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Abstract

This study employs machine learning techniques to predict the academic success
of high school students in Canton Sarajevo, aiming to identify key factors influencing
performance and assess the accuracy of various predictive models. The results indicate that
the Random Forest algorithm demonstrated significant improvements in precision compared
to previous studies, highlighting its potential for use in educational decision-making. Key
predictors of student performance included prior academic success, subject-specific grades,
parental education, and engagement in academic activities such as homework and class
participation. The study s practical implications suggest that educators and policymakers can
use machine learning models to develop targeted interventions, improve student guidance,

and implement early warning systems for at-risk students.
Keywords: academic success, Canton Sarajevo, high school students, Machine Learning

Academic performance plays a key

role in shaping students’ future opportunities.

Schools are under steady pressure to identify
students who may fall behind and provide
timely support. As educational institutions
collect more data, ranging from grades and
attendance to behavioral and background
information, many have turned to data-based
decision-making to support student progress.
Recent work from Bosnia and Herzegovina
shows how school-sector data can power

predictive models and guide early action,
including studies on teacher outcomes that
use survey-based features and machine
learning (Zilic & Zilic, 2025). Machine
learning models offer a practical way to use
these data sources for forecasting, especially
when early intervention can help prevent
longer-term difficulties. This approach has
already been applied locally to retention risks
among teachers, with Random Forest used
to flag at-risk staff and rank the strongest
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predictors (Zilic & Zilic, 2025).

Several algorithms have been applied
in this area, with Random Forest (RF),
Support Vector Machine (SVM), and Naive
Bayes among the most frequently used.
These models perform well in classification
tasks and can handle mixed or incomplete
datasets. Random Forest stands out for its
ability to manage varied input types, maintain
stable accuracy, and reduce overfitting.
Research by Kabathova and Drlik (2021) and
Falat and Piscova (2022) confirmed its strong
performance in predicting dropout and GPA
at the university level. Still, most studies
have focused on higher education, where
larger datasets and stronger institutional
infrastructure are available.

Random Forest builds its predictions
from multiple decision trees trained on
different subsets of data. This ensemble
structure increases stability and improves
accuracy, particularly when working with
smaller or imbalanced datasets often found
in education. Tomasevic et al. (2020) found
that ensemble models performed better
than individual classifiers when student
interaction data were available. Similarly,
Falat and Piscova (2022) reported that
RF outperformed other models in GPA
prediction, while also offering useful insights
into which features influenced the outcome.

The usefulness of Random Forest
also lies in its ability to incorporate a range
of variables. Academic performance is
shaped by more than test scores. Family
obligations, employment during school,
emotional well-being, commuting distance,
and financial conditions all affect learning
outcomes (Bin Mat et al., 2013; Madni et al.,
2017). Studies have also shown the influence
of emotional intelligence during academic
transitions (Berger & Milem, 1999) and the
importance of attendance, prior failures,
extracurricular activities, and study habits
(Alturki & Alturki, 2021; Arun et al., 2021).
Broader social factors, such as gender, school
environment, and neighborhood context,
also play a role (Thiele et al., 2016). Models
that can accommodate this diversity, like RF,
offer a practical way to reflect the realities of
school life in prediction.

RF has been used in a wide range of
academic prediction tasks. Nachouki et

al. (2023) used it to forecast final course
grades and found that prior GPA and high
school grades were the strongest indicators.

In digital education settings, where data
such as logins, assignment submissions,

and forum activity are available, RF has
shown strong results. Jawad et al. (2022)
applied RF with SMOTE to account for

data imbalance and improved the model’s
AUC to 0.96. Abubakar and Ahmad (2017)
also demonstrated RF’s effectiveness in
identifying key engagement features in
e-learning environments. Chen and Liu
(2024) applied a genetic algorithm to enhance
RF’s tree structure, reaching over 93%
classification accuracy, about 2% higher than
standard RF. Balabied and Eid (2023) used
RF to analyze data from the Open University
Learning Analytics Dataset (OULAD),
achieving an accuracy of 90% when flagging
students likely to underperform in online
learning environments. Such applications
show how RF can support early warning
systems, enabling institutions to respond
more quickly to signs of disengagement or
poor performance.

Other machine learning techniques,
neural networks, decision trees, Naive Bayes,
and SVM, have been widely studied. For
example, Decision Trees reached up to 91%
accuracy when using CGPA as the main
feature (Jishan et al., 2015), while Neural
Networks generally performed slightly
lower, with results ranging from 71% to
75% depending on the predictors used
(Ramesh et al., 2013; Jishan et al., 2015).
Ensemble methods generally show better
results than individual models (Romero
& Ventura, 2010; Madni et al., 2017).
However, outcomes can vary depending on
the dataset and chosen features. For example,
in Abubakar and Ahmad’s (2017) study,
Naive Bayes outperformed RF, but this was
attributed to the structure of the dataset
and specific variables used. SVM has also
achieved strong performance when paired
with oversampling methods, as shown by
Thammasiri et al. (2014), who reached over
90% accuracy in student retention prediction.

Several studies in Southeast Europe
have started to apply these methods to local
education systems. Osmanbegovic and
Suljic (2012) demonstrated the usefulness
of combining Decision Trees and Neural
Networks in predicting course success in
Bosnia and Herzegovina. Pasic et al. (2023)
examined engineering students in Canton
Sarajevo and found that high school GPA
and grades in math and physics were reliable
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predictors of university performance.
Although they used a single decision tree
due to limited data, the findings suggest
potential for more advanced methods. In
Serbia, Tomasevic et al. (2020) reported

that Random Forest was among the top-
performing models when applied to exam
score prediction, especially when continuous
assessment and engagement metrics were
available.

In Bosnia and Herzegovina,
academic performance research still relies
mostly on descriptive analysis or official
statistics. Differences between students
across municipalities, school types, or
socioeconomic groups are recognized but
rarely examined using predictive models.
Career guidance and academic support are
typically generalized, often failing to reflect
students’ individual profiles or challenges.
This disconnect limits the ability of schools
to target support where it’s most needed.
Parallel projects in the same system have
already demonstrated both the availability of
rich, school-level data and the feasibility of
ML workflows in this setting (Zilic & Zilic,
2025).

This study addresses that gap by
applying the Random Forest algorithm to
data collected from high school students
in Canton Sarajevo. The dataset includes
information on socio-demographic
characteristics, academic records, school
experiences, student habits, and future
plans. All responses were anonymized
and processed to detect patterns linked to
academic success. Along with Random
Forest, this research evaluates the
performance of Support Vector Machine
and Naive Bayes classifiers. It also assesses
whether feature selection improves prediction
accuracy. The study aims to support local
schools in using available data more
effectively and in building targeted academic
support based on evidence.

Methods

Research Design and Methodological
Justification

This study applied a quantitative
research design supported by supervised
machine learning techniques. The goal was
to build predictive models that identify which
factors most strongly influence high school
students’ academic performance. Given the

dataset’s mixed structure-numerical and
categorical variables from survey responses,
machine learning methods were well-
suited for capturing patterns that traditional
statistical techniques might overlook.
Random Forest, Support Vector Machine
(SVM), and Naive Bayes classifiers were
selected for their consistent track record in
handling classification tasks in educational
research. Each model also supports various
feature selection methods, allowing for
refined analysis and improved accuracy.

Context of the Study

The research was conducted during
the 2022/2023 academic year in Canton
Sarajevo, Bosnia and Herzegovina. The
canton includes a range of urban and
suburban municipalities, reflecting a diverse
student population. Secondary schools in the
region face varying levels of infrastructure
and resources, making predictive tools
valuable for understanding student needs
more precisely. The study context allowed
for examining how machine learning can
support academic planning in a setting that
combines demographic variety and structural
limitations.

Sample, Sampling, and Ethical
Considerations

Participants were high school students
enrolled in public and private schools across
different municipalities, including Centar,
Novo Sarajevo, Stari Grad, [lidza, Ilijas,
Vogosc¢a, Novi Grad, and Hadzi¢i. The final
dataset included 405 responses. Students
were selected using a mix of purposive
and convenience sampling. Schools were
approached based on their geographic
distribution and administrative willingness to
take part.

All participants were informed about
the purpose of the research through a brief
statement at the beginning of the survey.
Participation was voluntary and anonymous.
The instrument contained no questions that
could lead to identification. Prior to the full
launch, the questionnaire was reviewed
by educators and tested with a small pilot
group of 50 students to confirm clarity and
appropriateness. No further revisions were
necessary. Data were collected using Google
Forms and stored in a password-protected
database accessible only to the researchers.
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Research Tools and Procedures

The main instrument for data
collection was a structured questionnaire
consisting of 57 items, organized into four
sections: socio-demographic characteristics,
academic history and school experience,
behavior and personal habits, and
expectations and plans after graduation. The
questionnaire design drew on prior studies
and was adapted to the educational context of
Canton Sarajevo (Benford & Gess-Newsome,
2006; Cortez & Silva, 2008). After data
collection, all responses were exported into
Python for further processing and analysis.
The analysis was carried out using several
key libraries: Pandas for data manipulation,
NumPy for numerical operations, Scikit-learn
for training and evaluating machine learning
models, and Matplotlib and Seaborn for
generating visualizations.

To prepare the data for modeling,
categorical variables were converted into
numerical formats using two mapping
strategies. Numeric range mapping was
applied to ordered categories such as
parental education levels, study time, and
extracurricular participation. For binary
variables like relationship status and
scholarship status, dummy variable mapping
was used. The dataset was reviewed for
quality, and no missing, inconsistent, or
duplicate entries were identified, making
the data ready for analysis without further
cleaning.

Data Analysis Techniques
The analysis involved training and

evaluating three machine learning models:

Random Forest, Support Vector Machine

(SVM), and Naive Bayes. Each algorithm

was optimized through specific feature

selection techniques tailored to its structure:

* Random Forest: Used internal feature
importance rankings to identify the top
ten predictors of student performance.
Model tuning included adjusting
parameters such as tree depth, number of
trees, and minimum split size.

* Naive Bayes: Applied Chi-square
testing, mutual information scoring, and
L1 regularization (Lasso) to determine
relevant features. Laplace smoothing
was used to prevent zero probabilities in
categorical data.

* SVM: Employed Recursive Feature
Elimination (RFE), SelectKBest with

mutual information, and L1 regularization
to enhance model performance.
Hyperparameters such as kernel type,
regularization (C), and gamma were fine-
tuned.

Model performance was evaluated
using accuracy, precision, recall, and F1-
score. Cross-validation helped assess
consistency and avoid overfitting. These
techniques were chosen for their suitability in
handling structured survey data and for their
ability to highlight which features most affect
academic outcomes.

Results

This section presents the outcomes
of applying three machine learning models,
Random Forest, Naive Bayes, and Support
Vector Machine (SVM), to a dataset collected
from high school students in Canton
Sarajevo. The models were evaluated using
standard classification metrics to determine
their effectiveness in predicting student
success based on survey responses.

Model Evaluation Criteria

To assess the quality of each model, the

following metrics were applied:

* Training Accuracy — how well the model
fit the training data.

» Testing Accuracy — how well the model
generalized to new data.

* Precision — proportion of predicted
successful students that were correct.

» Recall — proportion of actual successful
students that the model identified
correctly.

* F1-Score — a measure that balances
precision and recall, particularly relevant
in educational datasets where class
imbalance may be present.

These metrics provide a practical overview

of how well each model performed in

identifying students likely to achieve higher
academic outcomes.

Random Forest Results

Random Forest was first trained
using all available features. The initial
testing accuracy reached 75.41%. After
selecting the ten most informative variables
based on feature importance, the model’s
performance improved. The selected features
included: last overall success, math grade,
mother tongue language, foreign language,



HUMAN RESEARCH IN REHABILITATION, 2026, 16(1): 53-61 57

scholarship, homework, class, the distance
of the school, mother’s education, and the
number of siblings.

Using these variables alone, the
testing accuracy increased to 82.72%.

The precision score was 0.72, with a recall
of 0.75 and an F1-score of 0.73 (Table 1).
Training accuracy remained high, indicating
consistent learning.

Table 1.

Random Forest Model Performance
Metric Value
Training Accuracy 0.9964
Testing Accuracy 0.7540
Accuracy 0.8272
Precision Score 0.7154
Sensitivity/Recall Score 0.7540
F1 Score 0.7337

Naive Bayes Results

Naive Bayes was tested with three
feature selection strategies: Chi-square
test, Lasso regularization, and Mutual
Information. The best outcome was achieved
with Mutual Information, resulting in 76.54%
accuracy.

Table 2.
Top Predictors for Naive Bayes (Mutual Information)

The key variables identified with this
method were: the student’s previous overall
success, math grade, mother tongue grade,
foreign language mark, father’s education,
scholarship status, homework completion,
engagement in post-school discussions,
participation in class, and gender (Table 2).

Feature

Last overall score

Math grade

Native language grade
Foreign language grade
Father’s education
Scholarship

Homework time
Discussions outside class
Class participation
Gender
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The classification metrics for this model are shown below (Table 3).

Table 3.

Naive Bayes Performance
Metric Precision Recall F1-Score
Accuracy 0.77
Macro avg 0.60 0.59 0.59
Weighted avg 0.76 0.77 0.76

Support Vector Machine (SVM) Results
Support Vector Machine achieved
the highest testing accuracy among the three
models, reaching 83.95%. Feature selection
techniques, including Lasso, Recursive
Feature Elimination (RFE), and SelectKBest
with Mutual Information, were applied to

improve the model. However, none of these
methods led to further improvements in
accuracy.

The best results were obtained using the full
feature set. The model showed: Training
accuracy of 86.42%, Precision of 0.56, Recall
of 0.58, and F1-score of 0.57 (Table 4).

Table 4.
Support Vector Machine Performance
Metric Value
Training Accuracy 0.8642
Testing Accuracy 0.8395
Precision Score 0.5556
Sensitivity/Recall Score 0.5792
F1 Score 0.5655
Accuracy 0.8395

Discussion

This study compared three machine
learning algorithms, Random Forest, Support
Vector Machine (SVM), and Naive Bayes,
using a dataset collected from high school
students in Canton Sarajevo. SVM achieved
the highest testing accuracy (83.95%),
followed closely by Random Forest
(82.72%) after applying feature selection.
Naive Bayes, which initially performed at
68.85%, improved to 76.54% when mutual
information was used to refine the input
variables. These results demonstrate that
carefully developed models can classify
academic success with considerable precision
when supplied with well-organized data
reflecting both academic and behavioral
dimensions.

The outcomes correspond with
several earlier studies in educational data
mining that reported favorable performance
for Random Forest and SVM in similar
classification tasks. Falat and Piscova (2022)
confirmed Random Forest’s capability in
GPA prediction, particularly in situations
where datasets included a wide variety of
features. The improved accuracy in this
study compared to Abubakar and Ahmad
(2017), who reported 76.9% for Random
Forest, likely reflects differences in variable
selection. The inclusion of behavioral,
socio-demographic, and extracurricular
factors contributed to the stronger results
here. Similar observations were made by
Tomasevic et al. (2020), who found that
ensemble models, including Random Forest,
produced stronger results when data included
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information about student engagement.

SVM outperformed the other models in this
study, reflecting findings from Thammasiri
et al. (2014), where SVM surpassed 90%
accuracy when used with SMOTE. Although
no oversampling method was used here, the
strong performance of SVM shows that it
remains competitive even without additional
preprocessing. However, this study also
revealed that SVM'’s performance was

more sensitive to feature selection methods.
Techniques such as Lasso and Recursive
Feature Elimination offered no improvements
and in some cases reduced accuracy. This
aligns with other work indicating that SVM
performs best with well-balanced and clearly
defined inputs. In contrast, Naive Bayes
improved only when mutual information was
applied, indicating that its assumptions of
feature independence do not align easily with
educational datasets where variables often
correlate, for example, parental education
and academic success.

Compared to the higher education
settings frequently covered in existing
literature, this study focused on high school
students, incorporating a broader array of
features including class behavior, homework
habits, extracurricular involvement, and
future aspirations. Findings align with local
ML studies in the same school system that
also emphasized the value of behavioral
and support variables captured through
surveys (Zilic & Zilic, 2025). Past academic
performance in math, native language, and
foreign language consistently ranked among
the most useful predictors, reinforcing
conclusions from Nachouki et al. (2023) and
Pasic et al. (2023) that prior achievement is
a reliable basis for estimating future success.
The presence of these same predictors across
different model types also lends weight to
their relevance for school-level interventions.

Model behavior followed expected
patterns. Random Forest performed
consistently and provided interpretability
through its ability to rank variable
importance. Its structure allows it to manage
both categorical and numerical inputs, which
made it well-suited to the variety of features
in the dataset. SVM, while performing
strongly, required closer attention to input
quality and feature selection. Naive Bayes,
although simpler, showed improvement when
the right variables were included, though its
lower accuracy suggests that its assumptions

make it less suitable for this type of data
without adjustment.

Beyond academic indicators, the
findings revealed a group of behavioral
and contextual factors that also contributed
to student success. Variables such as class
participation, homework completion,
volunteering, and engagement in academic
discussions outside the classroom emerged as
relevant in multiple models. These patterns
suggest that school performance is influenced
not only by prior knowledge but also by
a student’s willingness to engage in their
educational environment. A similar pattern,
non-academic conditions shaping outcomes,
appeared in exploratory analyses of teacher
attrition across regions (Zilic & Zilic, 2024).
In particular, Random Forest captured these
patterns effectively, pointing to its value
in identifying subtle connections between
variables that may not be immediately
apparent.

Taken together, the models offer
a way to identify students who may need
additional academic guidance, even before
their performance visibly declines. Prior
success, classroom behavior, and background
information such as parental education
or commuting distance, can be used to
understand risk factors and provide timely
support. These insights can serve teachers
and school leaders who are looking for ways
to move beyond traditional assessment tools
and offer more proactive, student-centered
support. Rather than classifying students
in a rigid manner, these models can guide
counseling, enrichment, or mentoring by
helping to clarify where and how a student
may need assistance.

This research highlights the benefit
of applying predictive models to high school
education in Bosnia and Herzegovina. The
results suggest that institutions with access to
student-level data can use machine learning
to identify patterns of success and challenge,
and to build interventions that better reflect
the diversity of students’ experiences. As the
use of data grows across education systems,
these findings may serve as a reference point
for schools considering how to connect data
science with day-to-day teaching and student
support.
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Conclusion

This research examined how machine
learning models can be used to predict
academic success in secondary schools
and identify the factors that most influence
student performance. By applying Random
Forest, Naive Bayes, and Support Vector
Machine to survey data from students
in Canton Sarajevo, the study offered a
comparison of model effectiveness and
generated practical insights for educators.

SVM produced the highest
classification accuracy, followed closely
by Random Forest. Naive Bayes showed
improvement with the use of feature
selection. Across all models, the most
relevant predictors included grades in
core subjects, past academic success,
parental education, homework habits, and
participation in school-related activities.
These findings suggest that prediction models
can support earlier identification of students
who may need additional support and guide
more targeted educational planning.

Beyond confirming earlier
international findings, this study adds value
by examining secondary education in Bosnia
and Herzegovina, a level that has rarely been
included in data-driven prediction research.
By showing that models such as Random
Forest and SVM deliver strong results with
local student data, the research offers a
foundation for further studies in education
systems with similar characteristics and
challenges.

For schools and policymakers, the
results offer several possible applications.
Models like the ones tested here can help
educators detect risk factors early, allocate
resources more effectively, and refine
interventions based on actual data. Guidance
counselors can use these insights when
advising students, while classroom teachers
may adapt their approaches based on student
profiles. At a broader level, the use of data-
driven strategies can inform system-wide
decisions and shape policy that reflects
student needs more accurately.

This study was limited to high
schools within one administrative region.
While the sample was diverse in school type
and location, the geographic scope restricts
how broadly the findings can be applied.
The reliance on self-reported data introduces
the possibility of bias, and the absence of

longitudinal tracking means that changes in
performance over time were not captured.
Future work should aim to include
a wider range of schools across Bosnia and
Herzegovina and extend the analysis across
multiple school years. Adding longitudinal
data would help understand how learning
patterns develop over time. Researchers may
also consider experimenting with hybrid
algorithms or deep learning techniques, as
well as refining data collection to include
standardized assessments and teacher
evaluations. By broadening the dataset and
improving model inputs, future research can
build on these findings to further support
data-informed educational practices.
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