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Introduction: Emotional development is a central component in the academic 
formation and well-being of students, particularly at the postgraduate level, 
where academic, professional, and personal demands are considerable. This 
study aimed to analyze the emotional development of postgraduate students 
at the State University of Milagro through the application of machine learning.
Methodology: The approach was quantitative, with a non-experimental 
and cross-sectional design. The TMMS-24 scale was employed to measure 
perceived emotional intelligence across dimensions such as attention, clarity, 
and emotional regulation. The sample, composed of 1,412 participants, was 
analyzed using various machine learning models, including AdaBoost, Random 
Forest, SVM, logistic regression, and KNN, evaluated through metrics such as 
AUC, accuracy, and recall.
Results: AdaBoost and Random Forest were the most effective models, with 
AUC values of 0.996 and 0.972, respectively. AdaBoost achieved the highest F1-
score (0.974), while Random Forest reached perfect recall (1.000) in students 
over 30. Both models showed strong predictive capacity across age groups. 
In contrast, logistic regression and SVM displayed limited performance, with 
AUCs below 0.56. These results confirm the superiority of ensemble methods in 
modeling emotional patterns.
Conclusion: It is concluded that ensemble algorithms such as AdaBoost 
and Random Forest are effective tools for analyzing emotions in educational 
contexts. However, the study’s scope was restricted to an academic setting. 
As a practical implication, the findings support the integration of emotionally 
focused interventions in higher education programs to enhance students’ 
emotional development according to their specific needs.
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1 Introduction

Emotional development has been widely recognized as an 
essential component of academic training, particularly in higher 
education (Cristóvão et  al., 2023; Devis-Rozental, 2018; Moreira-
Choez et al., 2023). Studies such as that of Pietarinen et al. (2014) on 
emotional intelligence have emphasized the relationship between 
emotional competencies and academic success, as well as their 
influence on students’ mental health and overall wellbeing. In 
educational contexts, the ability for emotional self-regulation has 
proven crucial for managing academic stress, enhancing decision-
making, and fostering positive social interaction critical aspects in the 
training of highly skilled professionals (Cevallos Zambrano et al., 
2023; Moscoso Bernal and Castro López, 2022).

At the postgraduate level, emotional challenges take on a more 
complex dimension due to the inherent demands of this educational 
stage, such as the simultaneous management of academic, work-
related, and personal responsibilities. Previous research has identified 
that postgraduate students experience higher levels of stress and 
anxiety compared to undergraduate students, which may adversely 
affect their academic performance and overall wellbeing (Mofatteh, 
2021; Wyatt and Oswalt, 2013). Nevertheless, educational programs 
have shown limitations in incorporating effective strategies for 
strengthening emotional competencies, highlighting the need for 
more innovative and adaptive approaches.

Technological advancements have opened new possibilities to 
address these needs, especially through tools such as machine learning 
(ML) (Albreiki et al., 2021; Boutaba et al., 2018; Wang et al., 2018). In 
various studies, ML has proven effective in personalizing educational 
interventions and predicting student behaviors and needs (Albreiki 
et al., 2021; Al-Shabandar et al., 2019). However, its specific application 
to emotional development remains in early stages, with limited 
empirical evidence supporting its effectiveness in postgraduate 
contexts (Alzoubi, 2021; Ifenthaler and Widanapathirana, 2014).

Despite considerable advancements in the field of emotional 
intelligence, traditional approaches to its development in higher 
education continue to present significant limitations. Most notably, 
they often rely on static, one-size-fits-all methodologies that fail to 
address the diversity of emotional profiles and learning contexts 
encountered among postgraduate students (Chopra and Kanji, 2010). 
These conventional strategies typically lack the flexibility and 
responsiveness required to adapt interventions in real time, thereby 
limiting their long-term impact and effectiveness. In contrast, 
machine learning (ML) tools have shown notable success in various 
educational domains by facilitating adaptive systems, predictive 
modeling, and the personalization of learning processes (Almalawi 
et al., 2024). While these tools have been applied to predict academic 
performance, identify at-risk students, and personalize instruction, 
their specific application to emotional development particularly at the 
postgraduate level remains largely unexplored.

This gap is especially relevant given the complex emotional 
challenges that characterize postgraduate education, such as balancing 
academic pressure with professional and personal demands. The 

absence of scalable, data-driven strategies to support emotional 
growth in this population represents a critical shortfall in current 
educational practices. Addressing this issue is not only theoretically 
significant but also practically necessary to advance holistic 
educational models that integrate emotional well-being as a core 
component of academic and professional success. Furthermore, the 
application of ML offers an opportunity to generate novel 
methodological approaches capable of capturing nuanced emotional 
patterns and informing evidence-based interventions tailored to the 
evolving needs of postgraduate learners (Sestino and De Mauro, 2022; 
Thieme et  al., 2020). Bridging this gap can contribute to the 
development of more equitable and emotionally responsive 
educational ecosystems in higher education.

In this context, the following research question is posed: How 
does the application of machine learning algorithms contribute to the 
emotional development of postgraduate students at the State 
University of Milagro? Based on this question, the following 
hypotheses are formulated, aimed at exploring the effectiveness of 
different machine learning models and the relevance of emotional 
intelligence dimensions according to the participants’ age:

H1: The Random Forest and AdaBoost algorithms exhibit higher 
predictive accuracy in postgraduate students both over and under 
30 years of age.

H2: Logistic regression and support vector machine (SVM) 
models show significantly lower performance in predicting 
emotional development.

H3: The emotional repair dimension is the most important in the 
predictions generated by the applied models according to the 
precision metric.

H4: The predictive impact of emotional variables varies by age. 
Emotional attention predominates in individuals under 30, while 
emotional repair shows a consistent influence across both groups.

To address the research question and test the proposed hypotheses, 
the general objective of the study was to analyze the emotional 
development of postgraduate students at the State University of 
Milagro through the application of machine learning algorithms, in 
order to identify predictive patterns within the dimensions of 
emotional intelligence and evaluate the effectiveness of various 
computational models in classifying and understanding affective 
variables associated with age and the emotional profile of students.

2 Materials and methods

This study adopted a quantitative approach, characterized by its 
ability to provide measurable and objective data that support the 
rigorous analysis of the investigated variables. A non-experimental, 
cross-sectional design was implemented, allowing for data collection 
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at a single point in time. This design enabled the observation of 
existing relationships between the application of machine learning 
algorithms and emotional development in postgraduate students. 
Suitable for descriptive and correlational studies, this design provided 
a solid foundation for identifying relevant patterns without 
intervening in the natural conditions of the participants.

The descriptive-explanatory level of the study focused, on one 
hand, on describing the fundamental characteristics of the variables, 
such as the level of perceived emotional development and the 
performance of the applied machine learning models. On the other 
hand, it sought to explain the potential interactions between these 
variables, contributing to the understanding of how advanced 
technologies may influence key emotional competencies such as 
attention, clarity, and emotional regulation. This approach allowed for 
the generation of knowledge that goes beyond mere description, 
establishing significant relationships between the factors studied.

Table  1 presents the distribution of the surveyed population 
according to the sociodemographic variables of sex and age. This 
characterization allows for contextualizing the study sample and 
assessing the representativeness of the different age and gender groups.

As shown in Table  1, the study population consisted of 
postgraduate students from various higher education institutions in 
Ecuador, encompassing a broad disciplinary spectrum and diverse 
academic profiles. A total of 1,412 individuals participated, of whom 
84.6% were women and 15.4% were men. Regarding age distribution, 
10.9% were between 21 and 30 years old, 42.6% between 31 and 40, 
32.7% between 41 and 50, and 13.8% were over 50. This demographic 
heterogeneity contributed to the analytical strength of the study by 
allowing the identification of differentiated patterns across stages of 
academic and professional development.

The marked predominance of women corresponds to an 
observable trend in access to postgraduate education, particularly in 
fields where female participation has traditionally been higher, such 
as social sciences, education, and health. This configuration does not 
represent a methodological bias but rather an accurate reflection of 
the institutional context in which the research was conducted. 
Therefore, the potential influence of gender on the perception and 
assessment of the evaluated content was acknowledged in the 
interpretation of the findings. This consideration ensures proper 
contextualization of the results and supports the internal validity of 
the study based on its actual sample composition.

To assess perceived emotional intelligence, the Trait Meta-Mood 
Scale (TMMS-24) was employed, using its Spanish-adapted version 
(Fernández-Berrocal et al., 2004). This instrument measures three key 
dimensions emotional attention, emotional clarity, and emotional 
repair and has demonstrated high internal consistency, with 
Cronbach’s alpha coefficients exceeding 0.85  in all subscales. The 
survey was deployed digitally via Google Forms and distributed 
through institutional and academic WhatsApp channels. Before 
responding to the instrument, participants were required to review 
and accept a digitally embedded informed consent form, presented at 
the beginning of the questionnaire. This form outlined the study’s 
purpose, ensured data confidentiality, and emphasized the voluntary 
nature of participation, thereby adhering to essential ethical principles.

For analytical modeling, the age variable was recoded into a 
binary format (0 = under 30 years; 1 = over 30 years). This 
transformation was grounded in psychological literature indicating 
significant cognitive and emotional developmental differences around 
the age of 30. The binary classification facilitated the implementation 
of supervised machine learning algorithms designed to predict class 
membership and to explore how emotional competencies vary across 
age thresholds with statistical clarity and interpretability.

The selection of machine learning models was based on their 
proven performance in the analysis of high-dimensional, non-linear, 
and heterogeneous educational and psychological data. Ensemble 
models such as AdaBoost and Random Forest were prioritized due to 
their ability to combine multiple decision trees, reduce bias and 
variance, and improve classification performance—particularly in 
contexts involving complex interactions between predictors. These 
algorithms have consistently demonstrated superior predictive 
accuracy and robustness against overfitting in comparative studies.

In parallel, baseline classifiers such as logistic regression, support 
vector machines (SVM), and k-nearest neighbors (KNN) were 
included to provide a performance benchmark and assess the added 
value of ensemble methods. Logistic regression was selected for its 
interpretability in linear contexts, while SVM and KNN allowed 
exploration of boundary-based and distance-based classification 
behaviors. Model performance was evaluated using established 
metrics, including Area Under the ROC Curve (AUC), classification 
accuracy, recall, F1-score, and the Matthews Correlation Coefficient 
(MCC), offering a comprehensive assessment of predictive validity.

Additionally, SHAP (SHapley Additive Explanations) values were 
calculated to quantify the relative contribution of each emotional 
intelligence dimension to the predictive outputs. This explainability 
component enhanced the transparency of the modeling process and 
facilitated an evidence-based interpretation of the emotional variables 
most associated with age group classification. The integration of these 
analytical strategies supported a robust exploration of emotional 
development using machine learning in postgraduate 
academic settings.

Figure  1 illustrates the workflow used to analyze emotional 
development in postgraduate students through five machine learning 
algorithms: kNN, Random Forest, AdaBoost, Logistic Regression, and 
SVM. The models were trained using a sample of 1,300 observations, 
representing 85.25% of the total population (1,412 students), which 
allowed for a portion of the dataset to be reserved for testing. This 
approach aligns with best practices in supervised machine learning, 
ensuring cross-validation and model generalization while reducing 
the risk of overfitting and enhancing the robustness of the results.

TABLE 1  Population distribution.

Category Frequency Percentage

Sex

 � Male 218 15,4%

 � Female 1,194 84,6%

 � Total sex 1,412 100,0%

Age

 � 21–30 years 154 10,9%

 � 31–40 years 601 42,6%

 � 41–50 years 462 32,7%

 � Over 50 years 195 13,8%

 � Total age 1,412 100,0%
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The analytical flow included interpretation modules such as the 
confusion matrix and feature importance indicators, which made it 
possible to identify the most influential predictors of emotional 
development. The inclusion of the “Test and Score” node enabled 
model performance evaluation using key classification metrics, 
supporting a rigorous comparison across techniques. Altogether, this 
multi-algorithmic approach provides a solid empirical foundation for 
understanding and addressing emotional factors in university settings. 
The collected information was processed using machine learning tools 
such as Random Forest, AdaBoost, SVM, and logistic regression, in 
order to evaluate model effectiveness through metrics like the 
confusion matrix and ROC analysis. For the mathematical and 
statistical simulation based on Artificial Intelligence, the Orange Data 
Mining software (Orange version 3.38.1) was used. This is an advanced 
visualization tool that enables the modeling and prediction of 
exogenous variables as a function of the endogenous variable (Forero-
Corba and Negre Bennasar, 2024).

2.1 Ethical considerations

The present investigation involves human participants and 
therefore complies with all the fundamental ethical standards 
applicable to studies in human subjects (national standards and 
institutional policy). All participants gave informed consent to 
participate in the study, and they were informed about the purpose of 
the study, the procedures involved, the risks and benefits, if any, and 
their rights of voluntary participation and for withdrawal at any time 

without penalties or negative consequences. To protect privacy and 
freedom, strong anonymization of all personal information was made.

This study was authorized by the Graduate School ethical 
committee, which supervises moral considerations in academic 
research. In order to ensure scientific integrity and transparency in the 
reporting of the results, formal methodological specifications were 
followed to allow other scholars to replicate the research. This model 
increases the internal and external validity of results by permitting 
similar setting comparisons. Throughout the process of data gathering, 
summarization, and analysis, standard procedures were followed to 
minimize bias and ensure an impartial and non-subjective 
interpretation of results.

3 Results and discussion

This section analyzes the results derived from the application of 
five machine learning models to evaluate their predictive capacity in 
the emotional development of postgraduate students at the State 
University of Milagro. Key metrics were assessed, including Area 
Under the Curve (AUC), Accuracy (CA), F1-Score, Recall 
(Sensitivity), and the Matthews Correlation Coefficient (MCC). 
Within this context, differences between age groups (under and over 
30 years old) and the general population were highlighted.

Table 2 presents the performance metrics of the applied machine 
learning models and reveals that AdaBoost and Random Forest stand 
out as the most effective in classifying emotional patterns in 
postgraduate students, regardless of age group. The analysis confirms 

FIGURE 1

Workflow for emotion prediction in postgraduate students using machine learning models.
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that both models consistently achieve superior values in terms of 
precision, recall, and area under the curve (AUC), highlighting their 
predictive robustness. These results are consistent with previous 
studies that emphasize the adaptability and effectiveness of ensemble 
algorithms, particularly in educational and psychological contexts, 
where relationships among variables tend to be  complex and 
non-linear (Madroñal et al., 2025; Tang et al., 2024).

Moreover, AdaBoost emerged as the most robust model, 
distinguished by its capacity to handle complex and noisy data. Studies 
such as those by Hussain and Zaidi (2024) have emphasized that this 
algorithm efficiently combines weak learners, substantially enhancing 
its predictive performance. Its high sensitivity in both the overall 
group and the over-30 group underscores its ability to minimize 
omissions, a critical aspect in research related to human emotions. 
Random Forest, in turn, demonstrated competitive performance, 
particularly within the over-30 age group, where it achieved perfect 
sensitivity. This result underscores its ability to handle large volumes 
of data and variables with complex interactions. These characteristics 
make it a robust tool, as noted by Pudlo et al. (2016), who highlighted 
its stability against overfitting.

In contrast, Logistic Regression and SVM exhibited significant 
limitations, revealing that their capacity to capture nonlinear 
relationships is insufficient in this context. Logistic regression, more 
appropriate for simple and linear associations, proved less effective 
with emotional data, a finding consistent with the studies by Kumar 
and Chong (2018). Similarly, SVM’s performance was limited, aligning 
with research indicating its inefficiency in classifying high-
dimensional data with complex features (Erfani et al., 2016; Zhang 
et al., 2019).

Figure 2 displays the contribution of three emotional variables 
emotional attention, emotional clarity, and emotional reparation to 
the precision of five distinct machine learning models. The decrease 

in precision (Decrease in Prec) observed when each variable is 
permuted serves as an indicator of its predictive relevance. The 
analysis was performed using 11 permutations per model. The 
highlighted bars identify the most influential emotional dimension 
within each algorithm, offering a comparative view of how different 
emotional traits contribute to predictive accuracy in the context of 
postgraduate students’ emotional development.

The results presented in Figure 2 reveal notable differences in the 
relative importance of emotional variables Attention, Clarity, and 
Reparation across five predictive models. Emotional Attention 
emerges as the most influential variable in the majority of algorithms, 
including Logistic Regression, SVM, and Random Forest, while 
Emotional Clarity dominates in the kNN model, and Emotional 
Reparation stands out in AdaBoost. This variability underscores the 
multidimensional nature of emotional development in postgraduate 
students and the need to consider algorithmic differences when 
interpreting feature relevance. The prominence of Emotional 
Attention aligns with literature emphasizing its role in enhancing self-
awareness and promoting adaptive emotional responses (Salovey and 
Mayer, 1990). Notably, Emotional Reparation displays a higher impact 
in AdaBoost, particularly among older participants, reinforcing 
findings from prior research that associate this construct with mature 
emotional regulation strategies (Peña-Sarrionandia et  al., 2015; 
Quoidbach et al., 2015).

Furthermore, ensemble models such as AdaBoost and Random 
Forest demonstrate superior performance in capturing emotional 
complexity, as evidenced by their more refined distribution of feature 
importance. These models leverage decision tree architectures capable 
of managing non-linear interactions and multidimensional data 
structures. The robustness of AdaBoost, in particular, has been 
previously validated in contexts involving emotional data, showing 
high precision and discriminative power through elevated AUC values 

TABLE 2  Estimated coefficients of models for the development of emotions in postgraduate students, considering age.

Group/age of 
postgraduate 
students

Model AUC CA F1 PREC Recall MCC

Global KNN 0.848 0.893 0.851 0.873 0.893 0.189

Random forest 0.972 0.916 0.893 0.923 0.916 0.474

AdaBoost 0.996 0.975 0.974 0.974 0.975 0.867

Logistic regression 0.560 0.499 0.807 0.807 0.499 0.015

SVM 0.493 0.852 0.804 0.804 0.852 0.008

Under 30 years KNN 0.848 0.893 0.117 0.700 0.064 0.189

Random forest 0.979 0.916 0.394 1.000 0.245 0.474

AdaBoost 0.996 0.975 0.878 0.947 0.818 0.867

Logistic regression 0.560 0.499 0.190 0.116 0.527 0.015

SVM 0.493 0.852 0.075 0.122 0.055 0.008

Over 30 years KNN 0.848 0.893 0.943 0.895 0.997 0.189

Random forest 0.972 0.916 0.955 0.914 1.000 0.474

AdaBoost 0.996 0.975 0.986 0.978 0.994 0.867

Logistic regression 0.560 0.499 0.638 0.894 0.496 0.015

SVM 0.493 0.852 0.919 0.890 0.951 0.008

AUC, area under the curve; CA, classification accuracy; F1, F1-score; PREC, precision; recall, sensitivity; MCC, Matthews Correlation Coefficient; KNN, k-nearest neighbors; SVM, support 
vector machine.
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(Ballings et al., 2015; Jahanbani et al., 2024). In contrast, traditional 
algorithms such as Logistic Regression and SVM exhibit more 
constrained feature importance profiles, which correlates with their 
limited ability to capture non-linear patterns, as also reported by 
Shanmugasundar et al. (2021). These findings reinforce the strategic 
advantage of ensemble learning approaches in educational and 
psychological research, where emotional phenomena often manifest 
through intricate and dynamic relationships. Supporting evidence 
confirms that tree-based models are particularly suitable for managing 
the variability inherent in human behavior and emotions, offering 
more accurate and context-sensitive predictions (Benzaamia et al., 
2024; Biró et al., 2023; Hu et al., 2012; Rane et al., 2024).

The following section presents the results of the SHAP (SHapley 
Additive exPlanations) value analysis, which enabled the evaluation 
of the contribution of emotional variables to the model’s predictions. 
Figure  3 displays the individual impact of emotional intelligence 
dimensions (emotional clarity, emotional attention, and emotional 
repair) on the model’s performance for the group of participants over 
30 years old.

In Figure 3, it can be observed that the variables with the greatest 
impact on the predictions correspond to emotional repair and 
emotional attention, followed by emotional clarity, whose effect 
appears more limited. Higher SHAP values indicate that these 
dimensions play a significant role in the model’s output, reinforcing 
their relevance in emotional assessment. This finding aligns with 
previous research highlighting emotional repair as a key skill in self-
regulation and psychological well-being (Cevallos Zambrano et al., 
2023; Inwood and Ferrari, 2018).

The predominance of emotional repair may be explained by its 
direct relationship with individuals’ ability to manage their emotions 
and reduce the negative impact of adverse experiences. Studies by 

Moreira-Choez et al. (2023) have pointed out that this skill is essential 
for promoting emotional balance in both educational and occupational 
settings. On the other hand, emotional attention also shows a 
considerable impact, suggesting that awareness of one’s own and 
others’ emotions is crucial for understanding the overall emotional 
context and, consequently, for predicting behaviors.

However, emotional clarity shows a relatively lower impact, which 
could be attributed to the fact that this dimension may act more as a 
mediator than a direct predictor. Research such as that by Parke et al. 
(2015) argues that emotional clarity facilitates the interpretation and 
management of emotions, but its influence may depend on how it 
interacts with other emotional dimensions.

The following section presents results that include a SHAP 
analysis to evaluate the impact of emotional variables on the model’s 
predictions for students under 30 years of age. Figure 4 shows the 
individual contributions of the emotional intelligence dimensions 
(emotional repair, emotional attention, and emotional clarity) to the 
model’s performance, highlighting the relative impact of each variable.

Figure 4 shows that, for the group of students under 30 years old, 
emotional repair remains the variable with the greatest positive impact 
on predictions, reinforcing its relevance as a key indicator of emotional 
development. This result is consistent with previous studies that 
emphasize the importance of this dimension in emotional self-
regulation and in managing stressful situations among young 
populations (de la Fuente et al., 2020; Midkiff et al., 2018; Wang and 
Saudino, 2011). The predominance of this variable may be explained 
by the need for effective skills to manage negative emotions during the 
academic and personal transitions that characterize this stage of life.

Emotional attention also shows a significant impact, although 
slightly lower than that observed in the over-30 group. This suggests 
that younger students prioritize the identification of their emotions as 

FIGURE 2

Relative importance of emotional dimensions in prediction models across algorithms.
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a strategy to understand their emotional states, which aligns with 
studies that associate this skill with greater emotional awareness 
during early adulthood (Campbell et al., 2022; Mankus et al., 2016). 
However, as in the analysis of the older group, emotional clarity 
presents a lower impact, possibly because this dimension indirectly 
facilitates emotional processing and functions as a mediator in the use 
of other emotional competencies.

These findings underscore the importance of designing 
educational strategies that strengthen emotional repair and attention 
among young students. Recent studies have emphasized that 
interventions aimed at enhancing these skills can improve both 

academic performance and overall well-being (Sverdlik et al., 2018; 
Upsher et  al., 2022). Therefore, integrating these dimensions into 
educational programs represents a valuable opportunity to address the 
specific emotional needs of this age group.

The following section, presented in Figure 5, shows a comparison 
of the impact of emotional intelligence dimensions on model 
predictions, distinguishing between students under and over 30 years 
old. This analysis details how emotional repair, emotional attention, 
and emotional clarity influence the model’s outcomes for both groups, 
highlighting similarities and differences in the relevance of 
these variables.

FIGURE 3

SHAP Analysis of the impact of emotional variables on prediction (over 30 years old).

FIGURE 4

SHAP Analysis of the impact of emotional variables on prediction (under 30 years old).
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Figure 5 presents the results of the feature importance analysis 
across different machine learning models used to predict emotional 
development in postgraduate students. The results indicate that, in 
both age groups, emotional repair is the most influential variable in 
the prediction models, with a slightly stronger effect observed among 
students over 30 years old. This underscores the central role of 
emotional repair in self-regulation processes and aligns with previous 
studies linking this dimension to the effective management of 
negative emotions and the preservation of emotional stability (Peña-
Sarrionandia et al., 2015; Quoidbach et al., 2015). Its predominance 
in the older group may reflect the cumulative impact of life 
experience and the development of more mature emotional strategies 
over time.

In contrast, emotional attention emerged as the second most 
impactful variable, with greater relevance among students under 30, 
suggesting that younger individuals tend to focus more on emotional 
perception as a means of self-awareness and social understanding an 
observation consistent with early emotional development literature 
(Ecclestone, 2011; Hargreaves, 2000; Miller et al., 2006). Although 
emotional clarity had a lower direct predictive weight, it contributed 
indirectly by supporting the comprehension and regulation of 
emotional states. These findings have practical implications for 
educational interventions: while strategies for older students should 
prioritize the strengthening of emotional repair capacities, programs 
targeting younger students may benefit from fostering emotional 
awareness and reflective practices that enhance their ability to identify 
and process emotional experiences. Integrating these differentiated 
approaches into university curricula could promote more adaptive 

emotional development aligned with the specific needs of each 
age group.

4 Conclusion

Emotional development represents a fundamental dimension in 
postgraduate education, as it directly influences academic 
performance, professional adaptation, and overall wellbeing. This 
study aimed to examine the applicability of machine learning 
algorithms in analyzing emotional intelligence dimensions among 
postgraduate students at the State University of Milagro. The findings 
confirm the achievement of this objective, offering empirical evidence 
that supports the integration of computational approaches in 
educational psychology research.

Among the machine learning models evaluated, ensemble 
algorithms particularly AdaBoost and Random Forest demonstrated 
superior predictive performance in identifying emotional patterns. 
These models outperformed traditional classifiers such as logistic 
regression and support vector machines, especially in contexts where 
emotional variables interact in complex and non-linear ways. The high 
classification accuracy, recall, and interpretability of the ensemble 
models confirm their suitability for emotion-related data analysis in 
higher education.

Although the study yielded relevant insights, certain 
methodological constraints must be acknowledged. The research was 
conducted within an academic context and relied on a single validated 
instrument, which may not capture the full spectrum of emotional 

FIGURE 5

Comparison of SHAP prediction analysis between students under and over 30 years old.
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intelligence. Additionally, the representativeness of the sample, while 
demographically diverse, may still limit the extrapolation of results to 
broader populations. These factors suggest the need for cautious 
interpretation and point toward future avenues for more 
comprehensive inquiry.

The practical implications of this study are significant. The 
identification of emotional repair as a key predictor among students 
over 30, and emotional attention among younger participants, 
provides a foundation for designing age-sensitive educational 
interventions. Universities and postgraduate programs can leverage 
these insights to implement training strategies that strengthen specific 
emotional competencies according to the developmental and 
contextual needs of their students.

Future research should consider expanding the emotional variables 
analyzed, incorporating mixed-method designs that integrate qualitative 
insights with algorithmic prediction, and exploring longitudinal 
trajectories of emotional growth. Furthermore, the application of these 
models in non-academic or intercultural contexts could offer additional 
perspectives on the generalizability and impact of artificial intelligence 
in the development of emotional competencies in adult learners.
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