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Abstract: This paper presents a comprehensive study of predictive models for
student success, leveraging machine learning techniques to analyze diverse
factors affecting academic performance in higher education. Using a dataset of
students from various institutions in Kosovo, encompassing demographic,
socioeconomic, and academic attributes, the research employs and evaluates
several machine learning algorithms to predict the dropout rate. To address the
issue of unbalanced data, SMOTE and ADASYN techniques were
implemented, enhancing the predictive accuracy. The study identifies
significant predictors of student success, and the results indicate that machine
leaming can accurately predict student outcomes, providing educational
institutions with actionable insights to mitigate dropout rates and enhance
student support.
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1. INTRODUCTION

One of the primary goals of educational institutions is to deliver high-quality
education experiences and knowledge to learners. Identifying students who need
additional support to enhance their performance is essential to achieving this objective
[1]. With technological advancements and the widespread availability of internet access,
knowledge acquisition has become virtually limitless through online and in-person
education, courses, and training [2]. Predicting dropout rates is vital for universities and
governmental institutions, to improve student retention and success [3, 4]. By identifying
at-risk students early, institutions can implement targeted interventions, such as
academic support or counselling, to address challenges before they lead to dropout. This
proactive approach enhances student outcomes and boosts graduation rates, contributing
to the overall quality of education. Reducing dropout rates also minimizes financial
losses for both institutions and governments. Fewer dropouts mean more consistent
tuition revenue for universities and a more educated workforce for society [S]. And
machine learning techniques can have an important impact on finding, analysing, and
predicting any student's future performance, making decisions [6], and giving guidance
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and support for decision-making [7]. One of the challenges identified is the limited
availability of data, particularly in Kosovo, where there is a significant lack of open data
on demographic, socio-economic, and academic factors influencing student
performance. To address this gap, data was collected through a questionnaire, which
served as the foundation for various analyses aimed at predicting student performance
and understanding the factors that impact academic decisions [8].

The current study introduces a novel approach by exploring various machine
leaming techniques to establish a baseline and assess the complexity of predicting
student performance in Kosovo—an area not previously addressed in similar studies.
The training and testing processes were conducted using real data from multiple
universities in Kosovo. To address the issue of unbalanced data, the study implemented
SMOTE and ADASYN techniques, improving predictive accuracy.

The Structure of the paper is organized as follows: Section II provides a review of
the relevant literature. Section III outlines the methods and techniques employed to
achieve the paper's objectives. Section IV presents the results from evaluating the
algorithms, followed by a discussion of the findings. Finally, Section V concludes with
the key findings, limitations, and suggestions for future research.

2. RELATED WORK

The field of education has witnessed a significant transformation in recent years,
with the advent of artificial intelligence playing a crucial role in enhancing the
understanding and analysis of student performance. Researchers have explored various
machine learning techniques to predict student academic success, address the issue of
student dropouts, and provide targeted interventions to improve educational outcomes
[9, 10, 11]. Nevertheless, researchers have made significant progress in this area,
utilizing a range of machine-learming algorithms to analyse student data and generate
accurate predictions. A study [9] presents a neural network approach testing linear and
logistic functions to predict school dropouts in a developing country context. The
researchers highlight the importance of addressing the growing need for Al-based
solutions in developing countries, where data limitations can pose a significant challenge
in identifying dropout students. The study [12] offers a comprehensive analysis of the
various machine learning techniques employed in predicting student performance,
including Collaborative Filtering, Recommender Systems, and Artificial Neural
Networks. The application of Al-powered predictive models can provide schools and
educators with valuable knowledge about student behaviour, enabling them to
proactively identify students at risk of dropping out and implement targeted
interventions to support their academic success [9]. Authors in [13] highlight the
importance of predicting student performance as well. In their evaluations, XGBoost
outperformed other algorithms such as Random Forrest, OLS and logistic regression.
The study [14] emphasized that monitoring factors like exams, attendance, and class
tests helps identify students at risk of failure, enabling timely intervention. The
Levenberg Marquardt Algorithm (MLA) achieved 88.6% accuracy in predicting student
performance [15]. A study [16] found high prediction accuracy across algorithms, with
Extra Trees achieving the highest at 98.15%. Alongside [17], demonstrated the impact
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of Signed Graph Neural Networks (SGNNs) and Large Language Models (LLMs), like
GPT-3, that show predictive accuracy and significance on personalized learning and
adaptive educational systems. Study [18] identify key factors influencing student
success, including the instructor, socioeconomic status, institution, parents, and physical
health. Asia Mat et al. [19] suggest that teachers could benefit from performance
predictions, allowing them to adjust their teaching methods. Research [20, 21] highlight
additional factors such as GDP, inflation rate, unemployment, and special educational
needs in evaluating student performance. Using unbalanced data, the authors applied
SMOTE and ADASYN balancing techniques, achieving algorithm accuracies of 61%
for Logistic Regression, 60% for Support Vector Machine, 65% for Decision Tree, and
72% for Random Forest. Findings [20] show that gender and nationality have minimal
impact on student success, with a recommendation for institutions to enhance leaming
opportunities. In a dataset of 1000 records, Linear Regression and Support Vector
Regressor (SVR) performed well, with MSE values of 0.0028 and R? of 0.8866.

Despite the advancements in using machine learing for dropout prediction, several
knowledge gaps persist. From the literature review, it can be concluded that while many
studies focus on specific algorithms, there is a lack of robust comparisons across
different educational contexts and diverse datasets. The reliance on imbalanced datasets
poses significant challenges for predictive accuracy and model generalization. Future
research should prioritize the development of multiclass prediction models that can
effectively address these issues while considering the unique characteristics of different
leaming environments. Additionally, the integration of user-generated content and
qualitative data, as suggested in the research on MOOC:s, represents an underexplored
area. By including student feedback and experiences within predictive models,
researchers can increase a more nuanced knowledge of the factors influencing student
retention and performance.

In this paper, we aim to address these gaps by employing and evaluating machine
leaming techniques on data collected from students in Kosovo. The dataset includes 39
attributes, covering a range of domains such as socioeconomic factors, academic
performance, and demographic information, among others. In addition, we evaluate the
performance of the most used machine leaming algorithms using standard metrics such
as precision and recall. Finally, to enhance classification accuracy, SMOTE and
ADASYN techniques were applied.

3. METHODOLOGY

To employ and evaluate student performance prediction using machine learning, a
well-defined methodology is essential. The paper follows a standard and systematic
approach: data collection, data pre-processing, feature selection, model selection, model
training and evaluation, and finally interpretability and discussion on the results.

Data is crucially important in machine learning. It forms the foundation of any
machine learning model's success. A mixed methodology was employed to collect data
about students in Kosovo [8]. Initially, 39 socio-economic, educational and demographic
attributes mainly were considered as important and having an impact on student
performance. However, after the correlation analysis between the values of these
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attributes with the target class, it was noticed that not all of them have strong correlation
with the output class.

Data was collected through a questionnaire distributed to institutions across Kosovo,
including public universities and private colleges in cities like Pristina, Prizren, Gjakova,
and Gjilan. These institutions share similar educational programs but serve students from
diverse regions, making the research more challenging. The final dataset consists 0f 2555
records and has undergone the process of transformation to a suitable format (csv format)
and has been pre-processed in terms of data cleaning and data transformation.

For the graduation class, the dataset shows differing outcomes: 1,608 students
graduated, accounting for 62.90% of the total, 616 students, or 24.10%, were still
enrolled; and 331 students, or 13%, dropped out. This dataset is unbalanced,
necessitating the use of data balancing techniques. To address this, we applied SMOTE
and ADASYN, observing notable improvements in the results after their application.
After data collection and pre-processing phase, the algorithms were executed, and results
were evaluated using Accuracy, F1-Score, Precision, and Recall. This study does not
assume that any specific algorithm will outperform the others. Instead, multiple
algorithms were implemented, applied, and evaluated against the described dataset to
ensure a comprehensive analysis. The algorithms included in the evaluation are Support
Vector Machine (SVM), Decision Tree, Random Forest, Logistic Regression,
GaussianNB, MultinomialNB, ComplementNB, BermnoulliNB, MLP (Multi-Layer
Perceptron), and KAN (Kolmogorov-Arnold Networks). This systematic approach
allowed for the assessment of each algorithm's performance in managing the dataset
effectively.

This methodology integrates a systematic approach for predicting student
performance using machine learning. The process ensures that data is adequately
prepared, suitable models are selected, and performance is rigorously evaluated, all
while addressing issues like class imbalance and feature selection. By doing so,
institutions can not only predict student success and failure but also derive actionable
insights to improve educational outcomes.

4. RESULTS AND DISCUSSION

This section presents the results and discussion on applying the selected algorithms
on the collected dataset. The analysis covers the standard model, boosting models, and
the top 10 attributes correlated with the target. For this study Python, Jupyter Notebook,
and several ready-made libraries such as ScikitLearn and Numpy were used.

4.1.Results for the standard model

Table 1 presents the evaluation results for each algorithm. Overall, all algorithms
performed well, with accuracy exceeding 0.91 for unbalanced data. However, the Naive
Bayes algorithms showed lower accuracy, ranging from 0.75 to 0.76. The highest
accuracy for unbalanced data was achieved by KAN (0.95), Logistic Regression (0.95),
Random Forest (0.93), and MLP (0.93). For F1-score, Precision and Recall, the highest
values were observed in Logistic Regression (0.95) and KAN (0.94).
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When the SMOTE technique was applied, Logistic Regression achieved the highest
accuracy (0.98), followed by MLP and KAN (0.97), with the Support Vector Machine
and Decision Tree both achieving 0.95. At the same time, BernoulliNB had the lowest
accuracy (0.66). For the F1-score on balanced data with SMOTE, Random Forest had
the highest value (0.98), and MLP (0.97), and Precision and Recall, had the highest
value, had LR and KAN with 0.98.

With the ADASYN technique, Logistic Regression again led in accuracy (0.98),
while the highest F1-score, Precision and Recall was shared by LR and KAN (0.98). The
lowest F1-score and Precision was recorded by BemoulliNB and for Recall lowest value
was MultinomialNB and ComplementiNB with 0.74 values. Overall, the Naive Bayes
algorithms had the lowest performance, with an average accuracy of0.75 and an average
F1-score 0f 0.77.

Table 1. Accuracy results for standard algorithms

Standard Algorithms
Without Imbalanced Data With SMOTE With ADASYN
A F1-  Preci Reca A F1-  Preci Reca A F1-  Preci Reca
. cou Scor sion 1l cou Scor sion 1 cou Scor sion 1
Algorithms racy c racy . racy -

Support Vector

. 092 091 093 092 095 095 095 095 089 090 092 0.89
Machine

Decision Tree 091 091 092 092 095 092 092 092 097 09 096 0.96

Random Forest 093 092 093 091 08 087 091 08 08 087 091 0.86

Logistic Regression 095 095 095 095 098 098 098 098 098 098 098 0.98

075 078 083 075 076 079 085 076 076 0.79 0.85 0.76

GaussianNB

MulinomialNB 075 078 084 075 076 078 085 076 074 077 085 074
ComplementiNB 076 079 085 076 076 078 085 076 074 077 085 074
BemoulliNB 075 077 083 075 075 077 083 075 075 077 083 0.75
P I(Jlt\f;‘;t)i'layer 093 093 093 093 097 097 097 097 096 096 096 0.96

KAN (Kolmogorov-

Armold Networks) 095 094 094 094 097 094 098 098 097 098 098 0.98

To avoid overfitting the decision tree, hyperparameter tuning was performed using
RandomizedSearchCV, with the best combination controlling the depth and complexity
of the tree (ccp alpha = 0.0, max depth = 10, min samples leaf = 5, min samples split =
10). The model was evaluated with 5-fold cross-validation, achieving a mean accuracy
of 0.88.

Figure 1 illustrates the decision tree classifier, which uses entropy as the criterion to
measure impurity at each node. The tree first classifies students based on whether they
complete fewer than or equal to 5.5 courses, predicting graduation or dropout. The
entropy value at this stage is 0.65, indicating the uncertainty about whether students will
finish 5.5 courses.

The decision tree continues with further nodes, evaluating conditions such as
whether students can graduate if they complete at least 7.5 courses, with an entropy of
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0.41. The tree further analyzes students progressing to the fourth year, requiring at least
6.5 courses. The analysis focuses on 884 students who are likely to graduate.

In the penultimate node, students need a GPA of 6.55 to graduate, with the condition
of no more than 3.5 years of study. If students exceed this time, they are predicted to
drop out. The entropy at this node is 0.19, with a sample of 553 students 13 predicted to
drop out (entropy = 0.39) and 540 expected to graduate (entropy = 0.076).

Important factors influencing graduation include the number of courses completed
each year, GPA, and parental education, which highlight the socio-economic influence
on educational outcomes. Parental qualifications are identified as a key factor in student
success.

|
¢l
Finished courses of the 13t year 5115 Courses of the Jod year <55
sniropy = 0808 :
zamples.

Figure 1. Decision tree classifier

4.2. Results for boosting models

After applying the standard algorithms, we evaluated boosting algorithms for
Accuracy, Fl-score, Precision and Recall across all three cases, including unbalanced
data. A 70% training and 30% testing split was used, focusing on the graduate and
dropout classes.

The results in Table 2 show that all boosting algorithms performed well, with
Accuracy, Fl1-score, Precision, and Recall above 0.91. For unbalanced data, Gradient
Boosting, CAT Boost, and Light GBM achieved the highest performance, with an
accuracy of 0.98, and Fl-score for Gradient Boosting of 0.98 and CAT Boost, Light
GBM 0.96. The lowest performance came from Extreme Gradient Boosting, with an
accuracy 0f 0.91 and an F1-score of 0.91, also for Precision and Recall the highest value
had Gradient Boosting and Light GBM with 0.98.

With the SMOTE technique, Light GBM achieved the best performance with 0.99
accuracies, while Gradient Boosting, ADA Boost, and CAT Boost achieved an accuracy
ofaround 0.98. In terms of F1-score, Gradient Boosting was 0.98, CAT Boost, and Light
GBM scored 0.97, ADA Boost was at 0.95, and Extreme Gradient Boosting was at 0.91.
For Precision and Recall, the highest value was Light GBM.
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When using the ADASYN technique, Light GBM again had the highest accuracy
(0.99), while Extreme Gradient Boosting showed the lowest (0.91). For the F1-score,
Gradient Boosting was 0.98 and Light GBM with CAT Boost both scored 0.97, while
Extreme Gradient Boosting had the lowest at 0.91. And for Precision and Recall Gradient
Boosting and Light GBM was 0.98.

Table 2. Results of boosting algorithms

Boosting Algorithms
Without Imbalanced Data With SMOTE With ADASYN

Accu F1- Preci Reca Accu F1- Preci Reca Accu F1- Preci Reca

racy Scor sion 1 racy Scor sion 1 racy Scor sion 1
Algorithms e e e
Gradient 098 098 098 098 093 098 098 0985 0985 098 098 0.98
Boosting
Extreme Gradient o 91 091 091 091 091 091 091 091 091 091 091 091
Boosting
ADA Boost 097 094 095 092 098 095 095 092 097 094 095 093
CAT Boost 098 096 096 09 098 097 097 097 098 097 097 097
Light GBM 098 096 098 098 099 097 099 099 099 097 098 0.98

4.3. Results only for TOP10 correlation attributes with the target.

After analyzing the accuracy of the algorithms with respect to general attributes, the
top 10 most relevant attributes were identified, as shown in Table 3. Additionally, a more
specific analysis of these attributes was conducted by evaluating their accuracy and F1-
score. For the top 10 correlated attributes, 70% training data and 30% test data split was
used, focusing on the graduate and dropout classes.

Table 3. Top correlation attribute between features
Age - Marital Status: 0.58

Top correlations in
Demographic variables:

Level of Studies - Previous Qualification: 0.98

Level of Studies - GPA of Previous Qualification: 0.89

GPA of Previous Qualification - Previous Qualification: 0.88
Target - Enrolled Semester: 0.77

Department - Level of Studies: 0.76

Department - Previous Qualification: 0.75

Years of the Degree - GPA of Previous Qualification: 0.67
Department - GPA of Previous Qualification: 0.65

Top correlations in
Academic data variables:

Top correlations in
Academic performance
variables:

GPA of the 4th year - Finished courses of the 4th year: 0.96

GPA of the 3rd year - Finished courses of the 3rd year: 0.89

Finished courses of the 4th year - Courses of the 4th year: 0.83

GPA of the 4th year - Courses of the 4th year: 0.83

Courses of the 3rd year - Courses of the 2nd year: 0.78

GPA of the 3rd year - Finished courses of the 2nd year: 0.76

Finished courses of the 3rd year - Finished courses of the 2nd year: 0.75
Finished courses of the 3rd year - Courses of the 3rd year: 0.71

GPA of the 3rd year - Courses of the 3rd year: 0.7

Finished courses of the 2nd year - Finished courses of the 1st year: 0.57
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Table 4 presents the accuracy and F1-score for algorithms such as Support Vector
Machine, Decision Tree, Random Forest, Logistic Regression, and ADA Boost, using
the SMOTE and ADASYN techniques for data balancing. When applying the SMOTE
technique, the Decision Tree algorithm achieved the highest accuracy and F1-score at
0.98, while ADA Boost had the lowest values at 0.86. With the ADASYN technique,
Support Vector Machine and Random Forest both achieved the highest accuracy and F1-
score at 0.94, while ADA Boost again had the lowest values.

These results indicate high accuracy across all algorithms. However, the accuracy
was influenced by data preprocessing, including the removal of irrelevant attributes that
had minor impact on the outcome. Removing these attributes helped improve the
performance of the algorithms.

Table 4. Results from top 10 correlations
Standard Algorithms - TOP10 correlation attributes

With SMOTE With ADASYN
Algorithms Accuracy F1I- Score Accuracy F1I- Score
Support Vector Machine 0.97 0.97 0.94 0.94
Decision Tree 0.98 0.98 0.91 0.91
Random Forest 0.97 0.97 0.94 0.94
Logistic Regression 0.96 0.96 0.90 0.90
ADA Boost 0.86 0.86 0.80 0.80

5. CONCLUSION

The study demonstrates that machine learning algorithms, particularly when
combined with data balancing techniques like SMOTE and ADASYN, can significantly
improve the prediction of student performance and dropout rates. This approach can aid
educational institutions in identifying at-risk students early, enabling interventions that
can improve student retention and graduation rates. Compared to the benchmarks in [21]
and [22], this study demonstrates better results for each of the algorithms used.

However, the study also highlights the need for improved data collection and
quality, especially in regions with limited open data. Future research could focus on
expanding datasets, refining models, and integrating qualitative student feedback for
more accurate predictions.

This research lays a solid foundation for further exploration into machine learning
applications in education, particularly in regions like Kosovo where data availability
remains a challenge.
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