLOS ALVAREZ ARAN BERMUDEZ BLANCO CAAMAÑO CAMBEIRO CANOSA

CASAIS CASTIÑEIRA CASTRO COSTA DIAZ DOMINGUEZ FERNANDEZ FERRIO GARCIA
GOMEZ GONZALEZ INSUA LADO LAGO LAGOA LEIS LEMA LESTON
LOPEZ LOURIDO LOURO LOUZAN MARCOTE MARTINEZ MONTERO MOREIRA MOUZO

OTERO OUTES PAIS PAZ PAZOS PEQUEÑO PEREIRA PEREZ PIÑEIRO
POSE QUINTANS QUINTELA RAMOS REY RODRIGUEZ ROMERO SAMBADE SANCHEZ
SANTIAGO SANTOS SENDON SUAREZ TRILLO VARELA VAZQUEZ VIEITES VILAR

Ordes:

ALVAREZ BARRAL BARREIRO BELLO BERMUDEZ BLANCO CALVIÑO CASAL CASTRO
FERNANDEZ FUENTES GARCIA GOMEZ GONZALEZ IGLESIAS LOPEZ MARTINEZ MENDEZ
MIGUEZ MOSQUERA NOYA OTERO PARDO PAZOS PEREIRO PEREZ RAMA
REGUEIRA REGUEIRO REY RIO RIOS RIVAS RODRIGUEZ SANCHEZ SEOANE
SUAREZ VARELA VAZQUEZ VILLASENIN VIQUEIRA

Ortegal:
ABELLA ANEIROS ARES ARMADA BARBOSA BECEIRO BELLAS BERMUDEZ BLANCO
BOUZA CAL CALVO CAMPOS CASAL CASAS CASTRO CORNIDE COSTA
CRIBEIRO DIAZ DOCE DURAN FELGUEIRAS FERNANDEZ FERREIRA FRAGA FREIRE
FUSTES GALDO GARCIA GOMEZ GONZALEZ IGLESIAS LAGO LOPEZ LORENZO

LOUREIRO MARTINEZ MENDEZ MONTERO MUIÑO NOVO OTERO PARDO PAZ

PEGO PENA PEÑA PEREZ PERNAS PICOS PIÑEIRO PIÑON PITA
PRIETO RAMIL REY RIVAS RODRIGUEZ SANCHEZ SANDE SANTIAGO SEOANE
SIERRA SOTO TEIJEIRO TOJEIRO VARELA VAZQUEZ VEIGA VILLAR VILLASUSO

VIZOSO YAÑEZ
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O Sar:
ABALO ABELLEIRA ABUIN ALFONSIN ALVAREZ ANDRADE ANDUJAR ANGUEIRA ARES
AUTRAN BALEIRON BANDIN BARREIRO BATALLA BECERRA BELLO BERNARDEZ BLANCO

BOGA BOULLON BOUZAS BOUZON BRALO BREA BUDIÑO BUSTELO CAAMAÑO

CAEIRO CAJARAVILLE CALVO CAMPOS CARBAJAL CARDAMA CAROU CASAL CASTAÑO

CASTIÑEIRAS CASTRO CES CESPON CITOULA COBAS CONDE CORDO COSTA
COUSELO CRESPO CRISTOBO DEVESA DIOS DIZ DOMINGUEZ DOPAZO EIRAS
FABEIRO FERNANDEZ FERREIRA FERREIROS FERRO FIGUEIRA FIGUEROA FRAGA FRANCISCO
FRANCO FREIRE FREIRIA FUENTES GAGO GARCIA GENS GESTOSO GOMEZ

GONZALEZ GRELA HERMIDA IGLESIAS JAMARDO JANEIRO JESUS LABANDEIRA LAIÑO
LAMPON LAPIDO LEBORANS LENS LOIS LOPEZ LORENZO LOSADA MAGAN

MARCOS MARIÑO MARTINEZ MENDEZ MENE MIGUENS MIGUEZ MOARES MORALES

MOSQUERA MUIÑOS MUÑIZ NOVO NOYA NUÑEZ OLIVEIRA ORDOÑEZ OTERO

PARDAL PAZ PAZOS PENEDO PEQUENO PEREZ PIÑEIRO QUINTANS RABUÑAL

RAMOS RAÑO REBOIRAS REFOJO REGUEIRA REY RIAL RIO RIOS
RIVAS RODRIGUEZ ROMERO SABORIDO SAMPAYO SANCHEZ SANTISO SEAGE SECO

SERRAMITO SILVA SOMOZA SOÑORA SOTO SUAREZ SUEIRO TARRIO TOJO

TORRADO TUBIO VALIÑO VARELA VAZQUEZ VERDE VICENTE VIDAL VIGO
VILA VILAS VILLAR VITURRO

Noia:
ABEIJON ABELLEIRA AGRA AGRAFOJO AGRASO ALVAREZ ALVITE ARES ARIAS
ARUFE BARGO BARREIRO BATALLA BECERRA BEIRO BERMUDEZ BLANCO BOTANA

BOUZAS BRION CAAMAÑO CALO CALVO CAMPOS CARBALLO CAROU CASAL
CASTELO CASTRO CHOUZA COBAS CONDE COSTA COTO CREO DOMINGUEZ
DOSIL EIRAS FABEIRO FERNANDEZ FERREIRO FIGUEIRA FILGUEIRA FREIRE FUENTES
GALLARDO GARCIA GOMEZ GONZALEZ HERMIDA HERMO IGLESIA IGLESIAS INSUA

LADO LAGO LAIÑO LAMAS LEIS LEMA LEON LIÑAYO LOJO

LOPEZ LORENZO MARIÑO MARTINEZ MATO MAYAN MAYO MELLA MENDEZ

MIGUENS MIGUEZ MOLEDO MONTERO MORALES MUÑIZ NIETO NIMO NUÑEZ

OLVEIRA OTERO PAIS PAZ PAZOS PENA PEREIRA PEREZ PIÑEIRO
POUSO QUINTANS RAMA RAMOS REDONDO REGO REGUEIRA REY RIAL
RIO RIOS RIVAS RIVEIRO RODRIGUEZ ROMERO RONQUETE ROSENDE SANCHEZ
SANLES SANTAMARIA SANTIAGO SANTOS SENDON SIEIRA SILVA SISO SOUTO
SUAREZ TOME TORRES TUBIO VARELA VAZQUEZ VIDAL VILA VILAS

VIÑA VIÑAS YAÑEZ

Xallas:
ABELLEIRA AGRA ALVAREZ ALVELA ALVITE AMADO AMEIJEIRAS AMIGO ANTELO

AÑON ARAN ARES ARIAS AROSA ATAN BAÑA BARBEITO BARCIA

BARDANCA BARREIRO BERBIA BERGANTIÑOS BERMUDEZ BLANCO BOTANA BOUZAS BRAÑA

CAAMAÑO CALO CALVELO CAMBEIRO CAMPOS CANCELA CANOSA CAO CAPELO

CARAMES CARBALLO CARREIRA CASAIS CASAL CASTELO CASTIÑEIRA CASTRO CERNADAS
CIVES CONDE CORZON COSTA COUSO CUNS CURRAIS DANZA DEL RIO
DIAZ DOMINGUEZ DUARTE DURAN ESPASANDIN ESPERANTE ESTEVEZ FAGIN FAJIN
FERNANDEZ FERREIRO FETEIRA FIDALGO FIGUEIRAS FRANCO FREIRE GALLARDO GARABAL
GARCIA GARRIDO GENDE GERPE GESTO GOMEZ GONZALEZ GORGAL GRILLE
HERMIDA IGLESIAS INSUA JALLAS JIMENEZ LABANDEIRA LADO LAGE LAGO

LAVANDEIRA LEIS LEMA LIÑARES LIRES LOIS LOPEZ LORENZO LOURIDO
MALLON MANCEBO MANEIRO MARTINEZ MATO MOLEDO MOREIRA MOURELLE MOURO

MOUZO MUIÑO NEGREIRA NIETO NOVIO NOVO NOYA NUÑEZ OREIRO

OROÑA OTERO PAIS PALMIER PARDIÑAS PARDO PAREDES PARIS PASTORIZA
PAZ PAZOS PENA PENSADO PEON PEREIRA PEREIRO PEREZ PERISCAL
PONTE PUENTE QUINTANS RAMA RAMOS RECAREY REGUEIRA REY RIAL

RIO RIO DEL RIO DEL RIVEIRO RODRIGUEZ ROMERO SAMBADE SANCHIÑO SANDE
SANMARTIN SANTIAGO SANTOS SENDON SENRA SEOANE SESTAYO SIEIRA SILVA
SOLIS SOUTO SUAREZ SUEIRO TEIXEIRA TOME TORRES TRABA TRILLO

TUÑAS TURNES VAL VALIÑA VARELA VAZQUEZ VELO VIDAL VIEITES

VILAR VILARIÑO VILAS VILLAR
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Terra de Melide:
ARES ARIAS BARRAL BARREIRO BERNARDEZ BUJAN CABADO CALVO CARBALLAL
CARREIRA CARRIL CASAL CASTRO CORRAL COUSO FERNANDEZ FRAGA FREIRE
GARCIA GOMEZ GONZALEZ IGLESIAS IRAGO LAMAS LODEIRO LOPEZ MARTINEZ
MATO MOSTEIRO OTERO PARDO PAZ PAZOS PENAS PEON PEREIRO

PEREZ PIÑEIRO PRADO PRIETO QUINTELA QUIÑOY RAMOS RAPOSO RODRIGUEZ

RUA SANCHEZ SANTOS SEIJAS SEOANE VALIÑO VARELA VAZQUEZ VILLAMOR
VILLAR ZAS

Terra Chá:
ALONSO ALVAREZ BELLO CARBALLEIRA CASTRO CORRAL DIAZ FERNANDEZ FOLGUEIRA
FRAGA FREIRE GARCIA GOMEZ GONZALEZ HERMIDA IGLESIAS LAMAS LOPEZ
LOZANO MARTINEZ MORADO NOVO OTERO PARDO PAZ PENA PEREZ
PRIETO REY RIO RODRIGUEZ SANJURJO SEOANE TEIJEIRO VARELA VAZQUEZ

VIGO YAÑEZ

Central Mariña:
ALONSO ALVAREZ ARES ARIAS BALSEIRO BARREIRA BASANTA BELLO BERMUDEZ
BLANCO CAMPO CAMPOS CANCIO CARREIRAS CASTRO CHAO COUSO CUADRADO
DIAZ EXPOSITO FANEGO FERNANDEZ FERREIRO FRAGA FRANCO FREIRE GARCIA
GEADA GOAS GOMEZ GONZALEZ HERMIDA IGLESIAS LOPEZ LORENZO LOZANO
MARTINEZ MASEDA MENDEZ MON NOVO OROL OTERO PARDEIRO PARDO

PAZ PEDREIRA PEREZ PIÑEIRO PRADO RAMOS REGO REIGOSA REJES
REY RIVAS RIVERA RODRIGUEZ ROUCO SANCHEZ SIXTO TRIGO VARELA

VAZQUEZ VEIGA VIDAL VILA VILLARINO VIZOSO YANES YAÑEZ

A Ulloa:
ABELAIRAS ANDRADE AREAN ARIAS ARMAS ASCARIZ AYUDE BALBOA BARGADOS
BARRIO BESTEIRO BLANCO BUJAN CABANA CABANAS CALVO CARBALLO CARNERO

CASAL CASARES CASTIÑEIRA CASTRO CONDE CORREDOIRA COSTA COTO COUCHEIRO

DIAZ DIEGUEZ ESPAÑA ESTEVEZ EXPOSITO FENTE FERNANDEZ FERREIRO FERRO
FONTAO FRAGA GARCIA GAYOSO GIL GOMEZ GONZALEZ GUERRA GUERREIRO

IGLESIAS LAMAZARES LOPEZ LORENZO LOSADA LOUZAO MARIÑO MARTINEZ MATO

MEILAN MEJUTO MENDEZ MODIA MONTES MOREIRAS MOSQUERA NEGRO NUÑEZ
ORO OROZCO OTERO OURO PACIN PAMPIN PARADA PARDO PAREDES

PATAO PAZOS PENA PENAS PEREIRA PEREIRO PEREZ PORTO PORTOMEÑE
PRADO PRIETO QUINTAS QUINTEIRO RAMOS RANDULFE REGADIO REY RIVAS
RODRIGUEZ ROJO RUBIN SAAVEDRA SALGADO SAMPAYO SANCHEZ SANTISO SEIJAS
SEOANE SOBRADO SOENGAS SOUTO TABOADA TORREIRO TORRES ULLOA VAL

VALIÑO VARELA VAZQUEZ VIDAL VILA VILARIÑO VILLAMOR VILLASANTE VIÑA

VIÑAS

A Fonsagrada:

ALONSO ALVAREZ ARIAS BLANCO BRAÑA DIAZ FERNANDEZ GARCIA GONZALEZ

GRAÑA LINARES LOPEZ MENDEZ NEIRA NUÑEZ PEREZ RICO RODIL
RODRIGUEZ SAAVEDRA VILLAR
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East Mariña:
ACEBO ALONSO ALVAREZ AMOR ARIAS BALSEIRO BARCIA BARRERA BERMUDEZ

BOUSO BOUZA BRAÑA DIAZ DOMINGUEZ EXPOSITO FERNANDEZ GALLO GARCIA
GASALLA GINZO GOMEZ GONZALEZ GUTIERREZ IGLESIAS LOMBARDERO LOPEZ LOUREIRO
MARTIN MARTINEZ MASEDA MENDEZ MIRANDA MONTERO NAVARRO NOVO OTERO

PAZ PEÑA PEREIRA PEREZ PRIETO QUINTANA RAMALLAL RANCAÑO REGO
REIMONDO REY RIO RIVAS ROCHA RODIL RODRIGUEZ SANCHEZ SANJURJO
SANTE TEIJEIRO VALEA VAZQUEZ VEIGA VIDAL VILLAPOL VILLAR VILLARINO

YANES YAÑEZ

Os Ancares:
ALVAREZ ARIAS CARBALLO DIAZ FERNANDEZ GARCIA GOMEZ GONZALEZ LOPEZ

MARTINEZ MENDEZ NUÑEZ PEREZ RAMOS RODRIGUEZ SUAREZ TRABADO VAZQUEZ

Terra de Lemos:
ALVAREZ ARIAS BLANCO CARBALLO CASTRO DIAZ FERNANDEZ FERREIRO GARCIA

GOMEZ GONZALEZ GOYANES GUITIAN IGLESIAS LOPEZ LOSADA MARIÑO MARTINEZ

MENDEZ NOVO NUÑEZ OTERO PARDO PEÑA PEREZ QUIROGA RODRIGUEZ
SALGADO SANCHEZ SOMOZA VALCARCEL VARELA VAZQUEZ VEIGA VIDAL

Chantada:
ABAD ALVARADO ALVAREZ AMORIN ANDRADE AREAN ARIAS BERNARDEZ BESTEIRO

BLANCO CABO CALVIÑO CAMIÑAS CAPON CARBALLO CASAL CASTRO CONDE
COSTELA DELGADO DEUS DIAZ DIEGUEZ DOMINGUEZ DOVAL EIRIZ ESTEVEZ
EXPOSITO FENTE FERNANDEZ FERREIRO GARCIA GAYOSO GIL GOMEZ GONZALEZ
GOYANES GUERRA IGLESIAS JORGE LAMAS LEDO LINARES LOPEZ LOSADA

MARTINEZ MAZAIRA MENDEZ MONTES MOSQUERA MOURE MOURENZA MUÑIZ NEIRA

NOGUEIRA NOVOA OTERO PARDO PAVON PEREIRA PEREZ PIÑEIRO PRADO
QUINTANA RATON REGAL REY RIGUEIRA RIOS RODRIGUEZ SAA SAAVEDRA
SALGADO SAMPAYO SANCHEZ SANMARTIN SANTEIRO SANTISO SANTOS SEIJAS SEOANE
SILVA SUAREZ TABOADA TEIXEIRA TORRES ULLOA VARELA VAZQUEZ VENCE

VIANA VIDAL VILA VILARIÑO YEBRA

Lugo:
ARIAS CARREIRA CASTRO DIAZ FERNANDEZ FOLGUEIRA GARCIA GOMEZ GONZALEZ

IGLESIAS LOPEZ MARTINEZ MEILAN MENDEZ NOVO NUÑEZ PEREZ REGUEIRO
RODRIGUEZ SAAVEDRA SANCHEZ SEIJAS VARELA VAZQUEZ VILA

West Mariña:
ABAD ALVAREZ ARIAS BALSEIRO BASANTA BELLAS BERDEAL BLANCO CAO
CASTRO CHAO CORA COSTA DIAZ DOMINGUEZ DOVALE DURAN FERNANDEZ
FERREIRO FRAGA FRANCO GARCIA GOMEZ GONZALEZ IGLESIAS INSUA LAMELAS

LOPEZ LOSADA LOZANO MARIÑO MARTINEZ MASEDA MENDEZ NOVO NUÑEZ
OTERO PALEO PARAPAR PARDO PAZ PEDRE PENA PEREZ PERNAS
PITA PRADO PRIETO RAMOS REGO REY RIVEIRA RODRIGUEZ ROLLE
RUA RUBAL SALGUEIRO SANCHEZ SEIJAS SEOANE SIERRA SOTO VARELA

VAZQUEZ YAÑEZ
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Quiroga:

ALVAREZ ARIAS ARMESTO BAO BARREIRO BLANCO CASANOVA CASTIÑEIRA CASTRO
DIAZ ENRIQUEZ FERNANDEZ FERREIRO FRANCO FUENTES GARCIA GOMEZ GONZALEZ
IGLESIAS LAGO LOLO LOPEZ LOSADA MACIA MARTINEZ MONDELO MONTERO

NOGUEIRA NUÑEZ OTERO PEREZ POL PRIETO QUIÑONES QUIROGA RIVAS
RIVERA RODRIGUEZ ROMERO SANCHEZ SOTO TOUZON VAZQUEZ VILA

Sarria:
ALVAREZ ARIAS ARMESTO CASTRO DIAZ FERNANDEZ GARCIA GOMEZ GONZALEZ

LOPEZ MARTINEZ MENDEZ MONTERO NUÑEZ PEREZ QUIROGA REGUEIRO RIVERA
RODRIGUEZ SANCHEZ VAZQUEZ

Meira:
ALONSO ALVAREZ ARES ARIAS BERMUDEZ CAMPO CANCIO CASTRO DIAZ
DOVAL FERNANDEZ FERREIRO GARCIA GOMEZ GONZALEZ LOPEZ LUNA MENDEZ

MUIÑA NEIRA NOGUEIRA OTERO PENA PEREZ RANCAÑO RICO RODRIGUEZ
SEIVANE SOUTO TEIJEIRO TELLA VAZQUEZ VIDAL

Allariz-Maceda:
ALVAREZ BLANCO CARBALLO CID COELLO CONDE DELGADO DOMINGUEZ FEIJOO
FERNANDEZ FERREIRO GARCIA GARRIDO GAVILANES GOMEZ GONZALEZ GUEDE IGLESIAS
LOPEZ LORENZO LOZANO MARQUEZ MARTINEZ NOVOA OTERO PEREIRA PEREZ
RODRIGUEZ ROMERO SALGADO SANTOS SILVA VAZQUEZ VILA

Ourense:
ALONSO ALVAREZ BLANCO CASTRO CONDE DIAZ DOMINGUEZ FERNANDEZ FERREIRA
GARCIA GOMEZ GONZALEZ IGLESIAS LOPEZ MARTINEZ NOVOA PEREIRA PEREZ
RODRIGUEZ VARELA VAZQUEZ

O Ribeiro:
ALONSO ALVAREZ DOMINGUEZ ESTEVEZ FERNANDEZ GOMEZ GONZALEZ IGLESIAS LOPEZ
LORENZO MARTINEZ PEREIRA PEREZ REY RIVERA RODRIGUEZ VAZQUEZ

A Limia:
ALONSO ALVAREZ ARAUJO BLANCO CAMPOS CID DOMINGUEZ FEIJOO FERNANDEZ
FERREIRO GARCIA GOMEZ GONZALEZ LOPEZ LORENZO LOSADA MARTINEZ PEREZ
RODRIGUEZ SALGADO VAZQUEZ

Baixa Limia:
ALONSO ALVAREZ ARAUJO BLANCO COSTA DASILVA DELGADO DIAZ DOMINGUEZ
ESTEVEZ FERNANDEZ FONDEVILA GARCIA GOMEZ GONZALEZ LEON LOPEZ LORENZO
MARTINEZ MENDEZ PAZ PEREIRA PEREZ QUINTAS RODRIGUEZ SALGADO SANTOS
SILVA VAZQUEZ
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Valdeorras:
ALONSO ALVAREZ ARIAS BLANCO CARRACEDO DIEGUEZ DOMINGUEZ ESTEVEZ FERNANDEZ
GARCIA GOMEZ GONZALEZ LOPEZ LORENZO LOSADA MARTINEZ PEREIRA PEREZ
PRADA RODRIGUEZ SANCHEZ VAZQUEZ VEGA

O Carballiño:
ALVAREZ CASTRO DOMINGUEZ FERNANDEZ GARCIA GIL GOMEZ GONZALEZ IGLESIAS
LOPEZ MARTINEZ NOVOA OTERO PEREZ RODRIGUEZ SANCHEZ VAZQUEZ

Terra de Celanova:
ALONSO ALVAREZ DIAZ DOMINGUEZ ESTEVEZ FEIJOO FERNANDEZ FERREIRA GARCIA
GOMEZ GONZALEZ LOPEZ LORENZO MARTINEZ MIGUEZ NOVOA PEREIRA PEREZ
RODRIGUEZ SALGADO VAZQUEZ VELOSO

Veŕın:
ALONSO ALVAREZ BLANCO CARBALLO DIEGUEZ DOMINGUEZ ESTEVEZ FERNANDEZ GALLEGO

GARCIA GOMEZ GONZALEZ GUERRA LOPEZ LORENZO LOSADA MARTINEZ NUÑEZ
PARADA PEREZ RIVERO RODRIGUEZ ROMERO RUA SALGADO VAZ

Terra de Caldelas:
ALVAREZ BLANCO CARBALLO CRESPO DIAZ DIEGUEZ DOMINGUEZ FERNANDEZ GARCIA
GOMEZ GONZALEZ LOPEZ MARTINEZ NOVOA PARENTE PEREZ PRIETO RODICIO
RODRIGUEZ VARELA VAZQUEZ

Terra de Trives:
ALONSO ALVAREZ ARIAS BLANCO CARBALLO CASTRO DIEGUEZ DOMINGUEZ ESTEVEZ

FERNANDEZ GOMEZ GONZALEZ LOPEZ LOSADA MARTINEZ NUÑEZ PEREZ RODRIGUEZ

SANCHEZ VAZQUEZ YAÑEZ

Viana:
ALONSO ALVAREZ BARJA BASALO BLANCO CARRACEDO DIEGUEZ DOMINGUEZ DOS SANTOS
ESTEVEZ FERNANDEZ GARCIA GOMEZ GONZALEZ GRANDE GUERRA LOPEZ LUIS
MARIN MARTINEZ PEREIRA PEREZ PRIETO RODRIGUEZ SANCHEZ SEOANE SIERRA

VAZQUEZ VEGA YAÑEZ

A Paradanta:
ALFONSO ALONSO ALVAREZ ARAUJO BARCIA BARREIRO BARROS BLANCO BLAS
CARBALLO CASTRO CORDERO COSTA COSTAS DIAZ DIZ DOMINGUEZ DOVAL
DURAN ESTEVEZ FARO FEIJOO FERNANDEZ FERREIRA FERREIRO FONTAN FRANCISCO
GARCIA GIL GIRALDEZ GOMEZ GONZALEZ GREGORIO IGLESIAS LAGE LAMAS

LOPEZ LORENZO MARIÑO MARTINEZ MENDEZ MIGUELEZ MOREIRA MOSQUERA MOURE

MUÑOZ NUÑEZ OLIVEIRA OTERO PAZ PAZOS PEREIRA PEREZ PINO

PIÑEIRO PORTELA PRIETO PUIME RAMOS REY RIAL RIVAS RIVEIRO
RIVERA ROCHA RODRIGUEZ SALGADO SANCHEZ SENDIN SILVA SOLLA SOUSA
SOUTO SUAREZ TORRES VARELA VAZQUEZ VIDAL VIEITEZ
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Pontevedra:
ALVAREZ BARREIRO BARROS BLANCO BOULLOSA BUGALLO CARAMES CASAL CASTRO
COLLAZO DIAZ DOMINGUEZ DURAN ESTEVEZ FERNANDEZ FONTAN FRANCO GARCIA
GIL GOMEZ GONZALEZ IGLESIAS JUSTO LOPEZ LORENZO MARTINEZ MENDEZ

MUIÑOS OTERO PAZ PAZOS PEREIRA PEREZ PINTOS PIÑEIRO REY
RIVAS RODRIGUEZ SANCHEZ SANMARTIN SILVA SOLLA SUAREZ TABOADA TORRES
VARELA VAZQUEZ VIDAL

Vigo:
ALONSO ALVAREZ BARREIRO BLANCO CASAL CASTRO CONDE COSTA COSTAS
DACOSTA DIAZ DOMINGUEZ DURAN ESTEVEZ FERNANDEZ FERREIRA FONTAN GARCIA
GARRIDO GIL GOMEZ GONZALEZ HERMIDA IGLESIAS LOPEZ LORENZO MARTINEZ

MENDEZ MIGUEZ MOSQUERA MOURIÑO OTERO PAZO PEREIRA PEREZ PIÑEIRO
PORTELA REY RODRIGUEZ ROMERO SANCHEZ SANTOS SILVA SOTO SOUSA
SUAREZ TABOAS TORRES VAZQUEZ VEIGA VILA VILLAR

O Morrazo:

ABAL ABALO ACUÑA AGULLA ALDAO ALFAYA ALFONSO ALONSO ALVAREZ
AMOEDO ANTEPAZO AREA ARGIBAY BAMIO BARBOSA BARCIA BARREIRO BARROS

BELLO BERMUDEZ BERNARDEZ BLANCO BOUBETA BOULLOSA BROULLON BUDIÑO CAAMAÑO

CABALEIRO CABANELAS CAEIRO CALVAR CAMAÑO CAMIÑA CAMPOS CANOSA CAO

CARBALLO CARRACELAS CARRO CASAS CASTRO CEREIJO CERQUEIRO CERVIÑO CHAPELA

COLLAZO COMESAÑA CORDEIRO CORRALES CORTIZO COSTA COSTAS COUSO COVELO
CRESPO CRUJEIRAS CRUZ CURRA CURRAS DACOSTA DASILVA DAVILA DIAZ
DIEGUEZ DIEZ DIOS DIZ DOMINGUEZ DOPAZO DURAN ENTENZA ESTEVEZ

FANDIÑO FARIA FARIÑA FERNANDEZ FERRADAS FERREIRA FERRER FERVENZA FIGUEROA
FOLGAR FONSECA FONTAN FRAGA FRANCO FREIRE GALLEGO GARCIA GARRIDO

GAYO GESTIDO GIL GIRALDEZ GOMEZ GONZALEZ GRAÑA GREGORIO GUARDADO
GUTIERREZ HERMELO IGLESIAS JUNCAL LAGO LEMOS LEON LINO LOIRA

LOPEZ LORENZO LOUREIRO MALVAR MALVIDO MAQUIEIRA MARIÑO MARQUEZ MARTIN

MARTINEZ MEIRA MENDEZ MENDUIÑA MIGUEZ MIRANDA MOLANES MOLDES MOLEDO

MONTES MOREIRA NOGUEIRA NORES NOVAS NOVO NUÑEZ OGANDO OLIVEIRA

OTERO PACHECO PADIN PARADA PARDO PAREDES PASTORIZA PATIÑO PAZ

PAZO PAZOS PENA PEREIRA PEREZ PIEDRAS PINTOS PIÑEIRO POCEIRO
PORTAS PORTELA PORTO POUSA POUSADA PRIETO QUINTELA REGUEIRA REGUERA
REY RIAL RIO RIOBO RIOS RIVAS RIVEIRO RIVERA RIVERO
RODAL RODAS RODRIGUEZ ROMERO ROSALES ROUCO RUA SA SALGADO
SALGUEIRO SAMPEDRO SANCHEZ SANJORGE SANMARTIN SANTACLARA SANTIAGO SANTOME SANTOS

SEIJAS SEIJO SEQUEIROS SILVA SOAGE SOBRAL SOLIÑO SOLLA SOTELO

SOTO SOUSA SOUTO SUAREZ TENORIO TOME TORRE TORRES TOURIÑO
TRONCOSO VALLADARES VALVERDE VARELA VAZQUEZ VEIGA VERDE VERDEAL VIDAL

VIEITES VIEITEZ VILA VILARIÑO VILAS VILLANUEVA VILLAR VILLAVERDE

Caldas:
ABALO ABOY ALONSO ALVAREZ BARREIRO BARROS BELLO BLANCO CAEIRO
CALVO CAMPOS CARBALLO CASAL CASCALLAR CASTRO CORDO DIAZ DIZ

DOMINGUEZ FABEIRO FARIÑA FERNANDEZ FERREIRO FERRO FIGUEIRAS FONTENLA GARCIA
GARRIDO GOMEZ GONZALEZ IGLESIAS JAMARDO LAFUENTE LAGO LOPEZ LORENZO

LOSADA LOUREIRO MAGARIÑOS MARTINEZ NUÑEZ OTERO PAZ PEREIRA PEREZ

PIÑEIRO PORTAS RAMOS REY RIAL RIOS RODRIGUEZ ROMERO SANCHEZ
SILVA SUAREZ TORRES TOUCEDA VARELA VAZQUEZ VIDAL
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O Salnés:
ABAL AGRA ALVAREZ AROSA BARREIRO BLANCO CARRO CASAL CASTRO

CHAVES CORES COSTA COUSIDO DIAZ DOMINGUEZ ESPERON FALCON FARIÑA

FEIJOO FERNANDEZ FREIRE FUENTES GALIÑANES GARCIA GOMEZ GONDAR GONZALEZ

IGLESIAS LEIRO LOPEZ LORENZO MARIÑO MARTINEZ MEIS MENDEZ MIGUEZ

MOURIÑO MUÑIZ NUÑEZ OTERO OUBIÑA OUTEDA OUTON PADIN PARADA

PAZOS PEREIRA PEREZ PIÑEIRO PORTO PRADO REY RIAL RIVAS
RIVEIRO RODRIGUEZ ROMAY ROMERO RUIBAL SANTAMARIA SANTOS SERANTES SILVA
SUAREZ TORRES VARELA VAZQUEZ VIDAL VILLANUEVA

Tabeirós-Terra de Montes:
ALMEIDA ALONSO ALVAREZ ANTELO ARCA ARES ARIAS BALSEIROS BARREIRA
BARREIRO BARROS BERNARDEZ BERTOLO BLANCO BOUZAS BUGALLO CABADA CACHAFEIRO

CALVIÑO CALVO CAMBA CAMIÑA CAMPOS CANABAL CAO CARAMES CARBALLO

CARRACEDO CASAL CASTRO CERVIÑO CONDE CONSTENLA CORTIZO COUCEIRO COUTO

CRESPO DAPENA DARRIBA DIAZ DIEGUEZ DIZ DOMINGUEZ ESPIÑEIRA FARIÑA
FERNANDEZ FERREIRA FERREIRO FILLOY FONTENLA FORTES FRAIZ FREIRE GAITEIRO
GAMALLO GARCIA GARRIDO GIL GOMEZ GONZALEZ GRELA GUINARTE GULIAS
GUTIERREZ IGLESIAS JANEIRO LAMAS LEIRO LOIS LOJO LOPEZ LORENZO

MARIÑO MARQUEZ MARTINEZ MENDEZ MIGUEZ MONTEAGUDO MONTERO MORGADE MOSQUERA

NEIRA NOGUEIRA NOVOA NUÑEZ OBELLEIRO OGANDO OTERO PAMPIN PARAFITA

PAZOS PENA PEREIRA PEREIRAS PEREZ PICHEL PICON PIÑEIRO PORTO
POSE POUSADA PRADO PULLEIRO QUINTEIRO QUINTILLAN RAMOS RAPADO RAPOSO
RASCADO REBOREDO REGUEIRO REY RIVAS RODRIGUEZ ROZADOS SALGUEIRO SANCHEZ
SANMARTIN SANTOS SEIJAS SIEIRO SILVA SIMAL SIMOES SOTO SOUTO

SUAREZ TABOADA TATO TERCEIRO TORREIRO TORRES TROITIÑO VALES VALIÑAS
VARELA VAZQUEZ VIDAL VILABOA VILAR VILLANUEVA VILLAR VILLAVERDE

Deza:

ALVAREZ AREAN BARREIRO BERNARDEZ BLANCO CALVIÑO CALVO CARBALLO CASTRO
COSTA DIAZ DIEGUEZ FERNANDEZ FRAGA GARCIA GIL GOMEZ GONZALEZ
HERMIDA IGLESIAS LAMAS LOIS LOPEZ LORENZO MARTINEZ MENDEZ MONTOTO
OTERO PAJARO PAZ PEREZ REY RIVAS RODRIGUEZ SANCHEZ SILVA
SOBRADO TABOADA TORREIRO VARELA VAZQUEZ VILA VILAR VILLAR

O Baixo Miño:
ACEVEDO ALONSO ALVAREZ AMORIN ARAUJO ARIAS BARBOSA BARREIRO BARROS
BAZ BLANCO BOUZADA CALVO CAMPOS CARDOSO CASALEIRO CASTRO CERQUEIRA
COELLO CONDE CORREA COSTA CRESPO CRUCES DIAZ DIEGO DOMINGUEZ
DORADO DURAN ESTEVEZ FERNANDEZ FERREIRA GANDARA GARCIA GIRALDEZ GOMEZ

GONZALEZ GRANJA IGLESIAS LAGO LIMA LOMBA LOPEZ LORENZO MARIÑO

MARTIN MARTINEZ MATOS MENDEZ MIGUEZ MISA NUÑEZ OLIVEIRA OTERO

PEREIRA PEREZ PIMENTEL PIÑEIRO PORTELA PUERTAS RIVERO ROCHA RODRIGUEZ
SANCHEZ SENRA SILVA SOBRINO SOUTO SUAREZ VICENTE VIDAL VIEIRA

O Condado:
ALEN ALONSO ALVAREZ BARROS BLANCO BOUZA CARBALLO CARRERA CASAL
CASTRO CORREA COSTAS COUTO DIAZ DIZ DOMINGUEZ DURAN ESTEVEZ
FERNANDEZ FERREIRA FORTES FRAGUEIRO FRANCISCO GARCIA GARRIDO GOMEZ GONZALEZ

GROBA IGLESIAS LAGE LAGO LOPEZ LORENZO MARIÑO MARTINEZ MERA

MIGUEZ MONTERO MOREIRA NUÑEZ OJEA OTERO PARADA PAZOS PEREIRA
PEREZ RODRIGUEZ SANCHEZ SILVA SOTO SOUSA TABOAS TATO TRONCOSO
VARELA VAZQUEZ VILAS
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Appendix E

Pearson’s chi-square
goodness-of-fit test

This Appendix is devoted to provide additional results used in Chapter 4, related to
fact that, the question is to know whether the distribution of surnames in Galicia fits
a known probability distribution and whether it is the discrete Pareto distribution as
in the work of Fox and Lasker (1983).

A random variable X will be said to have a (discrete) Pareto distribution with

parameter c, if its probability mass is of the form P(X = x) = x−(c+1)

ζ(c+1)
, x ∈ supp(X)

where c > 1, is a parameter measuring decay rate, and ζ is the Riemann zeta function
(which is undefined for c = 1). In such a case it can will write X ∼ zeta(c), i.e.,

ζ(c) = zeta(c) =
∞∑
x=1

1
xc
.

The following hypothesis test is proposed:

H0 : X ∼ ζ(c) that sample comes from a Pareto distribution of parameter c.

H1 : 6= H0 is composed of all distributions different from H0.

where c is the constant obtained previously (described on Chapter 4 Section 4.2).
Since the sample is large, Chi-square goodness-of-fit (χ2 GoF) test can be applied.
This Appendix explains why χ2 goodness-of-fit test is used.

If the population distribution is divided into k disjoint sets: A1, A2 . . . Ak =
1, 2, . . . , k, (different occurrences), be p0

i the probability of each Ai under the distribu-
tion F0 = Z(c) and pi the unknown probability that the theoretical distribution Z(c)
assigned to each Ai. The random variable N1, N2 . . . Nk, which counts the number
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of observations of the sample in each of the subsets A1, A2 . . . Ak, has a multinomial
distribution with parameters n and p = (p1, p2 . . . . . . , pk). That is:

P {N1 = n1, N2 = n2, . . . , Nk = nk} =
n!

n1!n2! . . . nk!
pn1

1 p
n2
2 . . . pnkk

The idea then is to replace the non-parametric test initially proposed with the hypo-
thesis test. H0 : p = p0, in the face of the alternative H1 : p 6= p0, carried out on the
basis of the values n1 . . . , nk, that the sample has provided to the variables N1 . . . Nk.

One can consider using the likelihood ratio test. The maximum likelihood estim-
ators of the parameters pi are p̂i = N

n
, so the likelihood ratio is:

Λ (N1, N2, . . . , Nk) =
(p0

1)
N1 (p0

2)
N2 · · · (p0

k)
Nk

p̂N1
1 p̂N2

2 · · · p̂
Nk
k

=
k∏
i=1

(
p0
i

p̂i

)Ni
.

The critical region of the likelihood ratio test is therefore the critical region

{Λ < C} = {−2 log Λ > k},

is based, therefore, on the statistc

−2 log Λ = 2
k∑
i=1

Ni

(
log p̂i − log p0

i

)
,

whose asymptotic distribution is χ2
k−1 (assumption that p = p0).

Note that −2 log Λ is a weighted measure of the differences between the theoretical
probabilities of (p0

i ) of each of the sets Ai and the observed frequencies (p̂i) in each
of them.

The statistical tradition regarding goodness-of-fit, initiated by Pearson in 1900,
before the development of likelihood ratio tests, means that the −2 log−Λ statistic
is not normally used. It is usually replaced by a somewhat more natural measure of
the discrepancy between the p̂i and the p0

i defined by:

D =
k∑
i=1

n

p0
i

(
p̂i − p0

i

)2
=

k∑
i=1

(Ni − np0
i )

2

np0
i

,

which, as seen in the last expression, accumulates the squared differences between the
number of observations in each set Ai and the number of them that could be expected
according to Z(c), weighting them by 1/np0

i .
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Pearson’s intuition in choosing the weighting factors 1/np0
i is surprising: not only

does it allow to determine the sampling distribution of D, but it provides values very
close to the likelihood ratio.

Indeed, admitting that (p0
i − p̂i) /p̂i small quantities,

log
p0
i

p̂i
= log

(
1 +

p0
1 − p̂i
p̂i

)
' p0

i − p̂i
p̂i

− 1

2

(
p0
i − p̂i
p̂i

)2

then

log Λ '
k∑
i=1

Ni
p0
i − p̂i
p̂i

− 1

2

k∑
i=1

Ni
(p0
i − p̂)

2

p̂2
i

= n

k∑
i=1

(
p0
i − p̂i

)
− 1

2

k∑
i=1

n2

Ni

(
p̂i − p0

i

)2

= −1

2

k∑
i=1

(Ni − np0
i )

2

Ni

so that

−2 log Λ '
k∑
i=1

(Ni − np0
i )

2

Ni

'
k∑
i=1

(Ni − np0
i )

2

np0
i

because Ni ' np0
i for each i.

In any case, the choice of the D statistic leads to the critical region goodness-of-fit
test: D > C and it is necessary to know the sampling distribution of D - under the
null hypothesis - in order to determine C according to the chosen significance level.

When n→∞

D =
k∑
i=1

(Ni − npi)2

npi

d−→ χ2
k−1.
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Appendix F

Surname distributions and
migration range

This Appendix is devoted to provide additional results used in Chapter 4. In this
Annex, a series of tables and figures are presented to complement the Section 4.3,
detailed by gender and for each of the migrant distances used. Immigrants will
be grouped together in four classes according to the place of origin: short-range
(migrations between municipalities within Galicia that are less than 50 km apart),
medium-range (other migrations within Galicia municipalities), long-range migrants
(migrants from neighbouring provinces (Asturias, Zamora and León)) and very large-
range migrants (migrants from the rest of Spain).

Likewise, in the Figures F.1-F.4, four circular bar charts are shown, one for each
province of Galicia. In each of them, the study municipalities, A Coruña. Vigo, O
Bolo, Ribeira, A Pontenova and Ordes, are indicated.

Tables F.1-F.6 show absolute frequency S of different surnames as a function
of the number of individuals k carring the surname, x = log2(k); y = log2(S) and
Figure F.5 shows the log-log distributions of surnames represented by k individuals
with frequency S in inmigrants to A Coruña, Vigo, O Bolo, Ribeira, A Pontenova
and Ordes, respectively.

From Table F.8, it can be observed that the sex ratio, practically for all distance in
A Crouña and Vigo, and in favour of females, increases sharply at long and very long
distances. In the municipality of O Bolo, the migrations of men outnumber women
(Ratio 2.40 for long distances and 1.50 for very long distances). In the municipality
of Ribeira, there are no major differences between men and women, sometimes the
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Figure F.1: Population of the municipalities of A Coruña for the year 2000. Marked
in red, the municipalities of A Coruña (241769, IGE, 2000), Ribeira (26478, IGE,
2000) and Ordes (11942, IGE, 2000). The municipality of A Coruña is the most
populated in the province. Ribeira is located on the west coast of the province of La
Coruña, in the Barbanza region. Its capital and most populated urban centre is Santa
Ux́ıa de Ribeira. It is one of the most southerly in the province. It is one of the most
populated municipalities in the province after the large cities. Ordes belongs to the
region of Ordes (it gives its name to the region) and is halfway between Santiago de
Compostela and La Coruña. The yellow colour in the diagram represents the number
of women and the violet colour represents the number of men for each municipality.
The gender distribution is fairly symmetrical.
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Figure F.2: Population of the municipalities of Lugo for the year 2000. Marked in red,
the municipality of A Pontenova. It belongs to the region of La Mariña Oriental. In
2000 it had a population of 3389 inhabitants (IGE). The yellow colour in the diagram
represents the number of women and the violet colour represents the number of men
for each municipality. The gender distribution is fairly symmetrical.
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Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 663 9.37 0.00 834 9.70 0.00 877 9.78 0.00 645 9.33 0.00 765 9.58 0.00 855 9.74 0.00 617 9.27 0.00 647 9.34 0.00 764 9.58
2 1.00 315 8.30 1.00 334 8.38 1.00 409 8.68 1.00 286 8.16 1.00 332 8.38 1.00 359 8.49 1.00 201 7.65 1.00 306 8.26 1.00 330 8.37
(2,4] 1.81 252 7.98 1.81 293 8.19 1.81 353 8.46 1.81 244 7.93 1.81 270 8.08 1.81 350 8.45 1.81 204 7.67 1.81 228 7.83 1.81 275 8.10
(4,8] 2.70 225 7.81 2.70 234 7.87 2.70 283 8.14 2.70 218 7.77 2.70 225 7.81 2.70 261 8.03 2.70 205 7.68 2.70 203 7.67 2.70 230 7.85
(8,16] 3.64 179 7.48 3.64 181 7.50 3.64 247 7.95 3.64 167 7.38 3.64 174 7.44 3.64 239 7.90 3.64 140 7.13 3.64 157 7.29 3.64 207 7.69
(16.32] 4.61 125 6.97 4.61 140 7.13 4.61 179 7.48 4.61 118 6.88 4.61 139 7.12 4.61 182 7.51 4.61 87 6.44 4.61 115 6.85 4.61 161 7.33
(32,64] 5.60 69 6.11 5.60 97 6.60 5.60 141 7.14 5.60 68 6.09 5.60 91 6.51 5.60 129 7.01 5.60 53 5.73 5.60 75 6.23 5.60 104 6.70
(64,128] 6.59 39 5.29 6.59 61 5.93 6.59 102 6.67 6.59 33 5.04 6.59 60 5.91 6.59 101 6.66 6.59 17 4.09 6.59 37 5.21 6.59 85 6.41
>128 7.00 NA NA 7.00 NA NA 7.00 30 4.91 7.00 NA NA 7.00 NA NA 7.00 21 4.39 7.00 NA NA 7.00 NA NA 7.00 1 0.00

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 1007 9.98 0.00 1214 10.25 0.00 1232 10.27 0.00 999 9.96 0.00 1184 10.21 0.00 1455 10.51 0.00 953 9.90 0.00 1036 10.02 0.00 1876 10.87
2 1.00 439 8.78 1.00 488 8.93 1.00 545 9.09 1.00 415 8.70 1.00 465 8.86 1.00 602 9.23 1.00 345 8.43 1.00 404 8.66 1.00 654 9.35
(2,4] 1.81 392 8.61 1.81 432 8.75 1.81 570 9.15 1.81 360 8.49 1.81 404 8.66 1.81 583 9.19 1.81 280 8.13 1.81 359 8.49 1.81 550 9.10
(4,8] 2.70 294 8.20 2.70 337 8.40 2.70 456 8.83 2.70 284 8.15 2.70 321 8.33 2.70 465 8.86 2.70 243 7.92 2.70 237 7.89 2.70 413 8.69
(8,16] 3.64 190 7.57 3.64 187 7.55 3.64 311 8.28 3.64 174 7.44 3.64 182 7.51 3.64 295 8.20 3.64 116 6.86 3.64 160 7.32 3.64 263 8.04
(16.32] 4.61 89 6.48 4.61 132 7.04 4.61 209 7.71 4.61 87 6.44 4.61 119 6.89 4.61 203 7.67 4.61 64 6.00 4.61 84 6.39 4.61 162 7.34
(32,64] 5.60 53 5.73 5.60 70 6.13 5.60 109 6.77 5.60 50 5.64 5.60 74 6.21 5.60 107 6.74 5.60 41 5.36 5.60 53 5.73 5.60 86 6.43
(64,128] 6.59 22 4.46 6.59 36 5.17 6.59 81 6.34 6.59 19 4.25 6.59 29 4.86 6.59 75 6.23 6.59 10 3.32 6.59 18 4.17 6.59 57 5.83
>128 7.00 NA NA 7.00 NA NA 7.00 5 2.32 7.00 NA NA 7.00 NA NA 7.00 5 2.32 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 517 9.01 0.00 643 9.33 0.00 793 9.63 0.00 500 8.97 0.00 611 9.26 0.00 768 9.58 0.00 400 8.64 0.00 460 8.85 0.00 622 9.28
2 1.00 154 7.27 1.00 171 7.42 1.00 256 8.00 1.00 150 7.23 1.00 152 7.25 1.00 247 7.95 1.00 85 6.41 1.00 104 6.70 1.00 171 7.42
(2,4] 1.81 100 6.64 1.81 88 6.46 1.81 183 7.52 1.81 87 6.44 1.81 81 6.34 1.81 155 7.28 1.81 52 5.70 1.81 41 5.36 1.81 107 6.74
(4,8] 2.70 43 5.43 2.70 46 5.52 2.70 93 6.54 2.70 38 5.25 2.70 41 5.36 2.70 94 6.55 2.70 23 4.52 2.70 23 4.52 2.70 40 5.32
(8,16] 3.64 17 4.09 3.64 18 4.17 3.64 43 5.43 3.64 16 4.00 3.64 12 3.58 3.64 33 5.04 3.64 12 3.58 3.64 11 3.46 3.64 21 4.39
(16.32] 4.61 17 4.09 4.61 20 4.32 4.61 21 4.39 4.61 15 3.91 4.61 20 4.32 4.61 22 4.46 4.61 8 3.00 4.61 14 3.81 4.61 19 4.25
(32,64] 5.60 1 0.00 5.60 1 0.00 5.60 15 3.91 5.60 NA NA 5.60 1 0.00 5.60 12 3.58 5.60 NA NA 5.60 NA NA 5.60 5 2.32
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 1396 10.45 0.00 1448 10.50 0.00 1448 10.50 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 423 8.72 1.00 362 8.50 1.00 362 8.50 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 262 8.03 1.81 215 7.75 1.81 215 7.75 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 125 6.97 2.70 103 6.69 2.70 103 6.69 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 51 5.67 3.64 51 5.67 3.64 51 5.67 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16.32] 4.61 25 4.64 4.61 18 4.17 4.61 18 4.17 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 12 3.58 5.60 6 2.58 5.60 6 2.58 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.1: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of A Coruña. The sub-tables on the left refers to the
data for the year 2000, the central ones for the data of the population born in the
year 1965 or before, and the ones on the right for the population born in the year
1945 or before. Each subtable is in turn divided into three subtables, the information
is divided by gender and the total. And in turn everything is calculated for each
of the migration distances (short-range, medium-range, long-range, very-long-range)
considered. The first column represents the logarithm in base two of the number of
individuals, which is measured in intervals by rows, the midpoint of the interval is
considered for the calculation, the second column is the number of different surnames
that fall within each interval and finally, the third column is the logarithm in base
two of the number of surnames.

ratio is in favour of men and sometimes in favour of women. In the case of the
municipality of A Pontenova, the value of the ratio in favour of men (Ratio 2) stands
out for migrations from neighbouring communities. In the case of the municipality
of Ordes, in the case of short and very long distances, the ratio value is in favour of
women and in intermediate distances in favour of men.
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Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 817 9.67 0.00 1005 9.97 0.00 1077 10.07 0.00 779 9.61 0.00 965 9.91 0.00 1051 10.04 0.00 702 9.46 0.00 801 9.65 0.00 940 9.88
2 1.00 292 8.19 1.00 333 8.38 1.00 433 8.76 1.00 277 8.11 1.00 292 8.19 1.00 400 8.64 1.00 221 7.79 1.00 272 8.09 1.00 320 8.32
(2,4] 1.81 267 8.06 1.81 310 8.28 1.81 376 8.55 1.81 251 7.97 1.81 288 8.17 1.81 341 8.41 1.81 237 7.89 1.81 240 7.91 1.81 307 8.26
(4,8] 2.70 218 7.77 2.70 223 7.80 2.70 320 8.32 2.70 196 7.61 2.70 225 7.81 2.70 297 8.21 2.70 149 7.22 2.70 196 7.61 2.70 243 7.92
(8,16] 3.64 159 7.31 3.64 169 7.40 3.64 226 7.82 3.64 143 7.16 3.64 172 7.43 3.64 216 7.75 3.64 104 6.70 3.64 137 7.10 3.64 184 7.52
(16,32] 4.61 80 6.32 4.61 109 6.77 4.61 169 7.40 4.61 78 6.29 4.61 89 6.48 4.61 162 7.34 4.61 50 5.64 4.61 55 5.78 4.61 123 6.94
(32,64] 5.60 49 5.61 5.60 57 5.83 5.60 92 6.52 5.60 46 5.52 5.60 53 5.73 5.60 89 6.48 5.60 40 5.32 5.60 44 5.46 5.60 67 6.07
(64,128] 6.59 26 4.70 6.59 36 5.17 6.59 73 6.19 6.59 18 4.17 6.59 32 5.00 6.59 68 6.09 6.59 NA NA 6.59 17 4.09 6.59 39 5.29
>128 7.00 NA NA 7.00 NA NA 7.00 9 3.17 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 1104 10.11 0.00 1273 10.31 0.00 1402 10.45 0.00 1105 10.11 0.00 1195 10.22 0.00 2941 11.52 0.00 1001 9.97 0.00 1050 10.04 0.00 2341 11.19
2 1.00 405 8.66 1.00 458 8.84 1.00 549 9.10 1.00 383 8.58 1.00 441 8.78 1.00 838 9.71 1.00 324 8.34 1.00 389 8.60 1.00 618 9.27
(2,4] 1.81 387 8.60 1.81 396 8.63 1.81 525 9.04 1.81 359 8.49 1.81 382 8.58 1.81 671 9.39 1.81 296 8.21 1.81 309 8.27 1.81 481 8.91
(4,8] 2.70 267 8.06 2.70 281 8.13 2.70 437 8.77 2.70 243 7.92 2.70 269 8.07 2.70 395 8.63 2.70 183 7.52 2.70 209 7.71 2.70 259 8.02
(8,16] 3.64 151 7.24 3.64 176 7.46 3.64 281 8.13 3.64 127 6.99 3.64 158 7.30 3.64 209 7.71 3.64 88 6.46 3.64 101 6.66 3.64 109 6.77
(16,32] 4.61 72 6.17 4.61 72 6.17 4.61 161 7.33 4.61 63 5.98 4.61 66 6.04 4.61 96 6.58 4.61 45 5.49 4.61 59 5.88 4.61 45 5.49
(32,64] 5.60 49 5.61 5.60 56 5.81 5.60 79 6.30 5.60 46 5.52 5.60 52 5.70 5.60 41 5.36 5.60 39 5.29 5.60 41 5.36 5.60 38 5.25
(64,128] 6.59 17 4.09 6.59 27 4.75 6.59 70 6.13 6.59 15 3.91 6.59 25 4.64 6.59 28 4.81 6.59 3 1.58 6.59 8 3.00 6.59 7 2.81
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 434 8.76 0.00 553 9.11 0.00 639 9.32 0.00 438 8.77 0.00 528 9.04 0.00 633 9.31 0.00 323 8.34 0.00 400 8.64 0.00 497 8.96
2 1.00 134 7.07 1.00 150 7.23 1.00 200 7.64 1.00 115 6.85 1.00 142 7.15 1.00 193 7.59 1.00 96 6.58 1.00 110 6.78 1.00 138 7.11
(2,4] 1.81 102 6.67 1.81 97 6.60 1.81 185 7.53 1.81 95 6.57 1.81 86 6.43 1.81 169 7.40 1.81 63 5.98 1.81 47 5.55 1.81 140 7.13
(4,8] 2.70 42 5.39 2.70 28 4.81 2.70 103 6.69 2.70 33 5.04 2.70 25 4.64 2.70 89 6.48 2.70 14 3.81 2.70 15 3.91 2.70 47 5.55
(8,16] 3.64 19 4.25 3.64 14 3.81 3.64 34 5.09 3.64 16 4.00 3.64 15 3.91 3.64 31 4.95 3.64 13 3.70 3.64 10 3.32 3.64 16 4.00
(16,32] 4.61 11 3.46 4.61 16 4.00 4.61 20 4.32 4.61 12 3.58 4.61 13 3.70 4.61 21 4.39 4.61 7 2.81 4.61 8 3.00 4.61 16 4.00
(32,64] 5.60 NA NA 5.60 NA NA 5.60 8 3.00 5.60 NA NA 5.60 NA NA 5.60 3 1.58 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 1369 10.42 0.00 2009 10.97 0.00 2009 10.97 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 398 8.64 1.00 451 8.82 1.00 451 8.82 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 240 7.91 1.81 258 8.01 1.81 258 8.01 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 131 7.03 2.70 135 7.08 2.70 135 7.08 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 56 5.81 3.64 82 6.36 3.64 82 6.36 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16,32] 4.61 25 4.64 4.61 22 4.46 4.61 22 4.46 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 16 4.00 5.60 20 4.32 5.60 20 4.32 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.2: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of Vigo. The sub-tables on the left refers to the data
for the year 2000, the central ones for the data of the population born in the year 1965
or before, and the ones on the right for the population born in the year 1945 or before.
Each subtable is in turn divided into three subtables, the information is divided by
gender and the total. And in turn everything is calculated for each of the migration
distances (short-range, medium-range, long-range, very-long-range) considered. The
first column represents the logarithm in base two of the number of individuals, which
is measured in intervals by rows, the midpoint of the interval is considered for the
calculation, the second column is the number of different surnames that fall within
each interval and finally, the third column is the logarithm in base two of the number
of surnames.

From Table F.9, it can be observed that the sex ratio, practically for all distance in
A Crouña and Vigo, and in favour of females, increases sharply at long and very long
distances. In the municipality of O Bolo migrations from Galicia are few in general
(Total 25) and more in the case of women than men, contrary to what happens in
the rest of the distances. In the municipality of Rebeira the ratio fluctuates above
and below that of men, but in very similar values. There are no major differences
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Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 12 3.58 0.00 15 3.91 0.00 18 4.17 0.00 13 3.70 0.00 16 4.00 0.00 21 4.39 0.00 11 3.46 0.00 19 4.25 0.00 24 4.58
2 1.00 6 2.58 1.00 11 3.46 1.00 8 3.00 1.00 3 1.58 1.00 9 3.17 1.00 5 2.32 1.00 3 1.58 1.00 4 2.00 1.00 3 1.58
(2,4] 1.81 3 1.58 1.81 2 1.00 1.81 8 3.00 1.81 3 1.58 1.81 1 0.00 1.81 6 2.58 1.81 3 1.58 1.81 1 0.00 1.81 5 2.32
(4,8] 2.70 2 1.00 2.70 1 0.00 2.70 4 2.00 2.70 1 0.00 2.70 NA NA 2.70 3 1.58 2.70 NA NA 2.70 NA NA 2.70 2 1.00
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 7 2.81 0.00 14 3.81 0.00 21 4.39 0.00 8 3.00 0.00 14 3.81 0.00 38 5.25 0.00 8 3.00 0.00 10 3.32 0.00 25 4.64
2 1.00 2 1.00 1.00 1 0.00 1.00 1 0.00 1.00 1 0.00 1.00 1 0.00 1.00 2 1.00 1.00 NA NA 1.00 1 0.00 1.00 1 0.00
(2,4] 1.81 NA NA 1.81 NA NA 1.81 1 0.00 1.81 NA NA 1.81 NA NA 1.81 1 0.00 1.81 NA NA 1.81 NA NA 1.81 NA NA
(4,8] 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 7 2.81 0.00 5 2.32 0.00 8 3.00 0.00 7 2.81 0.00 5 2.32 0.00 8 3.00 0.00 4 2.00 0.00 3 1.58 0.00 4 2.00
2 1.00 1 0.00 1.00 NA NA 1.00 1 0.00 1.00 2 1.00 1.00 NA NA 1.00 1 0.00 1.00 1 0.00 1.00 NA NA 1.00 1 0.00
(2,4] 1.81 1 0.00 1.81 NA NA 1.81 2 1.00 1.81 NA NA 1.81 NA NA 1.81 2 1.00 1.81 NA NA 1.81 NA NA 1.81 1 0.00
(4,8] 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 10 3.32 0.00 16 4.00 0.00 16 4.00 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 1 0.00 1.00 1 0.00 1.00 1 0.00 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 1 0.00 1.81 2 1.00 1.81 2 1.00 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 NA NA 2.70 2 1.00 2.70 2 1.00 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.3: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of O Bolo (province of Ourense). The sub-tables on the
left refers to the data for the year 2000, the central ones for the data of the population
born in the year 1965 or before, and the ones on the right for the population born
in the year 1945 or before. Each subtable is in turn divided into three subtables, the
information is divided by gender and the total. And in turn everything is calculated
for each of the migration distances (short-range, medium-range, long-range, very-
long-range) considered. The first column represents the logarithm in base two of the
number of individuals, which is measured in intervals by rows, the midpoint of the
interval is considered for the calculation, the second column is the number of different
surnames that fall within each interval and finally, the third column is the logarithm
in base two of the number of surnames.

between distances. In the municipality of A Pontenova, there is not much migration
(Total 232), it is noteworthy that in the case of longer distances the ratio value is
1. In the municipality of Ordes, women’s migration is higher in short and very long
distances, and in intermediate distances, men’s migration is higher.

From Table F.10, it can be observed that the sex ratio, practically the same at all
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Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 166 7.38 0.00 188 7.55 0.00 188 7.55 0.00 175 7.45 0.00 179 7.48 0.00 193 7.59 0.00 157 7.29 0.00 143 7.16 0.00 182 7.51
2 1.00 78 6.29 1.00 64 6.00 1.00 97 6.60 1.00 72 6.17 1.00 58 5.86 1.00 101 6.66 1.00 56 5.81 1.00 22 4.46 1.00 84 6.39
(2,4] 1.81 60 5.91 1.81 48 5.58 1.81 87 6.44 1.81 52 5.70 1.81 40 5.32 1.81 71 6.15 1.81 26 4.70 1.81 26 4.70 1.81 41 5.36
(4,8] 2.70 25 4.64 2.70 26 4.70 2.70 57 5.83 2.70 25 4.64 2.70 24 4.58 2.70 48 5.58 2.70 20 4.32 2.70 20 4.32 2.70 26 4.70
(8,16] 3.64 25 4.64 3.64 24 4.58 3.64 27 4.75 3.64 22 4.46 3.64 16 4.00 3.64 26 4.70 3.64 11 3.46 3.64 11 3.46 3.64 22 4.46
(16,32] 4.61 12 3.58 4.61 8 3.00 4.61 29 4.86 4.61 7 2.81 4.61 9 3.17 4.61 28 4.81 4.61 2 1.00 4.61 NA NA 4.61 11 3.46
(32,64] 5.60 NA NA 5.60 NA NA 5.60 5 2.32 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 167 7.38 0.00 216 7.75 0.00 229 7.84 0.00 171 7.42 0.00 190 7.57 0.00 385 8.59 0.00 125 6.97 0.00 116 6.86 0.00 267 8.06
2 1.00 75 6.23 1.00 50 5.64 1.00 93 6.54 1.00 56 5.81 1.00 44 5.46 1.00 105 6.71 1.00 25 4.64 1.00 16 4.00 1.00 58 5.86
(2,4] 1.81 41 5.36 1.81 37 5.21 1.81 79 6.30 1.81 33 5.04 1.81 26 4.70 1.81 96 6.58 1.81 16 4.00 1.81 12 3.58 1.81 33 5.04
(4,8] 2.70 18 4.17 2.70 16 4.00 2.70 39 5.29 2.70 12 3.58 2.70 11 3.46 2.70 34 5.09 2.70 9 3.17 2.70 6 2.58 2.70 18 4.17
(8,16] 3.64 8 3.00 3.64 12 3.58 3.64 19 4.25 3.64 7 2.81 3.64 8 3.00 3.64 18 4.17 3.64 1 0.00 3.64 2 1.00 3.64 9 3.17
(16,32] 4.61 NA NA 4.61 NA NA 4.61 7 2.81 4.61 NA NA 4.61 NA NA 4.61 5 2.32 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 28 4.81 0.00 27 4.75 0.00 43 5.43 0.00 26 4.70 0.00 27 4.75 0.00 41 5.36 0.00 20 4.32 0.00 17 4.09 0.00 30 4.91
2 1.00 4 2.00 1.00 5 2.32 1.00 7 2.81 1.00 3 1.58 1.00 4 2.00 1.00 7 2.81 1.00 2 1.00 1.00 NA NA 1.00 4 2.00
(2,4] 1.81 3 1.58 1.81 4 2.00 1.81 5 2.32 1.81 3 1.58 1.81 2 1.00 1.81 5 2.32 1.81 NA NA 1.81 NA NA 1.81 1 0.00
(4,8] 2.70 NA NA 2.70 NA NA 2.70 4 2.00 2.70 NA NA 2.70 NA NA 2.70 2 1.00 2.70 NA NA 2.70 NA NA 2.70 NA NA
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 110 6.78 0.00 120 6.91 0.00 120 6.91 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 28 4.81 1.00 44 5.46 1.00 44 5.46 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 18 4.17 1.81 23 4.52 1.81 23 4.52 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 6 2.58 2.70 4 2.00 2.70 4 2.00 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 2 1.00 3.64 8 3.00 3.64 8 3.00 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.4: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of Ribeira. The sub-tables on the left refers to the
data for the year 2000, the central ones for the data of the population born in the
year 1965 or before, and the ones on the right for the population born in the year
1945 or before. Each subtable is in turn divided into three subtables, the information
is divided by gender and the total. And in turn everything is calculated for each
of the migration distances (short-range, medium-range, long-range, very-long-range)
considered. The first column represents the logarithm in base two of the number of
individuals, which is measured in intervals by rows, the midpoint of the interval is
considered for the calculation, the second column is the number of different surnames
that fall within each interval and finally, the third column is the logarithm in base
two of the number of surnames.

ranges of distance in A Coruña and Vigo. For the rest of the councils, which are not
as numerous in population, the ratio value exceeds 1 on several occasions in favour
of men. In the case of Ribeira, it should be noted that this value is always above 1
except for very long, i.e. migrations coming from further away. In the municipality
of A Pontenova, migrations from the rest of Galicia are not many (8 in total), as it is



414 APPENDIX F. SURNAME DISTRIBUTIONS AND MIGRATION RANGE

Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 35 5.13 0.00 51 5.67 0.00 66 6.04 0.00 34 5.09 0.00 47 5.55 0.00 64 6.00 0.00 26 4.70 0.00 23 4.52 0.00 34 5.09
2 1.00 7 2.81 1.00 13 3.70 1.00 13 3.70 1.00 6 2.58 1.00 13 3.70 1.00 13 3.70 1.00 6 2.58 1.00 7 2.81 1.00 13 3.70
(2,4] 1.81 5 2.32 1.81 4 2.00 1.81 10 3.32 1.81 5 2.32 1.81 3 1.58 1.81 10 3.32 1.81 2 1.00 1.81 1 0.00 1.81 4 2.00
(4,8] 2.70 1 0.00 2.70 1 0.00 2.70 7 2.81 2.70 1 0.00 2.70 1 0.00 2.70 5 2.32 2.70 NA NA 2.70 NA NA 2.70 2 1.00
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 7 2.81 0.00 16 4.00 0.00 21 4.39 0.00 6 2.58 0.00 15 3.91 0.00 26 4.70 0.00 4 2.00 0.00 9 3.17 0.00 16 4.00
2 1.00 2 1.00 1.00 4 2.00 1.00 4 2.00 1.00 1 0.00 1.00 2 1.00 1.00 3 1.58 1.00 NA NA 1.00 NA NA 1.00 NA NA
(2,4] 1.81 NA NA 1.81 NA NA 1.81 2 1.00 1.81 NA NA 1.81 NA NA 1.81 NA NA 1.81 NA NA 1.81 NA NA 1.81 NA NA
(4,8] 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 20 4.32 0.00 24 4.58 0.00 31 4.95 0.00 22 4.46 0.00 19 4.25 0.00 32 5.00 0.00 19 4.25 0.00 14 3.81 0.00 21 4.39
2 1.00 10 3.32 1.00 7 2.81 1.00 8 3.00 1.00 7 2.81 1.00 7 2.81 1.00 8 3.00 1.00 2 1.00 1.00 5 2.32 1.00 5 2.32
(2,4] 1.81 1 0.00 1.81 3 1.58 1.81 10 3.32 1.81 1 0.00 1.81 4 2.00 1.81 9 3.17 1.81 NA NA 1.81 2 1.00 1.81 5 2.32
(4,8] 2.70 NA NA 2.70 2 1.00 2.70 3 1.58 2.70 NA NA 2.70 1 0.00 2.70 1 0.00 2.70 NA NA 2.70 NA NA 2.70 1 0.00
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 4 2.00 0.00 27 4.75 0.00 27 4.75 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 1 0.00 1.00 4 2.00 1.00 4 2.00 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 NA NA 1.81 2 1.00 1.81 2 1.00 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 NA NA 2.70 3 1.58 2.70 3 1.58 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.5: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of A Pontenova (province of Lugo). The sub-tables
on the left refers to the data for the year 2000, the central ones for the data of
the population born in the year 1965 or before, and the ones on the right for the
population born in the year 1945 or before. Each subtable is in turn divided into three
subtables, the information is divided by gender and the total. And in turn everything
is calculated for each of the migration distances (short-range, medium-range, long-
range, very-long-range) considered. The first column represents the logarithm in base
two of the number of individuals, which is measured in intervals by rows, the midpoint
of the interval is considered for the calculation, the second column is the number of
different surnames that fall within each interval and finally, the third column is the
logarithm in base two of the number of surnames.

a municipality bordering Asturias, long distance (37 in total). In the municipality of
Ordes, the ratio exceeds 1 in favour of men, except for distances of less than 50km.
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Short-range inmigrants 2000 Short-range inmigrants 1965 Short-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 135 7.08 0.00 152 7.25 0.00 163 7.35 0.00 132 7.04 0.00 144 7.17 0.00 163 7.35 0.00 100 6.64 0.00 103 6.69 0.00 139 7.12
2 1.00 46 5.52 1.00 55 5.78 1.00 68 6.09 1.00 53 5.73 1.00 55 5.78 1.00 71 6.15 1.00 41 5.36 1.00 26 4.70 1.00 41 5.36
(2,4] 1.81 58 5.86 1.81 41 5.36 1.81 71 6.15 1.81 42 5.39 1.81 28 4.81 1.81 57 5.83 1.81 32 5.00 1.81 28 4.81 1.81 38 5.25
(4,8] 2.70 32 5.00 2.70 33 5.04 2.70 50 5.64 2.70 28 4.81 2.70 31 4.95 2.70 42 5.39 2.70 16 4.00 2.70 25 4.64 2.70 34 5.09
(8,16] 3.64 19 4.25 3.64 23 4.52 3.64 32 5.00 3.64 17 4.09 3.64 25 4.64 3.64 31 4.95 3.64 11 3.46 3.64 12 3.58 3.64 26 4.70
(16,32] 4.61 9 3.17 4.61 14 3.81 4.61 30 4.91 4.61 5 2.32 4.61 7 2.81 4.61 23 4.52 4.61 NA NA 4.61 NA NA 4.61 7 2.81
(32,64] 5.60 NA NA 5.60 NA NA 5.60 4 2.00 5.60 NA NA 5.60 NA NA 5.60 3 1.58 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Medium-range inmigrants 2000 Medium-range inmigrants 1965 Medium-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 54 5.75 0.00 60 5.91 0.00 94 6.55 0.00 50 5.64 0.00 53 5.73 0.00 154 7.27 0.00 41 5.36 0.00 38 5.25 0.00 105 6.71
2 1.00 12 3.58 1.00 11 3.46 1.00 15 3.91 1.00 14 3.81 1.00 9 3.17 1.00 23 4.52 1.00 9 3.17 1.00 6 2.58 1.00 15 3.91
(2,4] 1.81 9 3.17 1.81 6 2.58 1.81 15 3.91 1.81 5 2.32 1.81 4 2.00 1.81 13 3.70 1.81 3 1.58 1.81 4 2.00 1.81 6 2.58
(4,8] 2.70 4 2.00 2.70 5 2.32 2.70 7 2.81 2.70 2 1.00 2.70 5 2.32 2.70 7 2.81 2.70 2 1.00 2.70 1 0.00 2.70 5 2.32
(8,16] 3.64 NA NA 3.64 NA NA 3.64 4 2.00 3.64 NA NA 3.64 NA NA 3.64 3 1.58 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Long-range inmigrants 2000 Long-range inmigrants 1965 Long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 21 4.39 0.00 21 4.39 0.00 29 4.86 0.00 21 4.39 0.00 14 3.81 0.00 30 4.91 0.00 13 3.70 0.00 9 3.17 0.00 22 4.46
2 1.00 2 1.00 1.00 1 0.00 1.00 5 2.32 1.00 1 0.00 1.00 2 1.00 1.00 2 1.00 1.00 1 0.00 1.00 NA NA 1.00 1 0.00
(2,4] 1.81 5 2.32 1.81 1 0.00 1.81 5 2.32 1.81 3 1.58 1.81 NA NA 1.81 5 2.32 1.81 1 0.00 1.81 NA NA 1.81 1 0.00
(4,8] 2.70 NA NA 2.70 NA NA 2.70 2 1.00 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA 2.70 NA NA
(8,16] 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA 3.64 NA NA
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 NA NA
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 NA NA
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Very-long-range inmigrants 2000 Very-long-range inmigrants 1965 Very-long-range inmigrants 1945
Males Females Total Males Females Total Males Females Total

K x S y x S y x S y x S y x S y x S y x S y x S y x S y
1 0.00 40 5.32 0.00 51 5.67 0.00 51 5.67 0.00 2884 11.49 0.00 3417 11.74 0.00 4494 12.13 0.00 2186 11.09 0.00 2472 11.27 0.00 3533 11.79
2 1.00 7 2.81 1.00 15 3.91 1.00 15 3.91 1.00 698 9.45 1.00 731 9.51 1.00 1175 10.20 1.00 395 8.63 1.00 464 8.86 1.00 789 9.62
(2,4] 1.81 2 1.00 1.81 6 2.58 1.81 6 2.58 1.81 406 8.67 1.81 414 8.69 1.81 832 9.70 1.81 237 7.89 1.81 249 7.96 1.81 465 8.86
(4,8] 2.70 NA NA 2.70 4 2.00 2.70 4 2.00 2.70 195 7.61 2.70 229 7.84 2.70 427 8.74 2.70 101 6.66 2.70 111 6.79 2.70 243 7.92
(8,16] 3.64 NA NA 3.64 1 0.00 3.64 1 0.00 3.64 84 6.39 3.64 96 6.58 3.64 204 7.67 3.64 42 5.39 3.64 44 5.46 3.64 115 6.85
(16,32] 4.61 NA NA 4.61 NA NA 4.61 NA NA 4.61 37 5.21 4.61 33 5.04 4.61 98 6.61 4.61 23 4.52 4.61 21 4.39 4.61 33 5.04
(32,64] 5.60 NA NA 5.60 NA NA 5.60 NA NA 5.60 30 4.91 5.60 30 4.91 5.60 37 5.21 5.60 15 3.91 5.60 20 4.32 5.60 36 5.17
(64,128] 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 NA NA 6.59 22 4.46 6.59 NA NA 6.59 NA NA 6.59 2 1.00
>128 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA 7.00 NA NA

Table F.6: This table is composed of twelve sub-tables. It refers to the migrant
population of the municipality of Ordes (province of A Coruña). The sub-tables on the
left refers to the data for the year 2000, the central ones for the data of the population
born in the year 1965 or before, and the ones on the right for the population born
in the year 1945 or before. Each subtable is in turn divided into three subtables, the
information is divided by gender and the total. And in turn everything is calculated
for each of the migration distances (short-range, medium-range, long-range, very-
long-range) considered. The first column represents the logarithm in base two of the
number of individuals, which is measured in intervals by rows, the midpoint of the
interval is considered for the calculation, the second column is the number of different
surnames that fall within each interval and finally, the third column is the logarithm
in base two of the number of surnames.
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Figure F.3: Population of the municipalities of Ourense for the year 2000. Marked
in red, the municipality of O Bolo. O Bolo is a rural municipality in Galicia. It
belongs to the region of Valdeorras and has a population of 1432 inhabitants (IGE,
2000). The yellow colour in the diagram represents the number of women and the
violet colour represents the number of men for each municipality. The municipality
of Avión has 44% men and 56% women. On the other hand, the municipalities of
Chandrexa de Queixa and Vilariño de Conxo have 55% men and 45% women. In the
rest of the municipalities the distribution by gender is practically symmetrical.
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Figure F.4: Population of the municipalities of Pontevedra for the year 2000. Marked
in red, the municipality of Vigo is the most populated in the province and in Galicia.
The yellow colour in the diagram represents the number of women and the violet
colour represents the number of men for each municipality. The municipality of
Cerdedo has 44% men and 56% women. In the rest of the municipalities of the
province the distribution by gender is practically symmetrical.
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Council Distance Males Females Total F/M
Short 20372 27052 47424 0.75
Medium 19412 24574 43986 0.79

A Coruña Long 2669 3074 5743 0.87
Very long 6760 7361 14121 0.92
All 49213 62061 111274 0.79
Short 17322 21912 39234 0.79
Medium 18790 22010 40800 0.85

Vigo Long 2315 2400 4715 0.96
Very long 6915 7593 14508 0.91
All 45342 53915 99257 0.84
Short 51 53 104 0.96
Medium 11 17 28 0.65

O Bolo Long 12 5 17 2.40
Very long 15 10 25 1.50
All 89 85 174 1.05
Short 1370 1186 2556 1.16
Medium 731 705 1436 1.04

Ribeira Long 48 50 98 0.96
Very long 284 280 564 1.01
All 2433 2221 4654 1.10
Short 79 104 183 0.76
Medium 13 24 37 0.54

A Pontenova Long 43 58 101 0.74
Very long 6 3 9 2
All 141 189 330 0.75
Short 1086 1234 2320 0.88
Medium 138 133 271 1.04

Ordes Long 42 26 68 1.62
Very long 60 75 135 0.80
All 1326 1468 2794 0.90

Table F.8: Migration distance and gender of migrants (people born in 2000 or earlier).
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Council Distance Males Females Total F/M
Short 18965 25608 44573 0.74
Medium 18030 23096 41126 0.78

A Coruña Long 2428 2783 5211 0.87
Very long 5579 6217 11796 0.90
All 45002 57704 102706 0.78
Short 15422 20004 35426 0.77
Medium 17017 20291 37308 0.84

Vigo Long 2098 2226 4324 0.94
Very long 5664 6398 12062 0.89
All 40201 48919 89120 0.82
Short 39 40 79 0.97
Medium 10 17 27 0.59

O Bolo Long 11 5 16 2.20
Very long 11 8 19 1.38
All 71 70 141 1.01
Short 1189 977 2166 1.22
Medium 584 538 1122 1.09

Ribeira Long 44 41 85 1.07
Very long 201 211 412 0.95
All 2018 1767 3785 1.14
Short 75 94 169 0.80
Medium 8 19 27 0.42

A Pontenova Long 39 51 90 0.76
Very long 3 2 5 1.50
All 125 166 291 0.75
Short 907 1033 1940 0.88
Medium 115 112 227 1.03

Ordes Long 32 18 50 1.78
Very long 45 54 99 0.83
All 1099 1217 2316 0.90

Table F.9: Migration distance and gender of migrants (people born in 1965 or earlier).
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Council Distance Males Females Total F/M
Short 13905 19532 33437 0.71
Medium 13139 17080 30219 0.77

A Coruña Long 1476 1789 3265 0.83
Very long 3229 3613 6842 0.89
All 31749 42014 73763 0.76
Short 10568 14152 24720 0.75
Medium 12361 14721 27082 0.84

Vigo Long 1383 1460 2843 0.95
Very long 3284 3828 7112 0.86
All 27596 34161 61757 0.81
Short 29 31 60 0.94
Medium 8 12 20 0.67

O Bolo Long 6 3 9 2
Very long 4 3 7 1.33
All 47 49 96 0.96
Short 678 535 1213 1.27
Medium 302 246 548 1.23

Ribeira Long 24 17 41 1.41
Very long 90 89 179 1.01
All 1094 887 1981 1.23
Short 51 42 93 1.21
Medium 4 9 13 0.44

A Pontenova Long 23 32 55 0.72
Very long 2 1 3 2
All 80 84 164 0.95
Short 518 563 1081 0.92
Medium 84 69 153 1.22

Ordes Long 18 9 27 2
Very long 23 23 46 1
All 643 664 1307 0.97

Table F.10: Migration distance and gender of migrants (people born in 1945 or
earlier).
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Appendix G

Spatio-temporal evolution of
toponymic surnames

This Appendix is devoted to provide additional results used in Chapter 5 Section 5.6,
about the proportions of ninety toponymic surnames showed on Table 5.12, in five
different areas considered.

SURNAME NORTH-WEST NORTH-EAST CENTER SOUTH-WEST SOUTH-EAST

AMENEDO 52.78% 45.24% 1.59% 0.40% 0.00%
AMIEIRO 12.70% 87.30% 0.00% 0.00% 0.00%
AMOEDO 1.54% 0.17% 13.74% 84.38% 0.17%
ANCA 53.68% 42.65% 0.74% 1.84% 1.10%
ANDION 6.97% 63.00% 16.35% 13.67% 0.00%
ANTELO 95.33% 0.60% 2.03% 1.76% 0.28%
BANDIN 67.84% 0.44% 13.66% 18.06% 0.00%
BANGUESES 1.05% 0.00% 6.32% 69.47% 23.16%
BARAZAL 8.51% 0.00% 4.26% 0.00% 87.23%
BARDELAS 0.00% 2.44% 82.93% 12.20% 2.44%
BASANTA 12.86% 83.98% 0.73% 2.18% 0.24%
BESADA 5.47% 0.17% 1.62% 92.74% 0.00%
BOULLOSA 4.99% 0.00% 20.33% 73.87% 0.81%
BOUZADA 7.48% 0.79% 3.15% 88.39% 0.20%
BUA 25.19% 0.15% 0.92% 73.58% 0.15%

CAAMAÑO 86.37% 2.33% 2.29% 8.67% 0.34%
CABARCOS 18.25% 80.04% 0.38% 0.95% 0.38%
CARDEIRO 8.51% 6.38% 82.98% 2.13% 0.00%
CARNOTA 62.12% 0.46% 34.64% 2.77% 0.00%
CERREDELO 15.63% 0.00% 17.19% 1.56% 65.63%

Continued on next page.
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SURNAME NORTH-WEST NORTH-EAST CENTER SOUTH-WEST SOUTH-EAST

CORBILLON 0.76% 0.00% 4.58% 35.11% 59.54%
CORZO 15.82% 0.56% 20.34% 1.13% 62.15%
CUDEIRO 6.40% 3.20% 84.80% 1.60% 4.00%
CUNDINS 100.00% 0.00% 0.00% 0.00% 0.00%
DONIZ 0.00% 0.00% 18.42% 34.21% 47.37%
FARRAPEIRA 0.00% 0.00% 0.00% 100.00% 0.00%
FISTEOS 4.55% 0.00% 95.45% 0.00% 0.00%
FORNIS 98.33% 0.00% 0.00% 1.67% 0.00%
FUNCASTA 19.82% 79.28% 0.90% 0.00% 0.00%
GALDO 28.82% 70.55% 0.16% 0.47% 0.00%
GARGAMALA 0.00% 0.00% 26.42% 73.58% 0.00%
GOAS 6.45% 91.71% 0.46% 1.38% 0.00%
GOIRIZ 23.38% 67.53% 0.00% 9.09% 0.00%
GRILLE 97.39% 0.24% 0.00% 2.38% 0.00%
GRUEIRA 0.00% 97.30% 0.00% 2.70% 0.00%

GUDIÑA 16.67% 0.00% 0.00% 0.00% 83.33%

GUNTIÑAS 1.69% 1.69% 6.78% 3.39% 86.44%
GURGUEIRO 0.00% 0.00% 100.00% 0.00% 0.00%
LADRA 12.03% 84.96% 3.01% 0.00% 0.00%
LAMAZARES 4.76% 4.17% 85.71% 4.76% 0.60%
LAREO 32.52% 2.24% 52.34% 12.71% 0.19%
LASTRES 57.69% 1.92% 3.85% 36.54% 0.00%
LEIS 90.14% 0.28% 4.19% 5.21% 0.19%
LENS 83.33% 2.47% 0.00% 14.20% 0.00%
LEVICES 0.00% 0.00% 75.86% 3.45% 20.69%
LIMERES 17.37% 11.58% 7.37% 60.00% 3.68%
LISTE 57.47% 1.24% 32.58% 8.71% 0.00%
LIZ 7.48% 51.18% 22.44% 18.50% 0.39%
LODOS 14.89% 80.85% 4.26% 0.00% 0.00%
LORES 4.41% 0.00% 0.49% 94.77% 0.33%

LUSQUIÑOS 2.33% 0.58% 12.83% 84.26% 0.00%

MAGARIÑOS 33.14% 0.00% 16.05% 50.00% 0.81%

MARAÑIS 0.00% 0.00% 100.00% 0.00% 0.00%
MARFUL 3.33% 96.67% 0.00% 0.00% 0.00%

MEAÑO 0.00% 0.00% 0.00% 100.00% 0.00%
MEDEIROS 1.77% 0.00% 5.31% 7.08% 85.84%

MIÑO 77.78% 19.61% 0.00% 1.96% 0.65%
MIRAMONTES 92.65% 1.29% 2.39% 3.68% 0.00%
MONDELO 9.06% 21.01% 7.61% 6.88% 55.43%

MORAÑA 1.61% 0.00% 0.54% 97.85% 0.00%
MORONO 92.98% 0.00% 0.00% 7.02% 0.00%

Continued on next page.
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SURNAME NORTH-WEST NORTH-EAST CENTER SOUTH-WEST SOUTH-EAST

MOSTEIRIN 0.00% 100.00% 0.00% 0.00% 0.00%
NAVAZA 25.47% 0.00% 59.43% 15.09% 0.00%
NAVIA 2.70% 31.66% 17.76% 47.88% 0.00%
NOVOA 7.75% 2.43% 52.37% 18.78% 18.68%
OITAVEN 4.44% 0.00% 49.63% 45.93% 0.00%
ORZA 6.25% 0.00% 85.42% 8.33% 0.00%
OUTERELO 2.21% 0.00% 1.66% 96.13% 0.00%
OUTOMURO 0.00% 0.00% 32.48% 6.84% 60.68%
PADREDA 0.00% 0.00% 7.14% 0.00% 92.86%
PALEO 8.18% 82.16% 1.12% 8.55% 0.00%
PALLAS 93.98% 0.00% 5.26% 0.75% 0.00%
PALMOU 8.33% 4.17% 85.42% 2.08% 0.00%
PAMPIN 37.92% 1.37% 48.16% 11.90% 0.65%
PEAGUDA 0.00% 0.00% 11.54% 1.92% 86.54%
PERTEGA 0.00% 100.00% 0.00% 0.00% 0.00%
PINTOS 16.60% 0.20% 3.19% 79.30% 0.72%
PIQUIN 11.11% 72.22% 0.00% 16.67% 0.00%
PRESEDO 81.60% 1.07% 15.47% 1.87% 0.00%
PRIMOY 40.28% 59.72% 0.00% 0.00% 0.00%
QUENDE 0.00% 100.00% 0.00% 0.00% 0.00%
REGADIO 0.00% 3.45% 93.10% 3.45% 0.00%
REGALADE 0.00% 0.00% 90.48% 0.00% 9.52%
RIADIGOS 8.46% 0.00% 90.77% 0.77% 0.00%
SABORIDA 0.00% 0.00% 100.00% 0.00% 0.00%
SABUZ 17.39% 0.00% 52.17% 26.09% 4.35%
SALPURIDO 4.55% 0.00% 13.64% 0.00% 81.82%
SOENGAS 8.44% 6.22% 76.89% 8.00% 0.44%
VENCE 16.18% 3.73% 69.71% 9.13% 1.24%
ZOBRA 4.35% 0.00% 95.65% 0.00% 0.00%

Table G.1: Proportions of toponymic surnames in the different areas.
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Appendix H

The R-INLA Package for surname
analysys

H.1 R-INLA package

This Appendix is devoted to provide additional results used in Chapter 6.

R-INLA is a package in R (R Core Team (2020b)) that do approximate Bayesian
inference for Latent Gaussian models using Integrated Nested Laplace Approxima-
tions, (Martino and Rue (2010a). INLA program is a useful tool which allows the
user specify and solve a wide range of models with ease, using the algorithms in the
open source GMRFLib library, without any need for C programming. The package
can be downloaded and installed in R by writing

> install.packages("INLA", repos=c(getOption("repos"),

INLA="https://inla.r-inla-download.org/R/stable"), dep=TRUE)

later, it is possible update the stable/testing version the package, doing

> inla.upgrade() # for the stable version

> inla.upgrade(testing=TRUE) # for the testing version

Documentation, news, FAQs for the package, as well as, complete examples and
tutorials, and a discussion group or forum are also available in the R-INLA website
https://www.r-inla.org/home.
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MCMC methods are widely employed for Bayesian inference, however their com-
putational complexity is a drawback. Due to the model complexity of taking into
consideration spatial and spatio-temporal features with huge datasets, doing Bayesian
inference using MCMC could take several days. Howeverm computational speed is
one of the most important components of the INLA approach.

The R-INLA package is flexible enough to allow for the specification of different
latent models and prior distributions for the hyperparameterrs. It runs the INLA
algorithm using the inla() function, which is the main function in the package.

> inla(formula, family=<family>, data=<data>,

control.compute= <control.compute>,

control.predictor=<control.predictor> ...)

where formula has been previously defined that is used to specify the model to
be fitted and it can include a mix of fixed and other effects properly specified, family
is a string indicating the likelihood, the default is gaussian with identity link, see
names(inla.models()$likelihood) for a list of possible alternatives; data is a data
frame or list containing all the variables included in the model, control.compute is a
list with multiple computational variables specified, such as dic, a boolean variable
indicating if the DIC of the model should be obtained; and control.predictor compute
marginal posterior distributions for the predictions of each data point. There are
many arguments can be included into the inla function. See ??inla for a complete
list.

The output of the function is an object of class inla, which is a list of all the
results that may be studied with the names function, as R works with other objects.
Some of the elements returned are all summary statistics are computed using the pos-
terior marginals. Summary statistics on the posterior marginals of the model latent
effects and hyperparameters, as well as other quantities of relevance, are displayed
in the model summary. If control.predictor=list (compute=TRUE) argument is
used the marginal posterior distribution of the linear predictor is computed.

In Blangiardo and Cameletti (2015), Gómez-Rubio (2020) or Moraga (2020), there
are many spatial and spatiotemporal models with the formulation and corresponding
R code for model fitting in R-INLA. Throughout this Annex a detailed description of
some R-INLA model fitting tools detail in theoretical aspects or the formulation in
Chapter 6.
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H.2 Spatial models

The spatial pattern study will present results of the model fits for the following
surnames:

• Typically Galician origin: CAMBEIRO, DOPAZO and SOUSA. The surnames
Crujeiras and Ginzo belong to this category.

• Patronymic: DIAZ, FOUZ, MUÑIZ and MUÑOZ. The surname Rodŕıguez be-
long to this category.

• Related to characteristics of people or terrain: BLANCO, CALVO, LAMAS,
NEGRO and PARDO.

• Toponymic: AMENEDO, AMIEIRO, MEAÑO, PADREDA and OUTOMURO.

This data are studied in Galicia for the year 2011 and also different cuts along the
time (born in or before 1945/1965/1985/2011).

H.2.1 Risk of a surname

Figure H.1, shows map of Cambeiro (row 1), Dopazo (row 2) and Sousa (row 3),
respectively, surnames SIR in Galicia. When the map of SIRs is examined, it can
be seen which councils in Galicia have SIR equal to 1 indicating observed counts are
the same as expected counts, and which counties have SIR greater (or smaller) than
1, indicating observed counts are greater (or smaller) than expected counts. These
maps show an idea of the risk of the different surnames throughout Galicia.

Table H.1 (row 1) shows the number of people with the surname Cambeiro ac-
cording to the year of birth. The word Cambeiro (946 as first surname in the dataset)
means a thin stick with a hook at one end; “gramalleira” hook; the structure of sticks
or planks with intertwined rods, wickerwork or sticks, used for drying and smoking
meat and sausages; it has crooked legs. The surname Cambeiro has a possible top-
onymic origin because in Galicia there are several places with the spelling Cambeiro.

Table H.1 (row 2) shows the number of people with the surname Dopazo according
to the year of birth. The surname Dopazo (1499 as first surname in the dataset) is
related to the surnames Do Pazo (8 as first surname in the dataset), Opazo (123 as
first surname in the dataset), Opazos (0 as first surname in the dataset), Pazo (1340
as first surname in the dataset), Pazos (7348 as first surname in the dataset).
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Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
CAMBEIRO 211 463 683 879
DOPAZO 317 688 1115 1425
SOUSA 346 772 1236 1650

Table H.1: Number of people with the surname Cambeiro, Dopazo and Sousa accord-
ing to year of birth.

Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
DIAZ 5683 11814 17833 22297
FOUZ 34 93 139 168

MUÑIZ 562 1276 2056 2711

MUÑOZ 179 427 808 1197

Table H.2: Number of people with the surname Dı́az, Fouz Múñiz and Múñoz ac-
cording to year of birth.

Table H.1 (row 3) shows the number of people with the surname Sousa according
to the year of birth. The surname Sousa (2404 as first surname in the dataset) is
related to the surname Sousas (2 as first surname in the dataset). Surname with
possible origin in Portugal.

Figure H.2 shows a map of Dı́az and Fouz, respectively, surnames SIR in Galicia.
Figure H.3 shows a map of Múñiz and Múñoz, respectively, surnames SIR in Galicia.

Table H.2 (row 1) shows the number of people with the surname Dı́az according
to the year of birth. Patronymic surname (24689 as first surname in the dataset)
derived from the proper name Dı́a or Diego.

Table H.2 (row 2) shows the number of people with the surname Fouz according to
the year of birth. The surname Fouz (180 as first surname in the dataset) is related to
the surnames Fouce (104 as first surname in the dataset), Fouces (54 as first surname
in the dataset).

Table H.2 (row 3) shows the number of people with the surname Múñiz according
to the year of birth. Surname Múñiz (2877 as first surname in the dataset), is a very
old patronymic used by the first knights of the Reconquest.

Table H.2 (row 4) shows the number of people with the surname Múñoz according
to the year of birth. Múñoz (2025 as first surname in the dataset) is a surname
originating from Spain. It has a patronymic origin and is derived from the proper
name Munio or Muño, used during the Middle Ages in Castile.
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Figure H.4 show a map of Blanco (row 1), Calvo (row 2) and Lamas (row 3),
Negro and Pardo, respectively, surnames SIR in Galicia. Figure H.5 show a map of
Negro (row 1) and Pardo (row 2), respectively, surnames SIR in Galicia.

Table H.3 (row 1) shows the number of people with the surname Blanco according
to the year of birth. This surname has its origin in a nickname, motivated by the
pale colour of the person or by the colour of the hair. Surname Blanco (22648 as first
surname in the dataset) is related to the surname Branco (69 as first surname in the
dataset), in medieval times the consonant clusters bl/br alternated. In the medieval
period, there is also evidence of the feminine form applied to women (Blanca 19 as
first surname in the dataset). It is probable that the plural forms have a toponymic
origin, as nowadays there are places called dos Blancos scattered all over Galicia. The
surname Blanco has a possible toponymic origin because in Galicia there are several
places and parishes with the spelling Os Blancos It is also the name of a municipality,
Os Blancos, in the province of Ourense.

Table H.3 (row 2) shows the number of people with the surname Calvo according
to the year of birth. The surname Calvo (6491 as first surname in the dataset) is
related to the surnames Calveira (18 as first surname in the dataset), Calveiro (68 as
first surname in the dataset), Calvelo (537 as first surname in the dataset), Calvete
(507 as first surname in the dataset), Calviño (2206 as first surname in the dataset).
The word bald (“CALVO”, means a person who has suffered a total or partial loss of
hair; land that has no vegetation; cattle with horns backwards. The surname Calvo
has a possible toponymic origin because in Galicia there are several places with the
spelling Calvo.

Table H.3 (row 3) shows the number of people with the surname Lamas according
to the year of birth. The surname Lamas (4376 as first surname in the dataset) is
related to the surnames Dalama (133 as first surname in the dataset), Lama (598
as first surname in the dataset), Lamapereira (10 as first surname in the dataset),
Lamazares (189 as first surname in the dataset), Lameiro (616 as first surname in
the dataset), Lamela (916 as first surname in the dataset), Lamelas (508 as first
surname in the dataset), Lamelo (42 as first surname in the dataset), Lamigueiro
(96 as first surname in the dataset), Lamoso (122 as first surname in the dataset).
The word Lama means soil soaked in water; mud (from Latin). The surname Lamas
has a possible toponymic origin because in Galicia there are several places with this
spelling.

Table H.3 (row 4) shows the number of people with the surname Negro according
to the year of birth. Black (“NEGRO”) means, which is completely dark in colour,
like jet; which is characterised by the dark colour of the skin; which has or presents
a dark colour, almost black. The surname Negro has a possible toponymic origin. In
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Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
BLANCO 5104 10732 16661 20791
CALVO 1418 3091 4794 5918
LAMAS 1035 2187 3248 4028
NEGRO 63 117 166 187
PARDO 1283 2691 4119 5194

Table H.3: Number of people with the surname Blanco according to year of birth.

Galicia, there are several places with the spelling Negro.

Table H.3 (row 5) shows the number of people with the surname Pardo according
to the year of birth. Brown (“PARDO”) means that it is the colour of the earth or dry
leaves, between yellow and black, with a reddish tinge. The surname Pardo appears
5,597 times as the first surname in the dataset. The surname Pardo has a possible
toponymic origin. In Galicia, there are several places with the spelling Pardo.

Figure H.6 show expected counts E for surnames Ginzo, Crujeiras, Rodŕıguez and
Blanco.

Figure H.7 shows maps of Amenedo (row 1), Amieiro (row 2) and Meaño (row
3), respectively, surnames SIR in Galicia. Figure H.8 shows maps of Padreda (row 1)
and Outomuro (row 2), respectively, surnames SIR in Galicia.

Table H.4 (row 1) shows the number of people with the surname Amenedo accord-
ing to the year of birth. The surname Amenedo (258 as first surname in the dataset)
is related to the surnames Amenal (18 as first surname in the dataset), Ameneiro
(386 as first surname in the dataset), Ameneiros (279 as first surname in the data-
set). Amenedo is a place populated by alders.1 The surname Amenedo has a possible
toponymic origin. In Galicia there is a place with the spelling O Amenedo in the
parish of San Xiao de Grixalba, in the council of Sobrado (A Coruña).

Table H.4 (row 2) shows the number of people with the surname Amieiro according
to the year of birth. The surname Amieiro (68 as first surname in the dataset) is
related to the surnames Ameneiro (386 as first surname in the dataset), Ameneiros
(279 as first surname in the dataset). Ameneiro, Amenal is a tree of the betulaceae
family (Alnus glutinosus), which can reach a height of twenty metres, with a very
dense crown, rounded and toothed leaves, flowers in clusters, brown skin and light-
coloured wood, very hard and light. Ameneiro is also the wood of this tree. The

1Alnus glutinosa, the common alder or alnus, also called black alder, alder or alder, is a tree of
the betulaceae family that is widespread in Europe and southwest Asia. Its natural habitat is damp
places and riparian forests.
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Year of birth ≤ 1945 ≤ 1965 ≤ 1985 ≤ 2011
AMENEDO 49 106 197 252
AMIEIRO 20 41 54 63

MEAÑO 7 11 17 23
PADREDA 9 15 20 28
OUTOMURO 38 75 97 117

Table H.4: Number of people with the surname Amenedo (row 1), Amieiro (row 2),
Meaño (row 3), Padreda (row 4) and Outomuro (row 5) according to year of birth.

surname Amieiro has a possible toponymic origin. In Galicia, there are several places
with the spelling Amieiro.

Table H.4 (row 3) shows the number of people with the surname Meaño according
to the year of birth. The surname Meaño is related to the surname Meaños. In
the dataset, there are 24 persons with the surname Meaño and 44 Meaños (as the
first surname). In Galicia, there is a place with the spelling Meaño in the parish of
San Xoán de Meaño, in the council of Meaño (Pontevedra). It is also the name of a
municipality, Meaño, in the province of Pontevedra.

Table H.4 (row 4) shows the number of people with the surname Padreda according
to the year of birth. In Galicia, there is a place with the spelling Padreda in the parish
of San Miguel de Padreda, in the council of Vilar De Barrio (Ourense).

Table H.4 (row 5) shows the number of people with the surname Outomuro accord-
ing to the year of birth. The surname Outomuro is related to the surname Outumuro.
In the dataset, there are 121 persons with the surname Outomuro and 133 Outumuro
(as the first surname). In Galicia, there is a place with the spelling Outomuro in the
parish of Santa Maŕıa de O Mundil, in the council of Cartelle (Ourense).
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H.2.2 Bayesian Fitting and Inference with INLA

Model fitting and inference in spatio-temporal disease mapping models have usu-
ally been done using either an empirical Bayes or fully Bayes approach. The models
were fitted using the method based on the Integrated Nested Laplace Approximations
(INLA),2 proposed by Rue et al. (2009). The INLA approach is a deterministic al-
gorithm for Bayesian inference based on Integrated Nested Laplace Approximations.
INLA is especially designed for latent Gaussian models (a subclass of structured ad-
ditive regression models), which are flexible enough to be used in many different types
of applications. Rue et al. (2017) show a review of recent examples of applications
using the R- INLA3 package.

INLA provides a fast and useful tool for fitting latent Gaussian models (processes
that follow fs, fu and fT have Gaussian distributions (equations (6.2.3) and (6.2.5))),
including models with temporal or spatial structure in a Bayesian context.

The INLA procedure calculates the numerical approximation of the posterior dis-
tributions of interest, based on the Laplace approximation method.

To carry out Bayesian inference, the hyperparameters of the a priori spatial effect
and of the random part have to be specified. The hyperparameters are the precision of
the τ1 in the iid model and the precision τ2 of the besag model, as θ = (log τ1, log τ2).
On these parameters, a priori distributions are considered, log–gamma in this case,
with initial parameters (0.5 / 0.31, 0.01).

prior <- list(

prec = list(

prior = "pc.prec",

param = c(0.5 / 0.31, 0.01)),

phi = list(

prior = "pc",

param = c(0.5, 2 / 3))

)

2Bayesian computing with INLA!, (2009) URL: http://www.r-inla.org/.
3R- INLA is a package of R that implements the Bayesian inference approach using INLA (Mar-

tino and Rue (2010a)), (available at www.r-inla.org).
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H.2.2.1 Spatial modelling results with INLA

For the year 2011 in Galicia there are 488 people with the surname Crujeiras, 130
with the surname Ginzo and 118209 with the surname Rodŕıguez in 315 councils.
A fit was made according to the one described in the Section on Spatial Modelling,
taking the a priori hyperparameters used by default in inla, since the use of other
parameters does not improve the results.

The specification of the formula for running the model in R-INLA was as follows:

> formula1 = NUMBER ~ f(apexx315.struct,model="besag",graph="nc.adj",

adjust.for.con.comp = TRUE) + f(ID2,model="iid")

• In the function f specifies the type of the function for both the structured and
the unstructured part. For the fu the default option is iid, meaning in this
case that the random variable ID2 is independent and Gaussian distributed.

• The variable NUMBER indicates the number of people who bear the surname
under study, (Crujeiras, Ginzo or Rodŕıguez), in the municipality i.

• The variables apexx315.struct and ID2 indicate the council i, i ∈ 1, . . . , 315.

The graph of Galicia is not a connected set, but is formed by two connected compon-
ents: Illa de Arousa and the remaining 314 councils integrated in the Iberian Penin-
sula. This must be indicated to the model with the parameter adjust.for.con.comp
= TRUE. To run the INLA algorithm the function inla is used:

> result1 = inla(formula1,family="poisson",data=data,E=data$pobpad01,

control.compute=list(dic=TRUE))

The function inla returns an object of the class inla, which contains a number
of elements that can be explored, such as mean, standard deviation and quantiles.
For example, Table 6.6 shows the DICs obtained for the three models as well as
information on the a posteriori distribution of the estimated model coefficients (mean,
standard deviation and quantiles).
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Spatial modelling results with INLA (cuts over time)

As mentioned above, four cuts were made to the surname database at four points
in time (born in or before 1945/1965/1985/2011). Figures H.9 to H.25 show for each
cut, up: representing the posteriori mean of the structured effect and below: the
unstructured random part (for the surnames Cambeiro to Outomuro, respectively).

Figure H.9: Surname Cambeiro. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.10: Surname Dopazo. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.
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Figure H.11: Surname Sousa. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.12: Surname Dı́az. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.13: Surname Fouz. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.
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Figure H.14: Surname Múñiz. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.15: Surname Múñoz. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.16: Surname Blanco. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.



H.2. SPATIAL MODELS 453

Figure H.17: Surname Calvo. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.18: Surname Lamas. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.19: Surname Negro. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.
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Figure H.20: Surname Pardo. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.21: Surname Amenedo. From left to right (graph 1.1) born in 1945 or
before, (graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.22: Surname Amieiro. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.
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Figure H.23: Surname Meaño. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.24: Surname Padreda. From left to right (graph 1.1) born in 1945 or before,
(graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.

Figure H.25: Surname Outomuro. From left to right (graph 1.1) born in 1945 or
before, (graph 1.2) 1965, (graph 1.3) 1985, (graph 1.4) 2011.
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Results of Adjustment with covariates

Each of the first three principal components, obtained previously, is plotted against
the number of persons with the surname Blanco (Figure H.26).

Figure H.26: Each of the first three principal components is plotted against the
number of persons with the surname Blanco. In the municipality with the most
people with the surname Blanco, the number of these is 1434.

The models for the different surnames will be fitted using the 3 principal compon-
ents. The surname Blanco is analysed in detail. Setting of the model for the surname
Blanco, with PC1 and PC2.

> formula1 = NUMBER ~ PC1 + PC2 +

f(df.i.struct, model = "bym2", graph = g, hyper = prior) +

f(ID2, model = "iid")

> fit = inla(formula1, family="poisson",

data=data, E=E, control.compute=list(dic=TRUE),

control.predictor = list(compute = TRUE),

control.inla = list(strategy = "laplace"))

The inla function returns an object, here named fit, which has a class attribute,
inla. This is a list containing a lot of objects which can be explored with names(fit).
For example, the summary of the fixed effects can be obtained by the command:
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> round(res$summary.fixed, 4)

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) -0.3412 0.0409 -0.4234 -0.3406 -0.2620 -0.3393 0

PC1 -0.0306 0.0134 -0.0570 -0.0306 -0.0044 -0.0306 0

PC2 -0.0609 0.0269 -0.1139 -0.0608 -0.0082 -0.0607 0

> round(res$summary.hyperpar, 4)

mean sd 0.025quant 0.5quant 0.975quant mode

Precision for df.i.struct 0.8186 0.0978 0.6143 0.8259 0.9905 0.8592

Phi for df.i.struct 0.6674 0.0790 0.4944 0.6744 0.8035 0.6920

Precision for ID2 115.7551 308.7468 11.1520 46.3442 653.9010 18.3142

Summaries of these posterior distributions include posterior means and 95% cred-
ible intervals, which can be used as Bayesian alternatives to the maximum likelihood
estimates and 95% confidence intervals, respectively. For example, the posterior mean
of the coefficient for PC1 is -0.0306, and the 95% credible interval is (-0.0570, -0.0044).
These indicate that, both PC1 and PC2 are significant and their coefficients are neg-
ative.

> round(fit2$summary.fixed, 4)

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) -0.3379 0.0383 -0.4154 -0.3372 -0.2638 -0.3360 0

PC1 -0.0276 0.0132 -0.0536 -0.0275 -0.0018 -0.0275 0

PC2 -0.0437 0.0275 -0.0979 -0.0436 0.0100 -0.0434 0

PC3 0.2009 0.0909 0.0227 0.2008 0.3796 0.2005 0

> round(fit2$summary.hyperpar, 4)

mean sd 0.025quant 0.5quant 0.975quant mode

Precision for df.i.struct 0.7899 0.0723 0.6301 0.7984 0.9046 0.8377

Phi for df.i.struct 0.7333 0.0736 0.5484 0.7496 0.8287 0.7961

Precision for ID2 22.2836 23.5099 5.8339 15.1138 84.5519 8.7958

When the third component is added, the second component is no significant. Com-
paring the DIC: in this case both PC1 and PC2 are significant.

> c(fit$dic$dic, fit2$dic$dic)

[1] 2213.952 2215.091

Comparing the DIC, there is little difference, but the first fitting is preferable.
As this second adjustment has a non-significant variable, it is removed and adjusted
again.
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> round(fit3$summary.fixed, 4)

mean sd 0.025quant 0.5quant 0.975quant mode kld

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) -0.3312 0.0346 -0.4005 -0.3309 -0.2640 -0.3304 0

PC1 -0.0184 0.0115 -0.0410 -0.0184 0.0041 -0.0184 0

PC3 0.2469 0.0851 0.0799 0.2468 0.4141 0.2466 0

> round(fit3$summary.hyperpar, 4)

mean sd 0.025quant 0.5quant 0.975quant mode

mean sd 0.025quant 0.5quant 0.975quant mode

Precision for df.i.struct 0.7965 0.1101 0.6056 0.7875 1.0379 0.7688

Phi for df.i.struct 0.7603 0.1175 0.4694 0.7852 0.9204 0.8371

Precision for ID2 3544.0709 34811.1010 43.5083 496.5430 23383.3234 94.1787

Now, the result is that PC1 is no significant.

> c(fit$dic$dic, fit2$dic$dic, fit3$dic$dic)

[1] 2213.952 2215.091 2220.834

The first setting is still preferred. Finally, only with PC3 the fitting is tested.

> round(fit4$summary.fixed, 4)

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) -0.3299 0.0379 -0.4054 -0.3296 -0.2558 -0.3291 1e-04

PC3 0.2352 0.0850 0.0696 0.2348 0.4033 0.2339 0e+00

> round(fit4$summary.hyperpar, 4)

mean sd 0.025quant 0.5quant 0.975quant mode

Precision for df.i.struct 0.8371 0.1192 0.5982 0.8420 1.0574 0.8663

Phi for df.i.struct 0.7193 0.1023 0.5200 0.7202 0.9047 0.7170

Precision for ID2 14870.9123 19675.2243 860.8587 8863.2894 65527.3621 2283.6909

PC3 is significant.

> c(fit$dic$dic, fit2$dic$dic, fit3$dic$dic, fit4$dic$dic)

[1] 2213.952 2215.091 2220.834 2220.205

Finally, after these four adjustments, the final model for surname BLANCO is the first
one, with PC1 and PC2.

Mapping relative risks: The estimates of the relative risk of certain surname
and their uncertainty for each of region are given by the mean posterior and the 95%
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credible intervals which are contained in the object res$summary.fitted.values.
Column mean is the mean posterior and 0.025quant and 0.975quant are the 2.5 and
97.5 percentiles, respectively. Figure H.27 shows the relative risk of surname Blanco,
and 0.025quant and 0.975quant to the lower and upper limits of 95% credible intervals
of the risks.
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Figure H.27: Relative risk of surname Blanco (centre), and 0.025quant and 0.975quant
to the lower (left) and upper (right) limits of 95% credible intervals of the risks (year
2011).

Exceedance probabilities: In R-INLA, the probability P (θi ≤ c) can be calcu-
lated using the inla.pmarginal() function with arguments equal to the marginal dis-
tribution of θi and the threshold value c. Then, the exceedance probability P (θi > c)
can be calculated by substracting this probability to 1: 1 - inla.pmarginal (q = c,
marginal = marg) where marg is the marginal distribution of the predictions, and c
is the threshold value.

The marginals of the relative risks are in the list res$marginals.fitted.values,
and the marginal corresponding to the first region is res$marginals.fitted.values[[1]].

In Blanco data, it can be calculate the probability that the relative risk of the first
region exceeds 2, P (θ1 > 2), as follows: marg <- res$marginals.fitted.values
[[1]].

Figure H.28 shows the map of the exceedance probabilities. This map provides
evidence of excess risk within individual councils. It can be observe that the councils
in the northwest and southeast of Galicia are the councils where it is most likely that
relative risk exceeds 2.
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Figure H.28: Maps for surname Blanco of exceedance probabilities in Galicia councils
(year 2011). On the right is more detailed information for a specific council, in this
case, Vimianzo.

H.2.2.2 spatio-temporal modelling with INLA

It is presented how a spatial-temporal modelling is proposed in INLA for the surname
Ginzo, as a particular case (analysis presented in Chapter 6 - Section 6.2.3). The
formula specification for running the model in R-INLA is the following:

> formula.par <- y ~ 1 + f(ID2,model="bym",graph="nc.adj",

adjust.for.con.comp = TRUE, constr=TRUE) + f(ID21,Year,model="iid",

hyper=hyper.iid, constr=TRUE) + Year

• The variable y indicates the number of people who bear the surname Ginzo in
the council i in year t.

• The variables ID2 and ID21 indicate the council i, i ∈ 1, . . . , 315.

• year represents the year t, i ∈ 1, . . . , 16.

The first part of the formula specifies the BYM model as the spatial model de-
scribed Section H.2.2.1, while year identifies the overall temporal effect (estimated as
a fixed effect) and f(ID21,year,model=’iid’, hyper=hyper.iid, constr=TRUE)

is the differential trend, i.e. the interaction between space and time, modelled through
the distribution iid.

The following expression is used to execute the INLA algorithm using the function
inla:
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> res <- inla(formula.par,family="poisson",data=data,E=population*0.2,

control.predictor=list(compute=TRUE),

control.compute=list(dic=TRUE,cpo=TRUE), verbose=TRUE)

Looking at res$summary.fixed shows the summary statistics for the fixed effects:

> round(model.par$summary.fixed, 4)

mean sd 0.025quant 0.5quant 0.975quant mode kld

(Intercept) -15.0575 1.2489 -17.7487 -14.9215 -13.0265 -14.8608 1e-04

Year -0.1898 0.0584 -0.3126 -0.1846 -0.0896 -0.1742 1e-04

The posterior mean for βt, can be obtained using the following sentence:

> x <- seq(1,16) # Years

> round(res$summary.fixed[2,1]*x,4)

[1] -0.1898 -0.3797 -0.5695 -0.7594 -0.9492 -1.1390 -1.3289 -1.5187

[9] -1.7086 -1.8984 -2.0882 -2.2781 -2.4679 -2.6578 -2.8476 -3.0374

> #95% credibility interval

> round(res$summary.fixed[2,3]*x,4)

[1] -0.3126 -0.6253 -0.9379 -1.2506 -1.5632 -1.8759 -2.1885 -2.5012

[9] -2.8138 -3.1265 -3.4391 -3.7518 -4.0644 -4.3771 -4.6897 -5.0023

> round(res$summary.fixed[2,5]*x,4)

[1] -0.0896 -0.1793 -0.2689 -0.3585 -0.4482 -0.5378 -0.6274 -0.7171

[9] -0.8067 -0.8963 -0.9860 -1.0756 -1.1652 -1.2548 -1.3445 -1.4341

Finally, the posterior mean of the spatial effect is obtained the following form:

> m <- res$marginals.random[[1]][1:315]

> zeta.ST1 <- unlist(lapply(m,function(x)inla.emarginal(exp,x)))

The output analysis is exactly the same as shown in the Section H.2.2.1, for the
spatial case.
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Appendix I

Joint models

This Appendix is devoted to provide additional results used in Chapter 6, where
a Bayesian hierarchical spatio-temporal model for the joint study of apelative, pat-
ronymic and toponymic surnames is proposed.

I.1 Join spatio-temporal model (inverted Gamma

on priors)

Results presented here correspond to the model with inverted Gamma priors on the
standard deviations of the spatial and temporal random effects.

Table I.1 presents summaries of the posterior distribution of the shared spatial
effect weights δSd for each type of surname. The results show that apelative and
toponymic surnames have a larger dependence on the spatial shared term, and that
the temporal shared term has a comparable but inverse dependence.

The posterior means of the total spatial effects Φ
(d)
i = udi + δSdUi are shown in

Figure I.1 (i.e., sum of shared plus specific effects), when a inverted Gamma as a
prior for the precision in the model.

Figure I.2 displays the posterior means of the shared effects and type of surname
specific spatial effect (u

(d)
i ). A few regions of “high risk” can be detected in the

northwest and southeast of Galicia on all maps in this Figure.
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Parameter Mean 0.25quantile Median 0.975quantile
δS1 5.118 0.686 4.221 15.200
δS2 0.004 0.000 0.003 0.019
δS3 2.201 0.282 1.800 6.640
δT1 0.236 0.053 0.171 0.808
δT2 0.200 0.046 0.151 0.654
δT3 0.284 0.066 0.209 0.961

Table I.1: Summary statistics of the posterior distribution of the shared spatial effect
weights (the first three rows) andtemporal effects (the other three) (model Gamma).

Figure I.1: Posterior means of the spatial effect. Apelative (left), patronymic (centre)
and toponymic (right) surnames (model Gamma).

In Figure I.3, the posterior means of shared (Vt), specific temporal effects (v
(d)
t )

and total temporal effect (Ψ
(d)
t = v

(d)
t + δTd Vt) are also shown. The shared temporal

effect shows a decrease in risk over time. All three surnames now have a fairly similar
temporal pattern.

The model’s smoothed spatio-temporal relative smoothed, θ
(d)
i,t , are shown in Fig-

ure I.4.

Figure I.5 shows the probability of having a relative risk, θ
(d)
i,t , higher than one.

Looking at the areas of high probability it can be possible find areas of increased
risk. Again, apelative and toponymic surnames show a very similar spatio-temporal
pattern, which also seems to be persistent over time. Patronymic surname shows a
constant spatial pattern from the beginning the period at the end, as seen in Fig-
ure I.5.
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Figure I.3: Posterior means of shared temporal effect (top), specific temporal effects
(middle) and total temporal effect (model Gamma). (Apelative surnames are shown
in red, in blue patronymic surnames and in green toponymic surnames).
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Figure I.4: Posterior means of spatio-temporal relative risks (model Gamma). Scales
are different for visualization purposes.
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Figure I.5: Probabilities of having an estimation of the relative risk greater than 1 to
identify areas of high risk (model Gamma).
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I.2 Join spatio-temporal model (half Cauchy on

priors)

Results presented here correspond to the model with half-Cauchy priors on the stand-
ard deviations of the spatial and temporal random effects.

Table I.2 presents summaries of the posterior distribution of the shared spatial
effect weights δSd for each type of surname. The results show that apelative and
toponymic surnames have a larger dependence on the spatial shared term, and that
the temporal shared term has a comparable but inverse dependence.

Parameter Mean 0.25quantile Median 0.975quantile
δS1 2.220 0.059 0.970 12.100
δS2 0.012 0.000 0.005 0.067
δS3 2.140 0.051 0.890 12.000
δT1 0.331 0.006 0.086 2.130
δT2 0.213 0.004 0.061 1.350
δT3 0.441 0.007 0.107 2.870

Table I.2: Summary statistics of the posterior distribution of the shared spatial ef-
fect weights (the first three rows) and temporal effects (the other three) (model half
Cauchy).

The posterior means of the total spatial effects, Φ
(d)
i = udi + δSdUi, are shown in

Figure I.6 (i.e., sum of shared plus specific effects), when a half-Cauchy as a prior for
the precision in the model.

Figure I.6: Posterior means of the spatial effect. Apelative (left), patronymic (centre)
and toponymic (right) surnames (model half Cauchy).

Figure I.7 displays the posterior means of the shared affects and type of surname
specific spatial effect (u

(d)
i ). A few regions of “high risk” can be detected in the

northwest and southeast of Galicia on all maps in this Figure.
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Figure I.7: Posterior means of shared spatial effect (top-left map) and surname specific
spatial effect (model half Cauchy).

In Figure I.8, the posterior means of shared (Vt), specific temporal effects (v
(d)
t )

and total temporal effect (Ψ
(d)
t = v

(d)
t + δTd Vt) are also shown. The shared temporal

effect shows a decrease in risk over time. All three surnames now have a fairly similar
temporal pattern.

The model’s smoothed spatio-temporal relative smoothed, θ
(d)
i,t , are shown in Fig-

ure I.9.

Figure I.10 shows the probability of having a relative risk, θ
(d)
i,t , higher than one.

Looking at the areas of high probability it can be possible find areas of increased
risk. Again, apelative and toponymic surnames show a very similar spatio-temporal
pattern, which also seems to be persistent over time. Patronymic surname shows a
constant spatial pattern from the beginning the period at the end, as seen in Fig-
ure I.10.
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Figure I.8: Posterior means of shared temporal effect (top), specific temporal effect
(middle) and total temporal effect (model half Cauchy). (Apelative surnames are
shown in red, in blue patronymic surnames and in green toponymic surnames.)
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Figure I.9: Posterior means of spatio-temporal relative risks (model half Cauchy).
Scales are different for visualization purposes.
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Figure I.10: Probabilities of having an estimation of the relative risk greater than 1
to identify areas of high risk (model half Cauchy).
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Appendix J

OnomasticDiversity Package

The OnomasticDiversity package is the result of the implementation of the tech-
niques discussed throughout this dissertation focused on onomastic analysis. The R
computer environment has evolved into a useful scientific tool that includes a wide
range of classical and modern statistical modeling approaches. R is the program-
ming language to construct this library of functions because of its versatility and
widespread acceptability within the scientific community.

Apart from the functions to compute the indices revised in this dissertation, the
datasets corresponding to most frequent men’s and women’s names by municipality
in Galicia in 2016 and most frequent surnames by municipality in Galicia in 2014 are
also introduced, so results can be reproduced practitioners.

Title Onomastic diversity measures

Version 1.0

Date 2021-11-24

Author Maŕıa José Ginzo-Villamayor

Maintainer Maŕıa José Ginzo-Villamayor <mariajose.ginzo@usc.es>

Depends R (≥2.15.0), sqlf

Description This package computes the different measures which can be used to
quantify similarities between regions. These measures are isonymy, isonymy
between, Lasker distance, coefficients of Hedrick and Nei. In addition, it cal-
culates biodiversity indices such as Margalef, Menhinick, Simpson, Shannon,
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Shannon-Wiener, Sheldon, Heip, Hill Numbers, Geometric Mean and Cressie
and Read statistics

License GPL-2

R topics documented:

fCressieRead . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .478

fGeneralisedMean . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 481

fGeometricMean . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 484

fHeip . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 486

fHill . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 488

fIsonymy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 490

fIsonymyAll . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 493

fMargalef . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 496

fMenhinick . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 498

fPielou . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 500

fShannon . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 502

fSheldon . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 504

fSimpson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 506

fSimpsonInf . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 508

namesmengal16. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .509

nameswomengal16 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 510

OnomasticDiversity-package . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 511

surnamesgal14 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 513
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fCressieRead Cressie and Read Statistics

Description

This function obtains the Cressie and Read statistics introduced by Noel Cressie
and Timothy Read (Cressie and Read (1984)). It is a method for quantifying
species biodiversity that can be adapted to the context of onomastics.

Usage

fCressieRead(x, number, population, ni, location, lambda)

Arguments

x dataframe of the data values.

number name of a variable which represents number of individuals of each
species.

population name of variable which represents total number of individuals.

ni name of variable which represent number of species.

location name of variable which represent represents the grouping element.

lambda free parameter.

Details

For a community i, Cressie and Read (1984) introduced the following parametric

form for a generalised statistic In(λ) = 2
λ(λ+1)

∑
k∈Si nki

[(
nki
n/Si

)λ
− 1

]
, where nki

represents the number of individuals of species k in a sample (in the populatin is
Nki), Si represents all species at the community, species richness, and λ is a free
parameter.

Varying the value of λ gets different statistics. If λ = −1 and λ = 0 In(λ) is not
defined, but in any case, limits λ = −1 and λ = 0 can be taken.
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In onomastic context, nki (≈ Nki) denotes the absolute frequency of surname k in
region i (≈ community diversity context i).

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

cressieRead the value of Cressie and Read statistics.

See Also

fHill.

References

Cressie, N. and Read, T. R.C. (1984). Multinomial goodness-of-fit tests. Compu-
tational Statistics and Data Analysis, 46(3), 440–464.

Examples

data(surnamesgal14)

result = fCressieRead(x= surnamesgal14 , number="number",

population="population", location = "muni", ni="ni",

lambda = 2)

result

fGeneralisedMean Generalised Mean

Description

This function obtains the generalised mean of relative abundances for a collection
of species introduced by Angelika C. Studeny (Studeny (2012)). It is a method for
quantifying species biodiversity that can be adapted to the context of onomastics.
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Usage

fGeneralisedMean (x, pki, pki0, s, location, lambda)

Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

pki name of a variable which represents the relative frequency for each
species.

pki0 variable which represents the relative frequency for each species
not null (because if you have a sample, there might be species that
are not represented).

location name of a variable which represents the grouping element.

S vector which represents total number of species.

lambda free parameter.

Details

For a community i, the generalised mean of relative abundances is defined by

Mt(λ) =

[
1
Si

∑
k∈Si

(
Nt
ki

Nt0
ki

)λ] 1
λ

, where N t
ki denotes the number of individuals of

species k at times t, t0 is the baseline year and Si are all species at the community,
species richness, and λ can be any non-zero real number.

In onomastic context, N t
ki denotes the absolute frequency of surname k in region

(≈ community diversity context) i at times t.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

generalisedMean

the value of generalised mean
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See Also

fMargalef, fMenhinick, fPielou, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeometricMean, fHeip.

References

Studeny, A.C. (2012). Quantifying Biodiversity Trends in Time and Space. PhD
thesis, University of St Andrews.

Examples

data(surnamesgal14)

loc <- length(unique(surnamesgal14$muni))

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')

result = fGeneralisedMean(x= surnamesgal14[surnamesgal14$number != 0,],

pki="pki", pki0=surnamesgal14[surnamesgal14$number != 0,"pki"],

location = "muni", S = apes2$ni[1:loc], lambda = 1 )

result

data(namesmengal16)

loc <- length(unique(namesmengal16$muni))

namesmengal16$pki <- (namesmengal16$number /

namesmengal16$population)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

result = fGeneralisedMean(x= namesmengal16[namesmengal16$number != 0,],

pki="pki", pki0=namesmengal16[namesmengal16$number != 0,"pki"],

location = "muni", S = names2$ni[1:loc], lambda = 1 )

result
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data(nameswomengal16)

loc <- length(unique(nameswomengal16$muni))

nameswomengal16$pki <- (nameswomengal16$number /

nameswomengal16$population)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fGeneralisedMean(x= nameswomengal16[nameswomengal16$number != 0,],

pki="pki", pki0=nameswomengal16[nameswomengal16$number != 0,"pki"],

location = "muni", S = names2$ni[1:loc], lambda = 1 )

result

fGeometricMean Geometric Mean

Description

This function obtains the geometric mean introduced by Stephen Terrence Buck-
land and coauthors (Buckland et al. (2011)). It is a method for quantifying species
biodiversity that can be adapted to the context of onomastics.

Usage

fGeometricMean(x, pki, pki0, s, location)

Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

pki name of a variable which represents the relative frequency for each
species.
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pki0 name of a variable which represents the relative frequency for each
species at initial time point.

S vector which represents total number of species.

location represents the grouping element.

Details

For a community i, the geometric meann of relative abundances is defined by

Gt = exp
(

1
Si

∑
k∈Si log

Nt
ki

N
t0
ki

)
, where N t

ki denotes the number of individuals of

species k at times t, t0 is the baseline year and Si are all species at the community,
species richness.

In onomastic context, N t
ki denotes the absolute frequency of surname k in region

(≈ community diversity context) i at times t.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

geometricMean

the value of geometric mean.

See Also

fMargalef, fMenhinick, fPielou, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fHeip.

References

Buckland, S.T., Studeny, A.C., Magurran, A.E., Illian, J.B., & Newson, S.E.
(2011). The geometric mean of relative abundance indices: a biodiversity measure
with a difference. Ecosphere, 2(9), art.100.

Studeny, A.C. (2012). Quantifying Biodiversity Trends in Time and Space. PhD
thesis, University of St Andrews.
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van Strien, A.J., Soldaat, L.L., & Gregory, R.D. (2012). Desirable mathematical
properties of indicators for biodiversity change. Ecological Indicators, 14, 202–
208.

Examples

data(surnamesgal14)

loc <- length(unique(surnamesgal14$muni))

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')
surnamesgal14$pki0 <- surnamesgal14$pki

result = fGeometricMean (x= surnamesgal14[surnamesgal14$number != 0,],

pki="pki", pki0="pki0" , location = "muni",

S = apes2$ni[1:loc])

result

data(namesmengal16)

loc <- length(unique(namesmengal16$muni))

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

namesmengal16$pki <- (namesmengal16$number /

namesmengal16$population)

namesmengal16$pki0 <- namesmengal16$pki

result = fGeometricMean (x= namesmengal16[namesmengal16$number != 0,],

pki="pki", pki0="pki0" , location = "muni",

S = names2$ni[1:loc])

result

data(nameswomengal16)

loc <- length(unique(nameswomengal16$muni))

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')
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nameswomengal16$pki <- (nameswomengal16$number /

nameswomengal16$population)

nameswomengal16$pki0 <- nameswomengal16$pki

result = fGeometricMean (x= nameswomengal16[nameswomengal16$number != 0,],

+ pki="pki", pki0="pki0" , location = "muni", S = names2$ni[1:loc])

result

fHeip Heip’s Diversity Index

Description

This function obtains the Heip’s diversity index introduced by Carlo H. R. Heip
(Heip (1974)). It is a method for quantifying species biodiversity that can be
adapted to the context of onomastics.

Usage

fHeip (x, k, n, location, y)

Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

S vector which represents total number of species.
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Details

For a community i, the Heip’s diversity index is defined by EHe = 2H
′−1

Si−1
where

H ′ is the Shannon diversity index and Si are all species at the community, species
richness. This index varies from 0 to 1 and measures how equally the species
richness contributes to the total abundance of the community.

In onomastic context, Si are all surnames in region (≈ community diversity con-
text) i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

heip the value of the Heip’s diversity index.

See Also

fMargalef, fMenhinick, fPielou, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean.

References

Heip, C. (1974). A New Index Measuring Evenness. Journal of the Marine Bio-
logical Association of the United Kingdom, 54(3), 555–557.

Examples

data(surnamesgal14)

loc <- length(unique(surnamesgal14$muni))

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')
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result = fHeip (x= surnamesgal14[surnamesgal14$number != 0,],

k="number", n="population", location = "muni",

S = apes2$ni[1:loc] )

result

data(namesmengal16)

loc <- length(unique(namesmengal16$muni))

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

result = fHeip (x= namesmengal16[namesmengal16$number != 0,],

k="number", n="population", location = "muni",

S = names2$ni[1:loc] )

result

data(nameswomengal16)

loc <- length(unique(nameswomengal16$muni))

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fHeip (x= nameswomengal16[nameswomengal16$number != 0,],

k="number", n="population", location = "muni",

S = names2$ni[1:loc] )

result

fHill Hill’s Diversity Numbers
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Description

This function obtains the Hill’s diversity numbers introduced by M. O. Hill (Hill
(1973)). It is a method for quantifying species biodiversity that can be adapted
to the context of onomastics.

Usage

fHill(x, k, n, location, lambda)

Arguments

x dataframe of the data values for each species.

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

lambda free parameter.

Details

For a community i, the Hill’s diversity numbers are defined by the expression

J(λ) =

(∑
k∈Si

pλki

) 1
1−λ

with the restriction λ ≥ 0 where pki represents the relative

frequency of species k and Si are all species at the community, species richness, and
λ is a free parameter. (This is equivalent to the exponential of Rényi’s generalised
entropy)1.

Particular cases of λ values: λ = 0, J(0) = Si, it corresponds species richness;
λ = 1, J(1) = eHt , it corresponds the exponential of Shannon’s entropy; and
λ = 2, J(2) = DSi , it corresponds the ’inverse’ Simpson index.

1The Rényi entropy of order λ, where λ ≥ 0 and λ 6= 1, is defined as Hλ(X) = 1
1−λ log

(
n∑
i=1

pλi

)
Here, X is a discrete random variable with possible outcomes in the set A = {x1, x2, . . . , xn} and
corresponding probabilities pi

.
= Pr (X = xi) for i = 1, . . . , n. The logarithm is conventionally

taken to be base 2, especially in the context of information theory where bits are used. If the
probabilities are pi = 1/n for all i = 1, . . . , n, then all the Rényi entropies of the distribution are
equal: Hλ(X) = log n. In general, for all discrete random variables X,Hλ(X) is a non-increasing
function in λ.
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In onomastic context, pki denotes the relative frequency of surname k in region
(≈ community diversity context) i and Si are all surnames in region i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

hill the value of the Hill’s diversity index.

See Also

fCressieRead.

References

Hill, M. O. (1973). Diversity and evenness: a unifying notation and its con-
sequences. Ecology, 54, 427–32.

Examples

data(surnamesgal14)

result = fHill (x= surnamesgal14, k="number", n="population",

location = "muni", lambda= 0)

result

data(namesmengal16)

result = fHill (x= namesmengal16, k="number", n="population",

location = "muni", lambda= 0)

result

data(nameswomengal16)

result = fHill (x= nameswomengal16, k="number", n="population",

location = "muni", lambda= 0)

result
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fIsonymy Isonymy

Description

This function obtains the isonymy within a region i which has an associated
collection Si of surnames.

Usage

fIsonymy(x, category)

Arguments

x a vector of relative frequency squared for each surname.

category represents the grouping element, for example the regions.

Details

Isonymy is defined as Ii =
∑

k∈Si p
2
ki where pki denotes the relative frequency of

surname k in region i.

In diversity context, pki denotes the relative frequency of species k in community
(≈ region onomastic context) i and Si are all species in community i.

Value

A dataframe containing the following components:

category represents the grouping element, for example the regions / com-
munities.

x the value of isonymy.
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See Also

fIsonymyAll.

References

Crow J.F. and Mange A.P., (1965). Measurement of inbreeding from the frequency
of marriages between persons of the same surname. Eugenics Quarterly, 12(4),
199–203.

Barrai, I., Scapoli, C., Beretta, M., Nesti, C., Mamolini, E., and Rodŕıguez–
Larralde, A., (1996). Isonymy and the genetic structure of Switzerland. I: The
distributions of surnames. Annals of Human Biology, 23, 431–455.

Examples

data(surnamesgal14)

surnamesgal14$pki2 <- (surnamesgal14$number / surnamesgal14$population)^2

result = fIsonymy(surnamesgal14$pki2, surnamesgal14$namuni)

result

data(namesmengal16)

namesmengal16$pki2 <- (namesmengal16$number / namesmengal16$population)^2

result = fIsonymy(namesmengal16$pki2, namesmengal16$namuni)

result

data(nameswomengal16)

nameswomengal16$pki2 <- (nameswomengal16$number / nameswomengal16$population)^2

result = fIsonymy(nameswomengal16$pki2, nameswomengal16$namuni)

result

fIsonymyAll Isonymy, Isonymy between regions, Lasker distance, Eu-
clidean distance and Nei’s distances and Hedrick’s coeffi-
cient
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Description

This function obtains the Isonymy, Isonymy between regions, Lasker distance,
Euclidean distance and Nei’s distances and Hedrick’s coefficient.

Usage

fIsonymyAll (x, n, location, union, measure)

Arguments

x data frame with the data.

n number of the locations in the data frame.

location name of a variable which represents the location in the data.

union variable to be used to search for matching surnames in two loca-
tions.

measure name of a variable which represents the relative frequency for each
surname.

Details

Values of Isonymy, Isonymy between regions, Lasker distance, Euclidean distance
and Nei’s distances and Hedrick’s coefficient.

Surname (dis)similarity among regions can be quantified by different measures.
Consider index i = 1, . . . , n for denoting a certain geographical region (for two
regions, (i, j)). Each region has an associated collection Si of surnames, and
for a pair of regions, the collection of all the surnames in them is denoted by
Sij(Sij = Si ∪ Sj). The total number of surnames in a certain region i is denoted
by ni. Surnames will be denoted by indices k and l.

Isonymy is defined as Ii =
∑

k∈Si p
2
ki where pki denotes the relative frequency of

surname k in region i. Isonymy can be also extended as a measure of population
similarities between groups. Under the assumption of a common origin, isonymy
between two regions i and j is defined as Iij =

∑
k∈Sij pkipkj .

Other different measures of the isonymic distance between a pair of locations can
be derived from isonymy between. For instance, the Lasker distance is given by
L = − log(Iij).
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Lasker distance can be interpreted as a measure of similarity between to areas,
where large distance indicate less similarity in surname composition. Nevertheless,
Lasker distance is not the only option to quantify surname similarity. Other com-
mon coefficients are the Euclidean distance and Nei’s distance, both of them given

by E =
√

1−
∑

k∈Sij
√
pkipkj and N = − log

(
Iij√
IiIj

)
, respectively. Finally,

Hedrick’s coefficient gives a standardized measure of isonymy using a procedure
similar to that utilized in the calculation of a correlation coefficient. Specifically:

Hij =

2
∑

k∈Sij
pkipkj ∑

k∈Sij
p2
ki+

∑
k∈Sij

p2
kj

 , with i, j = 1 . . . , n.

In diversity context, pki denotes the relative frequency of species k in community
(≈ region onomastic context) i and Si are all species in community i.

Value

A list containing the following components:

isonymy data frame with two columns and number of rows the number of
regions / communities (n). For each location, it returns the value
of the isonymy.

isonymy.btw the value of isonymy between. Matrix, n× n.

hedrick the value of Hedrick’s coefficient. Matrix, n× n.

nei the value of Nei’s distance. Matrix, n× n.

lasker the value of Lasker distance. Matrix, n× n.

distE the value of Euclidean distance. Matrix, n× n.

See Also

fIsonymy.

References

Barrai, I., Scapoli, C., Beretta, M., Nesti, C., Mamolini, E., and Rodriguez–
Larralde, A., (1996) Isonymy and the genetic structure of Switzerland. I: The
distributions of surnames. Annals of Human Biology, 23, 431–455.
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Cavalli-Sforza, L. L., and Edwards, A. W. F., (1967), Phylogenetic analysis models
and estimation procedures. American Journal of Human Genetics, 19, 233 257.

Hedrick, P. W. (1971), A new approach to measuring genetic similarity. Evolution,
25: 276–280.

Lasker, G. W. (1977) A coefficicnt of relationship by isonymy: a method for
estimating the genetic relationship between populations. Human Biology, 49,
489–493.

Mikerezi, I., Shina, E. Scapoli, C., Barbujani, G. Mamolini, E., Sandri, M., Car-
rieri, A., Rodŕıguez–Larralde, A. and Barrai, I. (2013). Surnames in Albania: a
study of the population of Albania through isonymy. Annals of Human Genetics,
77, 232–243.

Nei, M.(1973). The theory and estimation of genetic distance. In Genetic Struc-
ture of Populations, edited by N. E. Morton, (Honolulu: University Press of
Hawaii), 45–54.

Weiss, V. 1980. Inbreeding and genetic distance between hierarchically structured
populations measured by surname frequencies. Mankind Quarterly, 21, 135–149.

Examples

data(surnamesgal14)

result = fIsonymyAll (x= surnamesgal14, n= 314, location = 'muni',
union = 'surname', measure = 'pki')
result

data(namesmengal16)

namesmengal16$pki <- (namesmengal16$number /

namesmengal16$population)

result = fIsonymyAll (x= namesmengal16, n= 313, location = 'muni',
union = 'name', measure = 'pki')
result

data(nameswomengal16)

nameswomengal16$pki <- (nameswomengal16$number /

nameswomengal16$population)

result = fIsonymyAll (x= nameswomengal16, n= 313, location = 'muni',
union = 'name', measure = 'pki')
result
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fMargalef Margalef’s Diversity Index

Description

This function obtains the Margalef’s diversity index which is a species diversity
index developed by Ramón Margalef López during the 1950s (Margalef (1958)).
It is a method for quantifying species biodiversity that can be adapted to the
context of onomastics.

Usage

fMargalef(x, S, n, location)

Arguments

x dataframe which contains the number of species and population
for each location.

S name of a variable which represents number of species.

n name of a variable which represents total number of individuals.

location name of a variable which represents represents the grouping ele-
ment.

Details

For a community i, the Margalef’s diversity index is defined by R1 = Si−1
ln(Ni)

, where

Si represents the number of species (richness) and Ni represents the total number
of individuals in all Si.

In onomastic context, Ni denotes the number of individuals in region (≈ com-
munity diversity context) i and Si represents the total number of surnames.
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Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

margalef the value of the Margalef’s diversity index.

See Also

fMenhinick, fPielou, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.

References

Margalef, R. (1958). Information theory in ecology. International Journal of
General Systems, 3, 36–71.

Examples

data(surnamesgal14)

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')

result = fMargalef (x= apes2, S="ni", n="population", location = "muni")

result

data(namesmengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

result = fMargalef (x= names2, S="ni", n="population", location = "muni")

result

data(nameswomengal16)
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names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fMargalef (x= names2, S="ni", n="population", location = "muni")

result

fMenhinick Menhinick’s Diversity Index

Description

This function obtains the Menhinick’s diversity index introduced by Edward F.
Menhinick (Menhinick (1964)). It is a method for quantifying species biodiversity
that can be adapted to the context of onomastics.

Usage

fMenhinick(x, S, n, location)

Arguments

x dataframe which contains the number of species and population
for each location.

S name of a variable which represents number of species.

n name of a variable which represents total number of individuals.

location name of a variable which represents represents the grouping ele-
ment.

Details

For a community i, the Menhinick’s diversity index is defined by R2 = Si√
Ni

, where

Si represents the number of species (richness) and Ni represents the total number
of individuals in all Si.
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In onomastic context, Ni denotes the number of individuals in region (≈ com-
munity diversity context) i and Si represents the total number of surnames.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

menhinick the value of the Menhinick’s diversity index.

See Also

fMargalef, fPielou, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.

References

Menhinick, E.F. (1964). A comparison of some species-individuals diversity in-
dices applied to samples of field insects. Ecology, 45, 859–861.

Examples

data(surnamesgal14)

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')

result = fMenhinick(x= apes2, S="ni", n="population",

location = "muni")

result

data(namesmengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')
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result = fMenhinick(x= names2, S="ni", n="population",

location = "muni")

result

data(nameswomengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fMenhinick(x= names2, S="ni", n="population",

location = "muni")

result

fPielou Pielou’s Diversity Index

Description

This function obtains the Pielou’s diversity index which is an index that meas-
ures diversity along with species richness introduced by Evelyn Chrystalla Pielou
(Pielou (1966)). It is a method for quantifying species biodiversity that can be
adapted to the context of onomastics.

Usage

fPielou(x, k, n, location, y)

Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

k name of a variable which represents absolute frequency for each
species.
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n name of a variable which represents total number of individuals.

location represents the grouping element.

S vector which represents number of species.

Details

For a community i, the Pielou’s diversity index is defined by J ′ = H′

log2 Si
, where

H ′ denotes the Shannon-Wiener index and log2 Si denotes the maximum diversity
H ′max. Pielou’s index is the Shannon-Weiner index computed for the sample Si
and represents a measure of evenness of the community (Pielou (1966)). If all
species are represented in equal numbers in the sample, then J ′ = 1. If one
species strongly dominates J ′ is close to zero.

In onomastic context, Si are all surnames in region (≈ community diversity con-
text) i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

pielou the value of the Pielou’s diversity index.

See Also

fMargalef, fMenhinick, fShannon, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.

References

Pielou, E. C. (1966). The measurement of diversity in different types of biological
collections. Journal of Theoretical Biology, 13, 131-144.

Examples

data(surnamesgal14)



500 fShannon

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')

result = fPielou (x= surnamesgal14[surnamesgal14$number != 0,],

k="number", n="population", location = "muni", S = apes2$ni )

result

data(namesmengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

result = fPielou (x= namesmengal16[namesmengal16$number != 0,],

k="number", n="population", location = "muni", S = names2$ni )

result

data(nameswomengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fPielou (x= nameswomengal16[nameswomengal16$number != 0,],

k="number", n="population", location = "muni", S = names2$ni )

result

fShannon Shannon-Weaver Diversity Index

Description

This function obtains the Shannon-Weaver diversity index introduced by Claude
Elwood Shannon (Shannon (1948)). This diversity measure came from inform-
ation theory and measures the order (or disorder) observed within a particular
system. It is a method for quantifying species biodiversity that can be adapted
to the context of onomastics.
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Usage

fShannon(x, k, n, location)

Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

Details

For a community i, the index of Shannon-Weaverr is defined by the expression
H ′ = −

∑
k∈Si(pki log2 pki), where pki represents the relative frequency of species

k, because pki = Nki
Ni

, (where Nki denotes the number of individuals of species
k and Ni total number of individuals in all Si species at the community, species
richness. This index is related to the weighted geometric mean of the proportional
abundances of the types.

In onomastic context, pki denotes the relative frequency of surname k in region
(≈ community diversity context) i and Si are all surnames in region i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

shannon the value of the Shannon-Weaver diversity index.

See Also

fMargalef, fMenhinick, fPielou, fSheldon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.
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References

Shannon C.E. (1948). A mathematical theory of communication. Bell System
Technical Journal, 27, 379–423.

Shannon C.E., Weaver W. (1949). The Mathematical Theory of Communication.
Urbana: University of Illinois Press. USA, 96. pp. 117.

Examples

data(surnamesgal14)

result = fShannon (x= surnamesgal14[surnamesgal14$number != 0,],

k="number", n="population", location = "muni" )

result

data(namesmengal16)

result = fShannon (x= namesmengal16[namesmengal16$number != 0,],

k="number", n="population", location = "muni" )

result

data(nameswomengal16)

result = fShannon (x= nameswomengal16[nameswomengal16$number != 0,],

k="number", n="population", location = "muni" )

result

fSheldon Sheldon’s Diversity Index

Description

This function obtains the Sheldon’s diversity index introduced by A. L. Sheldon
(Sheldon (1969)). It is a method for quantifying species biodiversity that can be
adapted to the context of onomastics.

Usage

fSheldon (x, k, n, location, y)
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Arguments

x dataframe of the data values for each species not null (because if
you have a sample, there might be species that are not represen-
ted).

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

S vector which represents number of species.

Details

For a community i, the Sheldon’s diversity index is defined by EShe = 2H
′

Si
, where

H ′ denotes the Shannon-Wiener index and Si represents the number of species
(richness).

In onomastic context, Si are all surnames in region (≈ community diversity con-
text) i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

sheldon the value of the Pielou’s diversity index.

See Also

fMargalef, fMenhinick, fPielou, fShannon,
fSimpson, fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.

References

Sheldon, A. L. (1969). Equitability indices: dependence on the species count.
Ecology, 50, 466–467.
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Examples

data(surnamesgal14)

apes2=sqldf('select muni, count(surname) as ni,

sum(number) as population from surnamesgal14

group by muni;')

result = fSheldon (x= surnamesgal14[surnamesgal14$number != 0,],

k="number", n="population", location = "muni",

S = apes2$ni)

result

data(namesmengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from namesmengal16

group by muni;')

result = fSheldon (x= namesmengal16[namesmengal16$number != 0,],

k="number", n="population", location = "muni",

S = names2$ni)

result

data(nameswomengal16)

names2=sqldf('select muni, count(name) as ni,

sum(number) as population from nameswomengal16

group by muni;')

result = fSheldon (x= nameswomengal16[nameswomengal16$number != 0,],

k="number", n="population", location = "muni",

S = names2$ni)

result

fSimpson Simpson’s Diversity Index and the inverse

Description

This function obtains the Simpson’s diversity index and the inverse introduced by
Edward Hugh Simpson (Simpson (1949)). It was the first index used in ecology.
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It is a method for quantifying species biodiversity that can be adapted to the
context of onomastics.

Usage

fSimpson(x, k, n, location)

Arguments

x dataframe of the data values for each species.

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

Details

For a community i, the Simpson’s diversity index is defined by DSi =
∑
k∈Si

p2
ki,

where pki represents the relative frequency of species k, because pki = Nki
Ni

, (where
Nki denotes the number of individuals of species k and Ni total number of indi-
viduals in all Si species at the community, species richness. The Simpson index
tends to be smaller when the community is more diverse.

In onomastic context, pki denotes the relative frequency of surname k in region
(≈ community diversity context) i, i.e., Simpson’s diversity index is equivalent to
the concept of isonymy.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

simpson the value of the Simpson’s diversity index.

divSimpson the value of the inverse Simpson’s diversity index.
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See Also

fMargalef, fMenhinick, fPielou, fShannon, fSheldon,
fSimpsonInf, fGeneralisedMean, fGeometricMean, fHeip.

References

Simpson, E.H. (1949). Measurement of diversity. Nature, 163.

Examples

data(surnamesgal14)

result = fSimpson (x= surnamesgal14, k="number",

n="population", location = "muni" )

result

data(namesmengal16)

result = fSimpson (x= namesmengal16, k="number",

n="population", location = "muni" )

result

data(nameswomengal16)

result = fSimpson (x= nameswomengal16, k="number",

n="population", location = "muni" )

result

fSimpsonInf Simpson’s Diversity Index and the inverse

Description

This function obtains the Simpson’s diversity index and the inverse introduced by
Edward Hugh Simpson (Simpson (1949)). It is a method for quantifying species
biodiversity that can be adapted to the context of onomastics.
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Usage

fSimpsonInf(x, k, n, location)

Arguments

x dataframe of the data values for each species.

k name of a variable which represents absolute frequency for each
species.

n name of a variable which represents total number of individuals.

location represents the grouping element.

Details

For a community i, the Simpson (when Ni is not finite, data are assumed to come

from a sample of size Ni) diversity index is defined by D′Si =
∑
k∈Si

nki(nki−1)
ni(ni−1)

, where

nki represents the number of individuals of species k in a sample (in the total is
Nki) and Si represents all species at the community, species richness.

In onomastic context, nki (≈ Nki) denotes the absolute frequency of surname k in
region i and Si are all surnames in region (≈ community diversity context) i.

Value

A dataframe containing the following components:

location represents the grouping element, for example the communities /
regions.

simpson the value of the Simpson’s Diversity Index.

See Also

fMargalef, fMenhinick, fPielou, fShannon, fSheldon,
fSimpson, fGeneralisedMean, fGeometricMean, fHeip.
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References

Simpson, E.H. (1949). Measurement of diversity. Nature, 163.

Examples

data(surnamesgal14)

result = fSimpsonInf (x= surnamesgal14, k="number",

n="population", location = "muni" )

result

data(namesmengal16)

result = fSimpsonInf (x= namesmengal16, k="number",

n="population", location = "muni" )

result

data(nameswomengal16)

result = fSimpsonInf (x= nameswomengal16, k="number",

n="population", location = "muni" )

result

namesmengal16 namesmengal16

Description

This dataset corresponds to 25 most frequent men’s names by municipality in
Galicia in 2016.

Usage

data(namesmengal16)

Format

namesmengal16 is a data frame with men’s names from Galicia in 2016.
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Source

The data corresponds to 25 most frequent men’s names by municipality in Galicia
in 2016. The dataset contains 6 columns, prov: the province, muni: the municip-
ality, namuni: the name of the municipality, name: the name, number: the number
of people with that name and population: the total population considered by
municipality.

These data have been extracted from the website of the Galician Institute of
Statistics (IGE). The IGE offers information on the surnames and names of the
population whose residence is in the Autonomous Community of Galicia. The
base information for the elaboration data is the file of the Municipal Register of
inhabitants of 2014 that the National Institute of Statistics (INE) provides to the
IGE.

References

Galician Institute of Statistics (IGE), https://www.ige.eu/

Examples

data(namesmengal16)

head(namesmengal16)

prov muni namuni name number population

1 36 36061 Vilanova de Arousa MANUEL 384 2238

2 36 36061 Vilanova de Arousa JOSE 185 2238

3 36 36061 Vilanova de Arousa JOSE LUIS 136 2238

4 36 36061 Vilanova de Arousa JOSE MANUEL 111 2238

5 36 36061 Vilanova de Arousa RAMON 109 2238

6 36 36061 Vilanova de Arousa FRANCISCO 92 2238

nameswomengal16 nameswomengal16

Description

This dataset corresponds to 25 most frequent women’s names by municipality in
Galicia in 2016.

https://www.ige.eu/igebdt/esq.jsp?idioma=gl&ruta=onomast/notamet.jsp
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Usage

data(nameswomengal16)

Format

nameswomengal16 is a data frame with women’s names from Galicia in 2016.

Source

The data corresponds to 25 most frequent women’s names by municipality in
Galicia in 2016. The dataset contains 6 columns, prov: the province, muni: the
municipality, namuni: the name of the municipality, name: the name, number:
the number of people with that name and population: the total population
considered by municipality.

These data have been extracted from the website of the Galician Institute of
Statistics (IGE). The IGE offers information on the surnames and names of the
population whose residence is in the Autonomous Community of Galicia. The
base information for the elaboration data is the file of the Municipal Register of
inhabitants of 2014 that the National Institute of Statistics (INE) provides to the
IGE.

References

Galician Institute of Statistics (IGE), https://www.ige.eu/

Examples

data(nameswomengal16)

head(nameswomengal16)

prov muni namuni name number population

1 36 36061 Vilanova de Arousa MARIA DEL CARMEN 242 1954

2 36 36061 Vilanova de Arousa CARMEN 227 1954

3 36 36061 Vilanova de Arousa ROSA 137 1954

4 36 36061 Vilanova de Arousa MARIA LUISA 110 1954

5 36 36061 Vilanova de Arousa MARIA 109 1954

6 36 36061 Vilanova de Arousa DOLORES 88 1954

https://www.ige.eu/igebdt/esq.jsp?idioma=gl&ruta=onomast/notamet.jsp
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OnomasticDiversity-package

Onomastic diversity measures

Description

This package computes the different measures which can be used to quantify sim-
ilarities between regions. These measures are isonymy, isonymy between, Lasker
distance, coefficients of Hedrick and Nei. A diversity index is a numerical meas-
ure of how many different types (such as species) are present in a dataset (a
community), as well as the evolutionary relationships among the individuals dis-
tributed throughout those types, such as richness, divergence, and evenness. These
indicators are numerical representations of biodiversity in several dimensions (rich-
ness, evenness, and dominance). Then, this package calculates biodiversity indices
such as Margalef, Menhinick, Simpson, Shannon, Shannon-Wiener, Sheldon, Heip,
Hill Numbers, Geometric Mean and Cressie and Read statistics.

Details

Package: OnomasticDiversity
Type: Package
Version: 1.0
Date: 2021-11-24
License: GPL-2

Author(s)

Maŕıa José Ginzo-Villamayor, Rosa M. Crujeiras-Casais.

Maintainer: Maŕıa José Ginzo-Villamayor <mariajose.ginzo@usc.es>.
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surnamesgal14 surnamesgal14

Description

This dataset corresponds to 25 most frequent surnames by municipality in Galicia
in 2014.

Usage

data(surnamesgal14)

Format

surnamesgal14 is a data frame with surnames from Galicia in 2014.

Source

The data corresponds to 25 most frequent surnames by municipality in Galicia
in 2014. The dataset contains 8 columns, prov: the province, muni: the muni-
cipality, namuni: the name of the municipality, surname: the surname, number:
the number of people with that surname, population: the total population con-
sidered by municipality, ni: the number of surnames considered and pki which is
the frequency of surname k in municipality i.

These data have been extracted from the website of the Galician Institute of
Statistics (IGE). The IGE offers information on the surnames and names of the
population whose residence is in the Autonomous Community of Galicia. The
base information for the elaboration data is the file of the Municipal Register of
inhabitants of 2014 that the National Institute of Statistics (INE) provides to the
IGE.

References

Galician Institute of Statistics (IGE), https://www.ige.eu/

https://www.ige.eu/igebdt/esq.jsp?idioma=gl&ruta=onomast/notamet.jsp
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Examples

data(surnamesgal14)

head(surnamesgal14)

prov muni namuni surname number population ni pki

1 15 15044 Ma~nón FERNANDEZ 60 677 25 0.08862629

2 15 15044 Ma~nón MARTINEZ 66 677 25 0.09748892

3 15 15044 Ma~nón RODRIGUEZ 52 677 25 0.07680945

4 15 15044 Ma~nón LOPEZ 46 677 25 0.06794682

5 15 15044 Ma~nón GOMEZ 47 677 25 0.06942393

6 15 15044 Ma~nón GONZALEZ 48 677 25 0.07090103
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Resumo en galego

Esta tese céntrase na introdución de novas técnicas estat́ısticas para o tratamento
de datos e modelización en xeolingǘıstica, concretamente, en datos de onomástica
en Galicia. O documento estrutúrase de acordo a dous problemas principais: (i)
construción de rexións de apelidos en Galicia e (ii) estudo e modelización de patróns
espaciais e espazo–temporais dos apelidos.

A continuación, inclúese un resumo cos distintos temas tratados ao longo da tese,
aśı como as principais achegas realizadas en cada Caṕıtulo da mesma.

Caṕıtulo 1: Introdución. Neste caṕıtulo preséntase a necesidade análise dos
apelidos, aśı como unha breve introdución á xeolingǘıstica e detállanse os distintos
conxuntos de datos.

Os apelidos pódense utilizar como fonte de información para caracterizar a po-
boación dunha rexión, xa que proporcionan información sobre movementos de po-
boación, caracteŕısticas xenéticas e, nalgúns casos, caracteŕısticas lingǘısticas (como
pode verse en Barrai et al. (2004), Scapoli et al. (2005), Scapoli et al. (2007)), polo
que existe un interese relevante en analizar os patróns dos apelidos.

A identificación de patróns de apelidos a través de medidas de isonimia (posesión
dun mesmo apelido) é un problema que foi abordado por diferentes autores. Cheshire
et al. (2010) mostran a existencia dunha forte relación entre rexións de apelidos
e rexións xeográficas en Gran Bretaña. Boattini et al. (2010, 2012) analizan a
localización xeográfica de apelidos en Italia mediante redes neuronais. Utilizando
métodos multivariantes, Novotn‘y e Cheshire (2012) conclúen un claro paralelismo
entre rexións de apelidos e fronteiras etnoculturales na República Checa. Mikerezi
et al. (2013) describen a estrutura isońımica de Albania, coas medidas usuais.

Os conxuntos de datos usados nesta tese, presentan información xeoreferenciada,
por tanto, a análise dos apelidos require técnicas de xeolingǘıstica. A xeolingǘıstica é
unha rama interdisciplinar que incorpora mapas lingǘısticos que representan patróns

515
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espaciais de localización da lingua. A súa principal preocupación é a análise da
relación entre a lingua e o contexto f́ısico e humano, no noso caso, a relación entre
a lingua e os apelidos. Na actualidade, os Sistemas de Información Xeográfica (SIX)
incorporáronse a ferramentas que permiten unha análise sofisticada e eficiente dos
datos espaciais (Hoch e Hayes (2010)).

A lingǘıstica considera diferentes clasificacións dos apelidos en función da súa
motivación, morfolox́ıa ou semántica. O caso máis habitual é o semántico, sendo este
último o máis frecuente. Boullón-Agrelo (2008) suxire a seguinte clasificación para os
apelidos (galegos): patrońımico, topońımico e apelativo.

A continuación, descŕıbense os conxuntos de datos (apelidos extráıdos do Censo
de Poboación) e as ferramentas auxiliares (Nomenclátor Gallego e Atlas da Lingua
Galega) utilizados ao longo desta tese.

En primeiro lugar, preséntanse os datos dos apelidos para Galicia (censo de po-
boación, ano 2011), Asturias (padrón continuo de habitantes, ano 2012) e o resto de
España (censo, ano 2011).

Para Galicia, o conxunto de datos contén unha parte das variables do Censo, que
son o municipio de nacemento, o municipio de residencia e a idade da persoa, para
2430512 persoas (nadas en Galicia, tras algunhas depuracións) con 20754 apelidos
diferentes. Os datos foron facilitados polo Instituto Galego de Estat́ıstica (IGE).
Para caracterizar os apelidos segundo unha determinada taxonomı́a, e identificar os
apelidos topońımicos, patrońımicos e apelativos utilizouse a técnica de Web Scrap-
ing, técnica para converter os datos presentes en formato non estruturado (etiquetas
HTML) a través da web nun formato estruturado ao que se poida acceder e utilizar
facilmente.

Os datos dos apelidos de comunidade autónoma Asturias foron facilitados pola
Sociedade Asturiana de Estudos Económicos e Industriais (SADEI). O número total
de apelidos diferentes que contén a base de datos é de 18418.

Apelidos de Cataluña, Comunitat Valenciana e Illes Balears: o Censo rexistra
9275726 persoas nadas en Cataluña (5117345), Comunitat Valenciana (3513625) e
Illes Balears (644756), con 96631 apelidos diferentes. Os datos foron facilitados polo
Instituto Nacional de Estat́ıstica (INE).

Rexistro Oficial de Poboación e apelidos de España: considéranse 39811872 per-
soas, (poboación de nacemento, non de residencia), con 161474 apelidos diferentes.

Un nomenclátor é un dicionario ou directorio xeográfico que se utiliza xunto cun
mapa ou atlas. Adoita conter información sobre a composición xeográfica, as es-
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tat́ısticas sociais e as caracteŕısticas f́ısicas dun páıs, rexión ou continente. O No-
menclátor de Galicia (ano 2012) conta con 37.308 rexistros e contén a toponimia das
provincias, parroquias, municipios e lugares, dacordo cos ditames da Comisión de To-
ponimia e as normas ditadas pola Xunta de Galicia. Na base de datos do Nomenclátor
non se dispón das coordenadas xeográficas de cada localidade, polo que se asignaron
as coordenadas do centroide do municipio ao que pertencen e no caso dos apelidos, ao
dispoñer dos datos por municipio, considéranse tamén as coordenadas do centroide
do municipio. A dispoñibilidade de nomenclátores electrónicos facilita a validación
parcial das áreas xeradas para os apelidos topońımicos (Cheshire e Longley (2011)).

O Atlas Lingǘıstico Galego (ALGa) é un proxecto do Instituto da Lingua Galega
(ILG) que comprende un amplo compendio descritivo da variación xeográfica da
Galicia moderna. Persoal do ILG realizou enquisas in situ en 167 localidades da
área lingǘıstica galega entre os anos 1974 e 1977, 152 delas en Galicia e 15 en zo-
nas galegofalantes de Asturias, León e Zamora. Mediante un programa informático
de xestión da información xeográfica, constrúese cos datos da enquisa unha repres-
entación cartográfica das respostas a cada ı́tem do cuestionario.

Finalmente descŕıbense os obxectivos e organización do manuscrito.

Caṕıtulo 2: Revisión sobre a análise estat́ıstica dos apelidos e con-
strución das rexións de apelidos. Aı́nda que existe unha ampla literatura sobre a
construción de rexións de apelidos baseada en medidas de isonimia, os avances meto-
dolóxicos son escasos nesta contorna, e a maioŕıa das propostas baséanse en medidas
clásicas sendo Lasker, Nei, isonimia entre zonas as máis habituais. Por suposto, hai
algúns traballos excepcionais como o de Boattini et al. (2010), que utilizan técnicas
de redes neuronais. O obxectivo deste caṕıtulo é revisar e aplicar os métodos propos-
tos na literatura para constrúır rexións de apelidos en Galicia, analizando os trazos
destacados para cada medida ou ı́ndice e as súas posibles carencias identificando
oportunidades de mellora considerando medidas máis sofisticadas.

A (desi)similitude de apelidos entre rexións pode cuantificarse con diferentes me-
didas. Considérase o ı́ndice i = 1, . . . , n para denotar unha determinada rexión
xeográfica (para dúas rexións, (i, j)). Cada rexión ten unha colección asociada Si
de apelidos, e para un par de rexións, a colección conxunta de todos os apelidos
denótase por Sij (Sij = Si ∪ Sj). O número total de apelidos nunha determinada
rexión i denótase por ni, ni = #Si. Dous apelidos identificaranse polos ı́ndices k e

l. Ni é o tamaño da poboación da rexión i, polo que Ni =
#Si∑
k=1

nk. Para a colección

de rexións i = 1, . . . , n considerada como un todo, N denota o tamaño total da

poboación(N =
n∑
i=1

Ni). Preséntanse a continuación as medidas de isonimia máis



518 RESUMO EN GALEGO

utilizadas na literatura.

Como se mencionou, a isonimia ref́ırese á posesión do mesmo apelido, sendo unha
premisa en xenética que os individuos co mesmo apelido teñen máis probabilidades de
compartir o mesmo liñaxe familiar, polo que a isonimia indica relación biolóxica. Coa
notación introducida anteriormente, a isonimia (como medida interna, dentro dunha
rexión i) def́ınese como

Ii =
∑
k∈Si

p2
ki,

onde pki denota a frecuencia relativa do apelido k na rexión i. Os valores altos de
isonimia son posibles nunha poboación onde hai relativamente poucos apelidos, e
os valores baixos de isonimia obtéñense cando o número de apelidos é relativamente
grande. Outra medida útil é o α de Fisher (Barrai et al. (1996)), que estima o número
de apelidos que teñen igual frecuencia. Esta medida é un ı́ndice de diversidade e,
para mostras grandes, como neste caso, pode definirse como αi = 1/Ii, para unha
rexión espećıfica i. A isonimia tamén pode ampliarse como medida das similitudes
poboacionais entre grupos. Baixo o suposto dunha orixe común, a isonimia entre
dúas rexións i e j def́ınese como:

Iij =
∑
k∈Sij

pkipkj .

Outras medidas diferentes da distancia isońımica entre un par de lugares poden de-
rivarse da definición de isonima. Por exemplo, a distancia de Lasker vén dada por:

L = − log(Iij).

As distancias de Lasker poden interpretarse como unha medida da similitude entre
dúas áreas, onde unha distancia grande indica unha menor similitude na composición
dos apelidos. Con todo, a distancia de Lasker non é a única opción para cuantificar
a similitude dos apelidos. Outros coeficientes comúns son a distancia euclidiana,
introducida por Cavalli-Sforza (1997) e a distancia de Nei (Nei (1973b)), ambas as
dadas por:

E =

√
1−

∑
k∈Sij

√
pkipkj y N = − log

(
Iij√
IiIj

)
, respectivamente.

As distancias euclidianas e de Nei foron desenvolvidas para datos puramente xenéticos,
pero poden aplicarse ás frecuencias dos apelidos, como fixeron Mikerezi et al. (2013).
Ademais, para detectar o illamento por distancia entre as localidades i e j, pódese
calcular a correlación lineal das distancias dos apelidos (Lasker, eucĺıdea e Nei) coas
súas distancias xeográficas.
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A continuación, introdúcense unha serie de ferramentas estat́ısticas para análise
espacial. Unha medida de diversidade que se utiliza habitualmente en lingǘıstica é a
K de Yule, que vaŕıa entre 0 (en poboacións nas que toda a poboación ten un único
apelido) e 104 (se todo o mundo comparte o mesmo apelido). A K de Yule def́ınese,
para unha rexión i, como

Ki = 104 1

N2
i

(
Ri∑
ri=1

r2
i Vri −Ni

)
,

é a poboacion na rexión i, Ri é a frecuencia máis alta dun apelido na rexión i,
y Vr, r = 1, 2, 3, . . . , Ri representa o número de apelidos diferentes con frecuencia r
(véase Yule (1944)). Os valores maiores de K indican unha menor diversidade nunha
poboación e, por tanto, unha maior uniformidade. Independentemente da cantidade
de persoas implicadas, K é proporcional á probabilidade de que dúas persoas selec-
cionadas ao azar teñan o mesmo apelido e, por tanto, indica a frecuencia coa que se
repiten os apelidos nunha poboación. Por último, o volume da variedade de apelidos
mı́dese pola relación entre os apelidos distintos e o número de persoas na poboación
(McElduff et al. (2008)).

Outra medida utilizada por Cheshire (2011) para caracterizar un apelido é o co-
ciente de localización (LQ), que é unha medida que compara a presenza dun determ-
inado apelido nunha rexión con ese apelido a un nivel espacial máis agregado. Neste
contexto, se se considera unha rexión i e denótase por j outra rexión que contén a
i (por exemplo, i é un municipio e j é unha provincia), pódese definir da seguinte
maneira

LQk
ij =

pki
#Si∑
k=1

nk

Rkj
n∑
i=1

Ni

, con i = 1 . . . , n,

onde pki é a frecuencia do apelido k na rexión i, Rkj a frecuencia do apelido k na
rexión global, j, e ni representa o número total de apelidos na rexión i, ni = #Si;

Ni é o tamaño da poboación da rexión i, entonces Ni =
#Si∑
k=1

nk LQ maiores que 1

identifican unidades espaciais cunha maior concentración dun apelido seleccionado
do que se esperaŕıa se o apelido tivese unha distribución uniforme na rexión. A
localidade central dun apelido pode establecerse utilizando esta medida, seleccionando
as unidades espaciais que teñen valores LQ que superan un limiar predeterminado no
extremo superior da distribución.

A autocorrelación espacial pode definirse como a correlación dunha variable (neste
caso, a frecuencia do apelido) consigo mesma nunha rexión espacial. Describe a simil-
itude dos obxectos próximos entre si en comparación cos obxectos afastados (Tobler
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(1970)). Existen varias ferramentas desenvolvidas para medir o grao de autocor-
relación espacial nun conxunto de datos. As dúas máis utilizadas para as unidades
de área son a de Moran, I, e Geary’ s, c. A I de Moran pódese utilizar de forma
global, é dicir, para determinar o grao de autocorrelación espacial en toda unha área
xeográfica completa (neste caso Galicia), ou de forma local, é dicir, para determinar
o grao de autocorrelación espacial dentro dos concellos de toda a área xeográfica. A
autocorrelación espacial para un determinado apelido k calcúlase para aqueles pares
de localidades que están conectados, é dicir, que se consideran veciños. Para estimar
o coeficiente de autocorrelación é posible utilizar o ı́ndice global de Moran, para un
determinado apelido k, definido como

Ikij =

n
n∑
i=1

n∑
j=1

wij(pki − p̄k)(pkj − p̄k)

Wn

n∑
i=1

(pki − p̄k)2

, con i, j = 1, . . . , n,

onde pki e pkj é a frecuencia do apelido na localización i-ésima e j-ésima, p̄k é a media
de pki (i = 1, . . . , n), a través das localizacións i = 1, . . . , n, wij é igual a 1 para todos
os pares de localidades que caen na clase de distancia estudada, e igual a 0 para todos
os demais pares, e Wn é a suma de todos os wij valores nesa clase de distancia, que
en realidade é a # das rexións veciñas. O estat́ıstico local de Moran Iki é unha das
formas clásicas de medir o grao de autocorrelación espacial en datos de área. Os datos
dos apelidos poden considerarse datos de área, é dicir, datos agregados en unidades
espaciais. O estat́ıstico local de Moran Iki que se utiliza para determinar se hai ou
non autocorrelación espacial ao redor dunha subrexión especificada i (i = 1, . . . , n).
Calcúlase como segue:

Iki =
n(pki − p̄ki)
n∑
j=1

(pkj − p̄k)2

n∑
i=1

wij(pki − p̄ki), con i, j = 1, . . . , n,

onde hai n unidades espaciais, pki é o número de apelidos que aparecen na unidade
espacial i, p̄k é a media de pki (i = 1, . . . n) e wij é a medida de proximidade espacial
(definida por unha matriz de contigüidade/pesos) entre as unidades espaciais i e j.
Os valores positivos (negativos) de Iki denotan unha autocorrelación espacial positiva
(negativa) coa nosa expectativa a priori de que os valores raramente serán negativos e
é pouco probable que suxiran unha autocorrelación positiva moi forte dada a natureza
regionalmente agrupada da maioŕıa dos apelidos. Outro ı́ndice moi utilizado para a
autocorrelación espacial é o ı́ndice c de Geary, que é un ı́ndice de comparacións por
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pares de datos entre diferentes áreas:

ckij =

(n− 1)
n∑
i=1

n∑
j=1

wij(pki − pkj)

2Wn

n∑
i=1

(pki − p̄k)2

, con i, j = 1, . . . , n,

onde pki e pkj son a frecuencia de apelidos na i-ésima e j-ésima localidade, p̄k é a media
de pki (i = 1, . . . , n), a través das i = 1, . . . , n localidades, wij é unha matriz de pesos
espaciais con ceros na diagonal. O valor da c de Geary sitúase entre 0 e algún valor non
especificado superior a 1. Os valores significativamente inferiores a 1 demostran unha
autocorrelación espacial positiva crecente, mentres que os valores significativamente
superiores a 1 ilustran unha autocorrelación espacial negativa crecente. A c de Geary
está inversamente relacionada coa I de Moran global, pero non é idéntica.

Finalmente rev́ısanse outros métodos estat́ısticos (test de Mantel (Mantel (1967)),
técnicas de análises multivariante como a análise de compoñentes principais, o es-
calamiento multidimensional (MDS), o análise clúster, os mapas autoorganizados
(SOMs); descrición de dous algoritmos de detección de barreiras: o algoritmo de Mon-
monier (Monmonier (1973)) e o de Wombling (Womble (1951)); descrición de modelos
non paramétricos para a estimación da densidade multivariante e métodos Bootstrap
para a estimación da densidade e, finalmente, unha visión xeral das técnicas de Boot-
strap) para a análise de datos de apelidos e preséntase unha revisión exhaustiva da
literatura, onde se aplican todas as técnicas mencionadas neste caṕıtulo a datos de
apelidos en diferentes páıses de forma similar aos traballos de revisión previos de
Lasker (1991) e Colantonio et al. (2003).

Caṕıtulo 3: Aplicación das medidas de isonimia e variedades lingǘısticas.
Este caṕıtulo div́ıdese en tres partes.

Na primeira parte preséntanse os resultados de isonimia definidos no Caṕıtulo 2,
aplicados aos conxuntos de datos de Galicia, Asturias e Cataluña, Comunitat Valen-
ciana e Illes Balears e España. O resultado final é unha representación gráfica das
diferentes rexións de apelidos. Isto adóitase facer representando as agrupacións in-
dustriais dadas por dendogramas constrúıdos a partir das matrices de distancias de
Lasker (véase Cheshire et al. (2010)), polo que a información básica de división ou
fusión de agrupacións industriais é a similitude ou distancia isońımica entre zonas. A
información básica para dividir ou fusionar conglomerados é a similitude ou distancia
entre os conglomerados, e esta distancia pode obterse por diferentes métodos, como
a ligazón completa ou o procedemento de varianza mı́nima de Ward. A modo de
exemplo, para a análise dos datos galegos, consideráronse as localizacións dos 315
concellos de Galicia. Elimináronse os apelidos que só aparecen nun municipio, aśı
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como os que están por baixo e por encima dos cuantiles do 5% e 95% da distribución
do número de concellos. A distribución de frecuencias de apelidos é moi asimétrica,
similar á doutros estudos. Entre os apelidos eliminados están os que teñen polo menos
un representante en cada concello (Fernández, González, López, Pérez, Rodŕıguez).
Como se explicou anteriormente, tamén se ignoran aqueles apelidos presentes nun só
municipio. Algúns exemplos son Cotofre, Larrán e Roales. Ademais, para os datos de
Galicia móstranse os resultados tras aplicar as restantes técnicas (K de Yule, cociente
de localización, os ı́ndices global e local de Moran e o ı́ndice de Geary) que non son
de isonimia, presentadas no Caṕıtulo 2.

A segunda parte, é unha extensión aos resultados de isonimia para Asturias e a
relación entre apelidos e variedades lingǘısticas, forma parte do dominio lingǘıstico
dominio histórico denominado asturiano-leonés, que deu lugar á publicación Sousa
e Ginzo-Villamayor (2020). Os estudos sobre as correlacións entre a distribución
espacial das variedades lingǘısticas e a estrutura xenética das poboacións comez-
aron ocupándose de espazos xeográficos e familias lingǘısticas extensas. Nas dúas
últimas décadas, os investigadores con este tipo de enfoque interdisciplinar comez-
aron a estudar tamén ámbitos lingǘısticos e poboacionais máis reducidos. O obx-
ectivo principal deste estudo é explorar novos métodos que axuden a profundar no
coñecemento das relacións entre a estrutura demográfica e social das poboacións e a
organización espacial da diversidade lingǘıstica.

Os métodos aplicados na análise da distribución dos apelidos de Asturias, en
parte similares aos utilizados desde hai anos para estudar a estrutura das poboacións
noutros espazos, axudaron a descubrir a existencia de catro rexións onomásticas de
configuración similares ás áreas dialectales tradicionalmente recoñecidas no dominio
asturiano. A información sobre os apelidos desta rexión, extráıda do padrón de hab-
itantes, utiĺızase para identificar as rexións de apelidos e comprobar as correlacións
coas áreas dialectais descritas neste espazo. Os resultados obtidos nesta invest-
igación mostran moitas similitudes na distribución das rexións de apelidos coas áreas
dialectais recoñecidas polos estudos dialectolóxicos tradicionais. As conclusións do
estudo presentan os resultados obtidos xunto con algunhas das propostas explicativas
sobre a constitución histórica da diversidade lingǘıstica desta zona. O estudo da ison-
imia e a identificación de rexións de apelidos en Asturias sacou á luz algúns trazos
relevantes para a análise da variación xeolingǘıstica do asturiano Romance e a organ-
ización da poboación deste territorio.

Finalmente, compárase a distribución dos apelidos coa variabilidade lingǘıstica en
Galicia. Por unha banda, a detección de patróns xeográficos similares entre apelidos e
dialectos parece suxerir que os procesos sociais e demográficos da evolución son simil-
ares. Doutra banda, o feito de que a variabilidade dos apelidos difira da variabilidade



RESUMO EN GALEGO 523

lingǘıstica pode interpretarse como unha indicación de que os movementos sociais dos
dialectos non se corresponden coa historia demográfica da rexión. Comparáronse as
medidas de distancia onomástica entre municipios coas distancias lingǘısticas calcu-
ladas a partir da información recollida no Atlas Lingǘıstico Galego (ALGa), (datos
de 167 puntos do dominio lingǘıstico: 152 en Galicia e 15 en zonas galegas zonas
galegas de Asturias, León e Zamora). Para a análise dos apelidos, tomáronse 21213
apelidos correspondentes a 2505624 persoas (datos do censo de 2011, de 350 muni-
cipios: 315 galegos, 15 en Asturias, 16 en León e 4 en Zamora) e posteriormente
exclúıronse os máis comúns que, pola contra, levaŕıan a subestimar os niveis reais
de diversidade. Para levar a cabo esta comparación, trátase, de ver se a matriz de
distancia onomástica (por exemplo, a distancia de Nei) e a variación dialectal (IRD)
están correlacionadas coa distancia xeográfica, e para iso apĺıcase o test de Mantel.
O estat́ıstico de Mantel baséase nun simple termo de produto cruzado:

z =
n∑
i=1

n∑
j=1

xijyij

que se normaliza da seguinte forma:

r =
1

(n− 1)

n∑
i=1

n∑
j=1

(xij − x̄)

sx
· (yij − ȳ)

sy

onde x e y son variables medidas nas ubicacións i e j, e n é o número de elementos
das matrices de distancia, e sx e sy son as desviacións estándar correspondentes.

Caṕıtulo 4: Contribución aos métodos de isonimia. Este caṕıtulo presenta
distintas contribucións aos métodos de isonimia.

O primeiro, é un método alternativo á isonimia baseado en porcentaxes. Trátase
de buscar a porcentaxe de apelidos que coinciden entre dous municipios. Constrúese
unha matriz non simétrica, xa que se ni é o número de apelidos do municipio i e mj

o número de apelidos do municipio j, o número de coincidencias é pij, a porcentaxe
de coincidencias de i sobre j é

pij
ni

e o de i sobre j é
pij
mj

, por tanto non é unha matriz

simétrica. No caso de Galicia, considérase a matriz triangular superior da matriz
anterior de dimensión 315x315 e calcúlase a trasposta, este valor aśıgnase á matriz
triangular inferior, aśı se ten unha matriz simétrica. Sobre esta matriz calcúlase un
método de clustering. Posteriormente, apĺıcanse os filtros aplicados ao cálculo da
isonimia en Galicia (elimı́nanse os apelidos que só aparecen nun municipio e os que
están por baixo e por encima dos cuantiles 5% e 95% da distribución de número
de municipios). Finalmente, faise un corte nos datos, e apĺıcase unha agrupación
industrial sobre eses datos, aśı como coa poboación dos nados en 1965 ou antes. O
resultado obtido non é moi diferente do obtido aplicando a isonimia.
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A segunda contribución, baséase nunha análise da distribución das frecuencias
dos apelidos. Exponse se a distribución dos apelidos en Galicia axústase a unha
distribución de probabilidade coñecida, a distribución discreta de Pareto, coñecida
tamén pola distribución Zeta (Edwards (1974)), como no traballo de Fox e Lasker
(1983) en Reading, unha zona de Inglaterra. Para o caso de Galicia, a zona elixida
foi a comarca de Ordes (na provincia da Coruña) e expuxéronse dous escenarios
diferentes para a súa análise baseada na poboación residente na comarca de Ordes,
nacendo en calquera outro punto de España. Para levar a cabo a análise, aplicouse un
boostrap paramétrico e aplicouse o método de Benjamini e Hochberg (veáse Benjamini
e Hochberg (1995)), para a corrección dos p-valores.

A terceira contribución, está baseada na distancia migratoria. Exponse un estudo
por xénero dos inmigrantes en función do seu lugar de orixe, para eles selecciónanse
diferentes municipios (A Coruña e Vigo que son as cidades máis poboadas; A Ponten-
ova, un municipio rural da Mariña Lucense con pouca poboación; Ribeira, un munici-
pio costeiro con certo tamaño de poboación; O Bolo, un municipio rural da provincia
de Ourense con pouca poboación e Ordes, un municipio do interior, entre as cidades
da Coruña e Santiago de Compostela e con pouca poboación) con caracteŕısticas dis-
tintas para comparar o comportamento dos migrantes. Baséase nun traballo anterior
de Barrai et al. (1989). Utilizáronse datos para a poboación residente en Galicia,
que non necesariamente nacese en Galicia. Defińıronse como emigrantes aqueles que
residan nun municipio distinto ao do seu nacemento. Os inmigrantes agrupáronse en
catro clases segundo o lugar de orixe: migrantes de curto alcance (migracións entre
municipios de Galicia separados por menos de 50 km); migrantes de medio alcance
(outras migracións dentro dos municipios de Galicia); migrantes de longo alcance (mi-
grantes de provincias limı́trofes (Asturias, Zamora e León)) e migrantes de moi longo
alcance (migrantes do resto de España). Ademais, fixéronse distintos cortes ao longo
do tempo para analizar os comportamentos dos migrantes.

A cuarta contribución, é unha xeneralización da isonimia entre e a distancia de
Lasker, para iso proponse a utilización de solucións espećıficas de xogos de utilid-
ade transferibles, como o valor de Shapley (Shapley (1953)), como ferramenta para
medir a influencia marxinal de cada rexión na isonimia, baixo a idea da súa fusión.
Para iso, ampĺıase o concepto de isonimia para o caso de máis de dúas rexións. En
primeiro lugar, xeneraĺızase a definición de isonimia entre e distancia de Lasker para
un escenario xeral, non só dúas localizacións. Considérase R = {1, . . . , r} o conxunto
das rexións xeográficas implicadas. Para un subconjunto T de rexións de R, se Sj
é a colección de apelidos da rexión j, con j ∈ R, a colección conxunta de todos os
apelidos vén dada naturalmente por ST =

⋃
j∈T

Sj. O uso da isonimia para medir as

similitudes poboacionais de grupos con máis de 2 rexións pode xustificarse de forma
natural. En primeiro lugar, é necesaria unha extensión dos conceptos de isonimia
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entre e distancia de Lasker a unha contorna máis xeral. Se se toma un subconjunto
de rexións T ⊆ R, a isonimia entre elas pode escribirse da seguinte forma:

IT =
∑
l∈ST

(∏
j∈T

plj

)
.

Directamente, pódense determinar diferentes medidas da distancia isońımica entre
un conxunto de rexións. Por exemplo, a distancia de Lasker para T , é dicir, LT , ven
dada por

LT = − log(IT ).

A partir dos resultados obtidos, é posible inferir os patróns de distribución dos difer-
entes tipos de apelidos en Galicia.

E a quinta contribución está relacionada cos ı́ndices de biodiversidade. A pesar da
ampla literatura existente sobre a construción de rexións de apelidos mediante medi-
das de isonimia, non se aprecian avances metodolóxicos relevantes, e na maioŕıa das
propostas utiĺızanse medidas clásicas (Lasker, Nei ou isonimia entre zonas, entre as
máis comúns) excepto algún traballo excepcional como os de Boattini et al. (2010).
O concepto de diversidade espećıfica en ecolox́ıa de comunidades foi discutido in-
tensamente polos ecólogos durante anos, e o seu uso causou problemas semánticos,
conceptuais e técnicos (Hurlbert (1971)). A idea básica dun ı́ndice de biodiversid-
ade é obter unha estimación cuantitativa da variabilidade biolóxica no espazo ou no
tempo. A biodiversidade describe a variedade e variabilidade de todas as especies
dentro dunha área ecolóxica determinada. Hai que distinguir entre “riqueza” e “di-
versidade”. A diversidade adoita implicar unha medida tanto do número de especies
como da “equidade”. Tendo en conta que as medidas tradicionais xorden como ad-
aptación de ı́ndices de biodiversidade clásicos (Simpson (1949)), un dos obxectivos é
a adaptación e proposta de novas técnicas de medidas de biodiversidade ao contexto
da onomástica, como os estat́ısticos de contraste sobre distribucións multinomiales
propostos por Cressie and Read (1984). A riqueza de especies describe o número de
especies diferentes presentes nunha área, máis especies equivale a unha maior riqueza.
A riqueza espećıfica (Si) é a forma máis sinxela de describir a biodiversidade, xa que
se basea unicamente no número de especies presentes, sen ter en conta o valor de
importancia das especies, na comunidade i. Os ı́ndices para medir a riqueza están
relacionados con Si e Ni, o número total de individuos observados. Existen varios
ı́ndices simples de riqueza de especies que tentan compensar os efectos da mostraxe
dividindo a riqueza, Si, o número de especies rexistradas, por Ni, o número total de
individuos da mostra. Os ı́ndices de diversidade de Margalef e Menhinick son dúas
dos máis utilizados. Os ı́ndices que combinan tanto a riqueza de especies como a uni-
formidade nun único valor denomı́nanse ı́ndices de diversidade. Hai varias medidas
diferentes de diversidade de especies que son sensibles tanto ao número de especies
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na mostra como ás abundancias relativas das especies. Dous das medidas de het-
eroxeneidade máis utilizadas son o ı́ndice de Simpson e o ı́ndice de Shannon- Weaver.
A uniformidade das especies describe a abundancia relativa das diferentes especies
nunha área. A equidade das especies descŕıbese comunmente como a relación entre
a diversidade observada e a diversidade máxima, e esta última prodúcese cando as
especies dunha colección están distribúıdas uniformemente (Margalef (1958), Pielou
(1966)). Se todas as especies dunha mostra teñen a mesma abundancia, o ı́ndice util-
izado para medir a equidade debeŕıa ser un máximo e, por tanto, debeŕıa diminúır,
tendendo a cero, a medida que as abundancias relativas vólvense menos equitativas.
Adáptanse aśı os ı́ndices de diversidade de Peilou (Pielou (1966)), Sheldon (Sheldon
(1969)) e Heip (Heip (1974)). Revisáronse ademais outros ı́ndices de biodiversidade
para avaliar a súa posible adaptación (Magurran and McGill (2011)). Finalmente,
realizáronse as adaptacións convenientes, estudando mediante simulación o seu com-
portamento en distintos escenarios (configuracións de poboacións).

Caṕıtulo 5: Ferramentas de visualización estat́ıstica para os apelidos
topońımicos. Este caṕıtulo presenta un conxunto de ferramentas que se utilizan para
a visualización de apelidos topońımicos. A visualización de datos é moi importante
en estat́ıstica. Adrian W. Bowman destaca que os efectos gráficos poden engadir un
valor considerable na exploración de datos e modelos en xeral e na cuantificación da
incerteza (Bowman (2019)). Interesa unha boa visualización para entender o patrón
espacial e espazo-temporal dos apelidos.

As técnicas estat́ısticas que se propoñen neste caṕıtulo para visualización son as
seguintes, o cociente de localización, a estimación da densidade tipo núcleo (KDE) (é
unha técnica clásica en estat́ıstica, utilizada polos lingüistas), a distancia ponderada
(utilizada polos xeógrafos) para localizar o centro xeográfico dun apelido. Preséntanse
no Caṕıtulo 7, ferramentas de análise esférica como son as rexións direccionales de
alta densidade (HDiR) e o clúster esférico (que é unha técnica máis nova, e non
persegue a análise dun só apelido, senón que permite o estudo de varios apelidos
simultaneamente). As mixturas finitas das distribucións de von Mises-Fisher (vMF)
permiten aplicar métodos de agrupación baseados en modelos onde os datos atópanse
na esfera unidade.

Caṕıtulo 6: Modelización espacial e espazo-temporal do patrón de ape-
lidos. As investigacións desenvolvidas no contexto de estudo, ata a data, non tiveron
en conta a dimensión espacial e espazo–temporal da evolución dos apelidos. Fixando
rexións administrativas, como, por exemplo, concellos, pódese facer uso de métodos
espaciais e espazo–temporais para a análise de datos de cálculo que permitan mod-
elar o patrón subxacente á evolución dos apelidos. Con este obxectivo, se ulizaron
os métodos de modelización xerárquica, como o modelo BYM (véxase Besag et al.
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(1991) e Rue e Held (2005)). Un dos supostos deste modelo é que o log-risco pódese
descompoñer como suma dunha compoñente espacial estruturada e un erro aleatorio,
pero tamén se pode inclúır o efecto suave dalgunha covariable. Formalmente, o mod-
elo BYM formúlase da seguinte forma, denotando. Ei, o número de persoas con ese
apelido no municipio i, para cada i = 1, . . . , n. Este proceso de cálculo será modelado
a través dun modelo Poisson– LogNormal (ver Banerjee et al. (2004)). É dicir,

Yi|ηi ∼ Pois(Ei exp(ηi)),

onde Ei é a poboación en risco (estimación da poboación que leva o apelido en estudo),
ηi (os riscos log–relativos) un predictor lineal e as variables Ei condicionalmente en
ηi son independentes. O campo latente ηi terase en conta para modelar a estrutura
subxacente e recoller a variabilidade espacial. Para o axuste na práctica, empregouse
a metodolox́ıa Aproximación aniñada integrada de Laplace (INLA) proposta por Rue
et al. (2009).

Na segunda parte deste caṕıtulo, preséntase unha análise de Modelos conxuntos.
Neste caso, os apelidos agrupáronse por categoŕıas: apelativos, patrońımicos e to-
pońımicos. Proponse un modelo xerárquico bayesiano espazo-temporal para o estudo
conxunto desas tres categoŕıas de apelidos. Nestes modelos inclúense efectos espaciais
e temporais espećıficos e compartidos. Os pesos espećıficos dos apelidos controlan a
dependencia dos termos compartidos, o que permite utilizar a súa distribución pos-
terior para identificar apelidos con patróns espaciais e temporais similares. Para
explorar as similitudes e diferenzas entre os distintos tipos de apelidos, calculáronse
e cartografado os efectos espaciais e temporais compartidos e espećıficos.

Apéndice A: Nombres. Este apéndice proporciona información adicional ao
Caṕıtulo 1, debido a que está dedicado aos nomes, e todas as análises e estudos
realizados nesta tese son para apelidos.

Apéndice B: Táboas de isonimia en Galicia. Preséntanse os resultados
de isonimia para cada municipio de Galicia cos datos do censo do ano 2011 para
completar os resultados presentados no Caṕıtulo 3.

Apéndice C: Barreiras para os datos españois. Neste apéndice aparecen
unha serie de mapas de España coas barreiras obtidas dá diferentes matrices, a mat-
riz de Nei, os residuos do modelo lineal, do modelo polinómico e do modelo non
paramétrico, considerenado diferentes tamaños dos conxuntos de datos de apelidos
(30%, 70%, 97% e 100%), para reforzar os resultados presentados no Caṕıtulo 3.

Apéndice D: Lista de apelidos por zona de caracteŕısticas sociodemo-
gráficas en Galicia. Neste apéndice móstranse listas de apelidos comúns en áreas
sociodemográficas con caracteŕısticas similares, proporcionan información ás análises
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do Caṕıtulo 4. Estas áreas foron definidas polo IGE.

Apéndice E: Proba de bondade de axuste chi-cadrado de Pearson. A
proba de bondade de axuste χ2 de Pearson preséntase, para completar os resultados
do Caṕıtulo 4.

Apéndice F: Distribución dos apelidos e rango de migración. Preséntanse
unha serie de táboas e figuras que complementan a análise do Caṕıtulo 4.

Apéndice G: Evolución espazo-temporal dos apelidos topońımicos. Este
apéndice proporciona información adicional aos resultados do Caṕıtulo 5.

Apéndice H: Paquete R-INLA. Este apéndice presenta un breve resumo do
paquete R- INLA usado nas análises do Caṕıtulo 6, aśı como os resultados do anális
espacial e espazo temporal de varios apelidos seleccionados.

Apéndice I: Modelos conxuntos. Móstranse resultados detallados da análise
de modelos conxuntos do Caṕıtulo 6, para a clasificación de apelidos en topońımicos,
patrońımicos e apelativos.

Apéndice J: Paquete OnomasticDiversity. Co obxectivo de facer accesible
á comunidade cient́ıfica as medidas de similitude e de diversidade aplicadas ao con-
texto da análise onomástica e, desta forma, permitir o seu uso en problemas aplicados,
desenvolveuse un paquete para o software estat́ıstico R (ver R Core Team (2020b)).
Neste Apéndice descŕıbense e móstranse distintos exemplos de como empregar as
funcionalidades integradas no paquete OnomasticDiversity. Neste paquete imple-
mentáronse as medidas de isonimia máis relevantes presentadas no Caṕıtulo 2 e usa-
das no Caṕıtulo 3, aśı como medidas de diversidade definidas no Caṕıtulo 4 e usadas
nos estudos de simulación realizados.



Resumen en castellano

Esta tesis se centra en la introducción de nuevas técnicas estad́ısticas para el trata-
miento de datos y modelización en geolingǘıstica, concretamente, en datos de onomásti-
ca en Galicia. El documento se estructura de acuerdo a dos problemas principales:
(i) construcción de regiones de apellidos en Galicia y (ii) estudio y modelización de
patrones espaciales y espacio–temporales de los apellidos.

A continuación, se incluye un resumen con los distintos temas tratados a lo largo
de la tesis, aśı como las principales aportaciones realizadas en cada Caṕıtulo de la
misma.

Caṕıtulo 1: Introducción. En este caṕıtulo se presenta la necesidad análisis de
los apellidos, aśı como una breve introducción a la geolingǘıstica y se detallan los
distintos conjuntos de datos.

Los apellidos se pueden utilizar como fuente de información para caracterizar
la población de una región, ya que proporcionan información sobre movimientos de
población, caracteŕısticas genéticas y, en algunos casos, caracteŕısticas lingǘısticas
(como puede verse en Barrai et al. (2004), Scapoli et al. (2005), Scapoli et al. (2007)),
por lo que existe un interés relevante en analizar los patrones de los apellidos.

La identificación de patrones de apellidos a través de medidas de isonimia (po-
sesión de un mismo apellido) es un problema que ha sido abordado por diferentes
autores. Cheshire et al. (2010) muestran la existencia de una fuerte relación entre
regiones de apellidos y regiones geográficas en Gran Bretaña. Boattini et al. (2010,
2012) analizan la localización geográfica de apellidos en Italia mediante redes neuro-
nales. Utilizando métodos multivariantes, Novotn‘y y Cheshire (2012) concluyen un
claro paralelismo entre regiones de apellidos y fronteras etnoculturales en la Repúbli-
ca Checa. Mikerezi et al. (2013) describen la estructura isońımica de Albania, con las
medidas usuales.

Los conjuntos de datos usados en esta tesis, presentan información georeferencia-
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da, por lo tanto, el análisis de los apellidos requiere técnicas de geolingǘıstica. La
geolingǘıstica es una rama interdisciplinar que incorpora mapas lingǘısticos que re-
presentan patrones espaciales de localización de la lengua. Su principal preocupación
es el análisis de la relación entre la lengua y el contexto f́ısico y humano, en nuestro
caso, la relación entre la lengua y los apellidos. En la actualidad, los Sistemas de In-
formación Geográfica (SIG) se incorporaron a herramientas que permiten un análisis
sofisticado y eficiente de los datos espaciales (Hoch y Hayes (2010)).

La lingǘıstica considera diferentes clasificaciones de los apellidos en función de su
motivación, morfoloǵıa o semántica. El caso más habitual es el semántico, siendo este
último el más frecuente. Boullón-Agrelo (2008) sugiere la siguiente clasificación para
los apellidos (gallegos): patrońımico, topońımico y apelativo.

A continuación, se describen los conjuntos de datos (apellidos extráıdos del Censo
de Población) y las herramientas auxiliares (Nomenclátor Gallego y Atlas de la Lengua
Gallega) utilizados a lo largo de esta tesis.

En primer lugar, se presentan los datos de los apellidos para Galicia (censo de
población, año 2011), Asturias (padrón continuo de habitantes, año 2012) y el resto
de España (censo, año 2011).

Para Galicia, el conjunto de datos contiene una parte de las variables del Censo,
que son el municipio de nacimiento, el municipio de residencia y la edad de la persona,
para 2430512 personas (nacidas en Galicia, tras algunas depuraciones) con 20754
apellidos diferentes. Los datos fueron facilitados por el Instituto Gallego de Estad́ıstica
(IGE). Para caracterizar los apellidos según una determinada taxonomı́a, e identificar
los apellidos topońımicos, patrońımicos y apelativos se ha utilizado la técnica de
Web Scraping, técnica para convertir los datos presentes en formato no estructurado
(etiquetas HTML) a través de la web en un formato estructurado al que se pueda
acceder y utilizar fácilmente.

Los datos de los apellidos de comunidad autónoma Asturias han sido facilitados
por la Sociedad Asturiana de Estudios Económicos e Industriales (SADEI). El número
total de apellidos diferentes que contiene la base de datos es de 18418.

Apellidos de Cataluña, Comunitat Valenciana e Illes Balears: el Censo registra
9275726 personas nacidas en Cataluña (5117345), Comunitat Valenciana (3513625) e
Illes Balears (644756), con 96631 apellidos diferentes. Los datos han sido facilitados
por el Instituto Nacional de Estad́ıstica (INE).

Registro Oficial de Población y apellidos de España: se consideran 39811872 per-
sonas, (población de nacimiento, no de residencia), con 161474 apellidos diferentes.
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Un nomenclátor es un diccionario o directorio geográfico que se utiliza junto con
un mapa o atlas. Suele contener información sobre la composición geográfica, las
estad́ısticas sociales y las caracteŕısticas f́ısicas de un páıs, región o continente. El
Nomenclátor de Galicia (año 2012) cuenta con 37.308 registros y contiene la toponimia
de las provincias, parroquias, municipios y lugares, de acuerdo con los dictámenes de
la Comisión de Toponimia y las normas dictadas por la Xunta de Galicia. En la
base de datos del Nomenclátor no se dispone de las coordenadas geográficas de cada
localidad, por lo que se han asignado las coordenadas del centroide del municipio al
que pertenecen y en el caso de los apellidos, al disponer de los datos por municipio, se
consideran también las coordenadas del centroide del municipio. La disponibilidad de
nomenclátores electrónicos facilita la validación parcial de las áreas generadas para
los apellidos topońımicos (Cheshire y Longley (2011)).

El Atlas Lingǘıstico Gallego (ALGa), es un proyecto del Instituto da Lingua Gale-
ga (ILG) que comprende un amplio compendio descriptivo de la variación geográfica
de la Galicia moderna. Personal del ILG realizó encuestas in situ en 167 localidades
del área lingǘıstica gallega entre los años 1974 y 1977, 152 de ellas en Galicia y 15 en
zonas gallegohablantes de Asturias, León y Zamora. Mediante un programa informáti-
co de gestión de la información geográfica, se construye con los datos de la encuesta
una representación cartográfica de las respuestas a cada ı́tem del cuestionario.

Finalmente se describen los objetivos y organización del manuscrito.

Caṕıtulo 2: Revisión sobre el análisis estad́ıstico de los apellidos y cons-
trucción de las regiones de apellidos. Aunque existe una amplia literatura sobre
la construcción de regiones de apellidos basada en medidas de isonimia, los avances
metodológicos son escasos en este entorno, y la mayoŕıa de las propuestas se basan
en medidas clásicas siendo Lasker, Nei, isonimia entre zonas las más habituales. Por
supuesto, hay algunos trabajos excepcionales como el de Boattini et al. (2010), que
utilizan técnicas de redes neuronales. El objetivo de este caṕıtulo es revisar y aplicar
los métodos propuestos en la literatura para construir regiones de apellidos en Galicia,
analizando los rasgos destacados para cada medida o ı́ndice y sus posibles carencias
identificando oportunidades de mejora considerando medidas más sofisticadas.

La (desi)similitud de apellidos entre regiones puede cuantificarse con diferentes
medidas. Se considera el ı́ndice i = 1, . . . , n para denotar una determinada región
geográfica (para dos regiones, (i, j)). Cada región tiene una colección asociada Si de
apellidos, y para un par de regiones, la colección conjunta de todos los apellidos se
denota por Sij (Sij = Si∪Sj). El número total de apellidos en una determinada región
i se denota por ni, ni = #Si. Dos apellidos se identificarán por los ı́ndices k y l. Ni

es el tamaño de la población de la región i, por lo que Ni =
#Si∑
k=1

nk. Para la colección
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de regiones i = 1, . . . , n considerada como un todo, N denota el tamaño total de la

población (N =
n∑
i=1

Ni). Se presentan a continuación las medidas de isonimia más

utilizadas en la literatura.

Como se ha mencionado, la isonimia se refiere a la posesión del mismo apellido,
siendo una premisa en genética que los individuos con el mismo apellido tienen más
probabilidades de compartir el mismo linaje familiar, por lo que la isonimia indi-
ca relación biológica. Con la notación introducida anteriormente, la isonimia (como
medida interna, dentro de una región i) se define como

Ii =
∑
k∈Si

p2
ki,

donde pki denota la frecuencia relativa del apellido k en la región i. Los valores altos de
isonimia son posibles en una población donde hay relativamente pocos apellidos, y los
valores bajos de isonimia se obtienen cuando el número de apellidos es relativamente
grande. Otra medida útil es el α de Fisher (Barrai et al. (1996)), que estima el número
de apellidos que tienen igual frecuencia. Esta medida es un ı́ndice de diversidad y, para
muestras grandes, como en este caso, puede definirse como αi = 1/Ii, para una región
espećıfica i. La isonimia también puede ampliarse como medida de las similitudes
poblacionales entre grupos. Bajo el supuesto de un origen común, la isonimia entre
dos regiones i y j se define como:

Iij =
∑
k∈Sij

pkipkj .

Otras medidas diferentes de la distancia isońımica entre un par de lugares pueden
derivarse de la definición de isonima. Por ejemplo, la distancia de Lasker viene dada
por:

L = − log(Iij).

Las distancias de Lasker pueden interpretarse como una medida de la similitud entre
dos áreas, donde una distancia grande indica una menor similitud en la composición
de los apellidos. Sin embargo, la distancia de Lasker no es la única opción para
cuantificar la similitud de los apellidos. Otros coeficientes comunes son la distancia
euclidiana, introducida por Cavalli-Sforza (1997) y la distancia de Nei (Nei (1973b)),
ambas dadas por:

E =

√
1−

∑
k∈Sij

√
pkipkj y N = − log

(
Iij√
IiIj

)
, respectivamente.

Las distancias euclidianas y de Nei han sido desarrolladas para datos puramente
genéticos, pero pueden aplicarse a las frecuencias de los apellidos, como han hecho



RESUMEN EN CASTELLANO 533

Mikerezi et al. (2013). Además, para detectar el aislamiento por distancia entre las
localidades i y j, se puede calcular la correlación lineal de las distancias de los apellidos
(Lasker, eucĺıdea y Nei) con sus distancias geográficas.

A continuación, se introducen una serie de herramientas estad́ısticas para análisis
espacial. Una medida de diversidad que se utiliza habitualmente en lingǘıstica es la
K de Yule, que vaŕıa entre 0 (en poblaciones en las que toda la población tiene un
único apellido) y 104 (si todo el mundo comparte el mismo apellido). La K de Yule
se define, para una región i, como

Ki = 104 1

N2
i

(
Ri∑
ri=1

r2
i Vri −Ni

)
,

es la población en la región i, Ri es la frecuencia más alta de un apellido en la región
i, y Vr, r = 1, 2, 3, . . . , Ri representa el número de apellidos diferentes con frecuencia r
(véase Yule (1944)). Los valores mayores de K indican una menor diversidad en una
población y, por tanto, una mayor uniformidad. Independientemente de la cantidad
de personas implicadas, K es proporcional a la probabilidad de que dos personas
seleccionadas al azar tengan el mismo apellido y, por tanto, indica la frecuencia con la
que se repiten los apellidos en una población. Por último, el volumen de la variedad de
apellidos se mide por la relación entre los apellidos distintos y el número de personas
en la población (McElduff et al. (2008)).

Otra medida utilizada por Cheshire (2011) para caracterizar un apellido es el
cociente de localización (LQ), que es una medida que compara la presencia de un
determinado apellido en una región con ese apellido a un nivel espacial más agregado.
En este contexto, si se considera una región i y se denota por j otra región que
contiene a i (por ejemplo, i es un municipio y j es una provincia), se puede definir de
la siguiente manera

LQk
ij =

pki
#Si∑
k=1

nk

Rkj
n∑
i=1

Ni

, con i = 1 . . . , n,

donde pki es la frecuencia del apellido k en la región i, Rkj la frecuencia del apellido
k en la región global, j, y ni representa el número total de apellidos en la región

i, ni = #Si; Ni es el tamaño de la población de la región i, entonces Ni =
#Si∑
k=1

nk

LQ mayores que 1 identifican unidades espaciales con una mayor concentración de
un apellido seleccionado de lo que se esperaŕıa si el apellido tuviera una distribución
uniforme en la región. La localidad central de un apellido puede establecerse utilizando
esta medida, seleccionando las unidades espaciales que tienen valores LQ que superan
un umbral predeterminado en el extremo superior de la distribución.
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La autocorrelación espacial puede definirse como la correlación de una variable (en
este caso, la frecuencia del apellido) consigo misma en una región espacial. Describe
la similitud de los objetos cercanos entre śı en comparación con los objetos lejanos
(Tobler (1970)). Existen varias herramientas desarrolladas para medir el grado de
autocorrelación espacial en un conjunto de datos. Las dos más utilizadas para las
unidades de área son la de Moran, I, y Geary’s, c. La I de Moran se puede utilizar
de forma global, es decir, para determinar el grado de autocorrelación espacial en
toda un área geográfica completa (en este caso Galicia), o de forma local, es decir,
para determinar el grado de autocorrelación espacial dentro de los ayuntamientos de
toda el área geográfica. La autocorrelación espacial para un determinado apellido k
se calcula para aquellos pares de localidades que están conectados, es decir, que se
consideran vecinos. Para estimar el coeficiente de autocorrelación es posible utilizar
el ı́ndice global de Moran, para un determinado apellido k, definido como

Ikij =

n
n∑
i=1

n∑
j=1

wij(pki − p̄k)(pkj − p̄k)

Wn

n∑
i=1

(pki − p̄k)2

, con i, j = 1, . . . , n,

donde pki y pkj es la frecuencia del apellido en la localización i-ésima y j-ésima, p̄k es
la media de pki (i = 1, . . . , n), a través de las localizaciones i = 1, . . . , n, wij es igual
a 1 para todos los pares de localidades que caen en la clase de distancia estudiada
e igual a 0 para todos los demás pares, y Wn es la suma de todos los wij valores en
esa clase de distancia, que en realidad es la # de las regiones vecinas. El estad́ıstico
local de Moran Iki es una de las formas clásicas de medir el grado de autocorrelación
espacial en datos de área. Los datos de los apellidos pueden considerarse datos de
área, es decir, datos agregados en unidades espaciales. El estad́ıstico local de Moran
Iki que se utiliza para determinar si hay o no autocorrelación espacial alrededor de
una subregión especificada i (i = 1, . . . , n). Se calcula como sigue:

Iki =
n(pki − p̄ki)
n∑
j=1

(pkj − p̄k)2

n∑
i=1

wij(pki − p̄ki), con i, j = 1, . . . , n,

donde hay n unidades espaciales, pki es el número de apellidos que aparecen en la
unidad espacial i, p̄k es la media de pki (i = 1, . . . n) y wij es la medida de proximidad
espacial (definida por una matriz de contigüidad/pesos) entre las unidades espaciales
i y j. Los valores positivos (negativos) de Iki denotan una autocorrelación espacial
positiva (negativa) con nuestra expectativa a priori de que los valores raramente serán
negativos y es poco probable que sugieran una autocorrelación positiva muy fuerte
dada la naturaleza regionalmente agrupada de la mayoŕıa de los apellidos. Otro ı́ndice
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muy utilizado para la autocorrelación espacial es el ı́ndice c de Geary, que es un ı́ndice
de comparaciones por pares de datos entre diferentes áreas:

ckij =

(n− 1)
n∑
i=1

n∑
j=1

wij(pki − pkj)

2Wn

n∑
i=1

(pki − p̄k)2

, con i, j = 1, . . . , n,

donde pki y pkj son la frecuencia de apellidos en la i-ésima y j-ésima localidad, p̄k
es la media de pki (i = 1, . . . , n), a través de las i = 1, . . . , n localidades, wij es una
matriz de pesos espaciales con ceros en la diagonal. El valor de la c de Geary se
sitúa entre 0 y algún valor no especificado superior a 1. Los valores significativamente
inferiores a 1 demuestran una autocorrelación espacial positiva creciente, mientras
que los valores significativamente superiores a 1 ilustran una autocorrelación espacial
negativa creciente. La c de Geary está inversamente relacionada con la I de Moran
global, pero no es idéntica.

Finalmente se revisan otros métodos estad́ısticos (test de Mantel (Mantel (1967)),
técnicas de análisis multivariante como el análisis de componentes principales, el es-
calamiento multidimensional (MDS), el análisis cluster, los mapas autoorganizados
(SOMs); descripción de dos algoritmos de detección de barreras: el algoritmo de Mon-
monier (Monmonier (1973)) y el de Wombling (Womble (1951)); descripción de mo-
delos no paramétricos para la estimación de la densidad multivariante y métodos
Bootstrap para la estimación de la densidad y, finalmente, una visión general de las
técnicas de Bootstrap) para el análisis de datos de apellidos y se presenta una revisión
exhaustiva de la literatura, donde se aplican todas las técnicas mencionadas en este
caṕıtulo a datos de apellidos en diferentes páıses de forma similar a los trabajos de
revisión previos de Lasker (1991) y Colantonio et al. (2003).

Caṕıtulo 3: Aplicación de las medidas de isonimia y variedades lingǘısti-
cas. Este caṕıtulo se divide en tres partes.

En la primera parte se presentan los resultados de isonimia definidos en el Caṕıtulo
2, aplicados a los conjuntos de datos de Galicia, Asturias y Cataluña, Comunitat
Valenciana e Illes Balears y España. El resultado final es una representación gráfica
de las diferentes regiones de apellidos. Esto se suele hacer representando los clústeres
dados por dendogramas construidos a partir de las matrices de distancias de Lasker
(véase Cheshire et al. (2010)), por lo que la información básica de división o fusión de
clústeres es la similitud o distancia isońımica entre zonas. La información básica para
dividir o fusionar conglomerados es la similitud o distancia entre los conglomerados,
y esta distancia puede obtenerse por diferentes métodos, como el enlace completo o
el procedimiento de varianza mı́nima de Ward. A modo de ejemplo, para el análisis
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de los datos gallegos, se consideraron las localizaciones de los 315 ayuntamientos de
Galicia. Se eliminaron los apellidos que sólo aparecen en un municipio, aśı como los
que están por debajo y por encima de los cuantiles del 5 % y 95 % de la distribución
del número de ayuntamientos. La distribución de frecuencias de apellidos es muy
asimétrica, similar a la de otros estudios. Entre los apellidos eliminados están los que
tienen al menos un representante en cada ayuntamiento (Fernández, González, López,
Pérez, Rodŕıguez). Como se ha explicado anteriormente, también se ignoran aquellos
apellidos presentes en un solo municipio. Algunos ejemplos son Cotofre, Larrán y
Roales. Además, para los datos de Galicia se muestran los resultados tras aplicar las
restantes técnicas (K de Yule, cociente de localización, los ı́ndices global y local de
Moran y el ı́ndice de Geary) que no son de isonimia, presentadas en el Caṕıtulo 2.

La segunda parte, es una extensión a los resultados de isonimia para Asturias y la
relación entre apellidos y variedades lingǘısticas, forma parte del dominio lingǘıstico
dominio histórico denominado asturiano-leonés, que ha dado lugar a la publicación
Sousa y Ginzo-Villamayor (2020). Los estudios sobre las correlaciones entre la distri-
bución espacial de las variedades lingǘısticas y la estructura genética de las poblacio-
nes comenzaron ocupándose de espacios geográficos y familias lingǘısticas extensas.
En las dos últimas décadas, los investigadores con este tipo de enfoque interdisciplinar
han comenzado a estudiar también ámbitos lingǘısticos y poblacionales más reduci-
dos. El objetivo principal de este estudio es explorar nuevos métodos que ayuden a
profundizar en el conocimiento de las relaciones entre la estructura demográfica y
social de las poblaciones y la organización espacial de la diversidad lingǘıstica.

Los métodos aplicados en el análisis de la distribución de los apellidos de Asturias,
en parte similares a los utilizados desde hace años para estudiar la estructura de las
poblaciones en otros espacios, ayudaron a descubrir la existencia de cuatro regiones
onomásticas de configuración similares a las áreas dialectales tradicionalmente reco-
nocidas en el dominio asturiano. La información sobre los apellidos de esta región,
extráıda del padrón de habitantes, se utiliza para identificar las regiones de apellidos
y comprobar las correlaciones con las áreas dialectales descritas en este espacio. Los
resultados obtenidos en esta investigación muestran muchas similitudes en la distribu-
ción de las regiones de apellidos con las áreas dialectales reconocidas por los estudios
dialectológicos tradicionales. Las conclusiones del estudio presentan los resultados ob-
tenidos junto con algunas de las propuestas explicativas sobre la constitución histórica
de la diversidad lingǘıstica de esta zona. El estudio de la isonimia y la identificación
de regiones de apellidos en Asturias ha sacado a la luz algunos rasgos relevantes para
el análisis de la variación geolingǘıstica del asturiano Romance y la organización de
la población de este territorio.

Finalmente, se compara la distribución de los apellidos con la variabilidad lingǘısti-
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ca en Galicia. Por un lado, la detección de patrones geográficos similares entre apelli-
dos y dialectos parece sugerir que los procesos sociales y demográficos de la evolución
son similares. Por otro lado, el hecho de que la variabilidad de los apellidos difie-
ra de la variabilidad lingǘıstica puede interpretarse como una indicación de que los
movimientos sociales de los dialectos no se corresponden con la historia demográfica
de la región. Se compararon las medidas de distancia onomástica entre municipios
con las distancias lingǘısticas calculadas a partir de la información recogida en el
Atlas Lingǘıstico Galego (ALGa), (datos de 167 puntos del dominio lingǘıstico: 152
en Galicia y 15 en zonas gallegas zonas gallegas de Asturias, León y Zamora). Para el
análisis de los apellidos, se han tomado 21.213 apellidos correspondientes a 2.505.624
personas (datos del censo de 2011, de 350 municipios: 315 gallegos, 15 en Asturias,
16 en León y 4 en Zamora) y posteriormente se excluyeron los más comunes que, de
lo contrario, llevaŕıan a subestimar los niveles reales de diversidad. Para llevar a cabo
esta comparación, se trata, de ver si la matriz de distancia onomástica (por ejemplo,
la distancia de Nei) y la variación dialectal (IRD) están correlacionadas con la dis-
tancia geográfica, y para ello se aplica el test de Mantel. El estad́ıstico de Mantel se
basa en un simple término de producto cruzado:

z =
n∑
i=1

n∑
j=1

xijyij

que se normaliza de la siguiente forma:

r =
1

(n− 1)

n∑
i=1

n∑
j=1

(xij − x̄)

sx
· (yij − ȳ)

sy

donde x e y son variables medidas en las ubicaciones i e j, y n es el número de
elementos de las matrices de distancia, y sx y sy son las desviaciones estándar corres-
pondientes.

Caṕıtulo 4: Contribución a los métodos de isonimia. Este caṕıtulo presenta
distintas contribuciones a los métodos de isonimia.

El primero, es un método alternativo a la isonimia basado en porcentajes. Se trata
de buscar el porcentaje de apellidos que coinciden entre dos municipios. Se construye
una matriz no simétrica, ya que si ni es el número de apellidos del municipio i y mj el
número de apellidos del municipio j, el número de coincidencias es pij, el porcentaje
de coincidencias de i sobre j es

pij
ni

y el de i sobre j es
pij
mj

, por tanto no es una

matriz simétrica. En el caso de Galicia, se considera la matriz triangular superior de
la matriz anterior de dimensión 315x315 y se calcula la traspuesta, este valor se asigna
a la matriz triangular inferior, aśı se tiene una matriz simétrica. Sobre esta matriz
se calcula un método de clustering. Posteriormente, se aplican los filtros aplicados al
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cálculo de la isonimia en Galicia (se eliminan los apellidos que sólo aparecen en un
municipio y los que están por debajo y por encima de los cuantiles 5 % y 95 % de la
distribución de número de municipios). Finalmente, se hace un corte en los datos, y
se aplica un clúster sobre esos datos, aśı como con la población de los nacidos en 1965
o antes. El resultado obtenido no es muy diferente del obtenido aplicando la isonimia.

La segunda contribución, se basa en un análisis de la distribución de las frecuencias
de los apellidos. Se plantea si la distribución de los apellidos en Galicia se ajusta a una
distribución de probabilidad conocida, la distribución discreta de Pareto, conocida
también por la distribución Zeta (Edwards (1974)), como en el trabajo de Fox y
Lasker (1983) en Reading, una zona de Inglaterra. Para el caso de Galicia, la zona
elegida fue la comarca de Ordes (en la provincia de A Coruña) y se plantearon dos
escenarios diferentes para su análisis basado en la población residente en la comarca
de Ordes, habiendo nacido en cualquier otro punto de España. Para llevar a cabo
el análisis, se ha aplicado un boostrap paramétrico y se ha aplicado el método de
Benjamini y Hochberg (veáse Benjamini y Hochberg (1995)), para la corrección de
los p-valores.

La tercera contribución, está basada en la distancia migratoria. Se plantea un
estudio por género de los inmigrantes en función de su lugar de origen, para ellos
se seleccionan diferentes municipios (A Coruña y Vigo que son las ciudades más
pobladas; A Pontenova, un municipio rural de la Mariña Lucense con poca población;
Ribeira, un municipio costero con cierto tamaño de población; O Bolo, un municipio
rural de la provincia de Ourense con poca población y Ordes un municipio del interior,
entre las ciudades de A Coruña y Santiago de Compostela y con poca población) con
caracteŕısticas distintas para comparar el comportamiento de los migrantes. Se basa
en un trabajo anterior de Barrai et al. (1989). Se utilizaron datos para la población
residente en Galicia, que no necesariamente haya nacido en Galicia. Se definieron como
emigrantes aquellos que residan en un municipio distinto al de su nacimiento. Los
inmigrantes se agruparon en cuatro clases según el lugar de origen: migrantes de corto
alcance (migraciones entre municipios de Galicia separados por menos de 50 km);
migrantes de medio alcance (otras migraciones dentro de los municipios de Galicia);
migrantes de largo alcance (migrantes de provincias limı́trofes (Asturias, Zamora y
León)) y migrantes de muy largo alcance (migrantes del resto de España). Además,
se hicieron distintos cortes a lo largo del tiempo para analizar los comportamientos
de los migrantes.

La cuarta contribución, es una generalización de la isonimia entre y la distancia
de Lasker, para ello se propone la utilización de soluciones espećıficas de juegos de
utilidad transferibles, como el valor de Shapley (Shapley (1953)), como herramienta
para medir la influencia marginal de cada región en la isonimia, bajo la idea de
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su fusión. Para ello, se ampĺıa el concepto de isonimia para el caso de más de dos
regiones. En primer lugar, se generaliza la definición de isonimia entre y distancia
de Lasker para un escenario general, no sólo dos localizaciones. Considerando R =
{1, . . . , r} el conjunto de las regiones geográficas implicadas. Para un subconjunto
T de regiones de R, si Sj es la colección de apellidos de la región j, con j ∈ R, la
colección conjunta de todos los apellidos viene dada naturalmente por ST =

⋃
j∈T

Sj.

El uso de la isonimia para medir las similitudes poblacionales de grupos con más
de 2 regiones puede justificarse de forma natural. En primer lugar, es necesaria una
extensión de los conceptos de isonimia entre y distancia de Lasker a un entorno más
general. Si se toma un subconjunto de regiones T ⊆ R, la isonimia entre ellas puede
escribirse de la siguiente forma:

IT =
∑
l∈ST

(∏
j∈T

plj

)
.

Directamente, se pueden determinar diferentes medidas de la distancia isońımica entre
un conjunto de regiones. Por ejemplo, la distancia de Lasker para T , es decir, LT ,
viene dada por

LT = − log(IT ).

A partir de los resultados obtenidos, es posible inferir los patrones de distribución de
los diferentes tipos de apellidos en Galicia.

Y la quinta contribución está relacionada con los ı́ndices de biodiversidad. A pesar
de la amplia literatura existente sobre la construcción de regiones de apellidos me-
diante medidas de isonimia, no se aprecian avances metodológicos relevantes, y en la
mayoŕıa de las propuestas se utilizan medidas clásicas (Lasker, Nei o isonimia entre
zonas, entre las más comunes) excepto algún trabajo excepcional como los de Boattini
et al. (2010). El concepto de diversidad espećıfica en ecoloǵıa de comunidades ha sido
discutido intensamente por los ecólogos durante años, y su uso ha causado problemas
semánticos, conceptuales y técnicos (Hurlbert (1971)). La idea básica de un ı́ndice
de biodiversidad es obtener una estimación cuantitativa de la variabilidad biológica
en el espacio o en el tiempo. La biodiversidad describe la variedad y variabilidad de
todas las especies dentro de un área ecológica determinada. Hay que distinguir entre
“riqueza” y “diversidad”. La diversidad suele implicar una medida tanto del número
de especies como de la “equidad”. Teniendo en cuenta que las medidas tradiciona-
les surgen como adaptación de ı́ndices de biodiversidad clásicos (Simpson (1949)),
uno de los objetivos es la adaptación y propuesta de nuevas técnicas de medidas de
biodiversidad al contexto de la onomástica, como los estad́ısticos de contraste sobre
distribuciones multinomiales propuestos por Cressie and Read (1984). La riqueza de
especies describe el número de especies diferentes presentes en un área, más especies
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equivale a una mayor riqueza. La riqueza espećıfica (Si) es la forma más sencilla de
describir la biodiversidad, ya que se basa únicamente en el número de especies pre-
sentes, sin tener en cuenta el valor de importancia de las especies, en la comunidad
i. Los ı́ndices para medir la riqueza están relacionados con Si y Ni, el número total
de individuos observados. Existen varios ı́ndices simples de riqueza de especies que
intentan compensar los efectos del muestreo dividiendo la riqueza, Si, el número de
especies registradas, por Ni, el número total de individuos de la muestra. Los ı́ndices
de diversidad de Margalef y Menhinick son dos de los más utilizados. Los ı́ndices que
combinan tanto la riqueza de especies como la uniformidad en un único valor se deno-
minan ı́ndices de diversidad. Hay varias medidas diferentes de diversidad de especies
que son sensibles tanto al número de especies en la muestra como a las abundancias
relativas de las especies. Dos de las medidas de heterogeneidad más utilizadas son
el ı́ndice de Simpson y el ı́ndice de Shannon-Weaver. La uniformidad de las especies
describe la abundancia relativa de las diferentes especies en un área. La equidad de
las especies se describe comúnmente como la relación entre la diversidad observada
y la diversidad máxima, y esta última se produce cuando las especies de una colec-
ción están distribuidas uniformemente (Margalef (1958), Pielou (1966)). Si todas las
especies de una muestra tienen la misma abundancia, el ı́ndice utilizado para medir
la equidad debeŕıa ser un máximo y, por tanto, debeŕıa disminuir, tendiendo a cero,
a medida que las abundancias relativas se vuelven menos equitativas. Se adaptan
aśı los ı́ndices de diversidad de Peilou (Pielou (1966)), Sheldon (Sheldon (1969)) y
Heip (Heip (1974)). Se revisaron además otros ı́ndices de biodiversidad para evaluar
su posible adaptación (Magurran and McGill (2011)). Finalmente, se realizaron las
adaptaciones convenientes, estudiando mediante simulación su comportamiento en
distintos escenarios (configuraciones de poblaciones).

Caṕıtulo 5: Herramientas de visualización estad́ıstica para los apellidos
topońımicos. Este caṕıtulo presenta un conjunto de herramientas que se utilizan
para la visualización de apellidos topońımicos. La visualización de datos es muy im-
portante en estad́ıstica. Adrian W. Bowman destaca que los efectos gráficos pueden
añadir un valor considerable en la exploración de datos y modelos en general y en la
cuantificación de la incertidumbre (Bowman (2019)). Interesa una buena visualización
para entender el patrón espacial y espacio-temporal de los apellidos.

Las técnicas estad́ısticas que se proponen en este caṕıtulo para visualización son
las siguientes, el cociente de localización, la estimación de la densidad tipo núcleo
(KDE) (es una técnica clásica en estad́ıstica, utilizada por los lingüistas), la distan-
cia ponderada (utilizada por los geógrafos) para localizar el centro geográfico de un
apellido. Se presentan en el Caṕıtulo 7, herramientas de análisis esférico como son
las regiones direccionales de alta densidad (HDiR) y el cluster esférico (que es una
técnica más novedosa, y no persigue el análisis de un solo apellido, sino que permite
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el estudio de varios apellidos simultáneamente). Las mixturas finitas de las distribu-
ciones de von Mises-Fisher (vMF) permiten aplicar métodos de agrupación basados
en modelos donde los datos se encuentran en la esfera unidad.

Caṕıtulo 6: Modelización espacial y espacio-temporal del patrón de ape-
llidos. Las investigaciones desarrolladas en el contexto de estudio, hasta la fecha, no
han tenido en cuenta la dimensión espacial y espacio–temporal de la evolución de
los apellidos. Fijando regiones administrativas, como, por ejemplo, ayuntamientos, se
puede hacer uso de métodos espaciales y espacio–temporales para el análisis de datos
de conteo que permitan modelar el patrón subyacente a la evolución de los apellidos.
Con este objetivo, se ulizaron los métodos de modelización jerárquica, como el modelo
BYM (véase Besag et al. (1991) y Rue y Held (2005)). Uno de los supuestos de este
modelo es que el log-riesgo se puede descomponer como suma de una componente
espacial estructurada y un error aleatorio, pero también se puede incluir el efecto
suave de alguna covariable. Formalmente, el modelo BYM se formula de la siguiente
forma, denotando. Yi, el número de personas con ese apellido en el municipio i, pa-
ra cada i = 1, . . . , n. Este proceso de conteo será modelado a través de un modelo
Poisson–LogNormal (ver Banerjee et al. (2004)). Es decir,

Yi|ηi ∼ Pois(Ei exp(ηi)),

donde Ei es la población en riesgo (estimación de la población que lleva el apellido
en estudio), ηi (los riesgos log–relativos) un predictor lineal y las variables Yi condi-
cionalmente en ηi son independientes. El campo latente ηi se tendrá en cuenta para
modelar la estructura subyacente y recoger la variabilidad espacial. Para el ajuste
en la práctica, se empleó la metodoloǵıa Aproximación anidada integrada de Laplace
(INLA) propuesta por Rue et al. (2009).

En la segunda parte de este caṕıtulo, se presenta un análisis de Modelos conjuntos.
En este caso, los apellidos se han agrupado por categoŕıas: apelativos, patrońımicos
y topońımicos. Se propone un modelo jerárquico bayesiano espacio-temporal para el
estudio conjunto de esas tres categoŕıas de apellidos. En estos modelos se incluyen
efectos espaciales y temporales espećıficos y compartidos. Los pesos espećıficos de
los apellidos controlan la dependencia de los términos compartidos, lo que permite
utilizar su distribución posterior para identificar apellidos con patrones espaciales
y temporales similares. Para explorar las similitudes y diferencias entre los distintos
tipos de apellidos, se han calculado y cartografiado los efectos espaciales y temporales
compartidos y espećıficos.

Apéndice A: Nombres. Este apéndice proporciona información adicional al
Caṕıtulo 1, puesto que está dedicado a los nombres, y todos los análisis y estudios
realizados en esta tesis son para apellidos.
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Apéndice B: Tablas de isonimia en Galicia. Se presentan los resultados de
isonimia para cada municipio de Galicia con los datos del censo del año 2011 para
completar los resultados presentados en el Caṕıtulo 3.

Apéndice C: Barreras para los datos españoles. En este apéndice aparecen
una serie de mapas de España con las barreras obtenidas da diferentes matrices, la
matriz de Nei, los residuos del modelo lineal, del modelo polinómico y del modelo no
paramétrico, considerenado diferentes tamaños de los conjuntos de datos de apellidos
(30 %, 70 %, 97 % y 100 %), para reforzar los resultados presentados en el Caṕıtulo 3.

Apéndice D: Lista de apellidos por zona de caracteŕısticas sociode-
mográficas en Galicia. En este apéndice se muestran listas de apellidos comunes
en áreas sociodemográficas con caracteŕısticas similares, proporcionan información a
los análisis del Caṕıtulo 4. Estas áreas fueron definidas por el IGE.

Apéndice E: Prueba de bondad de ajuste chi-cuadrado de Pearson. Se
presenta la prueba de bondad de ajuste χ2 de Pearson, para completar los resultados
del Caṕıtulo 4.

Apéndice F: Distribución de los apellidos y rango de migración. Se pre-
sentan una serie de tablas y figuras que complementan el análisis del Caṕıtulo 4.

Apéndice G: Evolución espacio-temporal de los apellidos topońımicos.
Este apéndice proporciona información adicional a los resultados del Caṕıtulo 5.

Apéndice H: Paquete R-INLA. Este apéndice presenta un breve resumen del
paquete R-INLA usado en los análisis del Caṕıtulo 6, aśı como los resultados del anális
espacial y espacio temporal de varios apellidos seleccionados.

Apéndice I: Modelos conjuntos. Se muestran resultados detallados del análisis
de modelos conjuntos del Caṕıtulo 6, para la clasificación de apellidos en topońımicos,
patrońımicos y apelativos.

Apéndice J: Paquete OnomasticDiversity. Con el objetivo de hacer accesible a
la comunidad cient́ıfica las medidas de similitud y de diversidad aplicadas al contexto
del análisis onomástico y, de esta forma, permitir su uso en problemas aplicados, se
ha desarrollado un paquete para el software estad́ıstico R (ver R Core Team (2020b)).
En este Apéndice se describen y se muestran distintos ejemplos de cómo emplear las
funcionalidades integradas en el paquete OnomasticDiversity. En este paquete se han
implementado las medidas de isonimia más relevantes presentadas en el Caṕıtulo 2
y usadas en el Caṕıtulo 3 y las medidas de diversidad definidas en el Caṕıtulo 4 y
usadas en los estudios de simulación realizados.



List of Abbreviations

AEI Spanish State Research Agency
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EER Enhanced Electoral Register

ERDF European Regional Development Fund
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GD Geographic Distance

Gd Geographic Distance
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GLM Generalized Linear Model

GMRF Gaussian Markov random field

GoF Goodness-of-fit
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kld Kullback-Leibler divergence
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MDS Multi–Dimensional Scaling
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MLE Maximum Likelihood Estimation
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SDHE Standard Deviational Hyper-ellipsoid
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SOM Self-Organizing Maps
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UPGMA Unweighted Pair Group Method with Arithmetic Mean



546 LIST OF ABBREVIATIONS

vMF von Mises-Fisher

WPGMS Weighted Pair Group Method with Arithmetic Mean

ZDP Densely Populated Area

ZIP Intermediate Zones

ZPP Poorly Populated Areas



Bibliography

Abel, G. J., and Cohen, J. E. (2019). Bilateral international migration flow estimates
for 200 countrie. Scientifica Data, 6(82), 1–13.

Abellan, J., Richardson, S., and Best, N. (2008). Use of space-time models to invest-
igate the stability of patterns of disease. Environmental health perspectives , 116(8),
1111–1119.
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Bertranpetit, J. (1984). Isolation and its genetic consequences in the population of
Formentera: inbreeding, isonymy and drift , vol. 52, chap. Biogeography and eco-
logy of the Pityusic islands, (pp. 653–668). Dr W. Junk Publishers.
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Biondi, G., Vienna, A., and Peña-Garćıa, C., A.A. Mascie-Taylor (2005). Isonymy
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de España, (p. 139–158). Ariel. Manuel Alvar (dir.), Barcelona.

Boullón-Agrelo, A. I. (2008). I nomi nel tempo e nello spazio - V. Atti del XXII
Congresso Internazionale di Scienze Onomastiche Pisa, vol. II, chap. The surnames
in Galicia today: a characterization and description, (pp. 299–310). Edizioni ETS.

Bowman, A. W. (2019). Graphics for uncertainty. J. R. Statistical Society A, 182(Part
2), 403–418.

Branco, C. C., and Mota-Vieira, L. (2005). Surnames in the Azores: analysis of the
isonymy structure. Human Biology , 77(1), 37–44.

Brassel, K., and Reif, D. (1975). Procedure to generate Thiessen polygons. Geograph-
ical Analysis , 11, 289–303.

Brent (1973). Algorithms for Minimization without Derivatives . Englewood Cliffs,
NJ: Prentice-Hall, New Jersey.

Bronberg, R. A., Dipierri, J. E., Alfaro, E. L., Barrai, I., Álvaro Rodŕıguez-Larralde,
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as socio-cultural feature and genetic metaphor: from concepts to methods. Human
Biology , 84(2), 169–214.

De Andrés, R. (2004). Noción y realidad del asturiano, chap. Ramón Menéndez Pidal
y El Dialecto Leonés (1906–2006), (p. 239–256). Instituto de la Lengua Castellano
y Leonés. Ramón Morala Rodŕıguez (ed.), Salamanca.
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de Alicante, Alicante.



BIBLIOGRAPHY 557

Ginzo-Villamayor, M. J., and Crujeiras, R. M. (2015). Modelización onomástica. Libro
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español. GCIENCIA.

Richardson, S., Abellan, J., and Best, N. (2006). Bayesian spatio-temporal analysis
of joint patterns of male and female lung cancer risks in Yorkshire (UK). Statistical
Methods in Medical Research, 15, 385–407.

Riebler, A., Sørbye, S. H., Simpson, D., and Rue, H. (2016). An intuitive Bayesian
spatial model for disease mapping that accounts for scaling. Statistical Methods in
Medical Research, 25(4), 1145–1165.

Rodŕıguez-Larralde, A., and Barrai, I. (1997). Isonymy Structure of Sucre and
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