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The development of executive function (EF) impairments in young individuals, such as difficulties with attention, memory, 

and problem-solving, is influenced by biological, social, and lifestyle factors. However, research on predicting these 

impairments remains limited due to a lack of reliable tools. This study analyzed 90 university students using EF tests, 

lifestyle, and sociodemographic questionnaires. Five machine learning models were evaluated: Decision Trees (DT), k-

Nearest Neighbors (KNN), Support Vector Machines (SVM), Logistic Regression (LR), and Random Forest (RF), with cross-

validation applied for model assessment. The results indicated a 62% incidence of EF impairments. Maternal education 

and nutrition were identified as key influencing factors. Among the models, DT performed best, achieving a recall of 61.9%, 

an F1-score of 62.1%, and an AUC of 66.54%, while RF had the lowest performance. Limitations include the cross-sectional 

nature of the data, which restricts causal inference, and the reliance on self-reported responses from participants, which 

may reduce data reliability. Despite these limitations, this study demonstrates the feasibility of using machine learning to 

predict EF impairments based on easily collected sociodemographic and lifestyle data. Sociodemographic and lifestyle 

variables are valuable predictors of EF impairments in young individuals. Machine learning tools offer a practical approach 

to assessing population-level EF health using accessible data. 
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El desarrollo de deterioros en las funciones ejecutivas (FE) en jóvenes, como dificultades en la atención, la memoria y la 

resolución de problemas, está influenciado por factores biológicos, sociales y de estilo de vida. Sin embargo, la 

investigación sobre la predicción de estos deterioros sigue siendo limitada debido a la falta de herramientas confiables. 

Este estudio analizó a 90 estudiantes universitarios mediante pruebas de FE y cuestionarios sobre estilo de vida y factores 

sociodemográficos. Se evaluaron cinco modelos de aprendizaje automático: Árboles de Decisión (DT), k-Nearest 

Neighbors (KNN), Máquinas de Soporte Vectorial (SVM), Regresión Logística (LR) y Bosques Aleatorios (RF), aplicando 

validación cruzada para la evaluación de los modelos. Los resultados indicaron una incidencia del 62% en deterioros de 

las FE. Se identificaron la educación materna y la nutrición como factores clave influyentes. Entre los modelos, DT obtuvo 

el mejor desempeño, con una sensibilidad del 61.9%, un F1-score de 62.1% y un AUC de 66.54%, mientras que RF tuvo el 

peor rendimiento. Las limitaciones incluyen la naturaleza transversal de los datos, lo que restringe la inferencia causal, y 

la dependencia de respuestas autoinformadas por los participantes, lo que podría afectar la fiabilidad de los datos. A pesar 

de esto, el estudio demuestra la viabilidad del uso de aprendizaje automático para predecir deterioros en las FE con datos 

sociodemográficos y de estilo de vida fácilmente recopilables. Las variables sociodemográficas y de estilo de vida son 

valiosos predictores de deterioros en las FE en jóvenes. Las herramientas de aprendizaje automático ofrecen un enfoque 

práctico para evaluar la salud de las FE a nivel poblacional utilizando datos accesibles. 

 



REVISTA MEXICANA DE INGENIERÍA BIOMÉDICA | VOL. 47 | NO. 1 | JANUARY – APRIL  3 

 

INTRODUCTION 
 

Neuropsychological tests are essential for assessing executive functions (EF), which comprise high-level cognitive 

processes such as planning, inhibitory control, working memory, and cognitive flexibility. These functions play a 

critical role in academic, emotional, and social development during adolescence and early adulthood, when the 

prefrontal cortex reaches its peak maturation[1][2][3]. Proper evaluation of EF allows for the early identification of 

difficulties that may affect learning, decision-making, and social adaptation[4][5][6]. 

 

Beyond their cognitive relevance, EF are also shaped by lifestyle factors such as nutrition, physical activity, sleep, 

stress management, and social support. Evidence shows that healthy habits can enhance domains like working 

memory, impulse control, and planning, whereas poor habits may hinder them[7][8][9]. For instance, aerobic exercise 

has been associated with improvements in attention and emotional regulation, while inadequate sleep and chronic 

stress are linked to impairments in decision-making[8][17]. 

 

These findings highlight that adopting healthy lifestyles not only protects but may also enhance EF, supporting 

academic success and adaptive behavior. However, most studies have focused on children or older adults, leaving a 

gap in the understanding of these relationships in university students. This population is particularly relevant, as 

both EF and lifestyle factors are still in development, and difficulties at this stage may have lasting consequences on 

academic performance, social adaptation, and long-term well-being. 

 

Neuropsychological tests, such as the BANFE-2 (Neuropsychological Battery of EF and Frontal Lobes, Second 

Edition), are valuable tools for evaluating EF in young people. These functions include cognitive processes such as 

planning, inhibitory control, cognitive flexibility, and working memory, which are fundamental for learning, adaptive 

behavior, and emotional regulation[10]. The BANFE-2 offers several advantages: it provides updated norms tailored 

to different age groups, ensuring accurate and comparable results; its design covers a wide range of executive 

subprocesses, making it a comprehensive tool for neuropsychological analysis; and, unlike other batteries, the 

BANFE-2 is specifically adapted for Spanish-speaking populations, reducing cultural biases. 

 

On the other hand, the Lifestyle Profile Questionnaire (PEPS-I) is a tool designed to assess behaviors, habits, and 

attitudes related to a healthy lifestyle. It was developed to help identify specific areas where people may need to 

improve their health and overall well-being. This instrument evaluates dimensions such as nutrition, exercise, stress 

management, interpersonal support, self-actualization, and health responsibility using a Likert scale. Its applicability 

to young people and adolescents has been validated for reliability and validity[11]. In educational and clinical contexts, 

the PEPS-I contributes to the design of personalized programs that address factors such as family and social support, 

as well as self-care[12]. 
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The relationship between EF and lifestyles in young people is a growing area of interest in neuropsychology and 

health sciences. EF, which includes skills such as inhibitory control, working memory, planning, and cognitive 

flexibility, are directly related to the ability of young people to adopt and maintain healthy habits[7]. For example, 

regular physical activity has been associated with improvements in working memory, attention, and emotional 

regulation. Aerobic exercise, in particular, has shown a positive impact on the development of the prefrontal cortex, 

where the EF reside[8]. 

 

There is evidence that adherence to healthy lifestyles positively impacts long-term EF preservation, with nutrition 

being a widely studied factor. In 2015, Zhu et al. conducted a 25-year follow-up study, periodically evaluating the 

diets of participants by categorizing and scoring foods as good, neutral or bad based on scientific evidence. These 

scores were then associated with cognitive and EF. A higher score, indicating a balanced diet, was associated with a 

more diverse and fluent vocabulary and speech, better mathematical processing, and overall improved cognitive 

performance[9]. 

 

On the other hand, supervised classification models are key tools in the analysis of neuropsychological and lifestyle 

data, particularly to identify patterns associated with EF impairments, classifying performance levels, and predicting 

clinical outcomes. For example, RF has been used to classify patients in different stages of mild cognitive impairment 

or Alzheimer's disease based on neuropsychological variables such as memory, attention, and language[13]. 

Comparative studies have been conducted between models such as Naïve Bayes (NB), Random Forest (RF), Decision 

Trees (DT), k-Nearest Neighbors (KNN), Support Vector Machines (SVM), AdaBoost, and Linear Discriminant 

Analysis (LDA) to optimize cognitive assessment related to EF, improve diagnostic accuracy, and reduce missed 

diagnoses, achieving results above 90\%[14]. The SVM model has been applied to classify the level of cognitive 

impairment based on the assessment of EF in children with Down syndrome[15]. The RF model has also been used 

for the prevention of cardiovascular disease based on lifestyle variables[16]. In 2024, Zhang et al. conducted research 

to identify sleep problems in students using lifestyle analysis, using models such as LR, Extreme Gradient Boosting 

Machine (XGBM), NB, SVM, DT, and CatBoosting Machine (CatBM), achieving classification results above 84\% in 

general[17]. 

 

Despite advances in the application of machine learning to cognitive assessment, limited research has addressed its 

integration with neuropsychological, lifestyle, and sociodemographic data in young adults. Alterations in EF during 

this developmental stage are clinically relevant, as they are associated with increased vulnerability to academic 

difficulties, maladaptive behaviors, and long-term risks for psychiatric or neurological conditions. Early 

identification of EF impairments may therefore contribute to timely educational, therapeutic, and preventive 

interventions that promote both academic success and mental health. 

 

Most studies have focused on children, adolescents, or older adults, leaving a gap in the analysis of university 

students, a population in which EF are still developing and are sensitive to environmental factors and lifestyle 
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habits[7][9][17]. This gap in the literature justifies the need to explore supervised classification models that can identify 

patterns and predict potential EF impairments, thereby contributing to the planning of targeted educational and 

preventive interventions for this group. 

 

The aim of this study is to develop and evaluate supervised classification models capable of predicting EF 

impairments in university students based on lifestyle (PEPS-I) and sociodemographic variables. We hypothesize that 

these factors will significantly contribute to the accurate classification of students with and without EF impairments, 

and that machine learning models will achieve reliable predictive performance. 

 

MATERIALS AND METHODS 
 

This project was approved by the Bioethics Committee of the Universidad de la Sierra Sur under reference number 

CEI-03/2022. The study involved 90 university students from an institution located in the state of Oaxaca, Mexico, 

during the period of January to December 2023. The participants were randomly selected from different academic 

disciplines (social sciences, health, and technology), and all gave their informed written consent, as approved by the 

Bioethics Committee of the Universidad de la Sierra Sur. 

 

The inclusion criteria required participants to be active university students, functionally independent, without 

physical limitations that affect their ability to perform the tests, and with normal or corrected vision and hearing. 

The exclusion criteria included individuals who refused to sign informed consent, had physical limitations 

preventing test completion, and/or self-reported psychiatric or neurological disorders. Finally, participants who did 

not complete the tests or withdraw from the study during the procedures were excluded from the final analysis. Data 

collection was carried out in a controlled environment at the Information Technology Center, specifically in the 

Human-Computer Interaction Laboratory and the Gesell Chamber, both facilities belonging to the Universidad de la 

Sierra Sur. 

 

In Figure 1, the proposed framework is presented. Once the participants were approved, they signed the informed 

consent form. Subsequently, neuropsychological tests from the BANFE-2 battery, which are based on the 

dorsolateral prefrontal cortex, were administered in the Gessell chamber. The tests were administered by 

professionals with expertise in clinical research 
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FIGURE 1. Framework of the proposed machine learning prediction model 

 

These tests are described in the following: 

1. Self-directed Pointing: Assesses the ability to use visuospatial working memory to self-direct the pointing 

to a series of figures. 

2. Visuospatial Working Memory: Measures the ability to retain and actively reproduce the sequential 

visuospatial order of a series of figures. 

3. Alphabetical Word Ordering: Evaluates the capacity to mentally manipulate and arrange verbal information 

stored in working memory. 

4. Card Sorting: Primarily assesses EF, particularly cognitive flexibility, abstract reasoning, and the ability to 

adapt to new and changing rules. 

5. Mazes: Evaluates the ability to systematically anticipate (plan) visuospatial behavior. 

6. Tower of Hanoi: Measures the ability to sequentially anticipate actions, both in progressive and regressive 

order (sequential planning). 

7. Consecutive Addition and Subtraction: Assesses the capacity to perform sequences in reverse order (inverse 

sequencing). 
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8. Verbal Fluency: Estimates the ability to fluently produce the greatest number of verbs within a limited time 

frame. 

 

After administering the BANFE-2 and PEPS-I tests, the raw scores obtained from each participant underwent a 

coding and normalization process, which is a key step depicted in Figure 1. This procedure involved converting raw 

scores into standardized values based on normative data, taking into account participants’ age and years of schooling 

[10]. Specifically, for the BANFE-2, coding was performed using Table A-7 of the manual (ages 16–30, 10–24 years 

of education), and normalization was conducted according to Table B-8. The process ensures that the scores are 

comparable across participants and accurately reflect individual performance relative to normative expectations. 

 

Similarly, for the PEPS-I questionnaire, each subscale was coded considering the 48 variables across the dimensions 

of nutrition, exercise, health responsibility, stress management, interpersonal support, and self-actualization [9]. 

This standardized coding and normalization step allows for reliable integration of neuropsychological and lifestyle 

data into the subsequent machine learning prediction models, ensuring that the input data are consistent and 

suitable for analysis. 

 

Following the administration of the BANFE-2 test, participants were categorized into two groups according to their 

performance: 'subjects without EF impairments' (n = 34) and 'subjects with EF impairments' (n = 56). These 

categories were used as classes for training machine learning models. Subsequently, the PEPS-I survey was 

administered to collect information on various lifestyle aspects, including nutrition, physical activity, health 

responsibility, stress management, interpersonal support, and professional development. To ensure accessibility for 

students, the survey was delivered in a digital format. Finally, participants completed a sociodemographic 

questionnaire. All data collected were securely stored for further processing and application of machine learning 

techniques. 

 

In this study, various machine learning models were evaluated, including KNN, SVM, DT, LR, and RF. 

Neuropsychological, lifestyle, and sociodemographic data often exhibit high dimensionality and, in this case, a 

limited sample size. Cross-validation was applied to assess the ability of the models to generalize unseen data, 

thereby reducing the risk of overfitting, where models become too tailored to training data and lose accuracy in new 

datasets. Furthermore, cross-validation minimizes the variability associated with random data sampling[18]. As 

shown in Figure 1, a five-fold cross-validation procedure was implemented to ensure robust model evaluation. In 

this approach, 80% of the dataset was allocated to the training phase, while the remaining 20% was reserved for 

testing, allowing for reproducible and unbiased performance estimation. 

 

SVM models are effective when working with datasets where the number of features (variables) is high relative to 

the number of observations, as is often the case with neuropsychological tests, lifestyle habits, and sociodemographic 
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variables. By focusing on finding an optimal hyperplane that maximizes the margin between classes, SVMs perform 

well in terms of generalization, even with small or unbalanced data sets, which are common in clinical and population 

studies[19]. 

 

The KNN algorithm is particularly suitable for neuropsychological, lifestyle, and sociodemographic variables due to 

its flexible and non-parametric nature. These characteristics make it an effective tool in contexts where relationships 

between variables may be complex and nonlinear[20]. 

 

DT models do not require linear relationships between variables, making them ideal for neuropsychological data. 

These data often involve complex and non-linear interactions between factors such as lifestyle, sociodemographic 

background, and neurocognitive conditions related to EF[21]. The LR model is a widely used parametric approach for 

predicting binary or categorical outcomes. It is especially valuable in neuroscience studies that aim to identify risk 

factors for conditions such as EF impairments based on predictive variables[22]. 

 

Finally, the RF model is a non-parametric machine learning approach based on multiple decision trees. It is well 

suited for heterogeneous and complex datasets, such as those found in neuropsychological and sociological studies. 

By combining multiple trees, RF reduces the risk of overfitting and improves generalization [23]. 

 

To evaluate supervised classification models in studies involving neuropsychological, lifestyle, and 

sociodemographic variables, it is essential to use performance metrics that reflect both the precision of the model 

and its generalizability. These measures should account for the characteristics of the problem, such as class 

imbalances and the importance of minimizing errors in clinical or social contexts [24]. The performance metrics used 

in this study are: 

1. Sensitivity or True Positive Rate (Recall): 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (1) 

Where TP represents true positives and FN represents false negatives. This metric measures the model's ability to 

correctly identify positive cases, which is critical in medical contexts where false negatives can have severe 

consequences. 

 

2. Precision: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

Where FP represents false positives. Precision indicates the proportion of positive predictions that are correct, 

which is important in scenarios where false positives incur high costs. 
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3. Accuracy: This is a widely used performance metric in supervised classification models. Measures the 

proportion of correct predictions made by the model relative to the total number of evaluated cases. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑁 + 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (3) 

Where TN represents true negatives. This metric evaluates the model's ability to correctly detect negative cases, 

which is particularly useful in studies where minimizing false positives is important. 

 

4. F1-Score: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

This metric combines precision and recall into a single value, making it particularly useful when dealing with 

imbalanced classes. 

 

5. AUC (Area Under the Curve): This metric measures the model's ability to distinguish between classes. A value 

close to 1 indicates excellent discrimination. 

 

As a complementary tool to evaluate the proposed models, the probability density curve is used. This curve allows 

for the exploration and analysis of the model's behavior in terms of confidence and the quality of the probabilities 

assigned to its predictions. Facilitates a more precise interpretation and promotes effective optimization of the 

results[25].  

 

In this study, continuous variables were summarized using mean and standard deviation (SD), while categorical 

variables were presented as proportions. The chi-square test was used to compare categorical distributions. 

Independent means were compared using the Mann–Whitney U test due to violations of normality and homogeneity 

of variance assumptions. All statistical analyzes were performed with JASP version 0.18.1. 

 

RESULTS AND DISCUSSION 
 

Of the 95 students who initially participated, 5 were excluded because they withdrew from the study. A total of 90 

students were therefore included in the analysis. According to the BANFE-2 results, 56 students (62%) were 

classified as having cognitive process impairments, while 34 students (38%) were classified as normal. Of the 

participants, 36 (40%) were male and 54 (60%) were female. The distribution by academic level was as follows: 

42% first year, 9% second year, 12.2% third year, 27.8% fourth year, and 6.7% fifth year. Regarding the academic 

area, 73 students (81%) belonged to health sciences, and 17 students (19%) to social sciences (see Table 1). 
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TABLE 1. Participant characteristics and stratified comparison based on the presence of EF impairments in university students 

Statistics Results 

Variable Alterations in EF P-value 
Yes No 

Participants n(%) 56(22) 34(38) 0.287 
Gender(Male/Female%) 20.36(36.64) 16.18(47.53) 0.47 

Years(Mean, SD) 20.32(1.84) 20.73(3.04) 0.375 
Grade n(%)    

First 22(39.3) 16(47.1)  
Second 8(14.3) 2(5.9)  
Third 9(16.1) 2(5.9)  

Fourth 14(25) 11(32.3)  
Fifth 3(5.4) 3(8.8)  

Academic profile n(%)   0.748 
Social 10(17.9) 7(20.6)  
Health 46(82.1) 27(79.4)  

Father's education level n(%)   0.25 
Less than 6 years 14(25) 5(15)  
More than 6 years 20(75) 32(85)  

Mother's education level n(%)   0.001 
Less than 6 years 36(25) 2(15)  
More than 6 years 20(75) 32(85)  

PEPS-I Results (mean,SD)    
Nutrition Score 14.57(3.7) 14.14(2.93) 0.75 
Exerciser score 11.55(3.45) 10.73(3.48) 0.28 

Health responsibility 21.86(4.38) 20.24(3.99) 0.08 
Stress management 16.02(3.37) 16.68(3.67) 0.39 

Interpersonal support 20.04(4.09) 20.97(3.80) 0.27 
Update 39.89(6.94) 39.59(6.86) 0.87 

BANFE-2 Results (mean,SD)    
Work memory 91.7(11.75) 106.32(8.13)  

EF 86.2(13.4) 108.3(7.3)  

 

As part of the statistical analysis, comparisons between the “with impairments” and “without impairments” groups 

were conducted to determine whether significant differences existed in gender, age, academic profile, parental 

education level, nutrition, physical activity, health responsibility, stress management, interpersonal support, and 

self-actualization. 

 

Statistical tests (Mann-Whitney U) were applied and it was observed that among the six domains assessed by the 

PEPS-I test, there is apparently insufficient statistical evidence to conclude a significant difference. However, 

evaluating each variable in isolation does not allow the identification of factor combinations that may be relevant to 

classifying or predicting an outcome, such as the presence of EF impairments. 

 

Predictive performance was assessed using the metrics Recall, Precision, Accuracy, F1-Score, and AUC (see Table 2 

and Figure 2). The DT model achieved the best result in Recall (61.9), followed by the SVM model with 60.8. In terms 

of precision, the SVM model scored the highest (66.6), followed by DT with 62.8. For accuracy, SVM led with 67.8, 

followed by DT with 65.6. In the F1-Score metric, DT achieved 62.1, followed by the LR model with 60.6. Finally, for 

AUC, DT also led with 66.54, followed by SVM with 62.23. In summary, the models that showed the best overall 

performance according to the evaluated metrics were DT and SVM. 
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TABLE 2. Predictive performance of models to estimate the risk of EF impairments among university students 

Results 
Metrics (%) Models 

SVM KNN RF LR DT 
Recall 60.8 54.3 50.2 60.5 61.9 

Precision 66.6 56.1 50.2 61.5 62.8 
Accuracy 67.8 61.1 56.7 64.4 65.6 
F1-Score 60.3 53.2 48.9 60.6 62.1 

AUC 62.23 50.63 54.35 59.61 66.6 

 

 
FIGURE 2. Evaluation metrics of prediction performance for all developed models.  

(A) Recall; (B) Precision; (C) Accuracy; (D) F1-Score; (E) AUC 

 

A smaller overlap was identified between participants with and without cognitive process impairments, 

particularly in the DT and RF models (Figure 3). This result indicated that a clear separation of the predicted risk 

was achieved in both models, distinguishing between participants with cognitive impairments and those without. In 

contrast, there was a relatively large overlap in the LR, KNN, and SVM models. 
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Figure 3. Density curves for all developed models. (A) Logistic regression; (B) Decision Tree; (C) KNN; (D) Random 

Forest (E) Support Vector Machine. The red curve represents subjects without impairments in EF processes, while 

the blue curve represents subjects with impairments in EF processes 

 

From statistical analysis, it was identified that mother's level of education is a relevant factor (p-value < 0.01) in the 

development of cognitive processes in university students, as it influences the quality of the educational 

environment at home, the access to cultural and economic resources, and the promotion of academic expectations. 

Mothers with higher educational levels tend to provide enriched cognitive stimuli and knowledge about health and 

nutrition, which supports proper neurological development[25][26][27]. However, this factor is not deterministic, as 

cognitive development also depends on factors such as educational quality, sociocultural context, and public 

policies[28]. In regions of Mexico such as Oaxaca, mothers with lower formal educational levels may transmit cultural 

values and practical skills that contribute to the cognitive development of their children, highlighting the importance 

of inclusive and culturally adapted educational approaches[29]. 

 

Finally, nutrition is considered a risk factor for the presence of cognitive process impairments in young people. The 

relationship between nutrition and cognitive processes in young people has been extensively studied, identifying 

both risk factors and protective elements associated with diet. Malnutrition, especially during critical stages of 

development, can cause brain damage that affects EF. The severity and timing of malnutrition are key determinants 

of its impact on cognitive development[30]. Although nutrition is an essential component, cognitive development is 

also influenced by genetic factors, life experiences, socioeconomic environment, and educational quality. It is the 

interaction of these elements that shapes human thinking and learning[31]. Some studies suggest that despite adverse 

nutritional conditions, certain individuals develop resilience mechanisms that allow them to maintain adequate EF, 

implying that nutrition is not the only determinant of cognition[32]. 

 

The study developed and validated several machine learning models to predict the risk of cognitive process 

impairments in young people, using data from multiple domains, such as sociodemographic variables and lifestyle 

factors (physical activity, nutrition, sleep, stress, emotional management, and social environment). Among the most 

notable findings, it was identified that the DT and SVM models performed better in key metrics such as recall, 

precision, accuracy, F1 score, and AUC. However, the DT model stood out as the most effective in prediction, as 

evidenced by the probability density plots, which showed a greater capacity to identify risk patterns. DT and SVM 

machine learning models enable an efficient and accurate analysis of the data of the PEPS-I questionnaire and 

sociodemographic variables to identify risk patterns. Among the advantages of using these models is their ability to 

detect non-linear interactions between variables, such as the time spent on physical activity and sleep quality, which 

might not be evident in traditional analyzes. 

 

Despite the progress made, there are few studies that have explored the integration of predictive models to predict 

EF impairments using categorical and continuous data simultaneously[33][34]. This combination allows for a 

comprehensive analysis of factors related to different dimensions, such as the social environment, physical activities, 

eating habits, and other characteristics associated with lifestyle. The implementation of these approaches represents 

an innovation in the use of artificial intelligence to address complex public health issues, with the potential to 

improve early detection and guide personalized interventions in at-risk groups. 
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This work not only offers new perspectives on the application of predictive models, but also underscores the 

importance of validating their performance in specific contexts and assessing their ability to handle heterogeneous 

data. In particular, the performance of the DT model highlights its practical usefulness due to its interpretability and 

ability to generate clear rules that could be easily applied in clinical or educational setting It is necessary to consider 

several limitations when interpreting the current findings. The data used in this study were cross-sectional, which 

is a limitation. In addition, there are various factors that can alter executive and cognitive functions; the use of the 

PEPS-I questionnaire simplified the process of evaluating these covariates. However, the reliability of the data is 

reduced as the responses were self-reported by the study participants. 

 

CONCLUSIONS 
 

This study highlights the relevance of adopting an integrated and interdisciplinary approach to understanding EF 

alterations in university students from Oaxaca. While maternal education level may influence cognitive outcomes, it 

should not be viewed as an isolated determinant. EF alterations stem from a complex interplay of structural, cultural, 

and socioeconomic variables. Addressing these factors through culturally sensitive and evidence-based strategies is 

essential for designing inclusive interventions in public health and education. 

 

From a biomedical engineering perspective, the integration of machine learning techniques particularly DT models 

demonstrate significant potential in identifying and interpreting patterns within multifactorial data. These tools 

enable the translation of lifestyle and sociodemographic variables into actionable insights, contributing to the 

development of personalized and preventive approaches in cognitive health. 

 

Nutritional deficiencies, while confirmed as a critical risk factor, must be understood within a broader context of 

social determinants of health. The application of machine learning algorithms to data obtained through instruments 

like the PEPS-I questionnaire supports a systemic view of cognitive development and facilitates early detection of 

EF impairments. 

 

In summary, this research validates the use of supervised learning models as effective, low-cost, and scalable tools 

for the biomedical monitoring of cognitive risk factors in young populations. The findings support the design of 

intelligent systems and digital health applications capable of aiding in decision-making processes, shaping targeted 

interventions, and guiding public policy toward improving mental health and academic outcomes. 
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