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Abstract

This study explores the application of machine learning techniques to predict student
achievement based on study habits, parental involvement, and school environment.
Using a dataset from Kaggle comprising academic, behavioral, and contextual variables,
four machine learning algorithms, namely K-Nearest Neighbors (KNN), Naive Bayes,
Support Vector Machine (SVM), and Random Forest, were implemented and evaluated.
Model performance was evaluated using accuracy, precision, recall, F1-score, ROC curve,
and Precision-Recall curves. Results show that all models effectively classified students
into low- and high-achievement categories, with SVM achieving the highest accuracy
(94.02%) and the strongest overall performance. The findings highlight the potential of
machine learning-driven predictive analytics in educational settings, enabling early
identification of at-risk students and supporting evidence-based interventions. By
integrating diverse factors influencing academic performance, this study demonstrates
how data-driven approaches can enhance educational management, inform policy, and
promote equitable learning outcomes.
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1

. Introduction

elements interact to shape learning performance is
crucial for developing evidence-based strategies that

Student achievement has long been recognized as a
central indicator of educational effectiveness and societal
progress [1]. Across various educational systems,
improving student learning outcomes remains a primary
goal for educators, policymakers, and researchers.
Academic success is influenced by a wide range of factors
that extend beyond the classroom, including students'’
study behaviors, family background, and school
environment [2]. Understanding how these diverse

DOI: 10.60084/jeml.v3i2.350

improve both teaching quality and student support. In an
era where data-driven decision-making is increasingly
integrated into education, identifying the predictors of
academic achievement has become a key focus of
modern educational research.

Previous studies have examined numerous factors that
influence student achievement, including socioeconomic
status, parental education, access to learning resources,
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and intrinsic motivation [3-6]. Similarly, institutional
factors like teacher quality, school infrastructure, and
peer influence have also been linked to variations in
academic performance. However, traditional statistical
methods often struggle to capture the complex,
nonlinear relationships among these multidimensional
variables [7]. With the expansion of educational data
sources, there is now a growing opportunity to apply
computational approaches that can analyze these
intricate patterns more effectively.

Despite the availability of extensive educational data,
many institutions still rely on conventional assessment
tools and descriptive analyses that provide limited
predictive power [8]. These methods often fail to account
for the complex interactions between behavioral, social,
and environmental factors that influence student
outcomes [9]. As a result, schools and educators may lack
the analytical capacity to identify at-risk students early or
to design targeted interventions tailored to individual
needs [10]. This analytical gap underscores the need to
adopt more sophisticated predictive models that can
process complex data structures and generate actionable
insights to enhance student achievement.

Machine learning, a subset of artificial intelligence, offers
a robust framework for analyzing large and
heterogeneous datasets to uncover hidden patterns and
relationships [11]. Machine learning algorithms are
capable of learning from data without explicit
programming, enabling them to model nonlinear
dependencies and make accurate predictions [12-14]. In
the educational context, machine learning techniques
have been successfully applied to predict academic
performance, detect learning difficulties, personalize
instruction, and support data-driven decision-making
[15-17]. By using these methods, researchers and
educators can move beyond simple analyses to develop
data-driven strategies that improve learning outcomes.
Thus, machine learning provides a practical approach to
overcoming the limitations of traditional methods in
understanding and predicting student achievement.

This study aims to investigate the extent to which study
habits, parental involvement, and school environment
contribute to predicting student achievement using
machine learning techniques. Specifically, it aims to
develop and evaluate predictive models that categorize
students into achievement levels based on a combination
of academic, behavioral, and contextual factors. This
study compares four machine learning algorithms, K-
Nearest Neighbors (KNN), Naive Bayes, Support Vector
Machine (SVM), and Random Forest to determine which
model most effectively predicts student achievement.
The goal is to provide empirical insights that can help

educators, administrators, and policymakers make
informed decisions supported by predictive analytics.

The primary contribution of this research lies in
integrating machine learning methods with educational
data to uncover the multifactorial determinants of
student achievement. Unlike traditional analyses that
often focus on isolated variables, this study adopts a
holistic and data-driven perspective, capturing the
interplay among study habits, family dynamics, and
school conditions. Moreover, the use of multiple
algorithms allows for a comparative understanding of
model performance and robustness, highlighting which
techniques are best suited for educational prediction
tasks. The findings not only demonstrate the applicability
of machine learning in educational management but also
offer actionable insights for developing early intervention
systems and data-informed policies to enhance academic
success.

The remainder of this paper is organized as follows.
Section 2 describes the materials and methods, including
details of the dataset, machine learning algorithms, and
evaluation procedures used in the analysis. Section 3
presents the results and discussion, summarizing model
performance, interpreting key findings, outlining the
educational implications, discussing study limitations,
and suggesting directions for future research. Finally,
Section 4 concludes the paper with a summary of the
main insights and their significance for educational
management and policy development.

2. Materials and Methods
2.1. Dataset

The dataset used in this study is the “Student
Performance Factors” dataset, obtained from Kaggle [18].
This dataset is synthetic, meaning it was generated for
educational and analytical purposes rather than collected
from real-world institutions. Despite its synthetic nature,
the dataset was designed to mimic realistic patterns of
student performance by integrating various academic,
personal, and environmental factors that influence
achievement. It contains both quantitative and
qualitative variables, making it well-suited for machine
learning-based prediction and analysis of factors
affecting student outcomes. Moreover, the use of a
synthetic dataset ensures data privacy and provides a
controlled environment for methodological validation.

The dataset includes demographic, behavioral, and
contextual attributes covering aspects of study habits,
parental background, school environment, and lifestyle
factors. Table 1 summarizes the attributes and their
descriptions.
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Table 1. Attributes in the dataset.

Attribute Description
Hours_Studied Number of hours spent studying per week.
Attendance Percentage of classes attended.

Parental_Involvement
Access_to_Resources
Extracurricular_Activities
Sleep_Hours
Previous_Scores
Motivation_Level
Internet_Access
Tutoring_Sessions
Family_Income
Teacher_Quality
School_Type
Peer_Influence
Physical_Activity
Learning_Disabilities
Parental_Education_Level

Level of parental involvement (Low, Medium, High).
Availability of educational resources (Low, Medium, High).
Participation in extracurricular activities (Yes, No).
Average hours of sleep per night.

Student’s previous exam scores.

Student’s motivation (Low, Medium, High).

Availability of internet access (Yes, No).

Number of tutoring sessions per month.

Family income level (Low, Medium, High).

Teacher quality (Low, Medium, High).

Type of school (Public, Private).

Peer influence on academics (Positive, Neutral, Negative).
Hours of physical activity per week.

Presence of learning disabilities (Yes, No).

Highest parental education (High School, College, Postgraduate).

Distance_from_Home

Distance to school (Near, Moderate, Far).

Gender Gender of the student (Male, Female).

Exam_Score Final exam score.

For classification purposes, the exam score variable was
transformed into two achievement categories: low and
high, based on predefined thresholds. Scores below 65
were classified as low, while scores equal to or above 65
were classified as high. The resulting distribution
indicates that the majority of students fall into the low
category, with 4,982 students, followed by 1,625 in the
high category.

2.2. Data Preprocessing

Prior to model development, the dataset underwent a
comprehensive preprocessing pipeline to ensure data
consistency and suitability for machine learning analysis.
The preprocessing steps included data cleaning,
categorical variable encoding, feature scaling, and
partitioning into training and testing subsets [19].

Initially, the dataset was examined for missing or
inconsistent values; no null entries were detected,
confirming data completeness. Since the dataset
contained both categorical and numerical attributes,
appropriate transformations were applied to convert all
features into a machine-readable numerical format.
Categorical variables were label-encoded, assigning
unique integer values to each category while preserving
their distinct identities.

To normalize the range of numerical features and
mitigate the effects of scale disparities, continuous
variables were standardized so that each had a mean of
zero and a standard deviation of one [20]. This step
enhanced the convergence and performance of machine
learning algorithms. Finally, the preprocessed dataset
was divided into training and testing sets using an 80:20

split ratio, with 80% of the data allocated for model
training and 20% reserved for evaluation [21].

2.3. Machine Learning Method's

In this study, four widely used machine learning
algorithms were applied to classify student achievement
levels: K-KNN, Naive Bayes, SVM, and Random Forest. All
models were implemented using the scikit-learn library
with default hyperparameter settings. A brief overview of
each method is presented below.

2.3.1. K-Nearest Nejghbors (KNN)

KNN is a simple, instance-based learning algorithm that
classifies a new observation by considering the majority
class of its A nearest neighbors in the feature space [22].
It does not assume any underlying data distribution and
works effectively when classes are well-separated.
However, its performance can be affected by noisy
features and the choice of distance metric.

2.3.2. Naive Bayes

Naive Bayes is a probabilistic classifier based on Bayes’
theorem, with the simplifying assumption that features
are conditionally independent given the target class [23].
Despite this assumption often being unrealistic, it
performs well in many real-world tasks, especially with
high-dimensional data. It is computationally efficient and
provides quick predictions.

2.3.3. Support Vector Machine (SVM)

SVM is a supervised learning algorithm that aims to find
the optimal hyperplane that separates classes with the
maximum margin [24]. It is effective for both linear and
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non-linear classification through the use of kernel
functions. SVM is known for its robustness in handling
high-dimensional datasets, although it may require
careful tuning of parameters such as the kernel type and
regularization.

2.3.4. Random Forest

Random Forest is an ensemble learning method that
constructs multiple decision trees during training and
combines their predictions through majority voting [25].
Aggregating results from several trees reduces overfitting
and improves generalization. Random Forest also
provides insights into feature importance, making it a
valuable tool for interpretability.

2.4. Performance Evaluation

The performance of the machine learning models was
evaluated using four standard metrics for binary
classification: accuracy, precision, recall, and F1-score
[26-28]. Accuracy measures the overall proportion of
correctly classified instances, providing a general
indication of model performance. Precision reflects the
proportion of correctly predicted positive cases among all
predicted positives, while recall measures the proportion
of actual positive cases correctly identified by the model.
The F1-score, which is the harmonic mean of precision
and recall, offers a balanced assessment of both metrics,
especially when class distributions are uneven.

In addition to these metrics, two graphical methods were
used to assess model performance further: the Receiver
Operating Characteristic (ROC) curve and the Precision-
Recall (PR) curve. The ROC curve illustrates the trade-off
between the true positive rate and false positive rate
across different threshold values [29]. In contrast, the
area under the curve (AUC) provides a single value
summarizing the model’s discriminative ability. The PR
curve, on the other hand, highlights the relationship
between precision and recall, offering more informative
insights in the presence of class imbalance [30]. Together,
these evaluation methods provide a comprehensive
understanding of each model's predictive capability and
robustness in classifying students into low and high-
achievement categories.

3. Results and Discussion

The performance of the four machine learning models is
summarized in Table 2, which presents the accuracy,
precision, recall, and F1-score for each classifier.

KNN achieved an accuracy of 84.86%, with precision,
recall, and F1-score values also in the mid-80s. While KNN
demonstrated reasonable effectiveness in classifying

student achievement levels, its reliance on distance-
based similarity likely made it more sensitive to
overlapping classes and noise within the dataset. This
sensitivity may have led to misclassifications, especially in
cases where students with similar study habits or
environmental conditions had differing outcomes.
Despite these limitations, KNN provided a useful baseline
for comparison with more complex models.

Naive Bayes, SVM, and Random Forest each
demonstrated progressively improved performance.
Naive Bayes attained an accuracy of 89.64%, effectively
capturing general patterns in the data despite its
simplifying independence assumption. SVM achieved the
highest overall accuracy of 94.02%, leveraging its capacity
to identify an optimal separating hyperplane in the
multidimensional feature space. Random Forest followed
closely with an accuracy of 91.91%, combining multiple
decision trees to reduce overfitting and enhance
prediction stability. Overall, while all four models
performed well, SVM emerged as the most effective
approach for predicting student achievement,
showcasing its robustness and adaptability to complex
educational datasets.

Figure 1 presents the confusion matrices for the four
classifiers: (a) KNN, (b) Naive Bayes, (c) SVM, and (d)
Random Forest. These visualizations offer valuable
insights into how each model classified students into low
and high achievement categories. The KNN model
correctly identified most low-achieving students (925),
but it misclassified 154 high achievers as low. This
suggests that KNN struggled to differentiate between
higher-performing students, likely due to overlapping
feature values among the groups. Its reliance on
distance-based similarity made it more sensitive to class
overlap and feature noise, resulting in a higher rate of
misclassification for high achievers.

The Naive Bayes model improved the identification of
high achievers, correctly classifying 251 of them while
misclassifying 97 as low. Although this marked an
improvement over KNN, Naive Bayes still tended to
underpredict high performance, likely because its
assumption of feature independence is unrealistic in
complex educational datasets with correlated factors.
The SVM classifier delivered the best results, correctly
classifying 952 low and 291 high achievers, with only 57
misclassified, demonstrating the strength of its margin
maximization approach in handling multidimensional
data. The Random Forest model also performed strongly,
correctly predicting 955 low achievers and 260 high
achievers, although 88 high achievers were misclassified
as low achievers. While slightly less precise than SVM in
capturing the high group, Random Forest's ensemble

Page | 71



Journal of Educational Management and Learning, Vol. 3, No. 2, 2025

Table 2. Performance comparison of machine learning models.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
KNN 84.86 84.18 84.64 83.67
Naive Bayes 89.64 89.45 89.64 89.32
SVM 94.02 93.99 94.02 93.92
Random Forest 91.91 91.99 91.91 91.60
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Figure 1. Confusion matrices of the four machine learning models: (a) KNN, (b) Naive Bayes, (c) SVM, and (d) Random Forest, showing the
classification results for student achievement categories.

mechanism still provided stable and accurate predictions
across both categories.

Figure 2 illustrates the ROC curves for the four trained
classifiers. The ROC curve plots the True Positive Rate
(TPR) against the False Positive Rate (FPR) at various
threshold settings, while the Area Under the Curve (AUC)
quantifies the overall performance of each model. As
shown in the figure, KNN achieved an AUC of 0.8973,
reflecting moderate predictive capability with some
overlap between classes. Naive Bayes improved upon
this with an AUC of 0.9432, indicating stronger separation
between low and high achievers despite its simplifying
assumptions.

The SVM and Random Forest models achieved the
highest AUC values, 0.9792 and 0.9723, respectively,
demonstrating exceptional classification performance.
The steep rise and early plateau of their curves near the
top-left corner signify a high TPR with minimal false

alarms. This confirms that both models were highly
effective in distinguishing between achievement levels,
with SVM performing slightly better overall. These results
reinforce the earlier findings from accuracy and F1-
scores, emphasizing that SVM and Random Forest are the
most reliable and robust models for predicting student
achievement in this dataset.

Figure 3 presents the PR curves for the four classifiers:
KNN, Naive Bayes, SVM, and Random Forest. The PR
curve provides a detailed view of each model's ability to
balance precision (the proportion of correctly predicted
positive cases) and recall (the proportion of actual
positives correctly identified). As shown, KNN
demonstrates a steady but lower precision across varying
recall values, reflecting its moderate ability to maintain
accuracy as recall increases. The Naive Bayes curve
performs better but still shows a gradual decline in
precision as recall rises, indicating challenges in handling
feature dependencies within the dataset.
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Figure 2. ROC curves showing the classification performance of KNN, Naive Bayes, SVM, and Random Forest models.
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Figure 3. Precision-Recall curves comparing the predictive performance of KNN, Naive Bayes, SVM, and Random Forest models.

In contrast, SVM and Random Forest display superior and
more stable curves, maintaining high precision across
nearly the entire recall range. SVM slightly outperforms
Random Forest, achieving near-perfect precision at
moderate recall levels, underscoring its strength in
defining clear class boundaries. Random Forest closely
follows, demonstrating robust precision and recall trade-
offs due to its ensemble averaging, which helps mitigate
overfitting. Overall, these PR curves further validate that
SVM and Random Forest deliver the most reliable and
consistent  classification  performance, effectively
balancing false positives and false negatives in predicting
student achievement levels.

Overall, the results demonstrate that all four machine
learning models performed effectively in predicting
student achievement, with varying degrees of accuracy
and reliability. Among them, the SVM consistently

emerged as the best-performing model, achieving the
highest accuracy (94.02%), F1 Score, and AUC (0.9792),
while maintaining an excellent precision-recall balance.
Its ability to construct an optimal separating hyperplane
allowed it to handle the multidimensional and mixed-
type features of the dataset more effectively than the
other classifiers. Although Random Forest also delivered
strong and stable results, its performance was slightly
lower than that of SYM. In contrast, Naive Bayes and KNN
exhibited solid but comparatively moderate accuracy due
to their simplifying assumptions and sensitivity to noisy
or overlapping data. Overall, SVM proved to be the most
robust and reliable model for predicting student
achievement, offering superior generalization and
classification performance across all evaluation metrics.

The findings of this study carry important implications for
educational practice and management. The strong
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predictive performance of the machine learning models,
particularly the SVM, demonstrates the potential of data-
driven approaches in identifying factors that influence
student achievement. By integrating variables such as
study habits, parental involvement, and school
environment, educational institutions can use predictive
analytics to identify at-risk students and design targeted
interventions proactively. For example, schools could
allocate tutoring support or counseling resources based
on early warning signals derived from model predictions.
Furthermore, the results highlight the multifaceted
nature of academic success, emphasizing that student
achievement is not determined solely by cognitive ability
but also by behavioral, familial, and environmental
factors. For policymakers and administrators, these
insights underscore the importance of holistic
educational strategies that consider both in-school and
out-of-school influences to enhance student outcomes.

However, this study also has several limitations. The
dataset, while comprehensive, was sourced from a
publicly available Kaggle repository, which may not
perfectly represent the diversity of real-world
educational contexts. Some features, such as motivation
level, parental involvement, or teacher quality, were self-
reported or qualitatively coded, introducing potential
subjectivity and measurement bias. Additionally, the
study used default hyperparameters for all models;
further optimization might yield improved results. The
binary categorization of achievement levels (low and
high) simplified the problem but may have overlooked
nuances among students in the middle-performance
range.

Future research should address these limitations by
incorporating larger and more representative datasets
from diverse educational systems and regions.
Employing advanced techniques such as hyperparameter
tuning, deep learning architectures, or ensemble hybrid
models could enhance prediction accuracy and
interpretability. Moreover, integrating longitudinal data
would enable the tracking of changes in student
performance over time, allowing educators to
understand causal relationships rather than merely
correlations. Finally, future studies could explore the
ethical and practical aspects of deploying predictive
models in education, ensuring that such tools support
equity, transparency, and informed decision-making
rather than reinforcing existing disparities. By refining
both the methodological and contextual aspects, future
work can bridge the gap between educational data
science and actionable policy development, ultimately
promoting more effective and inclusive educational
management practices.

4. Conclusions

This study examined the predictive capabilities of
machine learning algorithms, specifically KNN, Naive
Bayes, SVM, and Random Forest, in predicting student
achievement based on study habits, parental
involvement, and school environment. Among the
models, SVM emerged as the most effective,
demonstrating the highest accuracy and balanced
performance across all metrics. The findings highlight
that academic success is influenced by an interplay of
behavioral, familial, and institutional factors, reinforcing
the need for holistic and data-informed educational
strategies. By applying predictive analytics, educators
and administrators can proactively identify students at
risk, allocate resources more efficiently, and design
targeted interventions to improve learning outcomes.
Overall, this study underscores the transformative
potential of machine learning in enhancing educational
decision-making and promoting evidence-based
management practices that support equitable and
effective learning environments.
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