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A B S T R A C T   

Forensic age estimation is a DNA intelligence tool that forms an important part of Forensic DNA Phenotyping. 
Criminal cases with no suspects or with unsuccessful matches in searches on DNA databases; human identifi-
cation analyses in mass disasters; anthropological studies or legal disputes; all benefit from age estimation to gain 
investigative leads. Several age prediction models have been developed to date based on DNA methylation. 
Although different DNA methylation technologies as well as diverse statistical methods have been proposed, 
most of them are based on blood samples and mainly restricted to adult age ranges. In the current study, we 
present an extended age prediction model based on 895 evenly distributed Spanish DNA blood samples from 2 to 
104 years old. DNA methylation levels were detected using Agena Bioscience EpiTYPER® technology for a total 
of seven CpG sites located at seven genomic regions: ELOVL2, ASPA, PDE4C, FHL2, CCDC102B, MIR29B2CHG 
and chr16:85395429 (GRCh38). The accuracy of the age prediction system was tested by comparing three sta-
tistical methods: quantile regression (QR), quantile regression neural network (QRNN) and quantile regression 
support vector machine (QRSVM). The most accurate predictions were obtained when using QRNN or QRSVM 
(mean absolute prediction error, MAE of ± 3.36 and ± 3.41, respectively). Validation of the models with an 
independent Spanish testing set (N = 152) provided similar accuracies for both methods (MAE: ± 3.32 and ±
3.45, respectively). The main advantage of using quantile regression statistical tools lies in obtaining age- 
dependent prediction intervals, fitting the error to the estimated age. An additional analysis of dimensionality 
reduction shows a direct correlation of increased error and a reduction of correct classifications as the training 
sample size is reduced. Results indicated that a minimum sample size of six samples per year-of-age covered by 
the training set is recommended to efficiently capture the most inter-individual variability..   

1. Introduction 

Epigenetics plays a key role in the control of gene expression [1]. 
Epigenetic signatures affecting this molecular process are reversible, act 
in cascade or network and affect DNA regulation without altering the 
underlying DNA sequence [2]. Four main categories of epigenetic marks 
have been described: chromatin remodeling [3], post-translational his-
tone modifications [4], non-coding RNAs [5] and DNA methylation [6]; 
with the latter the most widely studied so far. DNA methylation is the 
addition of a methyl group in the 5′ carbon of those cytosine residues 

predominantly located in CpG dinucleotides, that generally contributes 
to gene silencing [7,8]. A plethora of genome-wide studies have shed 
light on the DNA methylation process during the last ten years, many of 
them targeting CpG sites correlated with individual age [9–17]. Gradual 
age-correlated hyper- and hypomethylation patterns have been 
observed in the human genome [18]. Based on these observed correla-
tions, a new concept termed “epigenetic age” emerged. Epigenetic age 
refers either to chronological or biological age depending on the marker 
set used. Additionally, depending on the individual’s lifestyle and/or 
presence of disease, chronological or biological age might match or 
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differ in scale. While chronological age has been proved to be useful in a 
forensic context [19], biological age might also be used to monitor the 
progress of a person with illness or undergoing treatment for a medical 
condition [20–22]. 

A universal epigenetic clock was proposed by Horvath in 2013 [13]. 
In spite of the advantages that such an age prediction model presented, 
covering multiple tissues in donors that ranged in age from newborns to 
centenarians and trained on more than 7000 control individuals, the 
analysis of more than 300 CpG sites hampered its application in plat-
forms apart from Illumina HumanMethylation Beadchips [23]. To apply 
epigenetic clocks using alternative DNA methylation technologies, a 
substantial reduction of markers has been the strategy of choice for 
forensic applications [24]. 

In recent years, multiple age prediction models have been developed 
for forensic analysis using a reduced number of CpG sites. These 
epigenetic clocks were designed targeting multiple forensic tissues: 
blood [25,26], saliva [27,28], semen [29], teeth [30] and bones [31]; 
using a variety of technologies: Pyrosequencing [24,32], EpiTYPER [26, 
33], SNaPshot [27,28] or Massively Parallel Sequencing [34–37]; and 
applying different statistical models, including linear regression [25], 
quantile regression [38], support vector machine [39] or artificial 
neural networks [40]; as well as covering different age ranges: adults 
[41] and children [42]. Common to all of them is the use of a reduced 
number of markers, from 3 to 16 CpG sites. 

Most age prediction models published to date mainly cover adult 
samples, with subjects below adult ages consistently underrepresented. 
Differences have been observed between children and adults in terms of 
epigenetic changes. DNA methylation patterns for some CpG sites, 
reveal a logarithmic dependence until adulthood that slows to a linear 
dependence later in life, as depicted by Horvath [13]. This increased 
variation of epigenetic states during the early stages of life could be 
explained by the rapid maturation of the immune system at this period 
[43]. Nevertheless, some CpG sites present a linear or quasi-linear 
pattern of gradual DNA methylation changes from childhood to very 
old age, which makes these the most suitable epigenetic biomarkers for 
establishing a common age prediction model that includes all age 
ranges, that statistically can be treated in a unified way. 

To develop a common epigenetic clock covering the whole lifetime of 
a person, inter-individual variability should be also considered. Since 
epigenetics is the result of environmental interaction with genetics, in-
dividuals presenting similar chronological ages can be represented by 
multiple scenarios [44], including potential differences among pop-
ulations [45]. Age prediction models reported so far have been trained 
using dozens to hundreds of volunteers, but no minimum sample size has 
been established to date. 

In the present study, a common epigenetic clock for all human ages – 
from children to centenarians – was developed using seven CpG sites 
detected using EpiTYPER® technology. A total of 895 Spanish blood 
DNA samples ranging from 2 to 104 years old were trained exploring 
three statistical models. K-fold cross-validation was used for validation 
purposes, as well as an independent testing set composed of 152 Spanish 
individuals from 3 to 69 years old. Additionally, an optimal training set 
size was calculated assessing dimensionality reduction based on 
stepwise-reduced training sets from a total of 895 to 99 individuals. 

2. Materials and methods 

2.1. DNA samples and quantification 

A total of 1047 blood DNA samples from Spanish donors (collected 
across multiple regions) ranging from 2 to 104 years old (mean age: 
44.51 years, 477 males and 570 females, approximately 10 individuals 
per age) were used for the development of an extended age prediction 
model – DNA methylation levels for all samples were collected within 
the scope of previous projects. From these samples, 895 (~85%) were 
used for establishing the training set and the remaining 152 (~15%) for 

validation purposes. DNA samples were obtained from the Spanish Na-
tional DNA Bank Carlos III, University of Salamanca and from the Bio-
Bank IBSP-CV (PT13/0010/0064), integrated in the Spanish National 
Biobanks Network and in the Valencian Biobanking Network; and they 
were processed following standard operating procedures with the 
appropriate approval of the Ethical and Scientific Committees. Ethical 
approval for the present study was granted from the ethics committee of 
investigation in Galicia, Spain (CAEI: 2013/543). Additionally, two in-
ternal controls were included in all methylation analyses in order to 
confirm the reproducibility of results (blood DNA samples from a male 
and a female, 59 and 32 years old, respectively). All DNA samples were 
quantified by Qubit® dsDNA High Sensitivity (HS) Assay Kit (Thermo 
Fisher) and subsequently normalized to 10 ng/µL. 

2.2. CpG target sites and Agena Bioscience EpiTYPER® DNA methylation 
analysis 

The DNA methylation markers selected for this study were seven CpG 
sites from the genomic regions: ELOVL2, ASPA, PDE4C, FHL2, 
CCDC102B, MIR29B2CHG and chr16:85395429 (GRCh38), included in 
a previous age prediction model initially created for adult samples [26]. 
The Agena Bioscience EpiTYPER® system (San Diego, CA, USA) is a 
bisulfite-treatment-based method for detection and quantification of 
DNA methylation using MassARRAY® mass spectrometry [46]. The 
bisulfite conversion step is performed with the EZ DNA Methyl- ation™ 
Kit (Zymo Research), with input of 300 ng of genomic DNA, following 
manufacturer’s guidelines, to produce 40 µL of converted DNA. That 
means that from the samples normalized to 10 ng/µL, 30 µL were used 
for bisulfite conversion. From the final 40 µL of converted DNA, 1 µL was 
used for subsequent EpiTYPER analyses. EpiTYPER DNA methylation 
data for the present study were obtained from two previous publications 
[26,42]. EpiTYPER detects methylation levels as CpG sets, comprising 
one or multiple CpG positions in the same cleavage fragment. Therefore, 
multiple CpGs in a set will be detected when they are closely positioned 
on the targeted fragment. Herein, we use the term CpG site whether one 
CpG, or a cluster of CpGs is detected in a single short DNA fragment. 

2.3. Statistical analyses and establishment of online age prediction tools 

All calculations were performed using R software v.3.4.2. Chrono-
logical age refers to the actual self-declared age of the individual. Cor-
relations between DNA methylation levels and chronological age were 
calculated using the Spearman correlation (rs). Inter-individual vari-
ability based on DNA methylation levels was assessed using standard 
deviation (threshold SD >0.05). To build an extended age prediction 
model, three statistical tools were explored using quantiles 0.1 and 0.9 
(q10 and q90): quantile regression (QR), quantile regression neural 
network (QRNN) and quantile regression support vector machine 
(QRSVM); using the quantreg (rq function), qrnn (mcqrnn.fit function, 3 
hidden layers) and liquidSVM (qtSVM function) R packages, respec-
tively [47–49]. Validation of the prediction models was performed using 
k-fold cross-validation (k = 10) applying an R script developed in-house. 
The k-fold cross-validation randomly cleavages the input data (N = 895) 
into k fragments of similar sample size. Random cleavage of the input 
data was made using the cvTools R package [50]. Every k time that the 
model was assessed, a k cluster was retained as the test set with the 
remaining clusters used as the training set, maintaining proportions of 
10% and 90% of the input data for test and training sets respectively, per 
run. The corresponding predictive accuracy was measured with the 
following performance metrics: mean absolute prediction error (MAE); 
root-mean-square error (RMSE) and percent of correct classifications 
within the prediction intervals (%CP±PI). Although when working with 
quantiles (QR, QRNN and QRSVM), the MAE can be represented by the 
median instead of the mean, the mean was used in the present study for 
comparative purposes with additional models, where the MAE is usually 
based on the mean. Correlation between epigenetic age and 
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chronological age was tested using R2. Predicted versus chronological 
age was plotted using the ggplot2 R package [51]. To assess potential 
differences between statistical methods, a p-value < 0.05 was consid-
ered statistically significant. Potential sex differences were tested using 
the Wilcoxon Mann Whitney test. The final online age prediction 
tools (QRNN and QRSVM) developed in our study have been placed 
in the open-access Snipper forensic classification website and 
are freely available at: http://mathgene.usc.es/cgi-bin/snps/age_ 
tools/processmethylation-blood_2–104.cgi. 

3. Results 

3.1. Association of seven CpG sites with chronological age using Agena 
Bioscience EpiTYPER® 

Seven age-correlated CpG sites from the genomic regions: ELOVL2 
(CR_1_CpG_9: cg21572722), ASPA (CR_2_CpG_3: cg02228185), PDE4C 
(CR_4_CpG_27.28.29: none CpG_ID), FHL2 (CR_12_1_CpG_3: 
cg06639320), CCDC102B (CR_13_CpG_2: cg19283806), MIR29B2CHG 
(CR_21_CpG_11: none CpG_ID) and chr16:85395429 (CR_23_CpG_3: 
cg07082267); were selected according to a previous age prediction 
model initially created for application to adult samples (CpG details in 
Table 3 of [26]). These epigenetic markers were analyzed in the present 
study using EpiTYPER® in a total of 895 individuals ranging from 2 to 
104 years old. Reproducibility of results was confirmed using two in-
ternal controls that were included in all analyses. Fig. 1 represents the 
corresponding DNA methylation values compared with the chronolog-
ical age. While ELOVL2, PDE4C and FHL2 displayed hypermethylation 
with age; a decrease in the DNA methylation levels for ASPA, 
CCDC102B, MIR29B2CHG and chr16:85395429 was observed. The 
strongest age-correlation was observed in ELOVL2 (rs: 0.97), followed by 
MIR29B2CHG (rs: − 0.95), FHL2 (rs: 0.94), PDE4C (rs: 0.94), CCDC102B 
(rs: − 0.93), chr16:85395429 (rs: − 0.92) and lastly ASPA (rs: − 0.86). 
Inter-individual variability was similar at all ages in most markers 
(average SD <0.05), except ASPA (average SD: 0.068) and 
MIR29B2CHG (average SD: 0.063), which both gradually displayed 
inter-individual dispersion with increasing age, starting from the age of 

40 and 30 years old, respectively. 

3.2. Development and validation of a full coverage age prediction model 
based on EpiTYPER®: from children to the elderly 

In view of the high age-correlation displayed by the markers assessed 
in Section 3.1, the seven CpG sites detected using Agena Bioscience Epi-
TYPER® were used to develop a common epigenetic clock from child-
hood to old age. Table 1 describes the performance metrics for the 
training set composed of 895 individuals ranging from 2 to 104 years 
old, comparing the QR, QRNN and QRSVM statistical models and based 
on k-fold cross-validation (average values representing the ten clusters). 
Cluster-specific cross-validations have been detailed in Supplementary 
Material S1. According to Table 1, QR provided a MAE: ± 3.75, RMSE: 
5.23 and %CP±PI: 78.77%. Despite the accuracy of these results, the 
observed metrics were improved by applying additional models. Both 
QRNN and QRSVM displayed similar metrics: MAE: ± 3.36, ± 3.41; 
RMSE: 4.83, 4.78 and %CP±PI: 81.45%, 79.66%, respectively. Statisti-
cally significant differences between errors (p-value <0.05) were found 
between QR and QRNN, and between QR and QRSVM. However, when 

Fig. 1. Dispersion plots (DNA methylation levels compared with chronological age) for ELOVL2, ASPA, PDE4C, FHL2, CCDC102B, MIR29B2CHG and 
chr16:85395429 markers using DNA blood samples from 895 Spanish individuals (2–104 years old). 

Table 1 
Performance metrics for the training, comprising 895 individuals, 2–104 years 
old and the testing set, comprising 152 individuals, 3–69 years; analyzing seven 
CpG sites (ELOVL2, ASPA, PDE4C, FHL2, CCDC102B, MIR29B2CHG and 
chr16:85395429) detected with EpiTYPER®. The performance metrics for the 
training set are based on k-fold cross-validation (average values representing the 
ten clusters). MAE: mean absolute prediction error, RMSE: root-mean-square 
error, %CP±PI: percent of correct classifications within the prediction in-
tervals, QR: quantile regression, QRNN: quantile regression neural network, 
QRSVM: quantile regression support vector machine.  

Sample set Model MAE RMSE %CP±PI 

Training QR ± 3.75  5.23  78.77% 
Training QRNN ± 3.36  4.83  81.45% 
Training QRSVM ± 3.41  4.78  79.66% 
Testing QRNN ± 3.32  4.51  76.32% 
Testing QRSVM ± 3.45  4.75  77.63%  
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comparing errors obtained using QRNN and QRSVM, no statistically 
significant differences were found (p-value >0.05). Based on these re-
sults, subsequent analyses were constrained to QRNN and QRSVM.  
Fig. 2A and 2B show the epigenetic age versus the chronological age for 
QRNN and QRSVM models respectively. Continuous grey and black lines 
represent the perfect and fitted correlation, respectively; showing 
practical overlap between both lines in both models. A continuous 
correlation of the epigenetic age with the chronological age is evident 
from persons at early life stages to centenarians (R2: 0.9669 for QRNN 
and 0.9679 for QRSVM). However, an increase in inter-individual 
variation is detectable with increasing age, observed as narrow predic-
tion intervals (minimum and maximum predicted ages displayed by the 
discontinuous dark red lines) in children and young adults that gradu-
ally expand with age, representing the main reason why the consider-
ation of both predicted age and the prediction interval improves 
accuracy of the reported results, avoiding a higher rate of misclassifi-
cation. Sex was not detected as a confounder factor (p-value >0.05). The 
QRNN and QRSVM age prediction models are freely available from the 
open-access Snipper forensic classification website described in Material 
and Methods. Detailed information regarding the underlying data used 
for building the models implemented on the website can be found in 
Supplementary Material S2. 

Further validation of the full coverage age prediction models was 
performed using a total of 152 independent blood samples ranging in 
age from 3 to 69 years old. Table 1 summarizes the corresponding 
performance metrics. Errors were similar to the corresponding training 
sets in QRNN and QRSVM models (MAE: ± 3.32, ± 3.45 and RMSE: 
4.51, 4.75; respectively). The percentage of correct predictions, 
although similar, slightly diminished in scale in comparison to the cor-
responding training set %CP ± PI values (76.32% and 77.63%, 
respectively). 

3.3. Dimensionality reduction of the training set 

To develop the present epigenetic clocks, a total of 895 individuals 

were used for training the models. In order to capture a high variety of 
potential inter-individual differences, each year of age was represented 
by approximately 10 individuals. However, some accurate reported age 
prediction models have been developed using reduced training sets 
composed of an average one individual per year (i.e., using N ≈ 100). 
Aiming to establish an optimal sample size for training an age prediction 
model, and in order to get the minimum error covering the highest inter- 
individual variation, an assessment of stepwise-reduced training sets 
was performed considering an approximate total number of individuals 
per year of 10, 8, 6, 4, 2 and 1 (ntrain) corresponding to a total number of 
samples in the training set of 895 (N = 441 males, N = 454 females), 
707 (N = 334 males, N = 373 females), 552 (N = 253 males, N = 299 
females), 379 (N = 171 males, N = 208 females), 195 (N = 89 males, 
N = 106 females) and 99 (N = 45 males, N = 54 females), respectively 
(Ntrain). Specific distributions per age and sex can be found for each 
analyzed training set in Supplementary Fig. S1-S6. Fig. 3 shows the MAE 
and correct classification rate within the prediction intervals using both 
QRNN and QRSVM models for the six explored Ntrain combinations.  
Table 2 summarizes the underlying performance metrics for the training 
set using the different Ntrain combinations based on k-fold cross- 
validation (average values representing the ten clusters). Cluster- 
specific cross-validations, as well as the corresponding learning curve 
plots can be found in Supplementary Material S3. According to Table 2, 
the MAE values from QRNN showed a gradual increase when decreasing 
the sample size from ntrain= 10 to ntrain= 1 (from ± 3.36 to ± 4.82). 
Although similar variations were found for the MAE from QRSVM, these 
were smaller in scale (from ± 3.41 to ± 4.07), providing a more stable 
error and an improved sample size independence. A gradual decrease in 
the QRNN correct classification rate (%CP ± PI) was observed accord-
ingly when constraining the training set (from 81.45% to 60.67%). 
Similarly, when analyzing the same data with the QRSVM model, 
although a decrease was also detected, it was more stable across 
different Ntrain combinations (from 79.66% to 74%). Despite these var-
iations between QRNN and QRSVM, no statistical differences were 
detected between models and across ntrain numbers (p-value >0.05), 

Fig. 2. Epigenetic age compared to chronological age for the training set of 895 Spanish individuals (2–104 years old) based on seven CpG sites in ELOVL2, ASPA, 
PDE4C, FHL2, CCDC102B, MIR29B2CHG and chr16:85395429 regions. The black diagonal line represents the 0.5 quantile regression line between epigenetic age and 
chronological age and the discontinuous (dark red) lines, the corresponding 0.1 and 0.9 quantile regression limits. The grey line is the diagonal line representing 
perfect correlation. The underlying statistical model was based on either QRNN (A) or QRSVM (B). 

A. Freire-Aradas et al.                                                                                                                                                                                                                         



Forensic Science International: Genetics 60 (2022) 102743

5

except for ntrain= 1 (p-value: 0.0144). 
To establish an optimal minimum sample size, it is important to 

consider that quantiles (q10 and q90) are applied in QRNN and QRSVM 
models by calculating the prediction intervals, which determine the 
percent of correct classifications (%CP ± PI). Since the interval between 
the quantiles applied is 80, about 80% of the samples should be correctly 
predicted to consider that the model is working properly. According to 
Fig. 3 and Table 2, a minimum sample size of ntrain= 6, in this case 
corresponding to Ntrain= 552, would be the most appropriate sample 
size which can capture the most accurate age predictions (%CP 
± PI≈80%) covering the broadest inter-individual variation. However, 
it is important to note that in terms of shrinking the training’s sample 
size, QRSVM is less susceptible to lower numbers than QRNN (difference 
in MAE between Ntrain=895 and Ntrain=99: ± 1.46 and 0.66; difference 
in %CP ± PI between Ntrain=895 and Ntrain=99: 20.78% and 5.66%, for 
QRNN and QRSVM, respectively). The learning curve plots based on the 
MAE of each training set tested also show more stability when a mini-
mum ntrain= 6 is analyzed (Supplementary Material S3). Corresponding 
data for an independent testing set (N = 152) can be found in Supple-
mentary Table S1. Although patterns are not exactly as displayed by 
Table 2, ntrain= 6 continues to be the optimum sample size to be selected 
according to the previous criteria applied. 

Fig. 3. Mean absolute prediction error (MAE) and percentage of correct classifications within the prediction intervals (%CP ± PI) using both QRNN and QRSVM 
models for the six Ntrain combinations evaluated. 

Table 2 
Stepwise assessment of six training sets, comprising samples of individuals in the 
age range 2–104 years old. The performance metrics for the training sets are 
based on k-fold cross-validation (average values representing the ten clusters). 
Ntrain: sample size of the training set, ntrain: individuals per year at the training 
set, MAE: mean absolute prediction error, RMSE: root-mean-square error, %CP 
± PI: percent of correct classifications within the prediction intervals, QRNN: 
quantile regression neural network, QRSVM: quantile regression support vector 
machine.  

Model Ntrain ntrain MAE RMSE %CP ± PI 

QRNN  895  10 ± 3.36  4.83  81.45% 
QRSVM  895  10 ± 3.41  4.78  79.66% 
QRNN  707  8 ± 3.64  5.23  81.47% 
QRSVM  707  8 ± 3.58  4.99  79.48% 
QRNN  552  6 ± 3.82  5.44  80.96% 
QRSVM  552  6 ± 3.69  5.11  79.51% 
QRNN  379  4 ± 4.04  5.43  78.33% 
QRSVM  379  4 ± 3.76  4.94  77.8% 
QRNN  195  2 ± 4.77  6.69  68.76% 
QRSVM  195  2 ± 4.01  5.45  75.29% 
QRNN  99  1 ± 4.82  6.41  60.67% 
QRSVM  99  1 ± 4.07  5.28  74%  
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4. Discussion 

Age estimation is a DNA intelligence tool aiming to provide addi-
tional information to the genetic profile at different scenarios, which can 
comprise: i) individual identification, ii) mass disaster screening, iii) 
forensic anthropology and iv) legal disputes about age. Subsequently, 
the development of epigenetic clocks is being implemented in forensic 
practice as a supplementary analysis for individual age prediction. In 
general terms, most of the forensic age prediction models to date have 
been based on adult samples [28,41], but minors and the variation in 
methylation patterns they show, must also be taken into account in the 
development of universally-applicable forensic analyses. Horvath’s 
clock, although including both adults and minors, presents a different 
statistical treatment for both age ranges. While for ages below 20 years, 
a logarithmic transformation was applied, an untransformed linear 
model was used for ages above 20 years [13]. This logarithmic trans-
formation is due to an exponential change on the DNA methylation 
levels at early stages of the individual’s life [43]. Despite the high level 
of coverage of all ages used to develop Horvath’s model, it is based on an 
impractically large number of markers – 353 CpG sites – representing a 
major drawback for forensic testing, due to the poor quality and/or 
quantity of DNA associated with most casework samples. 

Minors have already been included in certain previous forensic 
epigenetic clocks, but these cover dispersed datapoints for age ranges 
under 18 years [24,25,34]. To improve this area of study, we developed 
a specific age prediction model for children and adolescents [42]. 
However, when a biological sample is found, no information is generally 
available to know if the donor is a minor or an adult. Therefore, the most 
useful epigenetic clock will be one unifying both age ranges into a single 
test model. A recent study from Wozniak et al., considered the whole 
range of ages from 1 to 75 years old (N = 112) to build a novel age 
prediction model [36], obtaining an MAE of ± 3.2 years for blood 
samples. In Wozniak’s model, minors were represented from 0 to 18 
years old with about one individual per year. Following this study, we 
aimed a step further by covering as much as possible the potential for 
inter-individual epigenetic variability. This was achieved by covering 
the fullest interval (2–104 years old) with approximately ten individuals 
per age (N = 895). By analyzing previously developed CpG sites in the 
seven genomic regions of ELOVL2, ASPA, PDE4C, FHL2, CCDC102B, 
MIR29B2CHG and chr16:85395429, using EpiTYPER technology, we 
were able to retain a robust and efficient age prediction model [26], 
overlapping four of these loci with the recently released VISAGE 
Enhanced Tool for age prediction [36]. Additional CpG sites especially 
informative at childhood and adolescence had also been considered for 
analysis, such as KCNAB3 [42]. However, aiming to build a single 
epigenetic clock covering all ages from childhood to the old age, a 
marker such as KCNAB3 was discarded for analysis, because no linear 
correlation of DNA methylation levels with chronological age is main-
tained in this marker across all ages, exponentially increasing during 
childhood but presenting much more stable levels across adulthood (see 
Fig. 1 at [42]). This extreme lack of linearity between both age groups 
prevents the inclusion of this marker into a common epigenetic clock. 

In addition to marker selection, although the age range and sample 
size of the training set were key factors in adapting our age prediction 
model, the underlying statistical model used also plays an important 
role. To date, application of linear regression [24,25,28,36,52] has been 
widely accepted. Since DNA methylation is quantitative in nature and 
gradually changes through the individual’s lifetime, linear regression 
models fit well with age estimation based on this epigenetic signature. 
Quadratic regression models or power transformations have also been 
applied in cases where the change of the DNA methylation levels with 
chronological age demonstrates non-linear patterns [30,36]. Recently, 
novel statistical tools based on machine learning have been introduced 
[34,37,41,53]. Common to all these models is the fact that the error 
obtained is unique, independent of the age of the sample donor, and 
should be applied to whatever predicted age is achieved. Nevertheless, 

DNA methylation data consistently shows that young ages are better 
predicted than old ages and this has been observed in our dataset as well. 
Fig. 2 depicts the epigenetic age versus the chronological age for all the 
individuals from 2 to 104 years old. While the youngest subjects (under 
20 years) have datapoints very closely positioned together, this pattern 
gradually changes until the oldest samples (over 80 years) that show the 
highest dispersion between datapoints. Inter-individual epigenetic 
variation is expected since epigenetics derives from an interaction be-
tween genetics and environment. Subsequently, when the longest period 
of time that two age-matched individuals have been exposed to different 
external factors applies, then major epigenetic differences will be 
encountered between them, in contrast to the earliest stages on life. In 
order to improve the accuracy of predictions, specific age-dependent 
errors could be applied if using statistical models based on quantile 
regression [26,38]. Inter-individual epigenetic variation could also 
occur among populations being affected by different environmental 
conditions at which the individuals are exposed to. In our study, we used 
a Spanish cohort in order to build and validate the age prediction model 
proposed. Further validation will be needed to demonstrate that our 
model can be used at different worldwide population groups. 

In the present study, the QR, QRNN and QRSVM statistical prediction 
models have been tested for age estimation. The highest accuracy was 
obtained for QRNN in terms of MAE ( ± 3.36) and %CP ± PI (81.45%). 
Nevertheless, no statistical differences (p-value >0.05) were found be-
tween QRNN and QRSVM. Therefore, QRNN and QRSVM were both 
selected as the most accurate age prediction models and subsequent 
analyses were constraint to these two methods. Validation of the models 
with an independent set of samples (N = 152) produced similar results 
(MAE: ± 3.32, ± 3.45 and %CP ± PI: 76.32%, 77.63%; for QRNN and 
QRSVM, respectively). Nevertheless, since the testing set was restricted 
to 69 years old, further analysis of older samples should be required in 
order to validate these results in old age. Errors obtained in the present 
work were similar to previous models [25,28,34,41] (MAE: ± 3.9, 
± 3.48, ± 4.1 and ± 3.24, respectively); nevertheless, these errors were 
fixed to whatever age was predicted. The main advantage of using 
age-dependent errors, such as those from quantile regression models 
used here, is to be able to narrow down the errors at early stages of life 
and to increase them at older ages, where inter-individual epigenetic 
variability plays an important role. 

Finally, since the sample size of the training set is considered a key 
factor in developing an accurate age prediction model, the more samples 
are included, the more inter-individual epigenetic variation can be 
properly gauged, resulting in lower errors and a higher number of cor-
rect classifications. The stepwise dimensionality reduction we per-
formed, taking into account that when quantiles are applied (q10 and 
q90), ~80% of samples should be correctly predicted, indicated 
Ntrain= 552 (6 individuals per year of age) gave an optimum balance 
between sample size and predictive accuracy. The sample size of six 
individuals per year provided for the training set, a MAE of ± 3.82 for 
QRNN and ± 3.69 for QRSVM. Correct classification rates were 80.96% 
for QRNN and 79.51% for QRSVM. At this analysis, it is important to 
note that, QRSVM showed to be less susceptible to shrinking of the 
training set than QRNN, therefore, in case of low number of samples, it 
could be used preferably. Similar metrics to the training were obtained 
for the corresponding testing set (MAE: ± 3.03, ± 3.56 and %CP ± PI: 
84.87%, 78.29% for QRNN and QRSVM, respectively). However, pat-
terns displayed by the testing set when tested under some of the 
stepwise-reduced training sets didn’t follow exactly the same pattern as 
the corresponding training sets by themselves. This could be explained 
due to a reduced age range on the testing set (3–69 years old) in com-
parison to the training sets (2–104 years old). In summary, to cover a 
maximum level of inter-individual variability, six individuals per year of 
age is recommended for the development of future epigenetic clocks 
which aim to cover the complete range of human ages. 

As a final remark, it should be taken into account that the underlying 
data used for building the age prediction models developed under this 
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study have been generated using EpiTYPER technology, a system that 
uses high quantities of genomic DNA (300 ng). In order to directly apply 
these models to forensic specimens usually presenting low quality and/ 
or quantity of DNA, a step further will be to implement these age pre-
dictors on forensic technologies such as SNaPshot or Massively Parallel 
Sequencing, systems able to handle minor amounts of genomic DNA for 
methylation analyses of forensic casework. 
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