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Abstract: This study aims to use a person-centred approach to identify possible student motivational
profiles in mathematics. These profiles are made up of various combinations of two motivational
variables: perceived competence and intrinsic motivation. Once the profiles are identified, we
examine the differences between them in negative emotions and mathematics performance. Our
sample comprised 863 students (50.2% boys, 49.8% girls) aged between 9 and 13 years old. The
results indicated three motivational profiles. One group of students with moderately high perceived
competence and intrinsic motivation who demonstrated the best performance and the lowest levels
of negative feelings about themselves. A second group was defined by moderately low levels of
perceived competence and intrinsic motivation. The third group was characterized by very low
perceived competence and low intrinsic motivation and demonstrated the worst performance in
mathematics and the highest levels of anxiety and negative emotions towards mathematics.

Keywords: perceived competence; intrinsic motivation; mathematics; latent profiles; primary education

1. Introduction

Nowadays, both in the school environment and in society in general, mathemat-
ics is seen as the most difficult, most abstract subject [1], featuring many formulas and
procedures—which students often fail to see as relevant to their daily lives. The popular
belief that mathematics is only for “those who do it well” makes it easy for students to
believe that they have poor skills, and to feel negative thoughts and anxiety. In addition,
the fact that the results of the Program for International Student Assessment (PISA) 2018
report [2] confirm the idea that mathematics is the area where worst rates of acquisition of
basic skills are obtained, increases concern about this issue.

As indicated by the European Commission (2020) [3], insufficient performance in basic
mathematical skills means a difficult future to complete schooling. This can lead, in the
long term, to greater difficulties for the inclusion of this population into the labor market.

More effort is needed to gain better understanding of this phenomenon and to explore
effective ways to alleviate the negative impact it has on students’ mathematics learning.
Thus, following the Sustainable Development Goal 4, defined as, the attempt to ensure
quality education with which young people acquire relevant technical skills and have
lifelong learning opportunities [4], is essential to increase knowledge on the acquisition
of mathematical skills process; not least students’ wellbeing, the quality of their learning,
and their educational success. It is for this reason that this study focuses on a series of
affective—motivational variables, which have a great impact on the learning process and
academic success in mathematics, such as intrinsic motivation, perceived competence
and academic emotions [5,6]. By adopting a holistic, well founded and, at the same time,
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an innovative approach, the objective is the generation of evidence-based knowledge to
promote the effective and sustainable wellbeing of students and the environments in which
they live and develop themselves.

1.1. Theoretical Framework: Expectancy-Value Theory

Expectancy-value theory is one of the most deeply-rooted approaches to the study of
motivation in the field of educational research (See e.g., [7–9]). This interpretive tradition
maintains that students’ performance and persistence may be determined according to
two main elements, expectations and value. The expectancy component refers to students’
beliefs and judgements of their abilities to successfully do a task, the value component
addresses students’ reasons and motives to involve themselves in a task or not. Considering
its impact on student performance and academic achievement in mathematics [8–10], in
this study we focus on the analysis of the constructs of expectancy beliefs as perceived
mathematics competency and intrinsic motivation towards mathematics as a measure
related to intrinsic value [8,9,11,12].

Although the important correlation between the constructs of expectancy and value
(e.g., [12,13]) justify the many studies aimed at additive or summative assessment, in
this study we propose an interactive, synergetic approach to competency and intrinsic
motivation, accepting the suggestion that “the effects of expectation of success will be null
or very weak if value is low, even if the expectancies are high (and vice versa)” [12].

In this context, from a person-centred approach, we examine the complex combina-
tion of perceived math competence and intrinsic motivation for mathematics in order to
differentiate different math motivational profiles between primary school students. As
Watt et al. [14] established, up to now few studies have used this approach, synergistically
combining expectancies and values to characterize different student motivational profiles
in the field of mathematics (See e.g., [14–16]). To the best of our knowledge, there are also
few studies using this approach with Spanish primary school children. In order to reduce
this gap, and with the premise that the different configurations of expectancies and values
will affect students’ performance and academic emotions, we use a latent class model in
this study.

The person-centred approach focuses on the analysis of possible combinations of
variables at the subject-level, producing different intra-individual patterns allowing the
identification of profiles, or groups of students with similar characteristics in the variables
being studied [17]. The technique of latent class analysis is particularly effective for
identifying non-linear qualitative differences between motivational aspects, condensing
data into a more manageable, easier-to-interpret form without excluding information which
is important about the relationships between variables. In contrast to traditional cluster
analyses, LPA uses less arbitrary, more precise criteria to determine how many groups
there are in a sample, producing statistical parameters that allow the model that best fits
the data to be selected [18].

1.2. Perceived Competence, Intrinsic Motivation and Academic Performance

An individual’s perceived competence is a construct that has received a great deal
of educational research attention for many years [19,20]. A person’s beliefs about their
ability to do certain tasks successfully [21] has a strong, positive, direct relationship with
their results in different subjects and domains [22–25]. As Usher and Pajares [26] argued,
self-efficacy “predicts students’ academic achievement across academic areas and levels”.
In this way, it would seem to indicate that perceived competence in mathematics exerts
a positive motivational influence on performance [27]. Those who have high levels of
perceived competence not only set themselves more difficult objectives to achieve, make
more effort, and persist in challenges, they may also use better cognitive strategies and be
more adept (See e.g., [19,20,22]).

The significant effect of intrinsic motivation on students’ academic performance
has also been widely documented [28,29]. It is evident that the various reasons behind
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students’ involvement in a given task will give rise to different motivational orientations,
which will in turn lead to different results in terms of learning and achievement. As
Ryan & Deci [28,29] suggested, intrinsic (rather than extrinsic) motivation is beneficial
to students because it contributes to involvement for reasons linked to enjoyment and
satisfaction. Compared to involvement due to reasons linked to winning prizes or external
recompense, one would expect students motivated towards mastering mathematics to
spend more time on tasks, to be more persistent when solving math problems and to
ultimately perform better in the subject at various educational levels [30,31]. Furthermore,
a longitudinal study carried out by [32] has shown that a motivational profile characterized
by high levels of intrinsic motivation predicts better and more stable academic performance
over time, compared to the extrinsically motivated profile.

1.3. Perceived Competence, Intrinsic Motivation and Academic Emotions

Empirical evidence suggests emotions have deep, significant effects on learning and
math achievement throughout students’ educational careers (e.g., [33–37]). Considering
that negative emotions experienced at early ages can affect an individual’s construction of
their academic identity [36], our study looks at the emotions in students in the final stages
of primary education.

Mathematics anxiety, a domain-specific self-belief that refers to the extent to which
students feel helpless or stressed when studying mathematics, may be differentiated from
other types of academic anxiety, for instance, by the extent to which it can specifically affect
visual memory [38]. However, there are many unresolved questions, such as whether the
anxiety that students feel about mathematics changes how they approach the subject, and
this in turn affects mathematics competence [39]. Whatever the case, what does seem clear
is that many students report feeling anxious about and scared of mathematics [40].

Although most research has also found that mathematics anxiety correlates negatively
to perceived mathematics competence [34], there is little empirical research to date that
has looked at the connection between upper elementary students’ emotions and perceived
competence in the mathematics context [35]. In this regard, we might assume perceived
competence to negatively correlate with negative emotions and positively correlate with
positive emotions [37].

Other recent research [5,41] has demonstrated that students’ success in mathematics is
related to their academic wellbeing, such that levels of anxiety or negative feelings towards
mathematics might be less important the more that students believe that understanding
mathematics is useful and valuable. Two studies, in particular, have shown that motivation
moderates the relationship between mathematics anxiety and mathematics performance,
and we can infer that high levels of motivation would mitigate the negative relationship
between mathematics anxiety and academic performance (see: [39,42]). Along similar lines,
a recent study [43] showed that mathematics anxiety could be a moderator of the effect of
perceived competence on students’ results.

1.4. Study Aims and Hypotheses

From an interactive perspective for the study of academic motivation with a person-
centred approach, the main objective of our study is to identify mathematics motiva-
tional profiles in students in the last years of primary education. Assuming, as have
Trautwein et al. [12], Watt et al. [14], and Meyer et al. [11], among others, synergistic inter-
action for the theoretical framework of expectancy-value [7,9], we hypothesize (H1) that
there will be student profiles according to different combinations of perceived competence
(expectancy element) and intrinsic motivation (value element). Once we have identified
these profiles, the second objective is to analyse whether there are statistically signifi-
cant differences in negative emotions associated with mathematics (anxiety and negative
feelings) and in the academic performance in mathematics according to the identified
motivational profiles.
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Considering previous research, we hypothesize that (H2) profiles characterized by
high perceived competence and intrinsic motivation for mathematics to show better achieve-
ment (e.g., [22–26,30,31]) and less negative feelings or mathematics anxiety [34,37,42,44]
than profiles characterized by low perceived competence and low intrinsic motivation.

In addition, we hypothesize that (H3) in profiles characterized by low confidence
in students’ own abilities, performance and academic emotions will be more negative if
intrinsic motivation is high compared to when it is not high [11,12]. In effect, as Control-
Value Theory states [7–9] we expect negative feelings and mathematics anxiety to be
associated with a profile of low control and high value placed on success [33,45].

2. Materials and Methods
2.1. Participants

The sample in this study was made up of 863 students from 13 primary schools in
the province of A Coruña (Spain). The sample was evenly split between boys (50.2%) and
girls (49.8%) aged between 9 and 13 years old (M = 10.77; SD = 0.69). Almost half (419;
48.6%) were in the 5th year of primary education, and just over half (444; 51.4%) were in
the 6th year. All the schools were in urban or semi-urban locations.

2.2. Variables and Measures

We used the IAM (Inventory of Attitudes Towards Mathematics) to measure the vari-
ables. This instrument is the result of an expansion of the Fennema–Sherman Mathematics
Attitudes Scales (FSS) from Fennema and Sherman [46]. We used a Spanish version of the
scale that has previously been used in various studies (see e.g., [5,10]) to measure students’
attitudes and motivation towards mathematics. We used the following IAM dimensions:

(1) Perceived competence in mathematics (α = 0.75): this evaluates the student’s level
of confidence in themselves for learning mathematics and achieving good results
(e.g., “I am very confident in myself about doing mathematics tasks”).

(2) Intrinsic motivation for mathematics (α = 0.72): this assesses how motivated the stu-
dent is to learn and understand mathematics content (e.g., “Mathematics is enjoyable
and stimulating for me”).

(3) Mathematics anxiety (α = 0.77): this assesses the student’s anxiety about mathematics
(e.g., “Normally I feel nervous and uncomfortable about mathematics”).

(4) Negative feelings about mathematics (α = 0.70): this assesses the presence and inten-
sity of negative feelings caused by working on mathematics (e.g., “In math class I am
sad and unhappy”).

Each of the items in each dimension has a Likert-type format with five response
options from 1 (completely false) to 5 (completely true).

Academic performance in mathematics was evaluated using the participating stu-
dents’ school grades in the subject. There are 5 grades normally given: unsatisfactory (1),
satisfactory (2), good (3), very good (4), and outstanding (5).

2.3. Procedure

The data were collected during normal teaching time by personnel not belonging
to the school. We obtained the prior consent of school administrations and the students’
teachers, respecting the ethical standards set out in the Declaration of Helsinki. Before
collecting the data, which happened at a single time point, we told the participants that it
was important for them to respond honestly to the different questions, and reiterated the
completely confidential nature of their responses.

2.4. Data Analysis

To produce the motivational profiles, we performed a Latent Profile Analysis–LPA.
The best model was selected according to the data from the formal adjusted maximum
likelihood ratio test from Lo, Mendell and Rubin [47]–LMRT–, the Akaike information
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criterion (AIC), the Schwarz Bayesian information criterion (BIC), and the sample size
adjusted BIC (SSA-BIC), as well as the entropy value and the size of each subgroup.

The p-value associated with the LMRT test indicates whether the solution with more
(p < 0.05) or fewer (p > 0.05) classes fits the data better. The AIC, BIC, and SSA-BIC are
descriptive indices of fit, lower values indicate a better fit for the model. In addition, small
classes (those making up less than 5% of the sample) are typically considered spurious
classes, indicating the extraction of too many profiles [48].

To determine the selected model’s classification accuracy, we considered a posteriori
probabilities and the entropy statistic. The value of this statistic ranges from 9 to 1, and the
closer it is to 1, the more accurate the classification. Lastly, to evaluate the suitability of the
model, we performed a MANOVA, through which we analysed the differences between
classes or profiles with respect to the variables used to create them (perceived competence
and intrinsic motivation). The between-class differences in the criterion variables are
expected to be statistically significant. We used the criteria set by Cohen [49] to interpret
effect size, according to which and effect is small when ηp2 = 0.01 (d = 0.20), it is moderate
when ηp2 = 0.059 (d = 0.50), and the effect size is large when ηp2 = 0.138 (d = 0.80).

In addition, in response to our second objective, we performed another MANOVA
using negative feelings towards mathematics, mathematics anxiety, and mathematics
performance as dependent variables, and the different math motivation profiles as the
independent variable. As above, we used Cohen’s criteria [49] to assess effect size.

3. Results
3.1. Preliminary Analysis

Table 1 gives the descriptive statistics and the correlations between each of the vari-
ables. Both the asymmetry and kurtosis for each of the variables met the criteria for
normality (see e.g., [50]). The matrix shows that all of the correlations between the vari-
ables were statistically significant.

Table 1. Means, standard deviations, asymmetry, kurtosis, and correlation matrix.

1 2 3 4 5

1. Perceived competence –
2. Intrinsic motivation 0.68 * –
3. Anxiety −0.50 * −0.44 * –
4. Negative feelings −0.43 * −0.51 * 0.48 * –
5. Academic performance 0.29 * 0.19 * −0.30 * −0.34 * –

M 4.05 3.71 1.78 1.78 3.40
SD 0.76 0.86 0.87 0.87 1.26
Asymmetry −0.88 −0.51 1.26 1.26 −0.42
Kurtosis 0.77 −0.16 1.42 1.42 −0.91

* p < 0.01.

3.2. Identification of Motivational Profiles

The latent classes were produced on the basis of two variables, perceived competence
and intrinsic motivation. The process of fit was successive with increasing numbers of
latent classes, and was stopped on the model that had no substantial improvement over
the previous model. In this case, the model with four latent classes, as it did not improve
on the previous three-class model. The results of this process are shown in Table 2.

We halted the model fit on four classes because this model produced a class containing
less than 5% of the total sample. In addition, in the four-class model, the p-value in the
LMRT was not statistically significant, indicating that it was no better than the three-class
model. Therefore, despite the entropy being higher in the four-class model, and it having
slightly lower values for AIC, BIC, and SSA-BIC than the three-class model, because the
three-class model had no groups of less than 5% of the total sample, and because the LMRT
p-value was statistically significant, we considered the three-class model to have a better fit
than the four-class model.
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Table 2. Results of latent class model fit.

Latent Class Model

M2 M3 M4

AIC 3745.919 3549.116 3527.283
BIC 3779.242 3596.720 3589.168
SSA-BIC 3757.012 3564.963 3547.884
LMRT 410.287 193.274 26.525
(LMRT p) (0.000) (0.000) (0.069)
Entropy 0.747 0.793 0.815
Nº of groups with n < 5% 0 0 1

M2 = Model with two latent classes, M3 = Model with two latent classes, M4 = Model with four latent classes;
AIC = Akaike’s information criterion; BIC = Schwarz Bayesian information criterion; SSA-BIC = BIC adjusted for
sample size; LMRT = Lo, Mendel and Rubin formal adjusted maximum likelihood ratio test.

In addition, the values of AIC, BIC, and SSA-BIC were lower in the three-class model
than the two-class model. Based on these criteria, the three-class model exhibited better fit
than the two-class model. In addition, the three-class model had better entropy than the
two-class model, indicating better classification accuracy.

The entropy value for the three-class model is adequate (0.793). Table 3 gives informa-
tion about the classification accuracy for each class and the numbers of subjects in each
class. The coefficients associated with the groups the participants were assigned to are in
the main diagonal. Most of the coefficients were close to 100%, indicating high classification
accuracy. Analysis of the values outside the diagonal indicates that the classes represent
well-differentiated groups.

Table 3. Characterization of latent profiles and accuracy of classifying participants in each profile.

Model with Three Latent Classes

Group 1 Group 2 Group 3 n %

Group 1 0.931 0.000 0.069 64 7.4
Group 2 0.000 0.918 0.082 467 54.1
Group 3 0.025 0.094 0.881 332 38.5

Lastly, we performed a MANOVA with the latent classes as the independent vari-
able and the two variables used to create the classes as dependent variables in order to
determine the importance of each of the two variables in the definition of each class. The
results indicate that, at the multivariate level, the subjects in the three profiles exhibited
statistically significant differences in self-efficacy and intrinsic motivation (λWilks = 0.184;
F(4,1718) = 571.55; p < 0.001; ηp2 = 0.571). The effect size was large. Although the two
motivational variables contributed notably in differentiating between the subjects in each of
the three groups, perceived competence was dominant. There were statistically significant
differences between the three classes in the two criterion variables: perceived competence
(F(2,860) = 1190.04; p < 0.001; ηp2 = 0.735) and intrinsic motivation (F(2,860) = 730.42;
p < 0.001; ηp2 = 0.629). The effect was large in both cases.

Thus, given the statistical data regarding the fit of the models, the results of the
ANOVA examining the contribution of each variable making up the profiles to differentiat-
ing between classes, and because of its theoretical suitability, we consider the three-class
solution to be the most appropriate.

3.3. Description of Motivational Profiles

Table 4 shows the mean scores of the subjects belonging to the three latent classes in
the chosen model. In order to most clearly describe the profiles, their similarities, and how
they differ, we standardized (in z scores) each of the variables (M = 0; SD = 1). Figure 1
gives a graphical representation of the profiles.
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Table 4. Description of the latent profiles (means, standard errors, and confidence intervals).

Confidence Intervals

Mean Standard Error Lower 5% Upper 5%

Profile 1 (n = 64)
Perceived competence 2.413 0.098 2.252 2.574
Intrinsic motivation 2.161 0.127 1.952 2.370

Profile 2 (n = 467)
Perceived competence 4.543 0.029 4.496 4.591
Intrinsic motivation 4.275 0.036 4.216 4.335

Profile 3 (n = 332)
Perceived competence 3.666 0.046 3.589 3.742
Intrinsic motivation 3.243 0.052 3.158 3.328

Figure 1. Graphical representation of motivational profiles (z scores). Note. Group 1: very low
perceived competence and low intrinsic motivation (n = 64); Group 2: moderately high perceived
competence and intrinsic motivation (n = 467); Group 3: moderately low perceived competence and
intrinsic motivation (n = 332).

The first group of students identified (n = 64; 7.4%) was characterized by very low
levels of perceived competence and low levels of intrinsic motivation. The second group
(n = 467; 54.1%) was characterized by moderately high levels of perceived competence and
intrinsic motivation. The third group (n = 332; 38.5%) was characterized by moderately
low levels of perceived competence and intrinsic motivation (see Figure 1).

3.4. Differences between the Motivational Profiles in Anxiety, Negative Feelings, and Performance
in Mathematics

The results indicate that there were statistically significant differences in the three
variables depending on the profile (λWilks = 0.65; F(81,714) = 51.41; p < 0.001; ηp2 = 0.194).
The effect size was large. Looking at each variable individually, there were statistically
significant differences between the profiles in mathematics anxiety (F(2,860) = 124.88;
p < 0.001; ηp2 = 0.225), negative feelings caused by mathematics (F(2,860) = 114.99; p < 0.001;
ηp2 = 0.211) and mathematics performance (F(2,860) = 26.38; p < 0.001; ηp2 = 0.058). Table 5
gives the descriptive statistics (means and standard deviations) for each of the variables in
each group.
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Table 5. Descriptive statistics for anxiety, negative feelings, and academic performance for each of
the three profiles.

Anxiety Negative Feelings Academic Performance

M SD M SD M SD

Group 1 3.36 1.24 2.91 1.15 2.70 1.16
Group 2 1.69 0.89 1.47 0.71 3.66 1.21
Group 3 2.46 0.96 1.99 0.78 3.17 1.27

The multiple comparisons (Scheffé’s test) were statistically significant in all variables and for each group. The
variables anxiety and negative feelings use a scale of 1 (completely false) to 5 (completely true). The variable
academic performance uses a scale of 1 (fail) to 5 (outstanding).

The results exhibited the same trend in all variables. The students with moderately
high perceived competence and intrinsic motivation (Group 2) demonstrated better per-
formance. In addition, this group had the lowest levels of anxiety and negative feelings
towards mathematics.

In contrast, students with very low perceived competence and low intrinsic motivation
(Group 1) demonstrated the worst performance and the highest levels of anxiety and
negative feelings towards mathematics. Moreover, students with moderately low levels of
perceived competence and intrinsic motivation (Group 3) demonstrated intermediate levels
of negative emotions associated with mathematics—negative feelings and anxiety—and
intermediate levels of performance in mathematics.

4. Discussion

The main objective of this study was to identify motivational profiles in students in
their last few years of primary education. From an interactive perspective and a person-
centred approach, the results support the identification of three math motivational profiles
in students in the final years of primary school, so the first hypothesis of this study is
confirmed (H1). Starting from the theoretical framework of expectancy-value theory [8,9]
and assuming a synergetic interaction between the elements [11,12,14], these three profiles
are shaped by combinations of perceived competence (expectancy) and intrinsic motiva-
tion (value) for mathematics. A small first group of students in late primary education
(7.4%) can be characterized by very low confidence in their ability to tackle mathematics,
along with a low interest in the subject. A second, larger group of students is defined by
moderately high levels of perceived competence and intrinsic mathematics motivation.
Finally, a third group, almost 40% of the sample, can be characterized by moderately low
levels of perceived competence and interest in, or value attributed to, mathematics.

The profiles, based on combinations of perceived competence and intrinsic motivation,
were not able to differentiate classes with low competence and high intrinsic motivation,
or vice versa, as one might assume based on theory (see e.g., [12,14]). Which means that
the H3 cannot be confirmed. As Meyer et al. [11] recently suggested, the detection of
multiplicative effects may depend on the difficulty of detecting extreme cases that combine
low expectations with high task value, and vice versa, variables that are often strongly
correlated (r = 0.68 in this study).

After characterizing the motivational profiles, and attempting to respond to the second
of our objectives, we found evidence of significant differences in performance and negative
emotions associated with mathematics between the three student groups.

In line with previous studies, the worst-performing group of students in mathe-
matics was the group with very low perceived competence and low intrinsic motiva-
tion (e.g., [22–26,30,31]), whereas the students who performed best were those who felt
themselves to be most competent [19] and found mathematics to be interesting and
stimulating [28,29,31,51]. The group with the lowest levels of confidence and intrinsic
motivation reported the highest rates of anxiety and negative feelings towards mathemat-
ics, whereas the group with moderately perceived competence and intrinsic motivation
reported the lowest levels of anxiety and negative feelings (e.g., [34,37,42]). In this sense,
the second proposed hypothesis (H2) can be confirmed.
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In addition to perceived competence having a critical, powerful influence on academic
performance (e.g., [22,25]), because the source of anxiety is not so much the event per se but
rather the lack of competence to deal with it [21,52]. It means that self-efficacy functions as
an “antidote” to anxiety and negative feelings [5].

4.1. Practical Implications

This study made some significant contributions worth mentioning. Our findings
should encourage the promotion of intervention strategies about perceived competence in
learning environments in order that students develop better, more adaptive perceptions
about their mathematics capabilities (e.g., [26]). It is advisable for mathematics tasks
assigned by teachers to be moderately challenging, but potentially doable. This should
produce opportunities or conditions necessary for students to be successful, both in their
subject grades and in day-to-day classroom tasks [53]. That would mean that they acquire
more self-confidence [44] which would potentially have an impact on the levels of anxiety
they feel, their academic wellbeing, and ultimately in their future math performance
and achievement [5].

In addition, these tasks should be seen by the students as useful, and close to their
own interests and preoccupations in order to improve the intrinsic value and utility value
of math. In this regard, teacher feedback can be a key factor in encouraging intrinsic
motivation from the classroom [53,54]. Providing students with clear information about
their progress, from the most individualized perspective possible, and making students
understand math tasks as motivating challenges, rather than a threat, will be a core strategy
for teaching activity [5,21,44]. Thus, the results of this study call for an improvement in the
attention to diversity in schools, in this case in the attention to motivational diversity [55]. In
the same way that students are different in their knowledge and skills, they are also different
on a motivational level. Recognizing these differences implies that the teacher must start
from the student’s real motives and interests. In addition, teachers must understand
that there are a variety of paths, from a motivational point of view, to achieve learning
and academic success. Although some are more desirable than others, not all students
necessarily have to follow the same motivational trajectory [55].

4.2. Limitations

One of the main limitations is that the data from this study is cross-sectional in nature
and therefore causal relationships between the variables cannot be inferred. Likewise, it
would also be interesting for future studies to use longitudinal data to better understand
how these profiles progress and develop over time. Despite these limitations, the per-
spective used to carry out this study (person-centred approach) should be valued, since
it focuses on the study of the combination of the two elements that support the basis of
academic motivation towards math, and they are not analysed in isolation. This approach
portrays reality in a holistic way and allows for generating a better understanding of
the phenomenon, as well as the design of improvement proposals more adjusted to the
particular needs and interests of the students. Likewise, the fact of having chosen the
LCA guarantees the precision in the definition of the profiles, based on statistical and
objective criteria. The results of this research begin the path to overcome the gap found in
the literature regarding the study of motivation towards mathematics in primary education
in the Spanish context through a person-centred approach.
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