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1. INTRODUCTION

In the current context, university student dropout has become one of the most pressing global issues,
with both social and economic implications. High dropout rates limit students’ professional development,
reduce the efficiency of higher education institutions, and directly impact the growth and competitiveness of
countries. This situation not only represents a loss of talent and resources but also undermines efforts to ensure
quality education [1], [2]. It is essential to take action in response to this situation, as student dropout has
become a common occurrence in universities, driven by multiple factors.

Despite institutional efforts to improve educational quality, student dropout in higher education
remains a persistent and multifactorial challenge. The causes of dropout are diverse and include academic,
personal, economic, and contextual factors, which make timely identification difficult through traditional
methods. This complexity prevents many universities from anticipating dropout risk and implementing
effective interventions in a timely manner [3]], [4]. Moreover, the limited availability of resources to carry out
individualized student monitoring further complicates the implementation of appropriate preventive strategies.
This situation not only affects institutional performance and educational planning, but also represents a
significant loss of human talent, public investment, and personal and professional development opportunities for
students. In addition, the emotional and motivational impact of dropping out can affect students’ self-esteem,
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creating a negative effect on their family and social environment [5], [6]]. Therefore, it is urgent to strengthen
academic support policies, guidance, and comprehensive assistance that can help address this issue from a more
human and inclusive perspective. It is considered essential to approach student dropout with greater attention,
as it represents a significant loss not only for students, but also for institutions and society as a whole.

This research is justified by the urgent need to reduce dropout rates in higher education—a problem
that negatively impacts students, institutions, and national development. The multifactorial causes of dropout
make early detection difficult through traditional methods, limiting the implementation of effective preventive
strategies [7]], [8]. In this context, it becomes essential to have tools that allow for the analysis of large
volumes of academic data and the generation of accurate predictions regarding dropout risk. Machine learning
emerges as an innovative and effective alternative for this purpose, as it enables the construction of predictive
models capable of identifying risk patterns based on available data. This research will contribute to the
development of decision-support systems in universities, facilitating timely and personalized interventions to
improve student retention and promote academic success [9], [10]. Anticipating student dropout is essential,
as timely intervention not only enhances academic performance but also provides greater opportunities for
students’ personal and professional development. The objective of this research is to develop a predictive
model based on the random forest (RF) algorithm to identify patterns of student dropout, with the aim of
optimizing strategic decision-making in the university context.

2. LITERATURE REVIEW

This section presents a thorough review of various studies related to the topic addressed. With the
purpose of providing a broad and well-founded perspective on the subject of study. Additionally, the theoretical
frameworks consulted support the selection and interpretation of the variables considered in the analysis.

2.1. Related works

This research proposes a machine learning-based approach for evaluating teaching performance. To
address this issue, several classification algorithms were implemented using the Python programming language,
including k-nearest neighbors (KNN), extra trees, light gradient boosting machine (LightGBM), CatBoost
classifier, among others. The results showed that the proposed model achieved a 2% higher accuracy compared
to the other evaluated algorithms, highlighting its effectiveness in the educational context. In a complementary
area, a student dropout prediction system was developed using machine learning algorithms, based on a
longitudinal dataset collected from university students. The results indicated that the risk of dropout is primarily
associated with factors such as academic department, gender, and socioeconomic group [[11], [12]. Another
relevant aspect addressed by Niyogisubizo et al. [[13] was the proposal of a hybrid dropout prediction model,
which combines the RF, extreme gradient boosting (XGBoost), gradient boosting (GB), and feedforward neural
networks (FNN) algorithms. The model’s performance was evaluated using the area under the curve (AUC),
showing promising results in identifying factors related to school dropout. The analysis highlighted the impact
of uncontrolled behaviors as a key variable in dropout risk. On the other hand, Vives et al. [14] emphasizes
the effectiveness of long short-term memory (LSTM) networks in predicting academic performance. Through
comparisons between different models based on metrics such as accuracy, precision, recall, and F1-score, the
superiority of the LSTM - generative adversarial networks (GAN) model was confirmed, achieving an accuracy
of 98.3% in week 8, followed by the deep neural networks (DNN) - GAN model with 98.1%.

In the context of predicting dropout in postgraduate programs, classification models such as logistic
regression, RF, and neural networks were developed and optimized using resampling techniques to address class
imbalance (synthetic minority over-sampling technique (SMOTE), SMOTE - support vector machine (SVM),
adaptive synthetic (ADASYN)), as well as through hyperparameter tuning. The best-performing model was the
neural network combined with SMOTE-SVM, achieving a recall value of 0.75, followed by logistic regression
with 0.67 and RF with 0.60—the latter also demonstrating strong generalization ability with an optimal decision
threshold of 0.427. Complementarily, another study focused on student dropout implemented a predictive
model based on LightGBM, which achieved outstanding performance with an F1-score of 0.840, surpassing
the results of previous studies that addressed the class imbalance issue. The model’s effectiveness was enhanced
through the application of oversampling techniques such as SMOTE, ADASYN, and Borderline-SMOTE,
which helped improve class distribution and optimize the system’s predictive capacity, as noted in [[15], [[16].

Another application oriented toward virtual learning environments adopted a hybrid approach using
machine learning algorithms—specifically RF and XGBoost—to classify students at risk of dropping out. The
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model achieved outstanding results, with an accuracy of 93%, a precision of 91.52%, a recall of 96.42%, and an
F1-score of 93.91%, demonstrating its high effectiveness in the early detection of academic dropout. A further
relevant contribution related to student dropout involved the development of a university dropout prediction
system. For this purpose, a software prediction program was created based on machine learning models to
identify the correlation between variables and student dropout. The models were evaluated for accuracy, with
artificial neural networks of the perceptron type achieving the highest accuracy at 98.1% [17], [18]]. Recent
studies have developed a university dropout prediction system that significantly improved accuracy (0.963)
and recall rate (0.766) by using dimensionality reduction techniques with principal component analysis (PCA)
and clustering through K-means. The model outperformed the best previous approach by 0.093 in accuracy
and achieved an Fl-score of 0.808, surpassing the GB method. Additionally, it identified four main causes
of dropout: employment, non-registration, personal problems, and admission to another university—the latter
being the most accurately predicted (0.672). In a separate study, a classification model was implemented using
machine learning techniques to anticipate student dropout with high levels of accuracy. The proposal followed
a technological methodology with a propositional focus, incremental innovation, and synchronous scope. Data
collection was conducted through a 20-question survey administered to 237 postgraduate students enrolled in
education master’s programs. The model, based on gradient boosting machine (GBM), yielded outstanding
results: a Gini coefficient of 92.20%, an AUC of 96.10%, and a LogLoss of 24.24%. These results enabled
the effective identification of key factors behind student dropout and provided a strategic tool for educational
management [[19]], [20]].

In a relevant alternative approach, the research in [21], [22] applied data mining techniques using
academic grades as key predictive variables, combined with various machine learning algorithms aimed at
modeling university dropout. The results demonstrated strong model performance, achieving an Fl1-score of
81% on the final test set. These findings suggest that students’ academic performance is a representative
indicator of their living conditions and, therefore, allows for the early detection of potential dropout cases in
higher education. This supports the idea that academic success is influenced by multiple factors, including class
imbalance, which justifies the use of supervised machine learning algorithms such as decision trees (DT) and
SVM. However, boosting algorithms—especially LightGBM and CatBoost optimized with Optuna—showed
superior performance compared to traditional classifiers, establishing themselves as more effective approaches
for academic prediction, as highlighted by the aforementioned author. In another instance, when analyzing
dropout risk among undergraduate students, unsupervised clustering algorithms were applied alongside RF and
probability threshold adjustment. The traditional model yielded a low accuracy of 13.2% in predicting dropout,
compared to 99.4% in retention. However, after adjusting the threshold, the accuracy in detecting dropout
exceeded 50%, while maintaining overall and retention rates above 70% [23l], [24]].

This research addresses dropout in massive open online courses (MOOCsS), proposing the use of the
RF algorithm to predict this phenomenon. The model demonstrated strong performance, achieving an accuracy
of 87.5%, an AUC of 94.5%, a precision of 88%, a recall of 87.5%, and an F1-score of 87.5%, highlighting
its effectiveness in the early detection of university students at risk of dropping out. In addition, risk
factors associated with dropout in university programs were identified by applying various machine learning
algorithms, among which RF exhibited the most notable performance. The highest level of predictive accuracy
was reached at the end of the first semester, once sufficient academic information about the students had been
collected. At this stage, the model produced performance indicators that were comparable to those reported
in previous research on early identification of dropout risk and low academic achievement [25]], [26]. Several
studies highlight the relevance of applying machine learning techniques in this context, particularly models
such as GB, RF, and SVM, which have shown promising results for supporting institutional decision-making
and for designing preventive strategies in university settings [27].

2.2. Student dropout

Student dropout in universities is defined as the student’s decision to interrupt their studies for various
context-related reasons, whether the interruption is temporary or permanent. Dropout represents a critical issue
for universities, as it impacts the efficiency of the educational system, the allocation of resources, and the
development of qualified human capital [28]], [29]. This phenomenon arises from multiple causes, as outlined
in Table [1} which seek to address this challenge. In this regard, it is advisable to closely monitor university
students’ academic performance, as it can significantly influence their long-term professional success or failure.
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Table 1. Main causes of university student dropout

Category Specific cause Example Impact type
Academic Low performance Continuous failure of courses Academic

Economic Lack of resources Can’t afford tuition or transportation Economic

Vocational Demotivation Insecurity about career choice Emotional/Vocational
Familiar Family problems Conflicts or responsibilities at home Psychological
Institutional ~ Lack of mentoring Poor academic support Institutional

Social Discrimination or exclusion By gender, race or social class Social/Cultural
Health Medical or psychological problems  Anxiety, depression, chronic illnesses ~ Staff

Labor Need to work Drop out of school to work full-time Economic/Labor

2.3. Random forest

The RF algorithm is a supervised machine learning method based on ensemble techniques, which
involves building multiple independent DTs and combining their predictions to obtain more robust, accurate,
and generalizable results. This model uses the bagging method, where each tree is trained on a random
sample of the dataset, and at each split in the tree, a random subset of features is considered, which helps
reduce the correlation between trees. For classification tasks, the final result is determined by majority voting,
while for regression tasks, it is calculated by averaging the predictions. This approach improves performance
by reducing overfitting and efficiently handles large volumes of data. However, its main drawback is its
lower interpretability compared to a single DT [30]], [31]. This type of algorithm can be applied in various
contexts—such as medicine, education, and finance depending on the domain in which it is used.

3. METHODOLOGY

The knowledge discovery in databases (KDD) methodology is a comprehensive and systematic
process aimed at transforming large volumes of raw data into useful, novel, understandable, and relevant
knowledge for decision-making. This process includes several interrelated stages: the selection of relevant
data, cleaning and preprocessing to remove inconsistencies or outliers, transformation into suitable
formats, application of data mining techniques to extract meaningful patterns, and finally, the evaluation,
interpretation, and presentation of the discovered knowledge in a way that can be understood and used by
organizations [32], [33]]. In this study, the process is applied to an institutional dataset composed of academic,
socio-economic, and demographic student records, involving approximately 510 students. Before modeling,
the data underwent a cleaning procedure, treatment of missing values, detection of outliers, and normalization
to ensure analytical reliability. Figure [T] presents the phases of the KDD process, illustrating the data flow
toward obtaining relevant results that support informed decision-making. Meanwhile, Figure [2] shows the
architecture implemented for student data analysis. The workflow starts with the ingestion of datasets
in formats such as .CSV, .XLSX, .TXT, and .JSON, processed using Python. The architecture integrates
libraries such as Scikit-learn, XGBoost, NumPy, and Pandas, applying preprocessing steps including cleaning,
standardization, and transformation. The RF model was subsequently implemented, allocating 80% of the
dataset for training and the remaining 20% for validation. Finally, the model is evaluated through metrics such
as accuracy, confusion matrix, F1-score, precision, recall, and ROC-AUC curves, aiming to obtain meaningful
results that contribute to decision-making in educational contexts.

3.1. Selection

This section presents a thorough search focused on selecting the most appropriate dataset for the
development of the machine learning project. The selection was based on the research objective, prioritizing
data relevance, quality, and availability. To achieve this, several specialized platforms for public dataset
distribution were explored, with Kaggle standing out as a leading platform due to its robustness and wide
variety of datasets from different fields of knowledge. Kaggle is a reliable and up-to-date source, supported
by an active scientific community that shares high-quality data along with detailed technical descriptions [34]].
This feature allowed for the selection of a dataset aligned with the project’s goals, ensuring a solid foundation
for subsequent analysis, preprocessing, and modeling using machine learning techniques such as RF. It is
important to note that Kaggle offers datasets across various domains and hosts competitions and publications
centered on machine learning.
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3.2. Preprocessing and transformation

This section presents the preprocessing and transformation of the data. Tables 2 to 5 shows the results
of the exploratory data analysis and the initial stages of variable preparation for the predictive model. Table 2]
displays the analysis of missing values, where low percentages of missing data are observed 3.75% in mother’s
occupation and 4.01% in father’s occupation. Variables such as debtor, tuition payment, and unemployment rate
do not contain any missing values. Table[3|details the distribution of participants by marital status, with “single”
being the most common category, followed by married, contributing to the sociodemographic profile of the
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study. Table [ presents the correlation between economic indicators, revealing negative relationships between
gross domestic product (GDP) and both the unemployment rate (-0.40) and the inflation rate (-0.55), suggesting
a link between economic growth and improved social conditions. Lastly, Table [5] shows the discretization of
GDP into three levels (low, medium, and high), with the medium level being the most frequent. This facilitates
its integration into classification models such as RF. These tables help to understand how the data is structured
and what transformations are applied prior to modeling.

Table 2. Exploratory data analysis and preprocessing results, missing data analysis

Variable Missing (%)
Marital status 2.14
Day/Night attendance 0.00
Mother’s occupation 3.75
Father’s occupation 4.01
Debtor 0.00
Tuition payment 0.00
International student 0.27
Unemployment rate 0.00
Inflation rate 0.00
GDP 0.00

Table 3. Exploratory data analysis and preprocessing results, marital status distribution

Category  Frequency
Single 210
Married 125
Divorced 30
Widowed 9
Total 374

Table 4. Exploratory data analysis and preprocessing results, correlation between economic indicators

Unemployment rate  Inflation rate ~ GDP
Unemployment rate 1.00 0.65 -0.40
Inflation rate 1.00 -0.55
GDP 1.00

Table 5. Exploratory data analysis and preprocessing results, discretization of GDP values

Category GDP range Frequency
Low GDP < 10000 80
Medium GDP  10000-30000 200
High GDP > 30000 94
Total 374

Table [6] presents the descriptive statistics of the numerically encoded quantitative variables in the
dataset. These statistics provide an overview of the behavior of the sociodemographic and economic variables
considered in the study. The variable marital status has a mean value of 1.78, indicating that most participants
fall between the categories of single and married. Similarly, the mean value for attendance (day or night) is
1.25, suggesting a higher proportion of students attending daytime classes. Parental occupation variables show
average values close to 1.5, reflecting an intermediate distribution among employed, unemployed, or “other”
categories. Regarding binary variables such as debtor, tuition payment, and international student, the low
mean values indicate that most individuals are not in debt, are up to date with tuition payments, and are not
international students, respectively. On the other hand, economic indicators reveal an average unemployment
rate of 6.20%, an inflation rate of 2.45%, and a GDP average of 21,500.75 monetary units. These values help
to understand the economic context in which the participants are situated and provide a solid foundation for
further analysis. Overall, the statistical information of these variables facilitates data preparation and attribute
selection for the construction of predictive models.
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Table 6. Descriptive statistics of selected variables
Variable Count Mean  Std. Dev. Min Q1 (25%) Q2 (Median) Q3 (75%) Max
Marital status 366.00 1.78 0.89 1.00 1.00 2.00 2.00 4.00
Day/Night attendance ~ 374.00 1.25 0.43 1.00 1.00 1.00 1.00 2.00
Mother’s occupation 360.00 1.65 0.75 1.00 1.00 2.00 2.00 3.00
Father’s occupation 359.00 1.52 0.70 1.00 1.00 1.00 2.00 3.00
Debtor 374.00 0.25 0.43 0.00 0.00 0.00 1.00 1.00
Tuition payment 374.00 0.20 0.40 0.00 0.00 0.00 0.00 1.00
International student 373.00 0.09 0.29 0.00 0.00 0.00 0.00 1.00
Unemployment rate 374.00 6.20 1.45 3.20 5.10 6.00 7.30 9.80
Inflation rate 374.00 2.45 0.65 1.00 2.00 2.40 2.90 4.10
GDP 374.00  21500.75 7800.42  8000.00  16000.00 21000.00  27000.00  42000.00

3.3. Data mining

For this procedure, Figure [3] illustrates the architecture underlying the decision-making process
within the DT framework, based on the dataset used. Meanwhile, Figure |4 displays the results that allow
the evaluation of the RF model’s performance in predicting student dropout. Figure 4(a) shows the ROC
curve, showing the relationship between the true positive rate and the false positive rate, with a high AUC
indicating strong discrimination between students who drop out and those who do not. Figure 4(b) presents
the precision—recall curve, showing the balance between precision and recall, including the AUC value
and the optimal threshold, which is especially useful in scenarios involving class imbalance. Figure 4(c)
illustrates the relationship between sensitivity and specificity across different classification thresholds. As the
threshold increases, sensitivity decreases while specificity increases. The intersection point of the two curves
at approximately a threshold of 0.4 suggests a possible balance between these metrics. The legend includes the
formulas, and the sidebar indicates the threshold values.
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Figure 4. Classification model performance evaluation: (a) ROC curve with the AUC, (b) precision—recall
curve with AUC and optimal threshold, and (c) sensitivity and specificity across thresholds

Predicting university student dropouts in Latin America using ... (Laberiano Andrade-Arenas)



636 a ISSN: 2252-8938

3.3.1. Mathematical foundation

The predictive model for student dropout is based on the RF algorithm, an ensemble learning method
that combines multiple DTs to improve accuracy and robustness. The following mathematical formulations
provide the theoretical foundation for this methodology [35]].

— Data representation: we define the training dataset as:
D= {(x,y)}ie1, x€RY gy €{0,1} (1

where x; denotes the feature vector of student ¢, and y; is the binary target variable: 1 if the student drops
out, and O otherwise [36].
— Gini impurity: each DT splits the dataset using impurity functions. The Gini impurity is defined as [37]:

K
Gp)=1-Y 1} )
k=1

In binary classification (K = 2), it simplifies to:

G(p) =2p(1 —p) 3)

where p is the probability of belonging to one of the two classes (dropout or not).
— Shannon entropy (alternative): as an alternative to Gini, the Shannon entropy can be used:

K
H(p) == prlogs(ps) (4)
k=1

— RF prediction: let h,,(x) denote the prediction of tree m. The final prediction is based on majority voting:
§ = mode (h1(x), ha(x), ..., hp(x)) ®)
The estimated probability that a student drops out is:

1 M
Ply=11%) = 72 > Tm(x) = 1) ©)

where 1(-) is the indicator function, which returns 1 if the condition is true and O otherwise.
— Feature importance: the importance of each feature x; is evaluated as:

Imp(z;) = Y~ Ag, @)
(25) t;] -
where T} is the set of nodes where feature x; is used, n; is the number of samples at node ¢, and Adgy, is the
impurity reduction at that node.
— Evaluation metrics: the model is evaluated using the following standard classification metrics.
Precision:
TP

Precision — 8
recision = s T FP (®)
Recall (Sensitivity):
TP
Recall = ————— 9
T TPIFN ©
F1-score:
2. Precfis'ion - Recall (10)
Precision + Recall
Accuracy:
TP+TN
A = 11
MY = TP TNy FPtFN b

These metrics help determine how well the model identifies students at risk of dropping out.
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4. RESULTS

In the results stage, Figure [3illustrates the performance of the classification models—RF, XGBoost,
and KNN over ten epochs, revealing distinct performance patterns. In Figure 5(a), RF consistently maintains the
highest accuracy across training epochs, while KNN exhibits the lowest and most unstable accuracy, showing
the stability and trend of each model during training. Figure 5(b), the precision metric follows a similar pattern,
with RF and XGBoost achieving high values and KNN remaining low, highlighting how each algorithm’s
precision improves or fluctuates during training. Figure 5(c) shows that XGBoost attains the best recall over
epochs, indicating strong performance in correctly identifying positive cases, whereas KNN performs poorly.
Finally, Figure 5(d) confirms through the F1-score that XGBoost achieves the best balance between precision
and recall throughout the epochs, followed by RF, while KNN continues to show the weakest performance
across all metrics, reflecting the overall trade-off between precision and recall for each algorithm.
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Figure 5. Algorithm comparison across epochs: (a) accuracy, (b) precision, (c) recall, and (d) F1-score

Table |Z| shows that, in the classification problem addressed, the ensemble models RF and XGBoost
consistently outperform KNN, with RF leading across all key performance metrics (accuracy, precision, recall,
Fl-score, and AUC), indicating its superior predictive reliability. Additionally, Table [8] highlights the feature
importance analysis, emphasizing the critical role of GDP, unemployment rate, and mother’s occupation as
the most influential factors in the model’s predictions—underscoring the significance of socioeconomic and
macroeconomic variables. Finally, Table[9]presents the specific hyperparameter configurations for each model,
which are essential for reproducibility and for understanding tuning process that optimized their performance.

Table 7. Performance comparison between classification algorithms
Modelo Accuracy  Precision  Recall Fl-score AUC

RF 0.87 0.86 0.85 0.85 0.91
XGBoost 0.85 0.84 0.83 0.83 0.89
KNN 0.76 0.73 0.71 0.72 0.76
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Table 8. Feature importance for RF

Feature Importance
GDP 0.25
Unemployment rate 0.18
Mother’s occupation 0.12
Inflation rate 0.09
Tuition fees up to date 0.08

Table 9. Hyperparameters used by each model

Model n_estimators max-depth  learning_rate = n_neighbors
RF 100 10 0.0 0.0
XGBoost 150 5 0.1 0.0
KNN 0.0 0.0 0.0 5

5. DISCUSSION

Our results, as presented in Figures ] and [3] align with and complement the existing literature
on the application of machine learning in education. This includes both evaluating teaching performance
and predicting student dropout. Our findings demonstrate that the proposed model—identified in Figure [3]
—consistently outperforms algorithms such as RF, XGBoost, and KNN across metrics including accuracy,
precision, recall, and F1-score, validating the effectiveness of robust classification approaches in this domain.

Specifically, the strength of our model in the ROC and precision-recall curves (Figure [3), with a
competitive AUC (e.g., 0.909), directly contributes to the field of dropout prediction. It is comparable to the
promising results reported by [13] and complements the work of [[L1]], [12]] by providing a solid foundation
for predictive systems. While Vives ef al. [14] achieved higher accuracy rates using LSTM networks, our
comparison with commonly used machine learning models, including RF and XGBoost (Figure ) is crucial,
as our model surpasses these algorithms—aligning with findings from [[15], [16], [21]], [22], who advocate for
the optimization and use of boosting algorithms to enhance predictive performance. Although our model does
not employ hybrid or complex neural network architectures such as those explored by [17]], [18]—who achieved
extremely high accuracies (e.g., 98.1% with perceptron)—its consistently strong performance suggests a
significant advancement among conventional classifiers for our specific task.

It is important to note that other studies, such as those by [19], [20], have reported even higher
metrics (e.g., an AUC of 96.10% or accuracy of 0.963 using techniques like PCA and GBM), indicating the
potential to enhance our model through advanced preprocessing methods or more complex architectures in
future work. The importance of threshold adjustment, evident in our precision-recall curve, also resonates
with the contributions of [23]], [24]]. The effectiveness of RF one of the base algorithms in our study—is
further supported by research from [25], [26], who successfully applied it to dropout prediction in MOOCs
and university programs, achieving strong metrics that validate its predictive capability in educational contexts.
In this regard, the demonstrated capacity of our model, along with the other algorithms explored, highlights
its high potential for integration into decision support systems and the formulation of preventive educational
policies, as suggested by [27]]. Overall, the results confirm the usefulness of machine learning in education
and introduce an approach that improves existing models, offering practical support for decision-making in
academic settings.

6. CONCLUSION

Student dropout in higher education is a multifaceted problem influenced by personal, academic, and
socioeconomic factors, with significant consequences for institutions and society. To address this issue, a
predictive model based on machine learning was developed using the RF algorithm. The model was trained
on a CSV dataset obtained from Kaggle, containing variables related to university student dropout. The study
followed the KDD methodology, encompassing data selection, preprocessing, transformation, data mining,
and evaluation. During preprocessing, data inconsistencies and outliers were removed, and the most relevant
variables were selected. Exploratory statistical analyses were conducted to assess data quality and structure. In
the data mining phase, predictive models were built and evaluated using performance metrics such as the ROC
curve, precision—recall curve, AUC, and maximum F1-score. A comparative analysis was performed among
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RF, XGBoost, and KNN models using accuracy, precision, recall, and F1-score across training iterations. The
results indicate that the RF-based model achieved superior performance, demonstrating high accuracy and
reliability in predicting student dropout. Despite these promising findings, the study is limited by the use of a
single static dataset without external validation. Future research should incorporate real-world and diverse
datasets to improve generalizability and explore system-level implementations using REST APIs and data
storage architectures such as data warehouses.
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