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Abstract. The article presents the Random Forest model used to identify the
primary factors contributing to student desertion at the Salesian Polytechnic
University. This analysis utilizes academic data in conjunction with the
demographic data of this institution of higher education. In comparison with
other models, Random Forest is used in this article because it is one of the most
robust and interpretable models, as it utilizes multiple decision trees for
prediction. The methodology employs the KDD method, comprising five stages:
selection, preprocessing, transformation, data mining, and evaluation. The results
obtained show that factors such as academic performance and level of study are
the most predictive of dropout.
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1 Introduction

Today, universities face an increasingly critical challenge: student attrition. Just as
private companies strive to retain their customers, higher education institutions must
develop strategies to prevent students from dropping out of their academic programs
before completion [1]. The problem of student dropout is particularly evident at the
Salesian Polytechnic University in Ecuador [2], where dropout rates exceed 10% during
the first year of undergraduate studies [3]. This phenomenon not only represents a
significant loss of revenue for the institution [4, 5], but also reveals the presence of
structural, academic, and social factors that remain insufficiently addressed [6].

Personalised outreach to at-risk students, flexible financial support, and
psychological counselling are just a few of the initiatives UPS has put in place, although
the outcomes have been mixed [7, 8]. This circumstance emphasises the need for more
accurate and flexible methods that can both identify students who are more likely to
drop out and offer insights into the main factors influencing that risk.

In this regard, machine learning methods provide a strong substitute for analysing
substantial amounts of institutional data and creating reliable prediction models. The
integration of academic, demographic, socioeconomic, and institutional data to create

© The Author(s) 2025

D. Barredo Ibafiez et al. (eds.), Proceedings of the International Conference on Communication and Applied
Technologies 2025 (ICOMTA 2025), Atlantis Highlights in Social Sciences, Education and Humanities 42,
https://doi.org/10.2991/978-94-6463-868-4_46


http://orcid.org/0000-0002-5848-2888
http://orcid.org/0000-0003-2401-9403
http://orcid.org/0000-0002-3660-8347
https://doi.org/10.2991/978-94-6463-868-4_46
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-868-4_46&domain=pdf
https://orcid.org/0000-0002-5848-2888

Identifying Key Factors of Student Dropout through Random Forest: ... 505

both explanatory and predictive models of university dropout has shown the potential
of these tools to predict student behaviour [9], categorise risk profiles, and direct tai-
lored interventions [5, 10]

The purpose of this analysis is to determine the main factors that influence the deci-
sion to abandon undergraduate studies at the UPS. For this analysis, both on-site and
online careers are considered, all using supervised learning models. In this research
study, the random forest model is employed due to its ability to generate accurate pre-
dictions through the use of multiple decision trees. It is worth mentioning that it also
offers great interpretability, indicating which variables are the most important for the
prediction. This model evaluates the impact of variables such as the student's grade
point average, the number of subjects taken in a given period, as well as the academic
level, thereby generating an effective tool for the institution to anticipate and mitigate
the risk of desertion.

Studies in recent years have addressed the problem of college dropout with various
machine learning models and in different contexts. [11] conducted a systematic review
of 23 papers, identifying Random Forest as one of the most widely used models in this
type of study, with an accuracy ranging from 86% to 99%. However, this analysis was
limited to Latin American contexts. In another study by [12], conducted on 4,000 stu-
dents at a university in Turkey using decision tree models, artificial neural networks,
and Random Forest, 75% accuracy was obtained for Random Forest without an explan-
atory approach. A third study, presented by [13], analyzes data from a Peruvian univer-
sity using Random Forest, achieving an accuracy of 85.9% but with a recall of 52%,
which is an aspect that needs improvement in this study.

Table 1. Comparison of metrics between Random Forest and KNN

Reference

Algoritm

Context

Comments

(11]

Random For-
est, SVM,
XGBoost, others
(systematic  re-
view)

Decision Tree,

Review of 23 stud-
ies in Scopus, Web of
Science and IEEE.

Turkey Administra-
tive Data (4,424 stu-

Accuracy reported up to 99% in
some studies (Random Forest with bet-
ter overall performance). RF is the most
cited algorithm (21.73%). Few studies
in the Latin American context are iden-
tified, and lack of interpretability.

DT Accuracy 70.1%, RF Accuracy
75.5%, ANN Accuracy 77.3%. ANN

[12] Random Forest, dents, three classes: showed better performance, but none of
Artificial Neural Dropout, Enrolled, the models analyzes the importance of
Network (ANN)  Graduate) variables or offers interpretability; it fo-

[13]

Random For-
est

National University
of the Altiplano de
Puno, Peru

cuses only on classification accuracy.
Accuracy 85.9%, Recall 52%, Spec-
ificity 91%, AUC 0.77. Good perfor-
mance in terms of accuracy and speci-
ficity, but low recall; this highlights the
importance of academic variables and
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suggests improving sensitivity through
additional techniques.

Universidad Nacional del Altiplano. This comparison reveals that the different stud-
ies exhibit a high level of precision; however, there are areas for improvement, such as
recall and model interpretability, as well as the limited number of studies utilizing ran-
dom forest in the Ecuadorian context. The present study stands out because it is con-
ducted in an Ecuadorian context, enhances recall, and employs an explanatory ap-
proach.

The various institutional models of universities are enhanced through the use of ar-
tificial intelligence, leading to improved predictions and a solid foundation for the in-
stitution to adopt a data-driven management and decision-making approach. As a result,
UPS will strengthen its retention strategies and become a more efficient, sustainable,
and inclusive institution.

2 Methodology

The analysis was conducted using the KDD methodology [14], which comprises five
stages: selection, preprocessing, transformation, modeling, and evaluation.

2.1 Selection

The evaluated dataset has information about 16,396 students from 41 undergraduate
careers at the Salesian Polytechnic University. The data records extended from 2021 -
2023. The database contains academic, socioeconomic, and administrative data, all the
datasets have been anonymized. Attrition was established as the lack of enrollment in
the following semester.

This dataset comprises five academic semesters and examines students from various
programs and modalities. This time range was selected in order to identify patterns of
early attrition, as they are known to be of great importance for retention-based studies.
Similarly, datasets collected through institutional records in successive periods were
considered valid in the literature, as well as representative for attrition modeling in the
context of higher education [10]. Furthermore, representativeness has been validated
for structured retention frameworks combining institutional records with attrition anal-
ysis [15]. In this case, attrition is defined as the absence of enrollment in the following
period, which meets the criterion most commonly used in institutional analytics.

On average, 16% of the students in the sample were dropouts, which shows that the
class is imbalanced. This is key in selecting a suitable machine learning strategy, such
as subsampling, since unbalanced classes can influence the model's sensitivity and re-
quire special conditions during training.
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2.2 Preprocessing

Data were extracted and cleaned using Oracle and transformed with Python. Custom
scripts were implemented to generate the target variable (dropout vs. non-dropout), and
missing values were addressed by imputation with the median.

To address the imbalance in the DESERTOR binary variable, a random subsampling
technique was used in the majority class. More precisely, it has decreased the number
of instances of non-dropouts to equal the number of dropout cases, after which a bal-
anced dataset was constructed. Then, the data were randomized to eliminate order bi-
ases. Finally, they were divided into training and test sets in a ratio of 70:30, respec-
tively. To standardize the numerical columns and ensure the model's good performance,
it was necessary to normalize using the z-score method, and the StandardScaler was
applied. Thus, preprocessing the input data in its entirety enables adequate training and
evaluation of classification models, especially in situations where algorithms depend
on the order of magnitude of the attributes due to their sensitivity to scale.

A correlation matrix was analyzed to identify possible relationships between the pre-
dictor variables and the target variable. Fig. 1, shows the heat map, which indicates that
there are no strong linear correlations between the variables included in the model. In
particular, the variable “Level of study” does not present any correlation, as all the
students in the sample belong to the same academic level, resulting in a constant value.
This behavior is consistent with the nature of the data and confirms that there is no risk
of multicollinearity; therefore, it was decided to retain all variables for training the
model without the need for additional transformations.

INF_C_NRO_COMPUTADORAS -

DESERTOR -

DESERTOR

EPA_NIVEL_CURSA -

PROMEDIO_NOTAS

INF_C_NRO_COMPUTADORAS
INF_C_NRO_TELEVISORES.

Fig. 1. Correlation Heatmap of Model Features

2.3 Transformation

Feature engineering involved the standardization and coding of variables, including
GPA, the number of subjects enrolled, and the level of studies.

In addition to class balancing and standardization, further steps were taken to ensure
a high level of model reliability, including imputing missing values using the median
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and eliminating duplicate records or those with null fields. On the other hand, when
present, categorical variables were transformed using one-hot coding. Since standardi-
zation preserves the properties of the distribution and is more resistant to outliers com-
pared to MinMax normalization, standardization was applied to all numerical predic-
tors.

2.4 Data Mining

Predictive modeling was performed using the Random Forest algorithm, implemented
in Python with the Scikit-learn library. The modeling process is pipelined with clear
stages of input preprocessing, classifier training, and result prediction. For determining
the best model, hyperparameter fitting was performed using cross-validation or
GridSearchCV, which involves a mesh that systematically searches across different
values of specific parameters. Grid search involves evaluating the performance for each
available hyperparameter combination. The final selected configuration consisted of
100 estimators, a maximum tree depth of 7, a minimum split size of 5 samples, and the
entropy impurity criterion. These values were empirically derived from the search pro-
cess and align with established good practices and previous studies in educational data
mining.

The model's strength was evaluated using 5-fold cross-validation with stratified sam-
pling, which preserves the class distribution across all folds. The purpose of this ap-
proach was to minimize overfitting and maximize the generalizability of results. Eval-
uation metrics comprised accuracy, precision, recall, F1-score, and the area under the
ROC curve (AUC), due to class imbalance in the underlying dataset.

2.5 Results

Accuracy, precision, recall, F1 Score, and ROC-AUC were the metrics used to assess
the random forest model's performance. The aforementioned measures offer a thorough
understanding of the model's efficacy, particularly in cases where the dataset contains
uneven classes, such as college dropout.

With a 79% accuracy rate, 79% of the predictions were properly identified by this
model. When processing uneven data, this statistic, which gives an overview of perfor-
mance, may produce inflated readings; therefore, other metrics were considered.

The model was able to predict that a student will drop out 82% of the time with an
accuracy rating of 82%. The institution can take these results with confidence and
avoid making poor decisions, which will prevent the mismanagement of resources for
students who do not need them, because this high measure shows that false positives
are low.

The recall metric obtained 73%, indicating that the model correctly identified 73%
of the students who dropped out. This metric indicates that this model can be used to
detect students at risk of dropping out before they leave the institution.

With an accuracy and recall combined score of 77%, the F1 score demonstrated a
compromise between minimising false alarms and correctly identifying actual drop-
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outs. In situations when there is an imbalance in the classes, like this one where drop-
outs are less common, this statistic is frequently employed; 77% of respondents say it
has a perfect balance.

Finally, the ROC-AUC metric obtained a 0.86, which means that the model separates
well the two dropouts and non-dropouts. This confirms that the model is robust in dis-
tinguishing real dropouts from non-dropouts.

Table 2. Performance metrics of the Random Forest model.

Metric Value
Accuracy 0.79
Precision 0.82
Recall 0.73
F1-Score 0.77
ROC-AUC 0.86

The results indicate that the Random Forest model is very effective for the prediction
of students at risk of dropping out since it offers accuracy and reliability, with stable
predictions against a previously balanced data set.

The Random Forest model employed in this article's ROC curve is displayed in Fig.
2. With an area under the curve (AUC) of 0.86, this model is highly effective in differ-
entiating between dropouts and non-dropouts. The blue curve's proximity to the upper
left vertex indicates that the model's sensitivity and specificity are well-balanced. This
demonstrates how effectively the methodology works in detecting pupils who plan to
leave school.



510 D. P. Morin et al.

0.6 1

0.4

True Positive Rate (Sensitivity)

0.2

,/ —— Random Forest (AUC = 0.86)
0.07 ---- Random Classifier

0‘.0 0‘2 014 0‘.6 0‘8 1.‘0
False Positive Rate (1 - Specificity)

Fig. 2. ROC Curve — Random Forest for Dropout Prediction
The analysis of the variables' importance revealed that the variable with the greatest
contribution was the student's academic average, followed by the number of subjects

taken and the current academic level.

Table 3. Variable importance in the Random Forest model.

Variable Importance (%)
PROMEDIO NOTAS 67.17 %
CANTIDAD MATERIAS 26.00 %

This interpretability was achieved by using the feature importances_ attribute of the
model, which quantifies the contribution of each variable to the overall impurity reduc-
tion.

To justify the use of the Random Forest model in this article, a comparative analysis
was conducted with the K-Nearest Neighbors (KNN) model as the base model, as it is
characterized by its simplicity and does not employ ensemble techniques. It is worth
mentioning that for the comparison, both models used the same data and preprocessing,
thus ensuring the validity of the comparison. Similarly, for the selection of hyperpa-
rameters, the grid search technique was used in conjunction with a cross-validation
procedure, achieving its best performance with k=5. The results obtained clearly
showed that Random Forest outperformed KNN in all metrics, indicating that the model
selected for this article yields better results for this type of study compared to simple
approaches such as KNN, which justifies its use.
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Table 4. Comparison of Random Forest and KNN metrics

Model Accu- Preci- Re- F1- ROC-
racy sion call Score AUC

K-Nearest Neighbors 0.73 0.74 0.69 0.72 0.81

Random Forest 0.79 0.82 0.73 0.77 0.86

2.6 Tools and Software

Python 3.9 was used as the programming language for this paper, together with the
following libraries:

o Scikit-learn 1.0.2: For the execution of the Random Forest model, as well as for the
calculation of performance metrics, and ROC curve generation.

e Pandas 1.4.4: Used for data cleaning.

e Numpy 1.23.5: for data structures and working with numbers.

e Matplotlib 3.5.2 and seaborn 0.11.2: for the visualization of the different graphs.

This study was performed in the Jupyter Notebook environment with the Windows
11 operating system. These libraries help the reproducibility of the results of the study.

3 Discussion

The findings verify that the most important factor linked to student dropout is academic
achievement, as determined by grade point average, which is followed by the number
of subjects taken. Key aspects of academic difficulty and student involvement are re-
flected in these factors. A low GPA may indicate difficulties in content assimilation or
time management, while an excessive subject load may reflect unrealistic expectations
or institutional pressures. These findings are consistent with previous studies highlight-
ing the critical role of academic performance and academic load in predicting attrition
[10, 16].

Given the ROC curve and the AUC value of 0.86, it indicates that the Random Forest
model is effective in discriminating between students at risk of dropping out and those
who will continue their studies. This is supported by previous studies, which have
shown that Random Forest is one of the best models for predicting students at risk of
dropping out [11, 13].

The Random Forest model achieved not only high predictive accuracy but also fa-
cilitated a reliable identification of the variable importance. This is especially critical
in the implementation of strategies in educational settings, as it allows the authority to
go beyond a simple prediction and make a more strategic intervention. By analyzing
the contribution of each variable, the model supports the development of effective re-
tention initiatives. For example, prioritizing tutoring or mentoring for students with low
GPAs, or reducing the overload of subjects in the first semester.
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Additionally, the interpretability of the Random Forest model, as demonstrated by
its feature importance scores or through SHAP visualizations, makes it a viable candi-
date for deployment in real-world conditions. Instead of deep learning and other en-
semble models, Random Forest offers a decision process that is simple to explain to
others, including educators, consultants, and policymakers, without requiring technical
expertise. Being able to generate individual risk profiles with this model makes it more
viable, as it enables the institution to establish early detection systems.

In summary, the model provides not only a predictive tool but also a diagnostic
framework that provides a proper understanding of the reasons behind dropout. The
combination of predictive and interpretive functions observed in Random Forest makes
this model a realistic and successful solution for educational institutions seeking meth-
ods that implement data-driven logic to address the dropout problem by incorporating
student success. In addition, Latin American universities also demonstrate that inter-
ventions based on predictive analytics can generate measurable impacts on institutional
dropout reduction policies [17].

4 Conclusions

In higher education institutions, early identification of students at risk of dropping out
is a critical challenge. Retention strategies in Latin America are quite challenging due
to structural, academic and socioeconomic problems.

In this context, this paper proposes a data-driven method, the Random Forest algo-
rithm, to predict student attrition using academic and administrative variables from the
institutional registry of the Universidad Politécnica Salesiana in Ecuador.

The dataset comprised five academic semesters, from which a dropout rate of ap-
proximately 16% was obtained. Through supervised learning, the proposed model
showed an excellent predictive performance, since it presented a total accuracy of 82%,
which makes it a reliable tool for the detection of academic risk. Among all the varia-
bles studied, the academic average and the number of subjects enrolled were the most
influential factors, offering interpretable and applicable information for institutional
decision making.

In conclusion, our results raise the prospect of using Random Forest and other en-
semble-based machine learning models in educational settings. The findings not only
support established trends in the literature, but they also point to a repeatable and com-
prehensible institutional transfer approach. Compared to other techniques, Random
Forest offers a balance between performance and interpretation of variables, which is
essential for high impact application such as academic monitoring and early interven-
tion policies.

For further studies, more variables such as psychological or motivational variables
could be included, as well as comparison with more advanced algorithms such as
XGBoost or neural networks. In addition, investigating longitudinal patterns of re-en-
rollment and incorporating data on post-dropout recovery could provide a more accu-
rate understanding of institutional strategies to reduce dropout.
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