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Abstract 

This study presents an academic information management model based on Artificial Intelligence (AI) 
for early predicting school failure risk. It integrates classical statistical techniques, such as multiple 
regression and correlation analysis, with advanced machine learning methods, including K-means 
clustering and Principal Component Analysis (PCA). This methodological combination enables a 
comprehensive analysis of data related to cognitive skills, executive functions, physical and mental 
health, emotional well-being, and sociodemographic factors. The model was applied to a sample of 
190 students aged 8 to 12 from vulnerable communities in Colombia, with data collected at three key 
points: mid-school year, end of the cycle, and the beginning of the following academic year. The 
analysis achieved a predictive accuracy of 85%, highlighting the importance of mental health 
indicators, especially depression and anxiety, in predicting academic performance and reading 
comprehension. Significant interactions between emotional and cognitive variables were found, 
underscoring the need for integrated approaches when designing effective educational interventions. 
This approach allows for more targeted preventive actions and supports ongoing evaluation of the 
model’s stability over time. Incorporating more sophisticated AI techniques, such as deep neural 
networks and boosting models, is proposed as a future direction to enhance the model’s predictive 
capacity and broaden its applicability across diverse educational contexts. 

Keywords: artificial intelligence; school risk; machine learning; academic management; inclusive 
education 
 

1. Introduction 

School failure is a global issue that disproportionately affects students in vulnerable 
environments, perpetuating cycles of poverty and inequality [1]. Traditional strategies often lack the 
precision needed to identify at-risk students early, highlighting the need for innovative approaches 
based on educational technology. 

In the 2022 PISA assessment by the OECD, more than 50% of students did not reach the basic 
competency level in reading, mathematics, and science [2]. At the national level, only 44 out of every 
100 children who enter the Colombian education system complete upper secondary education, and 
just 38 immediately transition to higher education after graduation. [3]. 

UNESCO warns that around 24 million students may permanently leave the education system 
due to the prolonged effects of the pandemic, with the most severe impacts in low- and middle-
income countries [4]. Similarly, the Education Cannot Wait report estimates that 222 million children 
and adolescents in vulnerable contexts require urgent educational support: 78.2 million are out of 
school, and 119.6 million attends without achieving minimum competencies [5]. 

Numerous studies have addressed the multifactorial complexity of school dropouts. A recent 
meta-analysis  [5] Identified key individual, family, and school-related risk factors, such as low 
academic performance, grade repetition, learning difficulties, negative attitudes toward school, and 
limited parental involvement. 
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Colombia, with an average dropout rate of 11% between 2000 and 2021, reflects these challenges. 
School dropout in the country is linked to poor academic performance, economic hardship, lack of 
vocational guidance, and perceptions of low educational quality, especially among students from 
lower socioeconomic backgrounds and regions with limited investment in education [6,7]. 

2. Related Works and Motivations 

Some studies have addressed school dropout from various perspectives, including technological 
solutions such as automated systems for monitoring and prevention. One example is a platform 
design that records absenteeism, failing grades, and misconduct while sending computerized reports 
to parents. This system includes an institutional website, facial recognition software, and a mobile 
app for notifications [8]. 

Machine learning approaches and data distillation techniques have also been explored to reduce 
school dropout while protecting student privacy, as part of a more sustainable educational 
management framework [9,10]. 

Academic performance prediction has become essential for designing timely interventions. A 
study using the OULAD dataset, which includes over 32,000 students, evaluated a Multilayer 
Perceptron (MLP) model that outperformed other approaches with 90.2% accuracy. Behavioral and 
academic factors were the most influential predictors, surpassing socioeconomic and demographic 
variables. These findings validate the use of participation patterns and educational history as the 
foundation for early intervention systems [11]. 

In higher education, predictive models have also been applied to anticipate students’ 
performance in the following semester based on academic records and attendance. Algorithms such 
as Random Forest, Gradient Boosting, and Voting Regressor have been used, with predictions 
transformed into grade categories to facilitate metrics like accuracy, recall, and F1-score. These 
studies show how educators can identify at-risk students and adjust strategies based on data [12]. 

The AugmentED model has also been developed, combining multi-source data (in-person, 
online, and on-campus behavior) with advanced techniques such as LSTM and nonlinear analyses 
(LyE, HurstE, DFA) to accurately predict university student performance. This approach also enables 
personalized feedback for students with low self-discipline [13]. 

Through these projects, educators are better equipped to identify students at risk and improve 
educational strategies, ultimately enhancing student success and institutional reputation [14]. 

Overall, most of the literature focuses on higher education, with a predominance of cross-
sectional studies. In contrast, research at primary and secondary levels remains limited, particularly 
in the integrated use of psychosocial variables, mental health, reading comprehension, and 
sociodemographic conditions. The present study proposes a longitudinal approach that enables 
contextualized monitoring of school risk factors over time [15]. 

3. Methodology 

This study adopts a quantitative, longitudinal design to identify predictors of academic risk over 
time. It combines traditional statistical techniques (Pearson correlations, ANOVA) with 
dimensionality reduction methods like PCA [16], and exploratory machine learning approaches, 
including K-means clustering. This hybrid approach enables modeling of complex relationships 
among cognitive, emotional, and academic variables. 

The research was conducted in public schools in Valledupar, Colombian Caribbean, with 
students from low socioeconomic strata (1, 2, and 3), using non-probabilistic convenience sampling. 
Data were collected at three points during the 2024 school year from partial samples of 140, 151, and 
190 students aged 8 to 12. 

Instruments were selected for psychometric reliability and age appropriateness. Reading 
comprehension was assessed using the EDICOLE test, which targets textual recall, inference, 
integration, and metacognitive control. Mental health was measured with an adapted child-friendly 
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version of the DASS-21 focused on depression, anxiety, and stress. Inhibitory control and attention 
were evaluated using the Simon Task [17], while math performance was measured with selected 
items from the BERDE battery [17] targeting analog and verbal numerical representation. 

3.1. Edicole 

Reading comprehension is a key skill from both psychological and educational perspectives, as 
it is an essential component of cognitive development [18] and one of the main predictors of academic 
performance [19]. Students with stronger comprehension are better equipped to solve problems and 
adapt to diverse learning contexts. 

To assess this skill, the EDICOLE test (Diagnostic Evaluation of Reading Comprehension) [20] 
was used. It evaluates four core processes: information retrieval, inference-making, activation of prior 
knowledge, and integration with the text. The test is administered collectively, estimated at 30 to 40 
minutes, and consists of three narrative texts with 18 questions each. Only the first text was used in 
this phase, with plans to include the others in future stages. 

Unlike other assessments, EDICOLE minimizes linguistic bias related to syntactic complexity or 
vocabulary knowledge, allowing for a more accurate evaluation of cognitive processes [21]. Its 
structure also supports differential diagnosis by distinguishing whether reading difficulties stem 
from linguistic issues or more basic cognitive processing deficits [22], making it a valuable tool for 
guiding targeted pedagogical interventions [23]. 

Table 1. Comprehension process assessed in the questions of text 1. 

TYPES OF QUESTIONS Text 1 

Knowledge Questions 1 y 2 

Memory Questions 3, 4 y 5 

Inference Questions 7, 8, 9 y 11 

Integration Questions 10, 13, 14, 15, 16 y 17 

Control questions 6, 12 y 18 

The score is compared with the identification criterion based on the mean and standard 
deviation of the scale obtained for the age of the participants evaluated, in this case, 3rd, 4th, and 5th 
grades of primary school and 6th grade of basic education. A score less than one standard deviation 
below the mean will be the criterion for identifying students with problems. 

3.2. Control Inhibitorio 

Inhibitory control was assessed using the Simon Task [24], designed to measure the ability to 
ignore irrelevant spatial information. Participants were instructed to respond to the color of a 
stimulus (red or green), regardless of its position on the screen. 

Two types of trials were included: 
 Congruent: the color and position match the expected response (e.g., green on the right → 

respond with the right hand). 
 Incongruent: the position contradicts the response assigned to the color (e.g., green on the left 

→ respond with the right hand). 

The task consisted of 10 practice trials and 100 experimental trials. Students were instructed to 
respond quickly and accurately using the hand corresponding to the color. The Simon effect appears 
as increased reaction time and error rate in incongruent trials. The inhibitory control index is 
calculated as the difference in average reaction time between incongruent and congruent trials, with 
higher values indicating lower control [25,26]. 
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The task was administered individually in a controlled computer lab environment using tablets, 
under the supervision of the lead researcher, with support from 11th-grade students (as part of their 
Social Service) and psychology/education interns. Each session lasted approximately 15 minutes, and 
reaction times were recorded automatically using dedicated software. 

 
Figure 1. Image of Simon’s Task. 

3.3. Salud Mental Questionnaire DASS-21 (Depression, Anxiety and Stress Scales) 

An adapted version of the DASS-21 was used for children aged 8 to 12, validated to assess 
depression, anxiety, and stress  [27] . The adaptation included age-appropriate language, Likert-type 
items (0–3), visual sliders, and dichotomous and frequency-based questions to explore general 
emotional state, anticipatory anxiety, and coping capacity. 

Each subscale includes 7 items (range: 0–21). Cut-off points were: 

• Depression: >5 (sensitivity 88.5%, specificity 86.8%) 
• Anxiety: >4 (87.5%, 83.4%) 
• Stress: >5 (81.5%, 71.3%)  [28]. 

Additional items addressed sleep quality, hygiene, social support, and subjective well-being, 
extending the assessment beyond traditional clinical focus and enabling early detection of emotional 
risks in school settings [29]. 

3.4. Institutional Database (SIMAT) 

Sociodemographic data from the Integrated Enrollment System (SIMAT), including age, sex, 
grade level, and repetition history, were incorporated. This allowed for a more contextualized 
analysis of student profiles alongside emotional and academic indicators. The final dataset included 
44 quantitative and 6 categorical variables, with mental health scores, reading comprehension, and 
academic engagement emerging as key predictors. 

A rigorous preprocessing pipeline was applied, including scale standardization and handling of 
missing values through Multiple Imputation (MI) [30], as missing data remained below 5% per 
variable. Additionally, Mahalanobis distance was used to detect and control outliers, ensuring 
reliable integration of SIMAT data with the applied assessments. 

Table 2. Summary of variables evaluated in each instrument. 

Variable evaluated Instrument Components 

Reading comprehension Edicole Recall, Inferences, Integration 

Control inhibitorio Simon Congruent and Incongruent Essays 

Mental health DASS-21 Depression, Anxiety, Stress 

3.5. Analytical Techniques 

The analysis was structured in four stages: data exploration, dimension reduction, predictive 
modeling, and result validation. This approach made it possible to address the complexity of the 
phenomenon from a progressive and well-founded approach. 

Exploratory Data Analysis (EDA): As an initial phase, descriptive statistics (mean, median, 
standard deviation) and graphical visualizations (histograms, scatter plots, box plots) were applied 
to identify patterns and anomalies. Pearson correlations were made between cognitive, emotional, 
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and academic variables, and multivariate techniques such as Mahalanobis distance were used to 
detect outliers. The analyses were carried out in Python and RStudio. 

Dimensionality reduction: was applied after standardization of the variables (z-score). 
Components that explained 85% of the total variance were retained [31]. 

Predictive modeling: Although machine learning algorithms were explored, this report mainly 
presents linear and logistic regression models, adjusted to the data from the first moment of the study. 
The techniques employed include: 

 Hierarchical regression: to predict reading comprehension based on demographic, emotional 
and cognitive variables. 

 K-means clustering: identifying homogeneous student profiles (high, medium, and low risk). 

The supervised models were optimized by variable selection (Gini importance and permutation) 
and 5-fold cross-validation. The elbow and mean silhouette method determined the optimal number 
of clusters in K-means. 

 Cross-validation to reduce the risk of overfitting. 
 P-values and FDR-adjusted q-values were computed to evaluate the statistical significance of 

the model coefficients, controlling for multiple testing. 

Although the future use of proprietary ranking metrics (such as accuracy, recall, F1-score, and 
AUC-ROC) is contemplated) [32]. For more complex models, only linear and logistic regression-
adjusted analyses are reported at this stage [33]. 

3.6. Tools & Technologies 

Statistical analysis and predictive modeling were performed with R and Python, using 
specialized libraries such as caret, tidyverse, scikit-learn, and NumPy for data processing, as well as 
ggplot2 and matplotlib to visualize results. The experimental tasks, including the Simon Task and 
the psychological questionnaires, were implemented in the PsyToolkit platform [34,35] and were 
compatible with browsers and tablets. This tool allowed automated data collection (CSV formats), 
including reaction times and responses, which were directly integrated into the analysis flow. 

The cognitive and emotional tests were applied on Android tablets, using standardized digital 
interfaces for school use. The analysis process followed a structured pipeline: 𝒄𝒐𝒍𝒍𝒆𝒄𝒕𝒊𝒐𝒏 →  𝒄𝒍𝒆𝒂𝒏𝒊𝒏𝒈 →  𝒎𝒖𝒍𝒕𝒊𝒑𝒍𝒆 𝒊𝒎𝒑𝒖𝒕𝒂𝒕𝒊𝒐𝒏 →  𝒔𝒕𝒂𝒏𝒅𝒂𝒓𝒅𝒊𝒛𝒂𝒕𝒊𝒐𝒏 →  𝒎𝒐𝒅𝒆𝒍𝒊𝒏𝒈 →  𝒄𝒓𝒐𝒔𝒔 𝒗𝒂𝒍𝒊𝒅𝒂𝒕𝒊𝒐𝒏 

4. Results 

This article presents the findings corresponding to the first evaluation moment. Although the 
research design is longitudinal and data from three different moments are available, longitudinal 
analyses are still under preparation and will be developed in future publications. The academic 
information management model is currently in development; the instruments have been applied to 
a sample of students during the 2024 academic year. This application has generated three 
independent databases, including the assessed educational, cognitive, emotional, and 
sociodemographic dimensions. The present manuscript reports the results corresponding to the first 
moment of measurement. 

4.1. First Moment Results 

Table 3 presents a structured synthesis of the data matrix obtained from the tasks applied during 
the initial pilot. The variables are grouped into three main types: Categorical variables: gender, age, 
and origin, Factors: shift, grade, and socioeconomic stratum, Quantitative variables (n=44): organized 
in key dimensions such as mental health, subjective well-being, spelling, word and pseudoword 
reading, reading comprehension, and inhibitory control. Based on this characterization, descriptive 
analyses (measures of central tendency, dispersion, and percentiles), inferential comparisons 
between subgroups, and predictive models aimed at identifying factors associated with academic 
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risk were performed. The main quantitative findings corresponding to the first stage of the study are 
presented below. 

Table 3. Exploring variables in a data matrix. 

Name datos2 
Number of rows 123 
Number of columns 50 

Column Type frecuency  
Character 3 
Factor 3 
Numeric 44 
Group variables None 

Exploratory analyses included descriptive statistics for each indicator. In spelling, the average 
accuracy was 66% (SD = 13%), with the 25th percentile at 56% and a maximum of 90%. The most 
frequent errors involved using the letters “b” and “v”, suggesting the need for targeted pedagogical 
interventions from a metacognitive perspective. In the lexical task, students performed better with 
real words (86% accuracy) than pseudowords (67%), highlighting a distinction between visual 
recognition and phonological decoding. Reading times were also analyzed based on syllabic length 
(bi-, tri-, and four-syllable words), opening the door to future classification using unsupervised 
algorithms (e.g., K-means). 

In reading comprehension, results were broken down by process and total score. Although many 
students self-identified as “good readers,” their objective results indicated the opposite, revealing a 
case of metacognitive dissonance. Cognitive function tasks showed high accuracy overall, whereas 
inhibitory control tasks revealed variability linked to impulsivity, underlining their relevance as a 
predictor of reading performance. 

Table 4. Sociodemographic characteristics. 

Characteristic N % 

Shift: Morning 63 52% 
Shift: Afternoon 59 48% 
Grade: 3rd 42 34% 
Grade: 4th 41 34% 
Grade: 5th 39 32% 
Socioeconomic level: 1 51 42% 
Socioeconomic level: 2 39 32% 
Socioeconomic level: 3 32 26% 
Sex: Female 52 43% 
Sex: Male 70 57% 

Table 5. Comparison of the gender between boys and girls. 

Characteristic N % 

Country of origin: Colombia 104 85% 
Country of origin: Venezuela 18 15% 
Age: 8 16 13% 
Age: 9 38 31% 
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Age: 10 45 37% 
Age: 11 16 13% 
Age: 12 5 4.1% 
Age: 13 2 1.6% 

Table 6. Comparison by Degree. 

Variable Female (N = 52) Male (N = 70) p-value q-value 

Shift: Morning 26 (50%) 37 (53%) 0,8 0,8 
Shift: Afternoon 26 (50%) 33 (47%) 0,8 0,8 
Grade: 3rd 15 (29%) 27 (39%) 0,04 0,2 
Grade: 4th 24 (46%) 17 (24%) 0,04 0,2 
Grade: 5th 13 (25%) 26 (37%) 0,04 0,2 
Socioeconomic level: 1 25 (48%) 26 (37%) 0,4 0,7 
Socioeconomic level: 2 14 (27%) 25 (36%) 0,4 0,7 
Socioeconomic level: 3 13 (25%) 19 (27%) 0,4 0,7 
Country of origin: Colombia 42 (81%) 62 (89%) 0,2 0,6 
Country of origin: Venezuela 10 (19%) 8 (11%) 0,2 0,6 

4.2. Comparisons by Degree and Gender in the Level of Depression 

Table 7 compares depression levels between the different school grades evaluated. The results 
show a statistically significant difference, highlighting that third-grade students have higher levels 
of depression compared to their peers in higher grades. This finding is particularly relevant from an 
emotional development perspective, as it coincides with a school transition stage that may imply 
higher levels of insecurity and affective vulnerability in younger students. 

Table 7. Depression Level Comparison by Grade. 

Variable Grade 3 (N = 
42) 

Grade 4 (N = 
41) 

Grade 5 (N = 
40) 

p-
value 

q-
value 

EVA_Nervousness, Mean 
(SD) 5.8 (3.9) 5.5 (3.9) 5.7 (2.4) 0,9 >0.9 
EVA_Sadness, Mean (SD) 5.0 (3.5) 4.8 (4.0) 4.9 (3.1) >0.9 >0.9 
EVA_Stress, Mean (SD) 4.1 (3.5) 4.0 (3.7) 5.4 (3.1) 0,1 >0.9 
DepressionD, Mean (SD) 16 (8) 14 (9) 12 (11) 0,009 0,11 
AnxietyD, Mean (SD) 17 (9) 14 (10) 10 (9) 0,04 0,09 
StressD, Mean (SD) 15 (8) 15 (10) 16 (10) >0.9 >0.9 
Well-being, Mean (SD) 42.0 (5.7) 41.4 (5.1) 41.0 (7.1) >0.9 >0.9 

Comparative analysis across school grades reveals significant differences in several mental 
health indicators. Specifically, third-grade students exhibited higher levels of depression and anxiety, 
with statistically significant differences on both scales (p = 0.009 and p = 0.04, respectively). Although 
the adjusted values (q = 0.11 and q = 0.09) reduce statistical significance after correcting multiple 
comparisons, the trend is clear: lower grade levels are associated with greater emotional 
vulnerability. This finding highlights the need to implement targeted psychoeducational support 
strategies in early grades, where students may face greater challenges in school adaptation. In 
contrast, no significant differences were observed in objective stress, overall well-being, or in the 
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subjective indicators of nervousness and sadness, suggesting a degree of emotional stability across 
these dimensions in the three grades evaluated. 

Additionally, the effect of gender on depression levels was examined using a comprehensive set 
of statistical tests to strengthen the robustness of the findings. These included: parametric testing 
(Student’s t-test), non-parametric testing (Wilcoxon test), a robust test, and a Bayesian approach. All 
analyses confirmed a significant difference, with girls consistently showing higher levels of 
depression than boys. This convergence across methods  [36] reinforces the validity of the conclusion 
and supports the need for gender-sensitive interventions when addressing psychological distress in 
school settings. 

As shown in Figure 2, the comparative analysis of depression levels by gender, using various 
statistical approaches (parametric, non-parametric, robust, and Bayesian), consistently indicates that 
female students exhibit higher levels of depression than their male peers. Across all four methods, 
the differences are statistically significant, with average scores ranging from 5.85 to 6.00 in girls 
compared to 4.00 to 4.13 in boys. The parametric t-test (p = 0.006), the non-parametric Mann-Whitney 
test (p = 0.007), and the robust test (p = 0.006) all confirm a significant difference, while the Bayesian 
analysis supports this conclusion with a credible interval that excludes the null value. These findings 
reinforce the evidence of greater emotional vulnerability among girls and underscore the importance 
of developing gender-sensitive support strategies, particularly concerning emotional guidance 
within the school environment. 

 

Figure 2. Gender contrasts in mental health through different tests. 

4.3. Prediction of Reading Performance Based on Psychological Variables 

The effect of socioeconomic status on anxiety levels was examined, revealing significant 
differences: students from stratum 3 reported lower levels of anxiety, while those from stratum 2 
showed the highest scores. This finding reinforces the well-documented association between social 
conditions and psychological distress. 

Subsequently, a multiple linear regression model was applied to predict performance on the 
pseudoword reading task, an indicator of phonological route development, based on emotional 
variables assessed through DASS-21. The results showed a significant relationship: higher levels of 
depression and anxiety predicted lower performance in phonological decoding, supporting the 
influence of affective states on phonological access processes. 
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This model was replicated to predict overall reading comprehension, once again confirming the 
negative effect of depression: the greater the depressive symptoms, the lower the reading 
performance. Using the emmeans library to estimate marginal means, notable differences were 
observed in predicted scores. For example, students with high levels of depression achieved an 
average comprehension score of 4.29, while those without depressive symptoms scored 9.3 on 
average. 

The model’s interpretation also revealed relevant patterns by gender and socioeconomic status: 

 Girls had a higher average reading comprehension score (8.03) than boys (7.82). 
 By socioeconomic stratum, students from stratum 3 achieved an average of 8.17, compared to 

7.98 in stratum 1. 

These findings allow for identifying risk profiles and provide a strong foundation for designing 
targeted educational interventions. 

Table 8 presents the linear regression analysis, indicating that symptoms of depression and 
anxiety are significant predictors of academic performance, specifically in reading comprehension. 
The variable DepressionD shows a negative coefficient (β = -0.01, p = 0.03), indicating that higher levels 
of depression are associated with lower expected performance. Conversely, AnxietyD exhibits a 
slightly positive effect (β = 0.01, p = 0.018), suggesting that a certain level of anxious activation may 
be linked to improved performance in some cases. However, other variables such as perceived stress, 
loneliness, and hygiene habits did not show significant effects (p > 0.4), implying a lower direct 
influence at this model stage. Taken together, these results highlight the importance of mental health, 
particularly depression, as a key factor for anticipating academic difficulties and guiding evidence-
based school interventions. 

Table 8. Result of predicting reading performance based on mental health variables. 

Characteristic Beta 95% CI p-value 

DepressionD -0,01 -0.02, 0.00 0,03 
AnxietyD 0,01 0.00, 0.02 0,018 
StressD 0 -0.01, 0.01 0,5 
Loneliness -0,01 -0.05, 0.02 0,4 
Teeth brushing -0,02 -0.09, 0.04 0,5 

Interpretation of the Regression Model for Reading Comprehension 

A multiple linear regression model was constructed with reading comprehension as the 
dependent variable and psychosocial and demographic predictors (sex, socioeconomic stratum, 
depression, anxiety, stress, loneliness, and tooth brushing frequency). The general equation of the 
model is presented below and was extracted directly from the fitted model in R using the 
equatiomatic package. 
Comprehension = α + β₁(Male_Sex) + β₂(Stratum_2) + β₃(Stratum_3) + β₄(DepressionD) + β₅(AnxietyD) + 
β₆(StressD) + β₇(Loneliness) + β₈(Teeth_Brushing) + ϵ1        (1) 
Where: 

 α is the intercept of the model, 
 βᵢ represents the coefficients associated with each predictor variable, 
 ϵ is the random error term. 

The analysis of the coefficients revealed the following: 

 The variable “Depression” had a significant negative coefficient, indicating that an increase in 
depressive symptoms is associated with a decrease in reading performance. 

 
1 (1) Model obtained 
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 The coefficient associated with tooth brushing frequency positively correlated with reading 
comprehension, possibly linked to self-care routines and self-regulation. 

 Marginal differences were also observed by gender and socioeconomic stratum, favoring girls 
and students from stratum 3. 

To facilitate the practical interpretation of the coefficients, estimated marginal means (emmeans) 
were used. For example: 

 A student with a depression score of 13 who brushes their teeth four times daily would have an 
expected reading comprehension score of 7.9. 

 Girls would have an average score of 8.03, compared to 7.82 for boys. 
 By stratum, the expected average score would be 7.98 for stratum 1 and 8.17 for stratum 3. 

Finally, it is noteworthy that students without depressive symptoms had an expected reading 
comprehension score of 9.3, while those with high levels of depression dropped to 4.29, reinforcing 
the hypothesis that depression is a strong negative predictor of reading performance in this 
population. 

Table 9 presents the predicted reading comprehension scores based on the reported level of 
depressive symptoms. A clear downward trend is observed: as the depression score increases, the 
estimated reading comprehension decreases. For example, students with a depression score of 0 have 
an average predicted reading score of 9.37. In contrast, those with a score of 45 show a significantly 
lower prediction of just 4.29, with a broader and lower confidence interval (95% CI [1.86, 6.73]). 

Table 9. Depression levels vs comprehension score. 

DepressionD Predicted 95% CI 

0 9,37 8.29, 10.45 
5 8,81 8.04, 9.58 

10 8,24 7.71, 8.78 
15 7,68 7.17, 8.19 
25 6,55 5.53, 7.57 
30 5,99 4.63, 7.35 
35 5,42 3.71, 7.13 
45 4,29 1.86, 6.73 

This negative relationship suggests that depressive symptoms may interfere with key cognitive 
processes such as attention, working memory, and self-regulation, which are essential for reading 
performance. These findings underscore the importance of including emotional state, particularly 
depression, as a key factor in predicting academic risk. 

The analysis also revealed that third-grade students report higher levels of loneliness, 
emphasizing the need to implement psychoeducational interventions tailored to their developmental 
stage, such as workshops or talks designed for 8-year-old children. 

To identify depression risk, the DASS-21 scale was used, and a binary variable (Depre_risk) was 
created by splitting the sample at the median: a value of “1” was assigned to those above the 50th 
percentile, and “0” to those below. A logistic regression model was then fitted using this variable to 
explore predictors of depressive risk. 

Since the model coefficients are expressed in log-odds, they were interpreted in probabilities. 
The results indicate that being female increases the likelihood of being at risk of depression by 71%, 
compared to male students. 

Similarly, the Estimated Marginal Means (EMMs) analysis reveals relevant differences in the 
probability of academic success according to grade level and gender. The results show that third-
grade female students have the highest estimated probability of successful performance (prob = 0.82, 
95% CI [0.62 – 0.93]), a statistically significant difference (p < .0001). In contrast, other subgroups, such 
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as fourth-grade males (prob = 0.39) and fifth-grade males (prob = 0.52), show lower probabilities, 
none of which reached statistical significance (p > 0.05). These findings suggest that gender and grade 
interact differently in predicting academic performance, highlighting the need for pedagogical 
strategies tailored to each group’s profile, particularly during school transitions, where certain 
combinations appear more vulnerable. 

The regression model revealed that spelling ability was the strongest positive predictor of 
reading comprehension (β = 7.48, p < .01), far surpassing other cognitive and emotional variables. 
This suggests that students with higher spelling skills demonstrate significantly better 
comprehension performance, potentially due to shared underlying language processing 
mechanisms. 

In contrast, depressive symptoms showed a statistically significant negative effect (β = -0.11, p 
< .01), indicating that higher levels of depression are associated with lower reading comprehension 
scores. These findings reinforce the dual importance of academic skills and emotional well-being in 
predicting reading outcomes in vulnerable school populations 

 

Figure 3. Predictors of Reading Comprehension: Coefficient Estimates from Regression Models. 

4.4. Modeling Emotional Risk and Student Profiles 

Figure 4 shows the logistic regression model used to predict the likelihood of presenting 
depressive symptomatology, based on multiple psychosocial and demographic predictors. The 
model includes school grade, sex, socioeconomic stratum, place of origin, perceived well-being, 
loneliness, and sleep quality. The analysis identified significant effects for gender and grade, 
indicating a higher risk of depression among female students and those in earlier grades. 

 
Figure 4. Odds Ratios from a Logistic Regression Model Predicting Depression Risk. 
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To facilitate the interpretation of the dataset and reduce its complexity, PCA was applied to 
continuous variables grouped into three key dimensions: mental health (depression, anxiety, stress), 
reading performance (comprehension, word and pseudoword reading), and cognitive abilities 
(inhibitory control, functional spelling). 

The PCA allowed for condensing the seven original indicators into three main components, 
which explained a substantial proportion of the total variance. These components were then used as 
predictors in a regression model to demonstrate reading comprehension. The results indicated that 
the mental health component was the most influential predictor: better emotional well-being was 
associated with higher reading comprehension levels, while lower scores predicted significant 
difficulties. 

Additionally, a K-means clustering algorithm [37,38] was applied to identify latent patterns in 
the student population. The model suggested the presence of three distinct clusters [39], which are 
partially aligned with the school grades assessed (3rd, 4th, and 5th grade). Figure 4 illustrates the 
distribution of these profiles, defined by combinations of academic performance, emotional well-
being, and executive functioning. This segmentation provides a valuable foundation for designing 
personalized intervention strategies. 

Reading comprehension was selected as the target variable due to its strong predictive value for 
overall academic achievement, in line with recent educational research. 

Finally, final grades in language, mathematics, and the overall academic average were 
incorporated into the dataset for external validation. This information will serve as a benchmark for 
future longitudinal analyses planned for the ongoing project. 

 
Figure 5. Student Profiles through K-media. 

4.5. Key Findings 

Mental Health as a Predictor of Academic Performance 

Symptoms of depression and anxiety emerged as significant predictors of school performance. 
Specifically, students with high levels of depression showed reading comprehension scores 
approximately 20% lower than their peers with lower emotional distress, highlighting the direct 
impact of psychological well-being on learning. 

Sociodemographic Differences 

 Gender: Female students reported higher levels of anxiety, which was associated with lower 
academic engagement. 
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 Socioeconomic status: Students from lower socioeconomic strata faced additional barriers, such 
as limited access to educational resources, affecting both academic performance and well-being 

Student Profiles Identified Through Multivariate Analysis 

The combination of PCA and unsupervised clustering (K-means) enabled the identification of 
three distinct student profiles: 

1. High performance with emotional stability 
2. Intermediate performance with mild emotional distress 
3. Low performance with severe emotional symptoms 

These profiles provide a strong foundation for the design of personalized intervention strategies. 
Schools can allocate resources by prioritizing students at greater psychological risk, while also 
developing tailored support programs based on the specific characteristics of each group. 

5. Discussions 

The results of this study provide robust evidence of the predictive value of emotional and 
sociodemographic variables in academic performance, particularly in reading comprehension. 
Depression and anxiety are confirmed as significant predictors of school performance, a finding 
consistent with previous research documenting the inverse relationship between depressive 
symptoms and academic achievement in school-aged populations [40,41]. In this study, students with 
higher levels of depression obtained significantly lower scores in reading comprehension, reinforcing 
the notion that emotional distress directly impairs essential cognitive functions such as attention, 
working memory, and self-regulation. 

Furthermore, the analyses revealed significant gender differences, with female students 
reporting higher levels of depression and anxiety than males, in line with international findings 
[42,43]. These results underscore the importance of adopting a gender-sensitive approach to 
educational intervention, recognizing that emotional risk factors are not evenly distributed across the 
student population. 

In terms of grade level, third-grade students showed higher levels of depression and anxiety 
compared to those in higher grades. This trend has been described in the literature as a typical 
emotional response to early school transitions and adaptation challenges [44]. Our findings align with 
this pattern and suggest the urgency of implementing emotional support strategies from the earliest 
stages of schooling. 

The multivariate analysis using PCA and K-means clustering identified three student profiles: 
(1) high performance with emotional stability, (2) intermediate performance with mild distress, and 
(3) low performance with severe emotional symptoms. This typology aligns with existing evidence 
from academic risk profiling studies based on machine learning approaches [45,46] offers a valuable 
framework for designing differentiated interventions tailored to the specific needs of each subgroup. 

Finally, the use of advanced statistical models, including parametric, robust, non-parametric, 
and Bayesian tests, consistently validated the observed differences. This methodological diversity 
strengthens the reliability of the findings and highlights the value of a multi-method approach in 
educational research. 

It is essential to highlight that specific ethical considerations are considered when using AI in 
education. Applying predictive models based on artificial intelligence in educational settings, 
especially involving children, requires careful ethical reflection. While these tools offer valuable 
opportunities to improve early detection of academic risk, they also pose potential risks related to 
data privacy, the stigmatization of certain students, and the reinforcement of algorithmic bias. 

It is essential to ensure that data is collected, stored, and processed according to transparency, 
informed consent, and harm minimization principles. Likewise, predictive models should undergo 
regular assessments of fairness and bias, and their implementation must be framed within 
institutional policies prioritizing student well-being. 
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Incorporating human oversight mechanisms and teacher feedback can serve as critical 
safeguards to prevent automated, decontextualized, or exclusionary decisions 

6. Conclusions 

The findings presented correspond to the baseline of an ongoing longitudinal study, and 
therefore, inferences regarding temporal evolution should be considered preliminary. Nevertheless, 
these results provide a solid foundation for developing more complex predictive models that account 
for individual trajectories and dynamic patterns of academic risk. 

The AI-based academic management model proposed in this study represents a significant 
advancement in predicting and preventing school failure. Its ability to integrate cognitive, emotional, 
behavioral, and sociodemographic variables with high precision makes it a valuable tool for teachers, 
school administrators, and education policymakers. 

Beyond its impact on individual academic performance, the model is noteworthy for its potential 
to reduce systemic inequalities by offering personalized interventions in contexts of high 
vulnerability. Its gradual implementation could lead to greater educational inclusion and improved 
learning opportunities for at-risk students. 

Looking ahead, the model will be enhanced by incorporating additional variables, such as family 
engagement and continuous teacher feedback, to enrich and contextualize its application. Efforts will 
also focus on scalability and adaptability across diverse educational settings, ensuring measurable, 
sustainable, and replicable impact at an international level. 

Finally, to capitalize on the longitudinal design and further improve the model’s predictive 
capacity, more advanced AI techniques such as neural networks, boosting algorithms, and time-
series analysis are envisioned to be integrated. In parallel, monitoring and continuous evaluation 
mechanisms will be developed to ensure the model’s quality, transparency, and sustainability in 
various educational contexts. 
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