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Abstract: The use of digital platforms among Colombian college students continues to grow, and with that, the question
of whether it affects retention and academic performance has resurfaced. In Riohacha, this relationship had not been
studied using artificial intelligence tools at the institutional level. For this study, a dataset was constructed based on
a survey administered to 300 undergraduate students at the University of La Guajira. Twenty-one sociodemographic,
behavioral, and digital perception variables were captured and organized using the CRISP-DM methodology. The
target variable is binary: whether the student has failed at least one course. Three supervised classification algorithms
(Decision Tree, KNN, and Random Forest) were compared, integrated into pipelines with SMOTE and five-fold stratified
cross-validation. Random Forest yielded the best results, with 62% accuracy, an F1-Score of 0.606, and a ROC AUC of
0.682. Feature importance of analyzing the level of concentration while studying, daily hours of cell phone use, and
preferred social network as the most significant predictors.

Keywords: Machine learning; Decision tree; K-nearest Neighbors; Random Forest; SMOTE; Cross-validation; Academic
failure; Social media; Feature importance

Resumen: El uso de plataformas digitales entre universitarios colombianos sigue creciendo, y con eso ha vuelto a abrirse
la pregunta de si afecta la permanencia y el rendimiento académico. En Riohacha esa relacién no se habia estudiado
con herramientas de inteligencia artificial a nivel institucional. Para este trabajo se construy6 un conjunto de datos
a partir de una encuesta aplicada a 300 estudiantes de pregrado de la Universidad de La Guajira. Se capturaron 21
variables sociodemogréficas, conductuales y de percepcién digital organizadas bajo la metodologia CRISP-DM. La
variable objetivo es binaria: si el estudiante ha reprobado al menos una asignatura. Se compararon tres algoritmos de
clasificacién supervisada (Arbol de Decisién, KNN y Random Forest) integrados en pipelines con SMOTE y validacién
cruzada estratificada de cinco pliegues. Random Forest dio el mejor resultado, con 62% de exactitud, F1-Score de 0.606 y
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ROC AUC de 0.682. El anélisis de importancia de caracteristicas sefial6 al nivel de concentracién al estudiar, las horas
diarias de uso del celular y la red social preferida como los predictores con mayor peso.

Palabras clave: Aprendizaje automatico; Arbol de decisién; K-nearest Neighbors; Random Forest; SMOTE; Validacién
cruzada; Reprobacién académica; Redes sociales; Importancia de caracteristicas

1. Introduction

Transition into and persistence in higher education are conditioned by multiple vectors of academic
vulnerability, among which course failure stands out as the earliest and most irreversible predictor of
permanent withdrawal from the system [17]. In this regard, failure in individual courses triggers a chain
effect characterized by the prolongation of graduation trajectories, an increase in institutional operating costs,
and socioeconomic strain on students’ families [1]. Within the context of Colombian higher education, where
aggregate dropout rates have historically ranged between 40% and 50% according to official records, course
failure operates as a critical symptom of institutional disengagement [11]. Consequently, the development of
predictive tools capable of identifying students at imminent risk at an early stage has become a management
imperative, as it enables the implementation of targeted pedagogical interventions before academic delay
becomes statistically irreversible [20] [3].

Although passing and failing formally represent binary states within grading systems, the determinants
underlying these outcomes form a multicausal and heterogeneous framework. Adverse academic perfor-
mance does not arise from a single isolated factor; rather, it emerges from the complex interaction among
gaps in prior cognitive competencies, socioeconomic disparities, deficiencies in self-regulation strategies
for independent study time, and, increasingly, the systematic interference of mobile devices in processes
of focused attention in the classroom [24]. Because these causes combine differently in each individual,
anticipating risk through linear statistical models or simple descriptive approaches is methodologically insuf-
ficient. Conceptualizing academic performance through a dichotomous approach—pass versus fail—offers a
strategic advantage for university early-warning systems, as it makes it possible to operationalize and direct
institutional tutoring resources toward the affected student population, thereby optimizing retention efforts
instead of distributing them uniformly across the general population [13].

In this regard, measuring academic performance without considering digital consumption produces
incomplete results. Traditional methods, such as linear regression or cumulative grade averages, assume
linear relationships among variables and homogeneous variances; however, human behavior does not follow
such rules. Digital stimulation competes with the ability to concentrate and with the cognitive self-regulation
required for independent study [21], [22]. Social media platforms rely on algorithms designed to keep
users engaged for as long as possible, within the logic of the attention economy [9]. Therefore, modeling
contemporary academic performance while omitting the dimension of sociotechnical consumption leads
to biased and incomplete conclusions. Traditional predictive frameworks assume static and independent
relationships among variables, a theoretical assumption that conflicts with the dynamics of the so-called
attention economy [4].

Digital micro-content platforms such as TikTok, Instagram, and WhatsApp deploy algorithmic archi-
tectures explicitly designed to prolong screen time, directly competing with the attentional control and
working-memory processes that are essential for independent study. Studies such as [23] demonstrate that
behavioral traces and digital browsing habits contain highly predictive signatures that are strongly corre-
lated with academic failure when analyzed through supervised learning techniques. Within this ecosystem,
unsupervised hyperconnectivity acts as a vector of learning fragmentation that reduces the efficiency of the
time devoted to autonomous learning, making maladaptive social media use an essential predictive variable
in the design of any modern early-warning system.

Supervised Machine Learning classifiers identify nonlinear patterns among multiple variables and
can be applied to new data without relying on manually written rules. In other countries, Decision Trees,
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K-Nearest Neighbors (KNN), and Random Forest models have been used to study academic performance,
although most studies have focused on continuous grade averages rather than course failure as a binary
event.

The objective of this article is to design a predictive model based on supervised machine learning to
anticipate the risk of course failure among students at the University of La Guajira, using sociodemographic
variables, digital behavior, and social media consumption. Three classifiers (Decision Tree, KNN, and
Random Forest) are compared using metrics oriented toward the model’s practical usefulness in university
intervention.

The remainder of this article is organized as follows. Section 2 summarizes the main contributions
of the study. Section 3 reviews previous research on academic performance prediction, course failure,
and the influence of digital behavior using machine learning techniques. Section 4 describes the research
design and includes the data understanding and description, data preparation, class-imbalance treatment,
supervised modeling, and feature-importance analysis presented in Sections 4.1-4.5. Section 5 reports the
experimental findings, including the comparison of the supervised models and the analysis of the most
influential predictors in Sections 5.1 and 5.2, respectively. Section 6 discusses the implications of the results,
Section 7 presents the main limitations of the study, and Section 8 provides the conclusions and directions for
future research.

2. Contributions

This study presents a supervised machine learning approach for predicting course failure among
university students using sociodemographic, academic, behavioral, and digital-use variables. The main
contributions of this work to the existing body of knowledge are threefold:

ii.  Unlike previous studies that primarily focus on predicting continuous academic outcomes, such as grade
point averages or final course grades, this research addresses course failure as a binary classification
problem. This formulation is directly aligned with the requirements of institutional early-warning
systems, since it enables universities to identify students who may require timely tutoring, academic
counseling, or preventive support before failure contributes to academic delay or dropout.

ii.  The study provides a comparative and methodologically consistent evaluation of three supervised
learning algorithms: Decision Tree, K-Nearest Neighbors, and Random Forest. The models were imple-
mented using pipelines that integrate SMOTE and five-fold stratified cross-validation, ensuring that
synthetic observations were generated exclusively from the training data in each fold and preventing
information leakage into the test sets. In addition, variables directly derived from course failure were
removed before modeling. Under this evaluation framework, Random Forest achieved the best overall
performance, with an accuracy of approximately 62%, an F1-Score of 0.606, and a ROC AUC of 0.682.

ii.  This work contributes empirical evidence from a university context in the Colombian Caribbean that
has received limited attention in previous machine learning studies. Using primary data collected
from 300 undergraduate students at the University of La Guajira, the analysis identifies concentration
while studying, mobile-phone use, preferred social media platform, academic program, semester,
socioeconomic characteristics, and study habits as relevant predictors of course failure. These findings
provide an interpretable basis for the future development of institutional early-warning tools and
suggest that the manner in which students regulate attention and interact with digital technologies may
be more informative than screen time alone.

3. Related Works

The use of Machine Learning to predict academic performance has expanded in recent years, facilitated
by the greater availability of institutional data and lower computational costs. Lépez-Garcia et al. [14]
demonstrated that the early detection of academic failure is possible using ML and institutional data,
achieving AUC values above 0.70.

Ramzan et al. [18] developed SocialNet to predict academic performance using social media data and
Random Forest, achieving 81% accuracy. Usage time and content type emerged as the most influential
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predictors, a finding that is particularly relevant to the present study, in which digital consumption plays a
central role.

Al Mamun et al. [2] applied Gradient Boosting to 1,200 surveys and achieved 93% accuracy using
cross-validation. This result differs substantially from ours; however, the differences can be explained by
sample size, the variables included, and the specific context of Riohacha.

Martinez et al. [16] assessed behavioral and personality factors among engineering students using
Decision Trees and Support Vector Machines (SVM), obtaining F1-Scores above 78%, although their study
relied on limited longitudinal data. Gil-Vera [8] implemented neural networks at a Colombian university and
outperformed traditional statistical methods, indicating that ML has significant potential within the national
context.

At the local level, Martelo et al. [15] examined the influence of social media on academic performance
using descriptive and inferential statistics and identified correlations among frequency of use, type of social
network, and academic outcomes. Contreras et al. [7] used machine learning to predict success and failure in
engineering programs, reporting promising results through binary classification. In Bangladesh, Hemal et
al. [12] found that Random Forest provided the best predictive performance when assessing the impact of
internet use on academic achievement, with results similar to those obtained in the present study.

Overall, Random Forest and ensemble methods tend to achieve the strongest performance in this type
of problem. The present study differs from previous work in that it addresses course failure as a binary
outcome, incorporates SMOTE within cross-validation pipelines, and uses primary data from a Colombian
university context that had not previously been examined using these techniques.

4. Methodology

This study employed a quantitative predictive approach, structured into four phases following the
CRISP-DM methodology (Cross-Industry Standard Process for Data Mining): domain understanding, data
understanding, data preparation, and modeling and evaluation [6]. The computational analysis was con-
ducted in Python 3 using Google Colab, a cloud-based platform that provides free access to computing
resources. The libraries used included pandas for tabular data manipulation, NumPy for efficient numerical
operations, scikit-learn for the implementation of Machine Learning algorithms, imbalanced-learn for the
application of SMOTE, and Matplotlib and Seaborn for exploratory visualization and graph generation.

4.1. Data Understanding and Description

The dataset was constructed from a self-administered digital survey developed in Google Forms and
distributed to 300 undergraduate students enrolled at the University of La Guajira during the 2026-1 academic
term. A total of 300 valid responses were obtained after applying data-cleaning and quality-control criteria.
The instrument was validated by five experts in educational technology and artificial intelligence, who
assessed the relevance, clarity, and adequacy of the items, thereby ensuring content validity.

The dataset contains 21 variables organized into five sections: general information, time spent on
social media, academic habits, academic performance, and perceived impact. These variables include
sociodemographic information, patterns of mobile-device and social-media use, academic behaviors, and
perceptions of the impact of digital consumption.

The target variable of the study is course_failure, a binary variable that is, a variable that can take
only two values, which indicates whether the student has failed at least one course (Yes = 1, No = 0). Table 1
presents the complete data dictionary:
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Table 1. Description and data types of the variables included in the dataset.
#  Variable Description Statistical Type Python Type
1 edad_rango Student age range Ordinal category
2  genero Student gender Nominal category
3  programa Academic program Nominal category
4  semestre Current semester enrolled Discrete int
5 estrato Socioeconomic stratum Ordinal category
6  horas_celular_dia Daily hours of mobile-phone use Ordinal category
7  horas_redes_dia Daily hours spent on social media Ordinal category
8 red_principal Most frequently used social media platform Nominal category
9 uso_redes Primary purpose of social media use Nominal category
10 frec_celular_no_acad_clase Frequency of non-academic mobile-phone use Ordinal category
during class
11 frec_celular_acad_clase Frequency of academic mobile-phone use dur- Ordinal category
ing class
12 horas_estudio_dia Hours of independent study per day Ordinal category
13 nivel_concentracion Concentration level while studying Ordinal category
14 frec_distraccion_celular Frequency of mobile-phone distraction Ordinal category
15 frec_uso_acad_celular Frequency of academic mobile-phone use Ordinal category
16 uso_acad_celular_tipo Type of academic mobile-phone use Nominal category
17 reprobacion Has the student failed any course? Binary bool
18 num_reprobadas Number of failed courses Ordinal category
19 redes_afectan_rendimiento Do social media platforms affect academic per- Binary bool
formance?
20 tipo_impacto Type of perceived impact Nominal category
21 intento_reducir_uso Has the student attempted to reduce mobile- Binary bool

phone use?

Figure 1 presents the distribution of the target variable (course failure). It can be observed that 51.5%
of the students reported having failed at least one course, whereas 48.5% indicated that they had not failed
any courses. Although the class imbalance is moderate, with a difference of approximately three percentage
points, the application of SMOTE remains advisable to balance the classes and prevent the model from
becoming biased toward the majority class during training, particularly when combined with stratified
cross-validation, which preserves the class proportions within each fold.
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Figure 1. Distribution of the target variable.
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4.2. Data Preparation

The original column corresponding to the question “Have you failed any subject or course?” was
renamed Failed_Courses_Target, and its values (“Yes” and “No”) were converted to 1 and 0, respectively.
Four columns were removed to prevent data leakage: Number_Failed_Courses and Failed_Courses_Yes,
which were directly derived from the target variable; Timestamp, which had no predictive value; and Current
Academic Average, which was highly correlated with course failure and could therefore have biased the
model. The variable “If your answer is yes, how many?” was also removed after the exploratory analysis
because it functioned as an indirect source of data leakage.

Categorical variables were transformed using one-hot encoding (get_dummies with drop_first=True
to prevent collinearity), resulting in a total of 67 numerical variables. To reduce dimensionality, Principal
Component Analysis (PCA) was applied while retaining 95% of the explained variance, reducing the dataset
to 52 principal components. This orthogonal linear transformation preserves most of the original information
and mitigates sparsity-related problems in high-dimensional spaces.

Despite the reduction to 52 PCA components, the ratio between the number of variables and the sample
size remained moderate. No additional feature-selection techniques, such as Lasso or recursive feature
elimination, were applied for two reasons. First, Random Forest handles moderate-dimensional datasets
effectively because it considers only a random subset of variables at each split (max_features=’sqrt’).
Second, Gini-based feature importance calculated from the original variables prior to PCA makes it possible
to examine the predictive contribution of each category without sacrificing interpretability. The application
of PCA primarily benefited KNN, as discussed in Section 4.1.

4.3. Treatment of Class Imbalance

The target variable exhibited class imbalance, with more students reporting no course failures than
students reporting at least one failure. When class imbalance is present, models trained using standard
methods tend to favor the majority class and lose sensitivity in detecting students who did fail a course.
To address this issue, SMOTE [16] was incorporated into each pipeline. SMOTE identifies neighboring
observations from the minority class in the feature space and generates new synthetic data points through
interpolation. By integrating SMOTE into the pipeline, synthetic samples are generated exclusively from the
training data within each cross-validation fold, thereby preventing contamination of the test data.

4.4. Supervised Modeling

Three supervised classification algorithms were tested using their default configurations. The Decision
Tree algorithm (DecisionTreeClassifier, random_state=42) was selected because of its interpretability: it
applies a sequence of binary decisions until reaching a final classification. KNN (KNeighborsClassifier,
default parameters) assigns a class according to the most frequent label among the nearest neighbors.
Random Forest (RandomForestClassifier, random_state=42) combines multiple decision trees, can capture
complex interactions, and provides estimates of feature importance.

Each model was encapsulated in a scikit-learn Pipeline that applies SMOTE to the training data, fits
the classifier, and generates predictions. Evaluation was performed using StratifiedKFold with five folds,
shuffle=True, and random_state=42, preserving the class distribution within each fold. The evaluation
metrics were accuracy, precision, recall, F1-Score, and ROC AUC. All reported values correspond to the
average across the five folds.

4.5. Feature Importance Analysis

The Random Forest model [15] was retrained on the 67 original variables prior to PCA, using all 300
observations, to extract feature importance values based on Gini impurity reduction. Gini impurity measures
the degree of class heterogeneity within a tree node; lower values indicate purer nodes in which the classes
are more clearly separated. For each variable, its importance is calculated according to the extent to which
it reduces the weighted average Gini index across the nodes where that variable is used to create a binary
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split, normalized by the number of samples reaching those nodes. Variables that produce purer splits receive
higher Gini importance values.

The features were ranked in descending order of importance, making it possible to identify those with
the greatest capacity to differentiate between students who had failed at least one course and those who
had not. This analysis improves model interpretability and facilitates the identification of key factors for
designing effective pedagogical interventions.

5. Results
5.1. Comparison of Supervised Models

Table 2 presents the average results obtained through five-fold stratified cross-validation with SMOTE
integrated into the training pipelines. Each value corresponds to the mean of the five evaluation iterations
performed on the test data from each fold, ensuring that the results are not biased by any particular data split.

Table 2. Performance metrics of the evaluated classification models.

Model Accuracy Precision Recall F1-Score ROC AUC
Decision Tree 0.580710  0.597782  0.564113 0.578997  0.581252
KNN 0.567705  0.586427 0.532056 0.557300  0.592696

Random Forest  0.620328  0.652794  0.570766  0.605581 0.681593

Random Forest achieved a ROC AUC of 0.682 and an accuracy of 62%, representing the best performance
among the three models. Its advantage stems from averaging multiple trees trained on random subsamples,
which reduces variance and improves generalization. The detailed metrics were 65.2% precision, 57.1% recall,
and an F1-Score of 0.606. An AUC of 0.682 means that the model has a 68.2% probability of correctly ranking
a randomly selected student who failed a course above a randomly selected student who did not. Some
individual folds reached values as high as 0.78, which is expected when working with survey data and a
moderate sample size. KNN achieved 56.8% accuracy, 58.6% precision, 53.2% recall, an F1-Score of 0.557, and
a ROC AUC of 0.593. Its performance was the lowest among the three models. Although PCA reduced the 67
original variables to 52 components, KNN remained sensitive to the presence of components with limited
class separability, which affected its ability to identify meaningful nearest neighbors. The Decision Tree
produced the lowest values in nearly all metrics: 58.1% accuracy, 59.8% precision, 56.4% recall, an F1-Score of
0.579, and a ROC AUC of 0.581. The most likely explanation is overfitting, as deep individual trees tend to
memorize patterns specific to the training data that do not generalize effectively, and cross-validation was
not sufficient to fully mitigate this effect.

Figure 2 presents the comparison among the three models. Random Forest outperformed the other two
across all five metrics, particularly in ROC AUC (0.682) and precision (65.2%). KNN ranked second, whereas
the Decision Tree produced the lowest values, confirming its tendency to overfit in high-dimensional settings.

Figure 3 presents the confusion matrices for Random Forest across the cross-validation folds. The
model maintains a balance between correct and incorrect classifications, although some variation is observed,
reflecting the heterogeneity of the survey data. The consistency across folds suggests that the model exhibits
stable performance.

Figure 4 shows that the Random Forest AUC of 0.682 represents the average across the five folds,
although some individual folds reached values as high as 0.78. Such variation is expected in cross-validation
when working with survey data and a sample of 300 observations.

5.2. Feature Importance (Random Forest)

Among the 20 most influential variables, having a “Very High” concentration level emerged as the
strongest protective factor. This was followed by using a mobile phone for 7 to 12 hours per day, having
WhatsApp as the primary social media platform, the number of hours devoted to studying, and the use of
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social media for entertainment purposes. To obtain these importance scores, the Random Forest model [15]
was retrained on the 300 observations and the 67 original variables using Gini impurity reduction.

Figure 5 presents the hierarchical relevance of the predictor variables in the Random Forest model and
provides a finding of substantial heuristic value: the qualitative, attitudinal, and perceptual dimensions
of technology use exhibit significantly greater discriminatory power than chronological indicators or mea-
sures based solely on usage volume. The three variables with the greatest weight in the calculation of Gini
impurity correspond to Likert-scale items associated with the self-perceived benefits of digital technolo-
gies: time saved on academic tasks (1ikert_ahorro_n), perceived improvement in academic performance
(likert_rendimiento_n), and enhanced understanding of curricular content (1ikert_comprension_n). Sta-
tistically, the prominence of these three variables suggests that habituation and the resulting risk of inattention
leading to course failure are strongly mediated by the construct of “perceived usefulness.” This finding is
consistent with the classical assumptions of Technology Acceptance Models (TAM), according to which habits
are shaped not by the tool itself, but by the functional value attributed to it by the student.

It is equally revealing to examine the variables located in the middle and lower segments of the hierarchy.
Traditional characteristics such as Current Semester and Socioeconomic Stratum, which have historically
been regarded as structural determinants of academic failure in the conventional literature, appear here to be
subordinate to dynamic behavioral variables within the digital ecosystem. These include self-reported con-
centration levels (Concentration_Low and Concentration_Medium) and the frequency of distraction in the
classroom or during independent study sessions. This ranking highlights a paradigm shift in contemporary
learning analytics: fixed socioeconomic and demographic factors provide the broader contextual framework,
whereas patterns of daily interaction with mobile devices and the associated vulnerability of attentional
control operate as more immediate triggers of adverse academic performance.
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Figure 4. Average ROC curves for each model.

Finally, the relatively low importance of variables that directly quantify connection time, such as the
total number of hours spent on a mobile phone or on specific platforms, reinforces the central argument of
this study. The Random Forest model independently indicates that chronological intensity is not the critical
risk factor. A student may accumulate a high number of screen hours without compromising their academic
trajectory, provided that a clear separation between digital and academic environments is maintained. The
true source of vulnerability associated with course failure lies in cognitive conflict, manifested as an inability
to regulate attention when externally generated notification flows compete directly with working-memory
processes during learning activities.

6. Discussion

The Random Forest model achieved a ROC AUC of 0.682 and an accuracy of 62%. These results indicate
that course failure can be predicted to a certain extent using the variables measured in this study, although a
substantial proportion of the variance remains unexplained. This is unsurprising, as course failure depends
on factors that are not adequately captured through surveys, including student motivation, teaching quality,
and personal circumstances that may vary from one academic term to another.

Among all the variables analyzed, concentration during study emerged as the strongest predictor.
Students who reported a “Very High” level of concentration were less likely to fail courses. Research on
self-regulated learning [10] and cognitive load theory supports the finding that maintaining attention during
study acts as a protective factor, probably because it reflects more developed metacognitive skills [1]. Similarly,
the authors in [10] identified related factors, such as study hours and device use, as predictors of academic
risk among students. In this regard, the quality of the time devoted to studying appears to be more decisive
than the number of hours alone. This finding calls on faculty members to design highly engaging learning
environments that strengthen students’” involvement in class and promote sustained attention to the subject
matter [19].

Using a mobile phone for 7 to 12 hours per day ranked as the second most important predictor. This
finding suggests the existence of a threshold beyond which mobile-device use begins to interfere with
academic performance. Spending one or two hours on a mobile phone is not equivalent to spending nearly
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Figure 5. Top 20 most important variables according to Random Forest.

half of the day using it. The attention economy framework [4] helps explain this pattern: digital platforms
are designed to sustain user engagement, and when mobile-phone use exceeds seven hours per day, the time
available for studying may be considerably reduced.

Random Forest outperformed both the Decision Tree and KNN across all evaluation metrics. Ensemble
methods are better suited to survey data characterized by high dimensionality and nonlinear relationships,
as demonstrated by the model comparison. The Decision Tree exhibited overfitting, whereas KNN, even after
dimensionality reduction through PCA, was unable to overcome the algorithm’s inherent limitations for this
type of data. Incorporating SMOTE into the pipelines was necessary to prevent the models from overlooking
students who had failed at least one course.

A ROC AUC of 0.682 may appear low when compared with standards in fields such as computer vision
or medicine, where values above 0.90 are often sought. However, in the social sciences and education, where
data frequently rely on self-reports and the phenomena under study are inherently multifactorial, values
between 0.60 and 0.70 may still be considered useful and meaningful [19], [5]. The model is not intended
to replace instructors’ professional judgment, but rather to serve as an early-warning tool that helps direct
academic support resources toward the students who need them most.

7. Limitations

This study has several limitations that should be considered when interpreting its findings. The first
concerns the cross-sectional design of the dataset. The data were collected at a single point in time during the
2026-1 academic term, making it impossible to capture the evolution of digital behaviors and their effects
over time. Course failure is a process that develops throughout the semester, and assessing it at only one
point does not reveal how patterns of mobile-phone use, concentration, or study strategies change as the
academic term progresses.

The second limitation is the reliance on self-reported data. All study variables, including hours of
mobile-phone use, concentration level, and preferred social media platforms, were reported by the students
themselves. This introduces potential social desirability bias and recall errors. A student may underestimate
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the number of hours spent using a mobile phone or overestimate their concentration level, not necessarily
because of intentional misreporting, but because self-perception does not always correspond to actual
behavior.

The third limitation is that the sample was drawn from a single institution in Riohacha. The University
of La Guajira serves a population with specific socioeconomic and cultural characteristics, and patterns of
digital technology use may differ across other Colombian or Latin American university contexts. This limits
the generalizability of the findings.

Finally, although PCA was applied to reduce the 67 original variables to 52 components, the sample of
300 observations remains modest. With larger datasets, the models might capture more complex relationships
and achieve better predictive performance. In addition, interpretability is reduced when working with PCA
components rather than the original variables.

8. Conclusions

An AUC of 0.682 and an accuracy of 62% may appear modest when compared with the performance
expected in fields such as computer vision, where AUC values often exceed 0.90. However, data in education
and the social sciences differ substantially: they are frequently derived from self-reports, exhibit high
variability, and reflect phenomena that are inherently multifactorial. In the literature on Machine Learning
applied to education, models with AUC values between 0.60 and 0.70 are considered useful. A 68.2%
probability of correctly distinguishing a student at risk means that the model may be used as an early-
warning tool not as an automated decision-making system, but as a support mechanism that enables the
university to provide tutoring before academic delay becomes difficult to overcome.

The results indicate that course failure can be predicted with 62% accuracy and a ROC AUC of 0.682
using Random Forest with SMOTE and cross-validation. The model outperformed both the Decision Tree
and KNN across all evaluation metrics, which is consistent with the view that ensemble methods are better
suited to high-dimensional survey data. The most influential variables (concentration, hours of mobile-phone
use, and preferred social media platform) provide concrete insights for the design of intervention programs.

The following directions are proposed for future research: (a) expanding the sample by replicating the
study at other universities in the Colombian Caribbean region to assess the generalizability of the models;
(b) exploring algorithms with greater representational capacity, such as XGBoost, an advanced sequential
ensemble method; LightGBM, an efficient gradient-boosting framework; and deep neural networks, which
use multiple layers of artificial neurons to learn highly complex transformations and may capture more
subtle patterns; (c) incorporating longitudinal data through cohort studies that follow the same students over
time, making it possible to model academic trajectories and behavioral changes; (d) integrating data from
institutional learning management systems, such as Moodle or Blackboard, including content access, forum
participation, assignment submission, and response-time records, to enrich the characterization of academic
behavior; and (e) developing an early-warning system integrated into the institutional platform that deploys
the Random Forest model in production and retrains it periodically, for example, every academic term to
maintain predictive accuracy as student behavior patterns evolve.
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