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Abstract

Introduction: The adoption and use of generative artificial
intelligence (GAI) tools has become increasingly common in
the academic activities of university students. Current
scientific debate focuses on understanding how the intensive
use of these technologies may influence intellectual autonomy,
critical thinking, and the delegation of cognitive tasks.

Objective: To construct and compare three supervised
classification models capable of predicting the level of
perceived cognitive dependence among students at the
University of La Guajira, based on sociodemographic,
technological, usage pattern, and academic perception
variables, incorporating a variable engineering process.

Method: A structured questionnaire was administered to 299
university students during the 2026-1 academic period. The
research process followed the CRISP-DM methodology. The
target variable was constructed as a summative index based on
two Likert-scale items: loss of critical thinking and decreased
autonomy, categorized into three levels: low, medium, and

high. Eleven derived variables were generated through
variable engineering, and SMOTE was applied to balance the
training classes. Decision Tree, k-NN, and Random Forest
models were trained using GridSearchCV for hyperparameter
optimization.

Results: The Random Forest model achieved the best
performance in the testing phase, with an accuracy of 0.89 and
an Fl-macro score of 0.84. In addition, the multiclass ROC
curve showed AUC values 0f 0.99, 0.96, and 0.96 for the three
classes. Seven of the eleven engineered variables were among
the top 20 most important predictors, with the ratio of
cognitive replacement tasks standing out as a particularly
relevant variable.

Conclusions: Perceived cognitive dependence on generative
artificial intelligence is predictable from sociotechnical
variables. The results suggest that the strongest predictors are
not related to the frequency of use, but rather to the type of
tasks delegated to Al These findings provide useful evidence
for designing institutional policies aimed at promoting the
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responsible and critical use of generative Al in higher
education.
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Resumen

Introduccion: La adopcion y uso de herramientas de
inteligencia artificial generativa (IAG) se ha convertido en una
practica cada vez mas comun en las actividades académicas de
los estudiantes universitarios. El debate cientifico actual se
centra en comprender como el uso intensivo de estas
tecnologias puede influir en la autonomia intelectual, el
pensamiento critico y la delegacion de tareas cognitivas.
Objetivo: Construir y comparar tres modelos de clasificacion
supervisada capaces de predecir el nivel de dependencia
cognitiva percibida en estudiantes de la Universidad de La
Guajira, a partir de variables sociodemograficas, tecnologicas,
patrones de uso y percepcion académica, incorporando un
proceso de ingenieria de variables.
Método: Se aplicé un cuestionario estructurado a 299
estudiantes universitarios durante el periodo académico 2026-
1. El proceso de investigacion se organiz6 mediante la
metodologia CRISP-DM. La variable objetivo se construyd
como un indice sumativo a partir de dos items tipo Likert:

pérdida de pensamiento critico y disminucion de autonomia,
categorizados en tres niveles: bajo, medio y alto. Se
construyeron once variables derivadas mediante ingenieria de
variables y se aplico SMOTE para balancear las clases de
entrenamiento. Posteriormente, se entrenaron los modelos
Arbol de Decision, k-NN y Random Forest, utilizando
GridSearchCV  para la btsqueda de hiperparametros.
Resultados: El modelo Random Forest obtuvo el mejor
desempefio en la fase de prueba, con una exactitud de 0,89 y
un Fl-macro de 0,84. Asimismo, la curva ROC multiclase
present6 valores AUC de 0,99, 0,96 y 0,96 para las tres clases.
Siete de las once variables construidas aparecieron entre las 20
mas importantes, destacdndose especialmente la razon de
tareas de reemplazo cognitivo como una variable relevante
para la prediccion.
Conclusiones: La dependencia cognitiva percibida frente a la
inteligencia artificial generativa puede predecirse a partir de
variables sociotécnicas. Los resultados sugieren que los
predictores mas fuertes no estan asociados con la cantidad de
uso, sino con el tipo de tareas que los estudiantes delegan en
la TA. Estos hallazgos ofrecen evidencia util para el disefio de
politicas institucionales orientadas al uso responsable y critico
de la inteligencia artificial generativa en la educacion superior.
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INTRODUCTION

Education has been undergoing an accelerated transformation due to the massive arrival of generative artificial
intelligence (GAI) tools [1]. Among these changes, GAI models such as ChatGPT, Gemini, Copilot, Claude, and
Perplexity, among others, have become the everyday support tools for students [2], [3]. However, this issue is further
compounded in higher education settings, as this technology is increasingly publicized and used in these academic fields
[4], [5]. Not only that, but it is also useful for specific tasks such as searching for information, which opens up many real
opportunities to support learning, while also raising serious questions about student autonomy, critical thinking, source
reliability, and academic integrity [6].

It should be clarified that, according to studies on the use of technology to improve learning, purposeful use of
technology enhances and supports learning [7]. In fact, there is what we might call a positive or functional dependence,
which is the kind we have toward tools that expand our capabilities without replacing them [8]. For example, an engineer
depends on a calculator, computer, or search engines, and no one would say that is a problem, because these tools enhance
their work rather than nullify their judgment. The situation changes when dependence begins to erode cognitive functions
that are proper to the student, such as the ability to analyze a problem on their own or to construct an argument without
the machine doing it for them. At that point, dependence ceases to be support and becomes a situation of thought
substitution [9].

This difference is precisely what gives meaning to the variable studied in this work. When we speak of cognitive
dependence, we do not refer to the mere fact of using Al frequently, but to the student’s perception that this tool is
reducing their critical thinking and diminishing their autonomy [10]. These two elements, the reduction of critical thinking
and the decrease in autonomy, are precisely those that mark the boundary between a healthy and a problematic
dependence, and for this reason they are the components with which we subsequently construct the target variable of the
study [5], [11].

At the Universidad de La Guajira, the issue also carries institutional weight, as the university has already approved an
institutional policy for the ethical and strategic use of generative artificial intelligence through Agreement No. 012 of
2025 (Universidad de La Guajira, 2025). However, to guide academic decisions, it is not enough to recognize that Al is
being used; it is also necessary to have own data that allow understanding how students use it, how frequently, for what
tasks, and what perception they have about their learning. Without this local information, any guideline risks being too
general or failing to reflect the reality of the region.
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One aspect worth highlighting is that the department of La Guajira exhibits significant gaps in access to and use of
digital technologies, as demonstrated by DANE in its 2023 report [12]. This implies that the adoption of generative
artificial intelligence among students is not homogeneous but is mediated by socioeconomic and connectivity factors. It
is therefore also necessary for the environment to provide guarantees to people from socioeconomic sectors with low
access to technology, as otherwise new forms of academic inequality may be generated. For this reason, this work
explicitly incorporates technological capital and socioeconomic vulnerability variables as differential predictors.

Artificial intelligence can be understood as the field that studies systems capable of performing tasks we normally
associate with human intelligence, such as learning, reasoning, or making decisions [13]. Within this field, supervised
machine learning allows a system to identify patterns from data and make predictions or classifications without having to
program rules for each particular case [14]. In this work, these techniques are pertinent because they allow the
simultaneous analysis of multiple variables and the detection of relationships that are not always evident with simple
descriptive statistics.

Modeling student behavior in relation to technology poses a complex analytical challenge due to the multidimensional,
mixed, and frequently nonlinear nature of self-reported data [15]. To address this complexity, the educational data mining
(EDM) literature supports the use of supervised machine learning architectures as robust mechanisms for identifying
latent predictive patterns from symptomatic variables [16]. In this study, the selection of the k-Nearest Neighbors (k-NN),
Decision Tree, and Random Forest classification algorithms is not a mere catalog comparison exercise, but is based on
their geometric and structural properties in the face of the heterogeneity of institutional data. While k-NN offers a non-
parametric perspective based on the proximity of student profile feature spaces, tree-based models allow hierarchical
segmentation of sociotechnical interactions without requiring prior normal distribution assumptions, providing an optimal
balance between diagnostic interpretability and the ability to capture complex interactions of exogenous variables [13].

The general objective of this research is to develop and compare three supervised classification algorithms (k-Nearest
Neighbors, Decision Tree, and Random Forest) to predict the level of perceived cognitive dependence in students at the
Universidad de La Guajira, based on sociodemographic, technological access, usage pattern, and academic perception
variables, incorporating an explicit variable engineering process that enriches the data representation.

A. Conceptual Framework
This research draws on four theoretical frameworks that guide the way variables are operationalized. The technology
acceptance model proposed by [17] proposes that the adoption of a technology depends on perceived usefulness and
perceived ease of use, two ideas that in this study translate into statements about comprehension, time savings, and
improvement of academic performance. This theoretical basis justifies including perception variables as predictors of
usage behavior.

Critical thinking, which Facione [18] defines as the ability to rigorously analyze information, identify assumptions and
fallacies, evaluate the quality of evidence, and formulate well-founded judgments, is one of the central purposes of
university education and a good indicator of the student’s intellectual autonomy. In this work, critical thinking is measured
as the student’s self-perception of how their analytical capacity has changed since they began using generative Al, and is
one of the two components of the target variable.

Authentic learning, described by Newmann and Wehlage [19] as the process through which the student constructs
meaningful knowledge through their own cognitive effort, problem-solving with real-world relevance, and the production
of original ideas, supports the inclusion of autonomy as the second dimension of the dependence construct [20]. When a
student systematically and increasingly delegates their cognitive functions to an external tool, what erodes is not just a
specific skill, but the entire process of constructing knowledge in an authentic way. This clearly illustrates the difference
we raised at the outset between a functional dependence and a dependence that completely substitutes the student’s own
thinking and judgment [21].

Finally, the digital divide documented by DANE (2023) for the department of La Guajira justifies the inclusion of
technological capital and socioeconomic vulnerability variables as differential predictors, since the adoption of generative
Al does not occur in a vacuum, but rather against a backdrop of material conditions that can amplify or moderate the
cognitive dependence formed in students [12].

B. Related Work

[22] analyzed the opportunities and risks of large language models in the educational context, identifying challenges
such as academic integrity, tool dependence, and the need for clear institutional policies, which are precisely those that
guide this work. Cotton et al., [23] studied the use of ChatGPT in higher education from the perspective of academic
integrity, and highlight that universities need their own diagnostic data before making decisions. Chan and Hu [24]
showed that student perception is a key input for understanding the adoption of these tools. In the field of educational
data mining, [25] report good performance of Random Forest when there are heterogeneous variables and unbalanced
classes, which is consistent with the nature of the present dataset. This research differs in that it proposes a cognitive
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dependence construct as the target variable rather than frequency of use, and because it incorporates an explicit
sociotechnical variable engineering process based on data collected directly at the Universidad de La Guajira [26].

MATERIALS AND METHODS
The methodology was approached following the CRISP-DM process [27], applying the phases of business
understanding, data understanding, preparation, modeling, and evaluation. The steps addressed in the methodology are
outlined below [27].

A. Business Understanding
The problem addressed consists of understanding what factors predict the level of perceived cognitive dependence that
a student develops from the use of generative Al. The institution already has a policy framework on the ethical and
strategic use of Al (Universidad de La Guajira, 2025), but own data and a predictive model are needed to identify risk
profiles and design differentiated support strategies. From the data mining perspective, the problem was formulated as a
multiclass supervised classification with three levels of dependence.

B. Instrument and Data Collection

As no prior institutional database was available, it was necessary to design from scratch a structured questionnaire with
closed-ended questions, multiple-choice questions, and Likert-type statements. The instrument was organized into blocks
covering the sociodemographic and academic profile, technology access and use, use of generative Al tools, and
perceptions about learning, autonomy, critical thinking, academic performance, and ethical reflection. Likert-type
statements were measured on a scale of 1 to 5. Before administering the survey, the instrument was reviewed by five
experts using an evaluation matrix with a scale of 1 to 5, considering the clarity, relevance, coherence, and sufficiency of
the items. The average expert evaluation score was 4.5, and the improvement observations made by the experts were
incorporated into the final version used for data collection.

Data collection was carried out in virtual and in-person modalities during the 2026-1 period, between April 2 and 27,
2026, with a total of 299 responses. Participation was voluntary and anonymous, with informed consent in accordance
with Law 1581 of 2012.

C. Data Understanding
The dataset was composed of 299 records and 24 variables, with no null values or duplicate records. ChatGPT was the
most frequently mentioned tool, followed by Gemini and Copilot. The most frequent tasks were information searching,
paper writing, idea generation, summarization, and exam preparation.

D. Reformulation of the Target Variable

Initially, frequency of Al use was considered as the target variable, but the analysis and application of the proposed
models revealed two problems. The first is that the most common category concentrated the majority of records,
generating an imbalance that made a useful stratified partition impossible. The second is that predicting frequency does
not add strategic value, since the literature already tells us that most students use Al with some regularity. For this reason,
the problem was reformulated toward the level of perceived cognitive dependence, constructed as a summative index
based on two Likert items: the statement about reduced critical thinking and the statement about decreased autonomy.
Both items measure, from two complementary angles, the same underlying construct: the delegation of cognitive functions
to the tool. At this point, feature engineering was employed to create the new variables. The summative scaling technique,
formalized by Likert (1932), is standard in psychometrics and yields a more robust measure of the construct than each
item would provide separately [28].

The resulting index takes values between 2 and 10, and was categorized into three levels: Low (2 to 5), Medium (6 to
8), and High (9 to 10). To avoid data leakage, described by [29], the two Likert items that compose the index were
excluded from the predictor set. The other three Likert variables, comprehension, time savings, and performance, were
retained because they measure different constructs. Table 1 shows the result of the feature engineering applied to the
dataset and therefore presents the distribution of the level of cognitive dependence.

TABLE 1. DISTRIBUTION OF COGNITIVE DEPENDENCE LEVEL (N = 299).

Level Index range n %
Low dependence 2t05 60 20.1
Medium dependence 6to8 66 22.1
High dependence 9to 10 173 57.9
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Figure 1. Distribution of cognitive dependence level.

E. Preparation and Variable Engineering

Ordinal variables were numerically encoded respecting their logical order, nominal variables were transformed using
One-Hot Encoding, and multiple-choice questions were converted into binary indicator and count variables. The target
variable was encoded with LabelEncoder. One of the central contributions of this work is the construction of 11 derived
variables that capture richer sociotechnical constructs than the raw variables, organized into three families. The usage
pattern family includes usage diversity, replacement tasks, support tasks, and the replacement ratio, which measures what
percentage of use corresponds to tasks where Al replaces intellectual work. The technological capital family includes
technological capital, vulnerability, device profile, digital intensity, and early adoption. The context family includes
concealment of use, creative use, and academic area. The final set was composed of 47 predictors.

F. Partitioning, Balancing, and Modeling

The dataset was divided into 70% for training and 30% for testing, with stratified train_test split and random_state=42.
SMOTE [30], which generates synthetic samples of the minority classes to balance them, was applied to the training set;
the test set was kept unbalanced so that the evaluation would reflect the actual data distribution. For k-NN, numerical
variables were normalized to the range 0 to 1 using MinMaxScaler, given that this algorithm is distance-dependent and
scale-sensitive. The three models —Decision Tree, k-NN, and Random Forest— were trained and their hyperparameters
were tuned using GridSearchCV with three-fold stratified cross-validation, using the macro F1-Score as the optimization
metric. The entire process was executed in Google Colab using Python, pandas, NumPy, scikit-learn, imbalanced-learn,
matplotlib, and seaborn, with random_state=42 fixed to ensure reproducibility. Table 2 shows the hyperparameter
configuration for the best-performing models.

TABLE 2. HYPERPARAMETER CONFIGURATION AND BEST COMBINATION PER MODEL.
Model Hyperparameters evaluated Best configuration
Decision Tree max_depth € {3,5,7,10,None}; criterion = gini;
min_samples_split € {2,5,10}; max_depth =7,
min_samples_leaf € {1,2,4}; criterion min_samples_split = 2;
€ {gini, entropy} min_samples_leaf = |

k-NN n_neighbors € {3,5,7,9,11}; weights metric = manhattan;
€ {uniform, distance}; metric € n_neighbors = 3; weights
{euclidean, manhattan} = distance
Random n_estimators € {100,200,300}; max_depth = None;
Forest max_depth € {5,10,None}; max_features = log2;

min_samples_leaf =1;
n_estimators = 300

max_features € {sqrt, log2};
min samples leaf € {1,2,4}

RESULTS
Table 3 summarizes the performance of the three models on the test set. The Random Forest was clearly the best model
across all metrics, followed by k-NN and the Decision Tree, which were very close to each other.

TABLE 3. PERFORMANCE COMPARISON ON THE TEST SET (N = 90).

Model Accuracy Macro Macro F1 macro F1
Precision Recall weighted
Decision Tree 0.7778 0.7015 0.6892 0.6889 0.7729
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The Random Forest achieved an accuracy of 0.89 and an Fl-macro of 0.84 on the test set. It is worth noting that,
compared to a preliminary version of the study with a smaller sample, increasing the sample size to 299 records notably
improved performance, especially in the minority classes, confirming that the model benefits from more data. Figure 2
shows the visual comparison of the metrics.
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Figure 2. Metric comparison among the three algorithms.

The confusion matrices in Figure 3 show the behavior of each model class by class. The Random Forest correctly
classifies 51 of the 52 cases in the High class, and clearly improves the identification of the Low and Medium classes
compared to the other two models.
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Figure 3. Confusion matrices of the three algorithms.

The multiclass ROC curve of the Random Forest, in Figure 4, confirms the quality of the model, with an AUC of 0.99
for the High class, 0.96 for the Low class, and 0.96 for the Medium class, all well above chance.
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Figure 4. Multiclass ROC curve of the Random Forest model.

The variable importance analysis, in Figure 5, yields one of the most interesting findings. Seven of the eleven variables
constructed through variable engineering appear among the 20 most predictive, and the replacement ratio ranks fourth
overall, above several quantity-of-use indicators.

Top 20 variables mas importantes — Random Forest

likert_ahorro_n
likert_rendimiento_n
likert_comprension_n
ratio_reemplazo
postura_n

horas_n
adopcion_temprana
intensidad_digital
alfa_n
capital_tecnologico
perfil_disp
semestre_n
n_dispositivos
reflexion_n

n_tareas
tareas_reemplazo
diversidad_uso
n_herramientas

freq_n

t_redaccion EEE Variables crudas

I Variables construidas (feature engineering)

0.00 0.02 0.04 0.06 0.08 0.10
Importancia relativa

Figure 5. Top 20 most important variables according to Random Forest.

Figure 5 shows the hierarchical relevance of predictors in the Random Forest model architecture, revealing a dynamic
that prioritizes the perceptive and qualitative dimension of technology use over purely quantitative indicators. The three
variables with the greatest mathematical discriminatory capacity correspond to the Likert items related to time savings
(likert ahorro n), perceived academic performance optimization (likert rendimiento n), and facilitation of content
comprehension (likert comprension n). However, the most revealing vector in the chart is located in the fourth overall
position, where the variable constructed through data engineering, called replacement ratio (ratio_reemplazo), widely
surpasses traditional variables such as digital intensity or net hours of screen exposure. By measuring the proportion of
interactions where the algorithm substitutes the student’s reflective functions (such as writing or generating critical ideas)
versus peripheral support activities, its statistical prominence confirms that intellectual vulnerability in the university
environment is not generated by the chronological frequency of computational resource use, but by the ontological nature
of the formative processes that are decided to be externalized to the machine.



The prominence of the replacement ratio in the predictive architecture of the Random Forest corroborates that the
determining vector of dependence is not the time of technological exposure, but the ontological nature of the delegated
task. This pattern is consistent with the findings of [31], who warn that the automation of tasks of “apparently low effort”
but “high formative value” (such as structuring summaries or the initial synthesis of ideas) deprives the student of the
cognitive processes necessary to consolidate deep learning. By systematically delegating these subtasks (replacement)
instead of using the algorithm as a dialectical interlocutor (support), the perception of obsolescence of one’s own skills
accelerates.

This finding is consistent with what was noted by [31] in the sense that the externalization of apparently low-effort
subtasks, but of high formative value, such as the initial synthesis of ideas or the structuring of summaries, deprives the
student of the cognitive steps that consolidate deep learning. When these subtasks are systematically delegated to GAI,
instead of using it as a dialectical interlocutor, the perception of falling behind in one’s own skills accelerates. It should
be noted that the variables in this study come from self-reported responses, which introduces a risk of social desirability
bias; however, the educational data mining literature holds that self-perception variables and performance expectations
are valid predictors of dependency behaviors [32].

DISCUSSION
The Random Forest was the best-performing model, a result consistent with what was reported in [25] and with the
general educational data mining literature, where tree ensemble methods tend to perform well when there are mixed
variables and nonlinear relationships. The superiority of the Random Forest over the individual Decision Tree is explained
by the variance reduction offered by the ensemble, since each tree makes different errors and the majority vote tends to
be more robust.

The three most relevant variables in the prediction are the Likert statements about the perception of time savings,
performance, and comprehension, which is consistent with Davis’s technology acceptance model [17], according to which
the perceived usefulness of a technology is directly associated with the intensity of its use and, in this case, with the
cognitive dependence formed from it. It should be clarified that these variables do not compose the target, which was
constructed solely from the critical thinking and autonomy items, both excluded from the predictors, so their predictive
power is legitimate and does not constitute data leakage.

Engineered variables such as the replacement ratio appear among the most predictive, ranking fourth overall. This
variable measures what percentage of the student’s use of Al corresponds to cognitive replacement tasks, such as writing,
summarizing, or generating ideas, versus support tasks, such as searching for information, translating, or preparing for
exams. The fact that this variable surpasses in importance quantity-of-use indicators such as hours or number of tools
suggests something important: cognitive dependence is not formed so much by how much Al is used, but by what it is
used for. This again illustrates the difference between functional dependence and dependence that substitutes one’s own
work.

Finally, the limitations of the study are presented in three dimensions. The sample comprises 299 students, sufficient
for a solid analysis, but limited to a single institution. All variables are self-reported, which introduces social desirability
bias, and the study does not incorporate actual academic grades that would allow contrasting perception with actual
performance, aspects that remain pending for future work.

CONCLUSIONS
The Random Forest, tuned via GridSearchCV on a dataset enriched with 11 engineered variables and balanced with
SMOTE, was the best-performing model, with an accuracy of 0.89 and an F1-macro of 0.84, and AUCs between 0.96
and 0.99 in the multiclass ROC. The reformulation of the target variable, from frequency of use to level of cognitive
dependence, was the central methodological decision and made it possible to obtain a balanced variable that is
institutionally actionable.

The variable engineering process proved to be a substantive contribution, as seven of the eleven constructed variables
ranked among the 20 most important in the final model. Among them, the replacement ratio is the most revealing, because
it suggests that cognitive dependence is not primarily formed by the amount of use, but by the type of tasks the student
delegates to the tool.

As future work, it is recommended to expand the sample to other institutions in the Colombian Caribbean, incorporate
objective academic variables, and conduct a longitudinal follow-up.
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