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Abstract

The present reseach aims to identify the determinants of ‘academic achievement among
sixth-grade students (10-15 years old) in Mexicowus$ing machine learning techniques ap-
plied to large-scale survey data. We trained neural metwork-towpredict, academic perfor-
mance defined as the average test scores.of Mathematics and Language’& Communica-
tion (L&C) from the Achievement Assessment Related to the National Education System
(ELSEN). The models incorporate multidimensional=explanatory yariables from two na-
tional cohorts (2014-2015 and 2017=2018; N/= 104,204 and N = 104,973, respectively).
In addition, we use a local interpretable model-agnostic|explanation (LIME) to cap-
ture feature importanceé that allow-the identification of the most influential predictors.
Our findings show that academic achievement is shaped by a set of behavioral, envi-
ronmental, and secioeconomic faetors rather’than cognitive ability alone. Factors such
as home learning lenvironments, sehool climate, teacher—student relationships, socioeco-
nomic conditions, access to«cultural enrichment] and early childhood education appears
as determinatsief academic achievemeéent. These results highlight the importance of un-
derstanding educational ottcomes asythe product of layered interactions across family,
schebl, and broader social contexts\and from a policy perspective the need for integrated,
cross-sectorial strategies.

Keywords: Bducation, Machine Learning.

1 Introduction

Understanding the determinants of academic performance remains a central question
in education research and policy [Coleman et al., 1966, OECD, 2013]. Cognitive ability
(CA) and socioeconomic status (SES) have traditionally been seen as primary influences
[Sirin, 2005, Duncan and Murnane, 2011], other research pointed to explore behavioral, mo-
tivational, and contextual factors [Zimmerman, 2002, Duckworth et al., 2007]. There are ag-
gregated measures of SES and how SES disparities in academic achievement can be explained
by differences in the quality of education that a child received. Some researchers use SES and
social class interchangeably (wealth, power, and social status) [Mueller and Parcel, 1981],
others consider SES as a tripartite nature (parental income, parental education, and
parental occupation) [Duncan et al., 1972]. The multifactorial causes of academic achieve-
ment ranges from demographic and household factors such as race, gender, ethnicity,
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parental education, and socioeconomic status that are strongly linked to educational out-
comes [Entwisle et al., 2005, Rumbaut, 2005]. These studies have shown a medium to strong
achievement relation, but is contingent upon factors such as the range of socioeconomic
variables used and the type of these variables with the achievement measure, school level,
minority status, and school location.

Another determinant is the school’s climate and institutional priorities, which in-
fluence academic achievement, often privileging high achievers and creating) inequities
[Attewell, 2001, Wang and Degol, 2016, Bouchouna, 2024]. Other studies<have found that
peer influence can affect performance, and some others have tested the.effects” of parental
involvement [Mounts and Steinberg, 1995, Fite et al., 2014, Ahmetoglu et al., 2020}. In this
area, some researchers have found that adolescents’ school achievement s afféected by peer
behavior both positively and negatively. High achievement/peers have positive effects
on adolescents’ satisfaction with school, educational expectation,/grades; and test scores
[Epstein and N., 1983],contrasting with peer drug use, alcohol, antisocial behavior and poor
academic achievement [Mounts and Steinberg, 1995].On'the other hand, parenting styles re-
late to the way adolescents develop attachments to their ‘peerstand to academic self-efficacy.
For example, researchers have found that a parental permissive style is an important posi-
tive predictor of aggressive behavior and a negative predictor of attachment to their peers
[Llorca et al., 2017]. In addition, the other issue is‘parental involvement on children’s aca-
demic performance and peer victimization. Omne example is that ostracizing from peers
can over relational or cyber and is associated with pooéryadjustment ‘outcomes. High lev-
els of peer victimization are associated with lower academie performance, however, effect
sizes are inconsistent across studies. “Some researchers have evaluated over victimization,
relational victimization, parental involvement, and academic performance. ~ High levels of
peer victimization, particularly relational vietimization, were associated with lower levels of
academic performance atiboth high anddlow level of parental involvement. However, the
highest levels of academic performance were€vident-when parental involvement was high,
and levels of relational victimization were lows and the lowest levels of academic perfor-
mance occurred when parental involvement was low, and levels of relational victimization
were high” [Fite et al,y, 2014]

On _the other hand{, frem ‘\the perspective of behavioral frame, psycho-
logical traits like~ self-efficacy, /discipline, and motivation also predict aca-
deniic “success|Komarraju et aly, 2011, Komarraju et al., 2013,  Caraway et al., 2003,
Duckworth and’Seligman, 2005, Duckworth et al., 2007, Wolters, 1999,
Tucker-Drob and Harden, 2012, Tucker-Drob and Bates, 2015, West et al., 2016]. There are
severalsstudies that incorporate the role of parental involvement in homework (autonomy
support, control interference, cognitive engagement), student homework behavior, and
student academic achievement, and how these relationship vary depending on school
level. [Gonida and Cortina, 2014, Nunez et al., 2015, Wang and Sheikh-Khalil, 2014]. In
contrast, autonomy support and avoidance of interference have been associated with
positive outcomes, while parental control and direct aid have been shown to be detrimental.
However, achievement goal theory pointed out why students engage in academic behaviors.
Goal orientations such as mastery and performance are associated with different cognitive,
affective and behavioral patterns of learning. As a social cognitive theory, achievement goal
theory asserts that goal orientations become part of a student’s life within the context of
school and family [Gonida and Cortina, 2014, Maehr, 2001]

Furthermore, in parenting style research has found that it has an important influence on
academic achievement, not only by family “s social background but also by a combination of
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parents’ current class location and their own family backgrounds. [Roksa and Potter, 2011]
and peer relationships. Parental styles differ in terms of the levels of parental sensitivity
(warmth and affection), and parental control (promoting children’s autonomy), and both
factors are associated with child development. The theory of parenting style is focused on
the control of parents over their children or parental demandingness and on the level to
which parents respond to child s needs or parental responsiveness. There are three different
parenting styles that have been identified that emerge as the combination of-these factors:
authoritative (moderate demandingness and moderate responsiveness), permissive (low de-
mandingness and high responsiveness ) and authoritarian (high demandingness; and low re-
sponsiveness) [Baumrid, 1966]. The impact of parents with higher education is more likely to
support learning through strategic behaviors [Vellymalay, 2012, Baker‘and Stevenson, 1986].
The findings on the relationship between parental involvement, parental suppott, and family
education on pupil achievement and adjustment in schools shows that Parental involvement
takes various forms, such as creating a supportive home environment, encouraging learning,
maintaining communication with schools, attending events, contributing to school activities,
and participating in school governance. The level and type of involvement are influenced by
factors like social class, the mother’s education and mental’health financial hardship, single
parenthood, and, to a lesser extent, ethnicity” ‘Children’s académic ‘success often leads to
greater parental involvement, and supportive parenting at home has{a strong positive effect
on achievement, more so than the quality of the school itself, especially/in primary educa-
tion. However, disparities in parental involvement often §tem from socideconomic challenges,
health issues, and parents’ confidence or understanding of their role. Some parents may feel
discouraged by negative interactions with schools/or staff.,[Desforges, 2003].

Although, family structure has.an important role: ‘children in single-parent homes
or with incarcerated fathers. tend™to, haye=lower, GPAs [Astone and McLanahan, 1991,
Rodgers and Rose, 200, Sun and Li, 2014, Foster and Hagan, 2009, Cavanagh et al., 2006].
In the U.S., “differerices in ethnicity, gender, and generation shape the socioeconomic tra-
jectories of young adults, partietilarly in education, incarceration, and early childbearing.
Among Latin American“and-Asian-erigin youth, there is overall educational improvement
from immigrant to U.S.-born/generations . However, significant variation exists by ethnic
background and gender, with Asian ‘groups and females generally achieving higher educa-
tional levelsyThese-patterns highlight persistent inequalities in social and economic out-
comes. Theretis. a strong association between low education levels and high rates of in-
carceration among men and early childbearing among women, which are linked to reduced
occupational and economic suc¢cess. Additionally, U.S.-born women show lower childbearing
rates than immigrant women” [Rumbaut, 2005]. Economic resources and parental behavior
explanations for family structure has an important effect on children: “single-mother families
and‘never-married single mothers are similar in the extent to which economic disadvantage
accounts for poorer child outcomes. In addition, children living with their stepfathers or
mothers’ cohabiting partners and lower levels of maternal as well as paternal support in
these families, compared to original two-parent families, appear to contribute to problem be-
haviors and less engaging temperaments. Although single mothers who have never married
and those who were previously married share many similarities, there are notable differences.
The most significant is that never-married mothers tend to have very low education levels
(on average, less than a high school diploma), higher rates of unemployment, and fewer hours
worked. While unemployment leads to greater maternal support and involvement, the lack
of education has negative impacts on their children”.[Thomson et al., 1994]

Finally, participation in arts, music, and cultural programs contributes to academic en-
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gagement, academic aspitations and outcomes, however, it depends on the context in which
this participation occur (i.e. school , home or community). [Martin et al., 2013].

Considering all these contextual factors grounded mostly in the USA case, the aim of
this research is to identify the determinants of academic achievement in Mexico, narrow-
ing our analysis for elementary 6 grade students. The Mexican National Education System
differs significantly from those of the United States and Europe. Educational researchers
have long emphasized that factors such as a student’s socioeconomic status(SES) influ-
ence both the quality of schools attended and the neighborhoods in which,students reside
[Caldas and Bankston, 1997, Brooks-Gunn et al., 1997]. In the Mexican.context, thesmore
influencial SES are household income variable, educational level, soeial gap,urban.or rural
residency. To illustrate a basic income differences, data from the National/Institute of Statis-
tics and Geography (INEGI) indicate that being considered middle,classientails an average
monthly household income of approximately 22,297 pesos (1,414 USD). This figure varies by
region, with urban households averaging around 23,451 pesos (13172 USD) and rural house-
holds approximately 18,569 pesos (928.45 USD). The National Institute of Statistics and
Geography 2025 consider a lower-class households those who earn an average of 11,343 pesos
per month (567.15 USD), a middle-class households around 22,297 pesos (1,114 USD), and
upper-class households 77,975 pesos or more (3,898+/USD):

In contrast to other educational systems, Mexican families do'iot negessarily relocate
to high-SES neighborhoods to improve their children’ssaceéss to quality education. Instead,
when financial conditions allow, private schooling is freqiently chosen. ‘School choice is often
influenced more by geographic proximity to”the household ‘or parents’ workplaces than by
neighborhood socioeconomic characteristics. The' Mexican case‘reflects unique patterns in
access to educational quality, which. have been widely diseussed for the Americam case in
the literature. These disparities arenot, primrarily driven by race or gender—as is often the
case in other countries<-but are.instead<associated with factors such as geographical area
(urban or rural), ethmicity (particularly membership/in a Mexican indigenous group), and
family income.

The analyzes of the"determinants of’academic achievement of previous research in this
area uses bothwparametric and/non-parametric methods. However, these methods are limited
to explore complex dimension ofyfactors that might explain academic performance. In this
paper, we prepose a-methodolegical approach grounded in machine learning, using neural
network models, to prédict Grade Roint Average (GPA) among sixth-grade students in Mex-
ican elementary schoels. To enhance the interpretability of the model’s outputs, we apply
Loeal Interpretable Madel-agnostic Explanations (LIME) to identify the features most fre-
quently=and consistently associated with predicted GPA [Ribeiro et al., 2016, Molnar, 2022].
Rather than testing predefined hypotheses, this study aims to uncover insights into the
behavioral, social, and contextual factors that influence academic performance, guided by
established theoretical perspectives [Bandura, 1986, Kahneman, 2011]

2 Data and Methods

2.1 Description of Variables and Sample Information

The dataset used in this study was provided by the former Instituto Nacional para la Evalu-
acién de la Educacién (INEE), the Mexican national authority that used to be responsible to
the application of the Achievement Assessments related to the National Education System
(ELSEN). The dataset is composed of several integrated components which can be classified
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as follows: (1) a background module containing demographic and contextual variables; (2) a
survey module addressing dimensions of family life and child development; (3) a test module
providing item-level data on academic assessments; and (4) an evaluation module summa-
rizing test performance. The survey module captures a broad set of constructs, including
household demographics, parental relationships, parent—child interactions, indicators of child
well-being and behavior, health status, socio-economic conditions (e.g., parental employment,
income, housing quality, and access to resources), and features of the school environment.

The test module includes item-level responses and performance metriés in Mathemat-
ics and Language and Communication for the 2015 cohort, and additienal subjectsin the
2018 administration. The databases were intended for the evaluation of the National Edu-
cation System (ELSEN). Therefore, were used estimates of parameters,that-characterize the
various subpopulations of the country in these assessments. Tosachieve this, the scales were
constructed using complex statistical methods commonly usediin assessments of student aca-
demic performance around the world and are known as “plausible values.” In this case, five
plausible values were generated for each student’s achievement variable in each test, based
on their responses to the achievement items and the contextual questionnaire administered
to the sampled students. This reserach focuses on two student cohorts:

e 2015 Cohort:Consisting of 104,204 sixth-grade students from 3,446 primary schools.
Students were assessed in Mathematics and Language and Communication and age
10-15 years old.

INEE states thatf for his cohort the sample was designed toproduce results at the national
level, by type of school, and by federal entity. The number of students selected in the sample
was calculated to have a maximum margin of error of 10% of the standard deviation of
the achievement variableof interest (means; percentages, correlations) at the federal entity
level. For results at a,lower level\of disaggregation than the federal entity—such as school
types within a federal entity or other-subpopulations—the margin of error increases due to
the smaller amount of data available for estimating population parameters. For each of the
assessments, the mean of the'study pepulation was set at 500 units with a standard deviation
of 100 units” This allows, any”differenceito,be quantified in terms of the standard deviation
(effect size). In‘addition to the databases, the main results of the assessments are included,
along with their corresponding standard errors and the amount of information used in the
estimation:

e 2018 /Cohort: Cemprising 108,083 students from 3,573 schools. Of these, 104,973
students completed assessments in Mathematics and Language and Communication,
93,992 in Civics and Ethics, and 7,901 in Written Expression. While the 2017 sur-
vey instrument differs slightly in structure from the 2015 version, it retains thematic
continuity in its coverage of key constructs. The students age 10-15 years old.

INEE states that another type of variable included in the data are indices, which are
derived from sets of questions from the student questionnaire that summarize information
on various contextual aspects. These indices allow for the exploration of the relationship
between achievement and students’ school and family environments. They are based on
population distributions with a mean of 50 units and a standard deviation of 10 units for
each index. The data correspond to a sample drawn from the target population. This sample
was designed to produce results for the following subpopulations:

For all subjects:
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— Students nationwide

Students by type of school (4 types: General Public, Indigenous, Community-based,
and Private)

Students by level of marginalization
— Students by locality size
— Students by rural-urban population

For Language and Communication, Mathematics, and Civic and. Ethical Ed-
ucation:

— Students by federal entity

For Language and Communication and Mathematics:
— Students by federal entity and type of school

— Students by federal entity and level of marginalization

— Students by federal entity and rural-urban population

The sampling design of the survey made by INEE ‘was, carried out in two stages using
random selections. In the first stage, schools were-selected;yin the second stage, students
were selected. The number of ‘students chosen was planned $6 achieve a margin of error
of 12% of the standard deviation of‘achievement when estimating the mean at the federal
entity level. For results involving aggregations of smaller/groups than those defined in the
sample, it were recommended to review thesize ofithe associated standard errors before mak-
ing any interpretations. In general, the estimation Tesults—both in terms of achievement
and context—require the use of expansion factors to ensure that the selected students ade-
quately represent the target population/and to estimate the standard errors. For additional
achievement results, appropriate methodologies for plausible values should be used.

We are,interested in idéntify general determinants of academic achivement. For the aim
of this research, we computed aygeneral average of the five plausible values in Mathematics
and Language and Communication using item-level performance data from the respective
academic years (20142015 and 2017-2018). The analytical sample used in this resarch
includes students who eempleted both subject tests (N = 104,204 for 2015; N = 104,973 for
2018). These averaged scores were used as the primary dependent variable in the predictive
modeling of academic performance that we called a Grade Point Average (GPA).

2.2 Methods

To investigate the factors influencing academic performance, we designed and estimated a
series of feedforward neural network models. The input data used for training corresponds to
cohorts from the 2015 and 2017 academic years, respectively. Each dataset was cleaned and
transformed separately due to the differences in the survey questions posed to each cohort,
although the same cleaning and transformation procedures were applied consistently. There
are multiple frameworks available for designing neural networks to predict academic perfor-
mance [Baashar et al., 2022, Rodriguez-Hernandez et al., 2021, Ahmad and Shahzadi, 2018,
Cascallar et al., 2015] some of these works have compared traditional parametric approaches
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and compared the results with neural networks [Hardgrave et al., 1994]; based on the frame-
work suggested by [Lau et al., 2019, Davidson, 2019, Musso et al., 2013, Musso et al., 2020]
which objective is similar to our study, we followed them in a similar procedure. However,
we extend the previously proposed parameter-combination approach to a different dataset.
The codebase implementation in [Davidson, 2019] was no longer compatible with current
libraries, so the codebase was updated to modern frameworks to ensure both functionality
and reproducibility.

We begin by inspecting the data to identify which columns will be used/as input features
and to detect missing values. Since our goal is to predict academic performancejwe identified
a dependent variable derived from the columns of the plausible valdes for LyChand Math
tests. These values represent the potential levels of academic performance in these subjects,
and we calculate an average mean of both as a general achieyement level. In cases where
a student completed only one subject, we used the average.of the plausible values for that
subject’s test. The next step involved categorizing every column as either categorical or
continuous, which informed the imputation of missingiwalues. For-,this purpose, we also
implemented a k-nearest neighbor (k-NN) imputation procedure, where the values of the five
closest neighbors for each observation were used” [Rubinsteyn and’Feldman, 2016]. Unlike
the approach of [Davidson, 2019] continuous values were imputed using\the mean of the
neighbors, while categorical values were imputed byitemporarily converting/them to integers
and then mapping the imputed values back to the closest original category after the k-
NN procedure (we don not use the/mode). , It is a €ommon procedure that continuous
features were standardized by subtracting the ' mean and dividing by the standard deviation
[LeCun et al., 2015]. All categerical wariables, includingyordinal types, were transformed
using one-hot encoding, resulting in a.binary indicator matrix where each column corresponds
to a distinct category level. This encoding.schemeirepresents the presence or absence of a
specific category using separate binary features (dummy variables). In the resulting feature
matrix, each original‘categorical variable istmapped-to one or more derived features, with
reference categories omitted to avoid multicollinearity. Additionally, the final training data
sets for both yearsiwwere'subdivided into/80% for model fitting and 20% for validation.

In traditiemal neural networs designy key parameters are weights and biases that are ad-
justed dutring the training.process improving a model’s perfomance. The selection of such
paramentersydetermine how the network learns from data. We designed a network function
based on'the module Keras [Chollety2015] with TensorFlow [Abadi et al., 2015] which archi-
tecture was parameterized through a model function, which enables the iteration of defined
hyperparameters, in detail we include four activation functions (linear, sigmoid, ReLU, tanh),
which has“an impact on how the network learms and introduce non-linearity into the network
allowing it to learn complex patters; another parameter is the number of hidden layers (we
choose a set ranging from zero to three), another hyperparameter is the size of each hidden
layer (64, 128, or 256 neurons) [Hornik et al., 1989]. In contrast to other methodological
approaches, like in [Davidson, 2019], we incorporate different dropout rates (0.1, 0.2, or 0.3)
which will allow to mitigate overfitting and regularization, and batch normalization layers
to stabilize and accelerate training dynamics [Srivastava et al., 2014]. There are different
optimization algotithms, (they adjust weights and biases during tranning to minimize the
difference between predictions and actual target values),we choose the Adam optimization
algorithm to minimize mean squared error loss, which is appropriate for our data structre
and for a continuous outcome prediction [Kingma P and Lei Ba, 2015]. Furthermore, the
training data was conducted with early stopping hyperparameter based on validation loss to
prevent overfitting and enhance generalization. In addition, we implemented a 5-fold cross-
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validation to test results. This technique allow us to provide robust estimates of the model’s
generalization performance, employing negative mean squared error as the scoring metric,
which is suitable for regression tasks.

This systematic exploration via gridsearch in the sickitlearn environment , allow us to
identified optimal configurations of activation functions, network depth, layer sizes, and
dropout rates. Once the five best-performing models were retrained, the final outcomes
of these models, “the keras models” will serve as an input for an agnostic interpretability
analysis. The interpretability of these models is addressed through the application of Local
Interpretable Model-agnostic Explanations (LIME) [Ribeiro et al., 2016}._That is, the net-
work architecture will provide keras selected models and the LIME algorithm willitake these
models and provide insights into individual model predictions. The explanation behind this
is that an agnostic model approximate the behavior of a complex medel in the'local vicinity
of a specific instance using a simpler, interpretable surrogate‘model. This method works by
perturbing the input data and observing the resulting predictionsdrom the black-box model.
A weighted interpretable model—typically linear—is then,fitted to these perturbed samples
to approximate the original model’s decision boundary ‘in thewvicinity of the instance un-
der analysis. The weights are assigned based onthe proximity of the perturbed samples to
the original instance, ensuring that the surrogate.model prieritizes the local behavior of the
black-box model. That is, the theoretical foundation of LIME treats(the original model as a
black box that maps inputs to outputs. By generating & neighborhoodiefperturbed samples
and retrieving their corresponding predictions, LIME constructs a locally faithful model that
reflects how the black-box model behaves near the instance ofiinterest. This property, known
as local fidelity, allows for meaningful explanations of individualpredictions without requir-
ing an understanding of the.model’s global structure or parameters. All data and models
were hosted and estimated on. the ‘Center for<DatajAnalysis and Supercomputing (CADS)
at the University of Guadalajara.throughithe use of the Leo Atrox Supercomputer.

2.3 Output Analysis and Model Evaluation
2.3.1 2015 CohortiNetwork Specification

We trained several neural metwork models to predict elementary students’ GPA based on
survey responses. Using \the cross-validated mean squared error (CV MSE), we evaluated
models with varying ¢onfigurations of hidden layer size, dropout rates, and number of layers.
The Figure 1 presents the heatmaps for all models. On the top of each square its presented
the,dropout rates of 0.1, 0.2, and 0.3, respectively. The x-axis represents the hidden layer
size with-values of 64, 128, and 256 neurons, while the y-axis indicates the number of hidden
layers ranging from 1 to 3. On the first line, we can find the linear activation function were
thecolor scale range approximately from 0.454 to 0.455 and illustrates the MSE values, here
darker colors indicate lower errors. The linear function with a dropout of 0.2, 2 hidden layers,
and 128 neurons has a slightly better perfomance that other configurations, exhibiting the
lowest MSE.

Following the heatmap, the second line corresponds to the relu activation function where
the color gradient range from 0.414 to 0.424 and depicts MSE values with darker shades
indicating lower errors, this models show that one or two hidden layers and small hidden
layer sizes achieve a lower MSE compared to those with larger hidden layer. Following the
heatmap, the third line corresponds to the sigmoid activation function, which MSE values
spanning from 0.405 to 0.411 and darker shades indicating lower errors. In this specification,
models with two or three hidden layers and moderate to larger hidden layer sizes generally
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achieve lower MSE values compared to those with a single hidden layer. We can see that
configurations with dropout 0.3 and hidden layers sized 128 or 256 neurons show some of
the best performances, with MSE values around 0.405. Overall, these results suggest that
the sigmoid activation yields improved model performance compared to linear activation
when employing deeper architectures with moderate dropout rates. Finally the fourth line
corresponds to the tanh activation function,which MSE values span from 0.432 to 0.415 as
before darker shades indicating lower errors.
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In Table 1, we presents the mean and standart test scores and mean and standard train
scores. The best-performing model uses an sigmoid activation function, a dropout rate of
0.3, and two hidden layers with 128 neurons each. This model achieved the highest cross-
validated performance with a mean test score of —0.4049, indicating that it generalizes well
and it does not presents overfitting. The low standard deviation of test scores (=~ 0.0065)
across folds confirms that the model’s performance is consistent across different data splits.
The mean train score was —0.3726 and standart deviatiom traim score ~ 0:005114). We
can see that as a result of increasing the number of neurons per layer it hélps to_ improved
predictive accuracy when combined with dropout to prevent overfitting and<data survey
includes moderately strong predictors of GPA and that a well-regularized neural.network
can capture these patterns effectively.

Table 1: Best Models for each Hyperparameter Lombination 2015.
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Activation  Dropout HISC::: ! Layers Tel\i/:IeSacrtl)re TestS tScftore PR Tral;/rllegzore Trairsltgcore
sigmoid 0.3 128 2 -0.404970 0.006571 1 -0.372660 0.005114
sigmoid 0.3 256 2 -0.405063 0.006057 2 -0.381354 0.004388
sigmoid 0.2 128 2 -0.405264 0.007354 3 -0.375959 0.005906
sigmoid 0.2 64 2 -0.405418 0.006086 4 -0.375534 0.006936
sigmoid 0.2 256 2 -0.405516 0:006979 5 £0.378944 0.004998

The figure 2, it shows the evolution of training and validation losses (measured by Mean
Squared Error, MSE) over successive epochs. The/graph showsithat both loss curves exhibit
a rapid decline during initial epochs, this'suggest that the model learns the structure of the
data early in the training process‘and while the network is /learning the training loss contin-
ues to decrease across all'epochs. That is{ the the network consistently improves its ability
to fit the training data without engountering eptimization instability or divergence. On the
other hand, the validation loss)decreases sharply at the beginning, reaching its minimum
around epochs 12=15 land.after thisypoint, it plateaus and then increases slightly. The gap
between the training and validatien losses remains small and relatively constant throughout
the learning process, pointed to a,good generalization and the absence of overfitting, in addi-
tion to the smoothiand monotenic behavior of the curves also suggests a stable optimization
processand amappropriately chosen/learning rate.

2.3:2 2015 Cohort Validation' OLS

In addition to validate the results of these estimations, we performs a baseline OLS analy-
sis \to find if a linear regression model will estimate lower mean squared error that our the
network estimation, we make this evaluation determinig a 5-fold cross-validation, the evalua-
tion of better performance is as follows: If Baseline Test MSE < Neural Network Test MSE,
the OLS baseline predicts better than the neural network. If Baseline Test MSE >
Neural Network Test MSE, the neural network performs better than the linear baseline,
capturing nonlinear effects, If Baseline Test MSE ~ Neural Network Test MSE, the neural
network and the linear baseline perform similarly, indicating that the problem is mostly
linear.

Table 2 shows the comparison between the baseline OLS model and the neural network
results. The OLS model achieves a cross-validation MSE of 0.4562 and a test MSE of 0.4479,
indicating that it generalizes well without overfitting. The neural network achieves a lower
train MSE of 0.3727 and a test MSE of 0.4050, with its cross-validation MSE closely matching

10



399

400

401

402

403

404

405

406

407

409

410

411

412

413

414

415

416

417

0.60 — Train
Test
0.55 ~
w 0.50 1
u
=
0.45 4
T T T T T T
0 5 10 15 20 25

Epoch

Figure 2: 2015: MSE loss and Epochs of Modelwith Sigmoid ‘Aet. Function [2 hidden
layers and 128 neurons, 0.3 dropout rate]

Table 2: Comparison of Baseline OLS4and Neural Network Performance (2015)

Model Train MSE |CV MSE '  Test MSE
Baselinle . OLS - 0.4562 0.4479
Neural Network 0.3727 0.40497 0.4050

the test MSE (0.4050). This small”difference between train, CV, and test errors suggests
that the neural networkissnot overfitting and ‘generalizes effectively. Since the test MSE
of the neuralnetwork,is lower” than that of the OLS baseline, the neural network captures
additional structure beyond the linear patterns, although the problem remains largely linear
given the small improvement. “Overall, the neural network slightly outperforms the linear
bagéline while maintaining good generalization.

2.3.3 2015 Model Interpretation Using LIME

The five best-performing models for each hyperparameter combination were retrained, after
which the highest-ranked model (the black-box model) was selected and translated into an
agnostic model (LIME) for further analysis. To facilitate the extraction of fetures from LIME,
we construct from the survey structure a survey dictionary based on the survey components
from the 2015 dataset, this allow us to link each feature to its corresponding survey construct.
The Table 3 resumes the feature importance and survey section by showing the frequency of
occuring (count) and mean importance. The indicator of mean importance is derived from
the model’s internal feature importance metric, that is each feature’s relative contribution
across the ensemble. The most importat features: RFAB (Family Resources & Well-being)
exhibited the highest mean importance (0.1925), this is a strong positive contribution to
model predictions. The feature sections ABO75 (Resources & Cultural Engagement) and
AB010 (Previous Education), showed importance values of 0.0861 and 0.0517, respectively.
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Another features section such as AB059 (Motivation & Self-Discipline) and AB045 (Peer
Interaction) display negative importance values, suggesting a modest diminishing effect on
predicted outcomes. Some features that occurred frequently in the dataset, such as AB067
and AB034 had only moderate individual importance, whereas less frequent features could
exert disproportionately strong effects, highlighting the nuanced interplay between feature
prevalence and predictive influence.

In addition, the Table 4 reports a section-level summary obtained by aggregating the
LIME importance values of individual variables. For each survey section, se computed the
number of features, the total frequency with which those features appearediin the expla-
nations, and descriptive statistics including the mean, (average impottance of the variables
within the survey section), maximum (highest importance value observed ameng the vari-
ables in the survey section.), and sum importance (sum of the importance’ values of all
variables belonging to the survey section). These aggregated‘measures provide an overview
of how features associated with each survey construct contributed to the model predictions.
We can see that the feature section Family Resources,& well-being exhibit the high-
est average importance and total sum of importance with only one feature (0.1925). The
Resources & Cultural Engagement section( fiyé features) displays asmodest influece with
a total importance of 0.1037 and average impeortance/0.0207: This result suggests that stu-
dents’ engagement with cultural or academic resoutces played a meaningful role in shaping
the GPA as outcome. In contrast, sections such as Peer Interaction; Identity, MARGINC
exhibited negative total importance (£0.0376, -0.0013, -0.0744). This implies that these fea-
tures tend to lower the mode s predicted seores. The School Environment and Previous
Educ sections has the second and‘third feature usage count (98, 97) with a total importance of
0.0432 and 0.0339 suggesting that both supportive school conditions and previous education
contribute moderate to predictions:“Finallysthe Motivation & Self Discipline section,
represented by a single feature, shows a small negative importace of -0.00138. Because this
section contains only‘a single feature, its average, maximum, and total importance values
are identical. The'result suggest-that higher values of this feature slightly decrease predicted
outcomes. However, the'effect size is,minimal and likely negligible in practice.

Table 3: 2015 Feature Impettance and Survey Section Mapping

Feature Count' | Mean Importance | Survey Section

AB067 100 0.020877 20. Resources & Cultural Engagement

AB034 98 0.033983 17. School Environment

ABO013 93 -0.008483 13. Previous Educ

ABO060 28 0.058084 20. Resources & Cultural Engagement

RFAB 24 0.192507 30. Family Resources & well-being-index

ABO059 17 -0.003130 14. Motivation & Self Discipline

ABO75 15 0.086166 20. Resources & Cultural Engagement

AB002 6 -0.001386 11. Identity

ABO010 4 0.051772 13. Previous Educ

ABO079 2 -0.030038 20. Resources & Cultural Engagement

AB045 3 -0.0037669 18. Peer Interaction

AB074 1 -0.091445 20. Resources & Cultural Engagement
MARGINC 1 -0.074471 6. Demographics
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Table 4: 2015: Aggregated Feature Importance by Survey Section

Survey Section Total Total Avg Max Sum
Y Features | Count | Importance | Importance | Importance
11. Identity 1 6 -0.001386 -0.001386 -0.001386
13. Previous Educ 2 97 0.021645 0.051772 0.043290
14. Motivation & Self Discipline 1 17 -0.003130 -0.003130 -0.003130
17. School Environment 1 98 0.033983 0.033983 0.033983
18. Peer Interaction 1 3 -0.037669 -0.037669 -0:037669
20. Resources & Cultural Engagement 5 147 0.020744 0.086166 0.103722
30. Family Resources & well-being_index 1 24 0.192507 0.192607 0192507
6. Demographics 1 1 -0.001484 -0.074471 -0.074471
Average LIME Feature Importance by Survey Section
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wr 2.3.4 2017 Cohort Network Specification

ag  Similar to previous section, for the case of the 2017’ cohort, we trained several neural network
a9 models to predict elementary students’ GPA based on survey responses. By using cross-
ss0  validation, we evaluated models with varying configurations of activation functions, hidden
w51 layer size, dropout rate, and number of layers. The Figure 5 presents cross-validated mean
52 squared error (CV MSE) heatmaps for all different configurations in each row. The first row
s53  corresponds to the linear activation function, the MSE range from 0.444 t6 0.443, darker
as4  colors indicate lower errors. For this activation function, the results show minimal variation
a5 in MSE across all configurations, suggesting that a stable model perfermance regardless of
a6 the dropout rate or network architecture within the tested parameter space.

457 The second row corresponds to the relu activation function where the color gradient span
ass from 0.408 to 0.402.The heatmap for this activation function réveal that medels with one or
150 two hidden layers and small hidden layer sizes achieve lower MSE compared to those with
a0 larger hidden layer. The third row corresponds to the sigmoid activation function which MSE
w61 range from 0.402 to 0.399. The heatmaps reveal a consistent. trend’where models with two
a2 or three hidden layers and moderate to larger hiddendayer\sizes generally achieve lower MSE
a3 values compared to those with a single hiddendlayer. Finally, the fourth line corresponds
a4 to the tanh activation function which MSE range 0.4250 to 0.4075./ Overall, the sigmoid
s65 activation funtion is consistently achieving the lowesthCV MSErand ityshows the most stable
a6 performance across architectures.

Table 5: Best Models for each ‘Hyperparameter:Combination 2017

Activation  Dropout Hlsfig: - Layers Tel\l/:lesacr;re TestS tS(i:ore Rank ’I‘ral;ﬁegrclore Trairsltgcore
sigmoid 0.3 128 2 -07398629 0:002993 1 -0.373950 0.004144
sigmoid 0.3 256 2 -0:398890 0.003296 2 -0.376055 0.005556
sigmoid 0.2 128 2 -0.399143 0.002964 3 -0.375064 0.006486
sigmoid 02 128 3 -0.399257 0.003141 4 -0.367473 0.004633
sigmoid 0.3 64 2 -0.399516 0.003639 5 -0.369192 0.007110

467 In theytable=5 we showithe best-performing models for the 2017’cohort. The best-
a8 performing model, ranked™lst, uses a/dropout rate of 0.3, a hidden layer size of 128, and 2
a0 hidden layers. This model has the’highest mean test score of —0.398629 and a stable mean
a0 train score of —0.373950, with a low standard deviation in training performance (0.004144).
an ‘Compare to'the second-ranked model, it uses a dropout rate of 0.3 and a higher hidden layer
a2 size of 256 with the same number of layers (2). Despite the bigger hidden size, this model
a3 performs worse on the test set, with a mean test score of —0.398890. The mean train score
472\ of —0.376055 is also slightly lower than that of the top model, although its performance on
a75 “the training set is still stable. The third model uses a hidden layer size of 128 and a dropout
ae  rate of 0.2 with 2 hidden layers, and a mean test score of —0.395064. This performance is
a7 worse than the second model, though its mean train score of —0.375064 remains similar to
a7s that of the second model. Following the table, the fourth-ranked model uses a dropout rate
a9 of 0.2, which could imply fewer regularization during training. It also has a hidden layer
a0 size of 128 and 3 layers. While this model’s performance on the test set (mean test score of
i1 —0.399257) is quite close to the other models, its mean train score of —0.367473 indicates
a2 that it is comparable to the others in terms of training performance, but the use of three
33 layers doesn’t significantly enhance the model’s performance.

484 The fifth-ranked model, which uses a dropout rate of 0.3 and a hidden layer size of 64
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with 2 layers, it has a mean test score of —0.399516. Its training performance (mean train
score of —0.369192) is similar to the fourth-ranked model, but it is not enough to overcome
the regularization effect of the dropout rate or achieve better generalization on the test set.
In summary, the models with a dropout rate of 0.3 and varying hidden layer sizes and layer
counts perform similarly with the best results coming from the model a hidden layer size of
128. While increasing the number of layers does not seem to drastically improve performance,
dropout regularization plays a crucial role in helping the models generalize better; especially
with the dropout rate of 0.3. However, it appears that models with a drepout rate of 0.2
did not perform as well, highlighting the potential importance of stronger regularization.

Table 6: Comparison of Baseline OLS and Neural Network Performance (2017)

Model Train MSE CV MSE Test MSE
Baseline OLS - 0.4421 0.4466
Neural Network 0.3739 0.3986 0.3986

Our next analysis is consider the behavior if thedearning’curve which is showed in Figure
6. In this graph we can see that the progression of both the training and validation losses over
the course of 30 epochs. At the beginning of the training, the training-loss (represented by
the blue line) is relatively high but decreases during the first-few epochs, indicating that the
model is quickly learning and improvingitsfit to the training data. This'drop is typical in the
early stages of training, where the model adjusts its parameters and fit the data. After the
initial drop, the training loss continues to decrease; but‘at a slewer rate, indicating that the
model is refining its learning and approaching an' optimal solution (adam algorithm). Con-
sequently, the validation loss deereases notably during the/first several epochs and reaches
its minimum around epoc¢hs 10~12. After this point, it=stabilizes and displays small upward
fluctuations, suggesting that,the meodel’s’generalization performance stops improving beyond
this stage. Comparing the two,losses; the difference between training and validation losses
remains small throughout most of‘the training process, suggesting good generalization and
effective regularization, with only. miner divergence toward the later epochs.The smooth be-
havior of both curves indicates that theieptimization process is stable and that the chosen
learning rate is“appropriate In simmary, since the validation loss ceases to improve mean-
ingfullysafter approximately epoeh 12°and starts to fluctuate slightly upward, early stopping
around that point would likely provide the best balance between model performance and
generalization.

2.3.5 2017 Cohort Validation OLS

Finally, the performance of the baseline OLS model and the neural network for 2017 is
summarized in Table 6. The OLS model achieves a cross-validation MSE of 0.4421 and a
test MSE of 0.4466, indicating that it generalizes well with no overfitting observed. The
neural network achieves a lower train MSE of 0.3739 and a test MSE of 0.3986, with its
cross-validation MSE closely matching the test MSE (0.3986). The small difference between
training and test errors suggests that the neural network generalizes effectively without
overfitting. Since the neural network achieves a lower test MSE than the linear baseline, it
captures additional structure beyond the linear patterns.
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2017: Cross-Validation and Mean Square Error of Activation Functions by
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Figure 6: 2017: MSE loss and Epochs of Model with Sigmoid Act. Function [2 hidden
layers and 128 neurons, 0.3 dropout rate]
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Figure 7: Average Lime Features by Survey Section 2017

2.3.6 2017 Model Interpretation Using LIME

The extraction of features via LIME algorithm follows the same procedude as previous
section. The only difference is that the survey dictionary differs from 2015 in features,
for this cohort was developed using questions from the 2017 dataset, linking each feature to
its corresponding survey construct. This approach facilitated the interpretation of the LIME
results within the context of relevant educational and socio-demographic factors, with the
summarized findings presented in Tables 7 and 8 and Figures 7 and 8.

In the table 7 we present the features identified by the LIME. The results reveal that
the most frequently occurring features are Motivation & Self-Discipline, Home Hardship,
and Previous Education. For example, the features, PAB_54 (Motivation & Self-Discipline)
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Table 7: 2017 Feature Importance and Survey Section Mapping

Feature | Count | Mean Importance | Survey Section

PAB_54 100 -0.008865 | 14. Motivation & Self Discipline
PAB_22 99 0.015030 | 16. Home Hardship

PAB_16 90 0.022243 | 13. Previous Educ

PAB_20 90 0.035708 | 16. Home Hardship

CTE 49 -0.001667 | 14. Motivation & Self Discipline
PAB_56 35 0.022300 | 17. School Environment
PAB_12 5 -0.105810 | 19. Parental Education

PAB_17 2 -0.004472 | 13. Previous Educ

PAB_74 2 0.091790 | 14. Motivation & Self'Discipline
PAB_53 2 0.087217 | 20. Resources & Cultural Engagement
PAB_38 1 -0.089840 | 16. Home Hardship

Table 8: 2017: Aggregated Feature Importancee,by Survey Section

Survey Section Total Total Avg Max Sum
Features | Count | Importance |  Importance | Importance

13. Previous Educ 2 92 0.008885 00022243 0.017771
14. Motivation & Self Discipline 3 151 0:027086 0.091790 0.081258
16. Home Hardship 3 168 -0:013034 -0.035708 -0.039102
17. School Environment 1 35 0.022300 0.022300 0.022300
19. Parental Education 1 5 -0.105810 -0.105810 -0.105810
20. Resources & Cultural Engagement 1 2 0.087217 0.087217 0.087217

Average Feature Importance by Survey Section
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Figure 8: Average Feature Importance by Survey Section2017

appeared most frequently across 100 instances, though its mean importance score was slightly
negative (-0.0088), suggesting that higher values of this variable tended to reduce the model’s
predicted outcome. PAB_22 (Home Hardship) showed a positive contribution (0.0150), and
likewise, PAB_20 from the same section had a positive effect (0.0357), implying homogeneity
in how aspects of home hardship influence the prediction. On the other hand, features related
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to Previous Education, particularly PAB_16 and PAB_17, showed some heterogeneity with
importance values (0.0222 and -0.0044, respectively), indicating that educational background
factors have different effect as predictors. With respect, parental education feature (PAB_12)
it show negative contributions. Furthermore, some features exhibited extreme importance
values—such as PAB_38 (-0.0808) and PAB_53 (0.0872)—suggesting that specific individual
factors can have substantial localized effects on predictions, even if they are not consistently
influential across all cases.

In the table 8 we presents the aggregated feature importance by survey. section for the
2017 model. Resources & Cultural Engagement (Section 20) showed the higliest individ-
ual feature importance (0.087217). Because this section contains only a single feature, its
average, maximum, and total importance values are identical. This, result suggests that
students’ engagement with cultural or academic resources played a'meaningful role in shap-
ing the model’s predictions. This is supported by results .of, the section’of motivation &
Self-Discipline (three features) which displays strong influence, with a total importance of
0.081258 and a positive average importance (0.027086). These results highlight the consistent
contribution of motivational and self-regulatory factors as\predietors of student outcomes. In
contrast, Home Hardship (Section 16), despite having the Highest feature usage count (168),
shows a negative total importance (—0.039102).“This/implies that higher levels of hardship
tend to lower the model’s predicted scores—which aligns with established evidence regarding
the adverse effects of socio-economic disadvantage on educational achievément. The School
Environment section has a small positive influence (0.022300), indicating that supportive
school conditions contribute modestly to predictions..Finallyyzthe parental education section
shows a strong negative importance (+0.105810),/makingit asyan influential negative pre-
dictor. This suggests that lower parental educational attainment is associated with reduced
predicted student outcomes, ‘though=the magnitude, also indicates that this feature had a
significant directional impact on\the model. In general terms, the aggregated results show
that cultural engagement and student motivation are’the strongest positive contributors to
the model’s predietions, but, home hardship and parental education represent the strongest
negative effects.

3 Discussion

Thecomplex dimensigns of factors that determine children’s academic performance has been
evaluated extensivelyin literature! The exploration of neural network settings will contribute
to the area where from, the mexican case analysis we can extract some highlights from our
findings:—First, from a behavioral perspective we observe that features related to home
literacy practices (such as reading with family members (AB066, AB067), having books at
home (AB062, PAB49) or parental engagement, (AB081-82, PAB80-84) are strong predictive
importance and support the idea that enviromental passive "nudges” and household archi-
tectures shape children’s learning behaviors [Thaler and Sunstein., 2008, Evans et al., 2010].
Second, in both years, features relate to school environment such as teacher-student inter-
action (AB034-56, PAB56-65), particularly student’s perception of being heard by teach-
ers, also emerge as influential, and peer-interaction are aligning with identity-based mod-
els where social affirmation enhances academic motivation [Akerlof and Kranton, 2002,
Akerlof and Kranton, 2010, Cohen and Garcia, 2008].

Third, measures of socioeconomic marginality demonstrated negative associations with
performance (MARGINC), also supported by the literature and with scarcity theory,
which indicate that poverty imposes cognitive load and reduces attentional capacity
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[Mani et al., 2013, Mullainathan and Shafi, 2013]. Furthermore, socioeconomic disadvan-
tage (RFAB, PAB22, PAB38) consumes cognitive bandwidth, reducing the mental resources
available for self-control and learning activities. Fourth, variables related to cultural par-
ticipation (such as theater and fair attendance) were positive contributors, supporting the-
ories of cultural capital and cognitive enrichment [Bourdie, 1986, Heckman, 2006]. Cul-
tural activities provide counterbalancing cognitive stimulation, enriching students’ mental
models and supporting learning through increased curiosity and exposure~~Qne of the
features identified is previous education as a positive influece for academic performance ,
in [Shonkoff and Phillips, 2000, Heckman and Masterov, 2007], emphasizes that early*ehild-
hood development is shaped by the interaction between biology and environmenty including
family background and public policy. They stresses the importance of high-quality, inclu-
sive child care and thoughtful early interventions that support bothicognitive and emotional
development which are critical periods where small inputs yield long-term benefits.

4 Conclusions

The use of neural networks allows us to explore eomplex dimensions of factors that explain
academic performance. In this paper, we propose, “state of the art” methodological approach
grounded in machine learning, using a feedforward neural network’ model. Our findings
support the literature findings suggesting that children’sacademiéachievement is the product
of cumulative behavioral, environmental, and socioeconemic influences rather than cognitive
ability alone. From a policy perspective, we/considered thatieffective educational strategies
should move beyond narrowly defined, academic inputs. In boeth cohorts we see the need
for policies that strengthen home learning environments.| Features like reading at home
and parental engagement, in early“literacy (Tables,3,4,7,8) can generate improvements in
academic performance atirelatively low gost. These interventions operate through passive
behavioral channels,<shaping, learning habits without requiring substantial ongoing effort
from households.

Another important™feature is”sechool environment represented by teacher support and
school climate,(AB034,AB045; PAB56). The promotion of inclusive classroom practices,
teacher training focused"ongtudent voice,”and supportive school environments may enhance
students’ academichmotivationand persistence, particularly for those from disadvantaged
backgrounds. Therefore, strengthening these relational aspects of schooling can complement
traditional investments in curriculum and instructional quality. Furthermore, socioeconomic
disadvantage (marginality) remains a significant constraint on academic performance, sug-
gesting=that educational policy cannot be fully effective in isolation. Interventions that
reduce material hardship and psychosocial stress—such as school-based support services,
nutritional programs, and income-related assistance—may indirectly improve learning out-
comes by alleviating cognitive and emotional burdens associated with scarcity. This is actu-
ally a policy in course by government scholarships. The resources and cultural engagement
features (AB067,AB074,AB060,AB075,AB079,PAB53) highlitht that by expanding access to
cultural and enrichment activities will represent a promising alternative for policy interven-
tion. The participation in cultural experiences through schools or community partnerships
can provide cognitive stimulation and broaden learning opportunities, especially for students
with limited access outside the school setting. Finally, the role of early childhood educa-
tion (AB010,AB013,PAB16,PAB17) highlights the long-term returns to early intervention.
Investments in high-quality, inclusive early childhood programs that support both cognitive
and socio-emotional development are likely to yield sustained benefits across the life course.
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620 Taken together, these findings in the Mexican context will require government actions that
630 combine educational support with social protection programs given the persistent role of
631 socioeconomic disadvantage observed in both cohorts.
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