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ABSTRACT

Educational institutions increasingly seek data-driven approaches to understand
students' learning preferences, particularly in mathematics education where
differences in conceptual understanding across domains may influence learning
outcomes. This study aims to develop a machine learning-based model to identify
students' mathematics learning preferences across Algebra, Geometry, and
Statistics using questionnaire data. The research was conducted at Universitas
PGRI Adi Buana Surabaya involving undergraduate students in mathematics
education. A quantitative approach was employed using questionnaires as the
primary instrument to capture students' learning preference characteristics. The
dataset was analyzed using the Support Vector Machine algorithm with a hold-

out validation technique, where the data were divided into 75% training data and
25% testing data. Model performance was evaluated through multiple
experimental trials using accuracy, precision, recall, and F1-score. The results
show that the model achieved strong and stable performance across ten trials,
obtaining an average accuracy of 97.05%, precision of 94.88%, recall of 98.32%,
and F1-score of 96.39%.

This is an open access article under the CC BY-SA license.

Corresponding Author:

Rani Kurnia Putri

Department of Mathematics Education,

Universitas PGRI Adi Buana, Surabaya, 60234, Indonesia
Email: rani@unipasby.ac.id

1. INTRODUCTION

The rapid development of digital technologies and artificial intelligence has significantly transformed many sectors,
including education. In recent years, educational systems worldwide have increasingly adopted data-driven approaches
to understand students’ learning behaviors and improve instructional strategies[1], [2], [3]. Among various academic
subjects, mathematics remains one of the most critical disciplines due to its fundamental role in science, technology,
engineering, and economic development. International educational assessments such as the Programme for International
Student Assessment (PISA) consistently highlight the importance of mathematics proficiency as a key indicator of
students’ readiness for the modern workforce[4], [5]. However, global reports indicate that many students continue to
struggle with mathematics learning, often demonstrating varying levels of engagement, motivation, and achievement
across different mathematical domains. Public perception toward mathematics learning has also been widely discussed
in educational research. Mathematics is often viewed as a challenging and abstract subject, leading to decreased interest
and negative attitudes among students. Studies have shown that students’ perceptions of mathematics significantly
influence their motivation and learning outcomes[6], [7]. Moreover, mathematics itself is not a homogeneous discipline;
rather, it consists of multiple domains such as algebra, geometry, and statistics, each requiring distinct cognitive
processes and problem-solving strategies. While some students may demonstrate strong interest in algebraic reasoning,
others may find greater engagement in spatial reasoning or data interpretation.
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Global educational statistics further emphasize the need for innovative approaches to understanding students’
learning preferences in mathematics. Large-scale educational data collected through digital learning platforms, surveys,
and institutional databases offer opportunities for advanced data analysis techniques to uncover hidden patterns in
student learning behaviors. Educational researchers increasingly recognize that analyzing these data using intelligent
computational methods can provide valuable insights for improving teaching strategies and curriculum design[8], [9],
[10]. Therefore, integrating artificial intelligence techniques into educational research has become an important direction
for advancing data-driven decision-making in education. In this context, educational data mining has emerged as a
promising field that applies data analysis and machine learning techniques to educational datasets. By analyzing student-
related data, educational data mining can identify learning patterns, predict academic outcomes, and support personalized
learning environments. Understanding students’ learning preferences in mathematics through intelligent data analysis is
particularly important, as it may help educators design more adaptive and engaging instructional approaches.
Consequently, exploring machine learning methods to analyze and classify students’ mathematics learning preferences
represents a valuable contribution to both educational research and intelligent learning systems[3], [11].

Educational data mining is an interdisciplinary research area that focuses on developing methods to explore data
originating from educational environments. The primary goal of educational data mining is to extract meaningful
information from large educational datasets in order to improve learning processes and educational outcomes. Techniques
commonly used in this field include classification, clustering, prediction, and pattern discovery. Among these techniques,
classification plays a particularly important role in identifying patterns in student data and categorizing learners based on
specific characteristics[1], [12], [13]. Machine learning algorithms are widely used in educational data mining to build
predictive and classification models. Machine learning refers to computational methods that allow systems to learn
patterns from data and make decisions without explicit programming. These algorithms are capable of analyzing complex
datasets and identifying relationships between variables that may not be easily observable through traditional statistical
analysis[14], [15], [16]. In educational contexts, machine learning has been applied to tasks such as predicting student
performance, detecting learning difficulties, identifying dropout risks, and analyzing learning behaviors[1], [3], [17].

One of the most widely used machine learning algorithms for classification tasks is the Support Vector Machine
(SVM). SVM is a supervised learning algorithm designed to find an optimal hyperplane that separates data points into
different classes. The algorithm is known for its effectiveness in handling high-dimensional data and its strong
generalization capability. Due to these advantages, SVM has been successfully applied in various domains, including text
classification, image recognition, medical diagnosis, and educational data analysis[18], [19]. Previous studies have
demonstrated the potential of machine learning techniques in educational research. For example, researchers have used
machine learning algorithms to predict students’ academic performance, classify learning styles, and identify factors
influencing student engagement[3], [12], [20]. In mathematics education specifically, data-driven approaches have been
applied to analyze problem-solving strategies, predict learning outcomes, and detect misconceptions. These studies
highlight the importance of integrating computational methods into educational research to better understand complex
learning processes[21], [22]. Despite these advances, relatively few studies have focused on classifying students’
preferences across different domains of mathematics learning. Understanding these preferences is important because
students may demonstrate varying levels of interest and engagement depending on the type of mathematical content being
studied. Therefore, applying machine learning techniques such as SVM to classify students’ mathematics learning
preferences may provide valuable insights for educators and curriculum designers.

Although mathematics plays a central role in modern education, many students still experience difficulties and lack
of motivation in learning this subject. International assessment results continue to show disparities in mathematics
achievement across countries and educational systems[23], [24], [25]. One important factor contributing to these
challenges is the diversity of students’ learning preferences and interests. Students do not necessarily engage with all
mathematical domains in the same way; some may prefer algebraic reasoning, while others may find geometry or
statistical reasoning more appealing. However, traditional classroom practices often treat mathematics as a uniform
subject without considering variations in students’ domain-specific interests. Instructional strategies are frequently
designed using a generalized approach that assumes all students respond similarly to different mathematical topics. As a
result, teaching methods may fail to address individual differences in learning preferences, which can lead to decreased
motivation and reduced learning effectiveness. Another challenge lies in the limited use of advanced data analytics in
understanding students’ learning behaviors[10], [26].

Although educational institutions collect large amounts of student-related data, these data are often underutilized for
learning analysis and decision-making. Without proper analytical methods, valuable insights regarding students’ learning
tendencies remain hidden within these datasets. Consequently, educators may lack the information needed to design more
personalized learning experiences. If these issues are not addressed, several negative consequences may arise. Students
who consistently encounter difficulties in certain mathematical domains may develop negative attitudes toward
mathematics as a whole. This situation may ultimately reduce students’ interest in pursuing STEM-related fields, which
are increasingly important in the global knowledge economy[20], [27]. Therefore, identifying students’ mathematics
learning preferences through data-driven approaches is essential for supporting more adaptive and personalized learning
environments. Machine learning methods offer a promising solution to this problem. By analyzing educational datasets,
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machine learning algorithms can identify patterns that reveal students’ learning preferences and engagement tendencies.
Among various algorithms, Support Vector Machine has demonstrated strong performance in classification tasks
involving complex datasets[28], [29], [30]. Thus, applying SVM to classify students’ mathematics learning preferences
represents a valuable approach to addressing the challenges described above.

Based on the issues discussed above, this study aims to develop a machine learning—based classification model to
identify students’ mathematics learning preferences using educational data mining techniques. The study focuses on
analyzing students’ responses related to their learning experiences, interests, and perceptions toward different
mathematical domains, including algebra, geometry, and statistics. By utilizing the Support Vector Machine algorithm,
this research seeks to construct a reliable classification model capable of detecting patterns in students’ learning
preferences from educational datasets. In order to achieve this aim, the study first analyzes educational data collected
from secondary school students to understand the characteristics of their learning tendencies. Subsequently, the research
develops a classification model using the Support Vector Machine approach to categorize students according to their
preferred mathematics domains. Finally, the performance of the proposed model is evaluated using standard machine
learning evaluation metrics such as accuracy, precision, recall, and Fl-score to determine the effectiveness of the
classification process. Through these steps, the study is expected to contribute to the development of intelligent learning
analytics and provide valuable insights for designing more adaptive and personalized mathematics learning environments.

2. METHOD
2.1 Research Design

This study employed a quantitative research design using a machine learning approach within the framework of
educational data mining. The purpose of the study was to develop a classification model capable of identifying students’
mathematics learning preferences based on data collected from educational questionnaires. The research adopted a data-
driven approach in which students’ responses were treated as a dataset for training and evaluating a classification model.
The overall research procedure consisted of several stages, including data collection, data preprocessing, model
development, and model evaluation (Figure 1). First, educational data were collected from secondary school students
through a structured questionnaire designed to measure students’ learning interests and perceptions toward different
mathematics domains. Second, the collected data were processed and prepared for machine learning analysis. Third, a
classification model was developed using the Support Vector Machine algorithm. Finally, the performance of the model
was evaluated using standard classification metrics to determine its effectiveness in predicting students’ mathematics
learning preferences.

: 2 W N -
Data Collection Data Preprocessing Model Development Model Evaluation

Student Questionnaires Cleaning & Preparation Support Vector Machine Performance Metrics
Figure 1. Research Design Diagram
2.2 Data Collection

The dataset used in this study was obtained from secondary school students who participated in a survey regarding
their mathematics learning experiences and preferences. The questionnaire consisted of multiple indicators related to
students’ learning interest, perceived difficulty, motivation, and engagement in mathematics learning. These indicators
were designed to capture students’ attitudes toward different mathematical domains. A total of 449 student responses
were collected and used as the dataset for this research. Each response contained 47 attributes representing students’
answers to the questionnaire items designed to capture their learning tendencies and preferences when studying different
areas of mathematics. These attributes describe various aspects of students’ learning behaviors, such as their approaches
to solving mathematical problems, their preference for symbolic or visual representations, and their ability to interpret
numerical and contextual information. Each attribute corresponds to a specific questionnaire item and was transformed
into numerical values so that the dataset could be processed using computational analysis techniques.

The target variable in the dataset represents the mathematics domain that is most preferred by each student. Based
on the responses provided in the questionnaire, students’ dominant learning preferences were categorized into three
mathematics domains:
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v’ Algebra

v Geometry

v’ Statistics
These domains were selected because they represent fundamental areas of mathematics learning that involve different
cognitive processes and problem-solving strategies. Algebra is generally associated with symbolic manipulation, equation
solving, and pattern recognition. Geometry focuses more on spatial reasoning, visualization, and the interpretation of
geometric shapes and diagrams. Meanwhile, Statistics involves data interpretation, probability reasoning, and the analysis
of numerical information within real-world contexts[31], [32].

The distribution of the dataset indicates that students’ preferences vary across these three domains, reflecting the
diversity of learning interests and cognitive strengths among students in mathematics education. Such variation is
important for understanding how students approach mathematical problems and which types of mathematical concepts
they feel more comfortable working with. From a computational perspective, the presence of multiple preference
categories makes the dataset suitable for developing a multiclass classification model, where the objective is to predict
the most dominant mathematics learning domain based on students’ questionnaire responses.

2.3 Data Preprocessing

Before applying machine learning algorithms, several preprocessing steps were conducted to ensure the quality and
usability of the dataset. Data preprocessing is an important step in educational data mining, as raw educational data often
contain inconsistencies or require transformation before analysis. The preprocessing stage included data cleaning,
attribute verification, and preparation of the dataset for machine learning analysis. Data cleaning involved checking for
incomplete responses and removing any inconsistent or invalid entries. Attribute verification was performed to ensure
that all variables were properly formatted and suitable for classification analysis. After cleaning and verification, the
dataset was organized into feature variables and a target variable. The feature variables consisted of students’ responses
to the questionnaire items, while the target variable represented the preferred mathematics domain of each student. This
structured dataset was then used as input for the machine learning classification model.

2.4 Classification Model

To classify students’ mathematics learning preferences, this study employed the Support Vector Machine (SVM)
algorithm. SVM is a supervised machine learning technique widely used for classification tasks due to its strong
theoretical foundation and high generalization capability. The main principle of SVM is to determine an optimal
hyperplane that separates data points belonging to different classes while maximizing the margin between the hyperplane
and the closest data points from each class, known as support vectors[33], [34].

In this study, SVM was applied to perform multiclass classification in order to categorize students according to their
preferred mathematics learning domain. The classification model was trained using students’ responses obtained from a
structured questionnaire. Each response forms a feature vector representing students’ perceptions, learning interests, and
experiences in mathematics learning. The target variable corresponds to the mathematics domain preferred by each
student, which includes algebra, geometry, and statistics. Mathematically, the objective of SVM (Eq 1) is to determine
the optimal separating hyperplane defined as:

w.x+b=0 (1)
where w represents the weight vector, x represents the input feature vector, and brepresents the bias term. To maximize
the separation margin while minimizing classification errors, the SVM optimization problem (Eq 2) can be formulated
as follows:

n
1
1 2 '
min= Wiz +¢ ) & @
i=1
subject to the constraint

yiw.x;+b)=21-¢& & =0
where
x; represents the input data point,
y; represents the class label,
¢; represents the slack variable allowing misclassification, and
C is the penalty parameter that controls the trade-off between maximizing the margin and minimizing classification
errors.

Since many real-world datasets contain nonlinear relationships, SVM uses kernel functions to transform the original
feature space into a higher-dimensional space where a linear separation can be achieved. In this study, the Gaussian
kernel, also known as the radial basis function (RBF) kernel (Eq 3), was used. The Gaussian kernel is defined as:
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2
||xi - x]-||
K(xi,xj) = exp g7 3)

where x; and , x; represent two feature vectors and o represents the kernel width parameter controlling the spread of the
kernel function[19], [33], [35].

Because the dataset used in this research contains more than two classes, a multiclass classification strategy was
required. The model implemented the one-versus-one (OvO) approach, in which a separate classifier is constructed for
each pair of classes. For a dataset with three classes, the OvO method generates three binary classifiers (Figure 2). During
prediction, each classifier votes for a class label, and the class receiving the highest number of votes is selected as the
final prediction. Prior to model training, feature standardization was applied to normalize the dataset[19], [36].
Standardization transforms each feature to have a mean of zero and a standard deviation of one. This step ensures that all
variables contribute equally to the learning process and prevents features with larger numerical scales from dominating
the classification process.

Training Phase (One-vs-One SVM)

Class A (Algebra) Class B (Geometry) Class C (Statistics) .--- Voting Mechanism -
- UCXO) A A A ) {
= @ 00 A A B = 1. Each classifier predicts a class
Dataset lGenerate Binary Classifiers for Each Class Pair 1 2. Majority vote selects final class
(449 Samples)
Classifier A vs B Classifier Avs C Classifier B vs C @® ClassA
o0 //. 1, :.Q \ "__,- ) A - \\)\/,’. (R
. PN IR | g
Data Preprocessing 268 ' omm % e\ "n A ClassB

Eoiom B oumermrm LT
— Standardization T ained OvO Models e

Final Prediction =

Model AB | Model AC =~ Model BC | Class with Highest Votes
Testing Phase (Prediction using Trained Classifiers)
Majority Voting
New Student Model AB  —» Predicts: Class A
Data q Preprocessing @ ClassA — 1Vote Q
= (Standardization) Model AC —» Predicts: Class C s Final Prediction

A Class B — 1Vote
-3 -
Model BC —» Predicts: ClassB ~ —/ [ ClassC — 1 Vote

(Highest Votes)

Training ‘---»:y’ Model Building ) Testing —» Prediction )
Figure 2. One-vs-One SVM classification workflow

The SVM model used in this study was configured using specific hyperparameter settings obtained during the
experimental process. These parameters influence how the model learns patterns from the data and affect its classification
performance.

Table 1. SVM Hyperparameter Configuration

Parameter Value Description
Kernel Function ((l}{a};l;s)lan Kernel used to model nonlinear relationships

Controls trade-off between margin

Box Constraint (C) ! maximization and classification error
Kernel Scale 1.7 Determines width of the Gaussian kernel
Kernel Scale Mode Manual Kernel scale manually specified
Multiclass Method One-vs-One Strategy for handling multiple classes
Data . ..
Standardization Enabled Features normalized before training
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Table 1 showed the configuration used in this framework. Using the above configuration, the SVM model was trained to
identify patterns within the educational dataset and classify students according to their preferred mathematics learning
domains. The trained model was subsequently evaluated using hold-out validation to assess its predictive performance
on unseen data.

2.5 Model Evaluation

The performance of the classification model in this study was evaluated using the hold-out validation approach.
Hold-out validation is a commonly used method in machine learning for assessing model performance by dividing the
dataset into two independent subsets: a training set and a testing set. The training dataset is used to train the classification
model, while the testing dataset is used to evaluate the model’s predictive capability on unseen data. This approach allows
researchers to assess how well the model generalizes to new data outside the training process[37], [38]. In this study, the
dataset consisting of 449 student responses was randomly partitioned into two subsets. The majority of the data were used
as the training set to construct the classification model using the Support Vector Machine algorithm, while the remaining
portion was used as the testing set to evaluate the performance of the trained model. The separation between training and
testing data ensures that the evaluation process reflects the model’s ability to make predictions on previously unseen
instances. To obtain reliable performance results, the hold-out validation process was repeated across multiple
experimental runs. Each run involved randomly dividing the dataset into training and testing subsets, followed by model
training and testing. This repeated evaluation helps reduce the influence of random variation in data splitting and provides
a more stable estimate of the model’s performance.

The effectiveness of the classification model was assessed using several standard performance metrics commonly
applied in machine learning research, including accuracy, precision, recall, and Fl-score. Accuracy measures the
proportion of correctly classified instances relative to the total number of observations in the testing dataset. Precision
evaluates the reliability of the model’s predictions by measuring the proportion of correctly predicted instances among
all predicted instances for a given class. Recall measures the model’s ability to correctly identify instances belonging to
a particular class. Meanwhile, the F1-score represents the harmonic mean of precision and recall, providing a balanced
measure of classification performance[39], [40]. These evaluation metrics provide a comprehensive assessment of the
effectiveness of the proposed classification model in identifying students’ mathematics learning preferences.

3.  RESULTS AND DISCUSSION

This section presents the findings obtained from the implementation of the Support Vector Machine (SVM) model
for classifying students’ mathematics learning preferences. The experimental evaluation was conducted through ten
independent trials using hold-out validation, and the results are summarized based on the study objectives.

3.1 Classification Performance

To evaluate the effectiveness of the classification model, the experiment was conducted through ten independent
trials using the hold-out validation approach. Each trial involved randomly splitting the dataset into training data (75%)
and testing data (25%), after which the classification performance of the Support Vector Machine model was measured
using four evaluation metrics: accuracy, precision, recall, and F1-score. The results obtained from all experimental trials
are presented in Table 2.

Table 2. Performance Results of the SVM Model Across Ten Experimental Trials

Batch Accuracy Precision Recall SlcT:;e
1 97,32% 95,59% 98,44% 96,90%
2 96,43% 94,44% 97,98% 96,05%
3 97,32% 94,74% 98,46% 96,36%
4 94,64% 90,59% 97,01% 93,13%
5 97,32% 95,42% 98,46% 96,81%
6 96,43% 93,89% 97,98% 95,69%
7 98,21% 97,17% 98,96% 98,02%
8 96,43% 93,66% 97,98% 95,55%
9 97,32% 95,00% 98,44% 96,50%
10 99,11% 98,33% 99,47% 98,88%
Average 97,05% 94,88% 98,32% 96,39%
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The results demonstrate that the classification model consistently achieved high performance across all experimental
trials. The average accuracy obtained from the ten trials was 97.05%, indicating that the model correctly classified the
majority of student learning preference instances. The precision value averaged 94.88%, suggesting that most predicted
learning preference categories corresponded to the actual class labels. The recall metric obtained the highest average
value of 98.32%, which indicates that the model was highly effective in identifying the correct classes with very few
missed classifications. A high recall value is particularly important in classification tasks because it demonstrates that the
model successfully detects most of the relevant instances within the dataset. Meanwhile, the average F1-score of 96.39%
indicates a balanced performance between precision and recall, confirming that the classification model performs reliably
across different evaluation perspectives.

An examination of the results across the ten trials also reveals the stability of the classification model. The accuracy
values ranged between 94.64% and 99.11%, showing only a small variation despite the random partitioning of training
and testing data. The highest classification performance was achieved in Batch 10, where the model reached 99.11%
accuracy, 98.33% precision, 99.47% recall, and 98.88% F1-score. These values indicate that the model was able to
identify nearly all student learning preference instances correctly in that trial. In contrast, the lowest performance occurred
in Batch 4, where the model obtained 94.64% accuracy and 93.13% F1-score. Although this represents the lowest result
among the trials, the performance level remains relatively high and still exceeds 90%, demonstrating that the model
maintains reliable predictive capability even under less optimal data partitions. Another important observation is that the
recall values remain consistently high across all trials, generally exceeding 97%. This suggests that the classification
model rarely fails to identify the correct learning preference categories. The slight variations observed in precision values
may indicate that some predicted classes overlap with other categories, which is common in educational datasets where
student learning preferences may share similar characteristics.

Overall, the results indicate that the SVM-based classification model provides strong predictive performance and
demonstrates consistent stability across multiple experimental trials. The high accuracy, precision, recall, and F1-score
values confirm that the proposed model is effective in identifying patterns in students’ responses and accurately
classifying their mathematics learning preferences.

3.2 Class-Level Classification Performance

In addition to evaluating the overall performance of the classification model, further analysis was conducted to
examine the classification performance for each mathematics learning preference category. The dataset in this study
contains three learning preference domains: Algebra, Geometry, and Statistics. Evaluating the model at the class level
allows a deeper understanding of how effectively the classification model identifies each learning preference category.
Table 3 presents the average precision, recall, and F1-score for each mathematics learning domain obtained from the ten
experimental trials.

Table 3. Average Classification Performance per Domain

Iﬁia;:;:g Precision Recall Slc?;l-‘e
Algebra 97.39% 100.00% 97.39%
Geometry 87.26% 100.00% 93.10%
Statistics 100.00% 94.95% 97.40%

The results show that the classification model performs effectively across all three mathematics learning domains.
The Algebra class achieved a precision of 97.39% and a perfect recall value of 100%, indicating that the model
successfully identified all Algebra-related learning preference instances in the dataset. This suggests that the patterns
associated with Algebra preferences are clearly distinguishable within the student response data. Similarly, the Statistics
learning domain demonstrates strong classification performance. The precision value reached 100%, indicating that all
predictions classified as Statistics were correct. The recall value of 94.95% indicates that the majority of Statistics
preference instances were successfully detected, with only a small number of instances misclassified. The resulting F1-
score of 97.40% confirms the balanced classification performance for this domain. The Geometry class shows slightly
lower precision compared to the other domains, with a value of 87.26%, although its recall remains perfect at 100%. This
means that while all Geometry instances were correctly identified, some instances predicted as Geometry may actually
belong to other classes. This phenomenon may occur because certain characteristics of Geometry learning preferences
share similarities with those of other mathematics domains, causing the model to occasionally assign overlapping
predictions. Despite this slight variation, the overall class-level results indicate that the classification model is capable of
effectively distinguishing between different mathematics learning preferences. The high recall values across all domains
demonstrate that the model rarely fails to detect the correct class, while the high F1-scores confirm that the classification
results remain balanced and reliable. These findings further confirm the effectiveness of the Support Vector Machine
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algorithm in modeling educational questionnaire data and identifying patterns related to students’ mathematics learning
preferences.

To provide a clearer understanding of the classification performance for each mathematics learning domain,
graphical visualizations were generated for Algebra, Geometry, and Statistics based on the results obtained from the ten
experimental trials (Figure 3). Each graph presents the performance metrics across all batch, allowing the trend and
stability of the classification model to be observed for each domain.

Algebra Geometry
100.00% *—o— —0—0—0—0—0—
\/ \ / 100.00% o o o o o o o o o
0,
95.00% 95.00%
90.00% 90.00%
80.00% 80.00%
75.00% 75.00%
70.00% 70.00%
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
e=@==Presisi ==@==Recall F1-Score e=@==Presisi ==@==Recall F1-Score

Statistics

100.00% -o—eo—o—e—0—0—0—0—0—_

95.00% W
90.00%

85.00%
80.00%
75.00%
70.00%
1 2 3 4 5 6 7 8 9 10
==@==Presisi ==@==Recall F1-Score

Figure 3. Classification Performance by Domain

For the Algebra domain, the graphical results show consistently high classification performance across all batches.
The precision values remain stable throughout the experiments, reaching nearly perfect values in most trials. Meanwhile,
recall values remain consistently high, indicating that the classification model successfully identified almost all Algebra-
related instances. As a result, the F1-score values for Algebra remain close to 1.00 across the ten batches, demonstrating
that the model performs reliably in identifying learning preferences associated with Algebra. The stability observed in
the graph suggests that Algebra-related patterns within the dataset are clearly distinguishable by the Support Vector
Machine classification model.

In contrast, the Geometry domain exhibits slightly greater variation across the ten batches. While recall values
remain consistently high, indicating that the model successfully detects most Geometry instances, the precision values
fluctuate more noticeably compared to the Algebra domain. This variation suggests that some predictions classified as
Geometry may overlap with other learning preference domains. Such behavior may occur because the characteristics
associated with Geometry learning preferences share similarities with those found in other mathematical topics. Despite
this variation, the F1-score values remain relatively high across all batches, indicating that the classification model still
performs effectively in identifying Geometry-related learning preferences.
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In addition, for the Statistics domain, the graphical results demonstrate strong and stable classification performance
similar to the Algebra domain. Precision values remain consistently high across all batches, often reaching perfect values,
indicating that predictions for the Statistics class are highly accurate. Recall values also remain high throughout the
experiments, showing that the majority of Statistics instances are successfully detected by the model. Consequently, the
Fl-score values remain consistently high across the ten batches, reflecting balanced classification performance. The
stability observed in the Statistics graph suggests that the classification model effectively captures the distinguishing
characteristics of this learning preference domain.

Overall, the graphical visualization of classification performance across the three domains highlights the robustness
of the classification model. While minor variations occur across certain batches, particularly in the Geometry domain, the
results consistently demonstrate high performance across all learning preference categories. These findings further
confirm that the classification approach is capable of effectively identifying patterns within students’ questionnaire
responses and accurately classifying their mathematics learning preferences.

3.3 Discussion

The results obtained in this study demonstrate that the classification model achieved consistently high performance
in identifying students’ mathematics learning preferences based on questionnaire data. Across the ten experimental trials,
the model produced an average accuracy of 97.05%, accompanied by high precision, recall, and F1-score values. These
results indicate that the classification model is capable of effectively capturing patterns within students’ responses and
accurately categorizing their learning preferences into the appropriate mathematics domains. The relatively small
variation observed across the experimental trials further confirms the stability of the model. Even when the dataset was
randomly partitioned into training and testing subsets, the classification results remained consistently strong, suggesting
that the model successfully learned meaningful patterns within the dataset rather than relying on a specific data
distribution.

The strong classification performance observed in this study can largely be attributed to the characteristics of the
Support Vector Machine algorithm. SVM is widely recognized for its ability to identify optimal decision boundaries in
high-dimensional datasets. In the context of this research, each questionnaire response represents a feature describing a
student's learning preference tendencies. When these responses are combined, they form a multidimensional feature space
that reflects students’ learning characteristics. The SVM algorithm constructs an optimal separating hyperplane that
maximizes the margin between different classes, allowing the model to effectively distinguish between different learning
preference categories. This capability is particularly useful when analyzing educational datasets where relationships
between variables may be complex and multidimensional. Another factor contributing to the effectiveness of the model
is the structured nature of questionnaire-based educational data. Students who prefer a particular mathematics domain
often exhibit consistent response patterns across related questions. These patterns create distinguishable clusters in the
dataset that can be effectively separated by the classification model. As a result, the model is able to achieve high recall
values across the experimental trials, indicating that it successfully identifies the majority of relevant learning preference
instances. The balanced precision and recall values reflected in the high F1-scores further confirm that the classification
model performs reliably across different evaluation metrics. Further analysis of the results also reveals differences in
classification performance across the three mathematics learning domains: Algebra, Geometry, and Statistics. The
Algebra domain demonstrates the most stable classification performance among the three domains. Precision values
remain consistently high across all experimental trials, while recall values approach perfect levels in most cases. These
results indicate that the model is highly effective in identifying Algebra-related learning preferences and rarely
misclassifies instances belonging to this domain. The strong performance observed in Algebra suggests that the learning
characteristics associated with this domain are clearly represented in the dataset, making it easier for the classification
model to identify patterns related to Algebra learning preferences.

The Geometry domain, on the other hand, exhibits slightly greater variation in classification performance compared
to Algebra. While recall values remain consistently high across the experimental trials, precision values fluctuate more
noticeably. This indicates that although the model successfully detects most Geometry-related instances, some predictions
labeled as Geometry may actually belong to other domains. Such variations may occur because the learning characteristics
associated with Geometry often overlap with those of other mathematical domains. Skills such as spatial reasoning,
conceptual visualization, and logical thinking may also play roles in other areas of mathematics, which can lead to
occasional classification overlap. Nevertheless, the Fl-score values for Geometry remain relatively high across all
batches, indicating that the model still performs effectively in identifying Geometry-related learning preferences. In
contrast, the Statistics domain demonstrates strong classification performance similar to the Algebra domain. Precision
values frequently reach perfect or near-perfect levels across the experimental trials, indicating that predictions assigned
to the Statistics class are highly reliable. The recall values also remain consistently high, suggesting that the classification
model successfully identifies most Statistics-related learning preference instances. Consequently, the Fl-score values
remain high throughout the experimental trials, confirming balanced performance between precision and recall. The
stability observed in the Statistics domain suggests that the distinguishing characteristics associated with Statistics
learning preferences are effectively captured by the classification model. Overall, the domain-level analysis indicates that

Rani Kurnia Putri, Muhammad Athoillah, Prayogo, Annisa Dwisulistyaningtyas (2026). Support Vector Machine Based Classification
of Students' Mathematics Learning Preferences Using Educational Data Mining, Issue 5(1), 32-44.



ISSN: 2583-5343 Int. J. of IT, Res. & App., Vol. 5 No. 1: Mar 2026 Page 41

the classification model is capable of effectively distinguishing between different mathematics learning preferences.
While minor variations occur across certain domains, particularly in Geometry, the classification model consistently
achieves high performance across all three learning preference categories. These findings highlight the potential of
machine learning approaches for analyzing educational datasets and identifying patterns in students’ learning behaviors.
From an educational perspective, the findings of this study demonstrate the potential benefits of applying machine
learning techniques to analyze students’ learning preferences. Identifying students’ dominant mathematics learning
domains may help educators design more personalized learning strategies that align with students’ strengths and interests.
For example, instructional approaches may be adapted to emphasize particular mathematical concepts that match
students’ preferred learning patterns. Additionally, automated classification of learning preferences may assist educators
in identifying students who may require additional support or targeted interventions in specific mathematical areas. By
integrating machine learning techniques into educational data analysis, researchers and educators can gain deeper insights
into student learning behaviors and develop more adaptive learning environments that support diverse learning needs.

4. CONCLUSION

This study aimed to develop a classification model capable of identifying students’ mathematics learning preferences
based on questionnaire responses. The findings indicate that the proposed classification approach successfully achieved
the objectives of the study. By applying the Support Vector Machine algorithm, the model demonstrated consistently high
performance across multiple experimental trials, achieving an average accuracy of 97.05%, along with high precision,
recall, and Fl-score values. These results confirm that the classification model is capable of effectively identifying
patterns in students’ responses and accurately categorizing learning preferences into the three mathematics domains:
Algebra, Geometry, and Statistics. The domain-level analysis further revealed that the model performed most consistently
in the Algebra and Statistics domains, while minor variations were observed in the Geometry domain due to potential
overlaps in learning characteristics. The findings of this study highlight the effectiveness of machine learning techniques
for analyzing questionnaire-based educational data. From a practical perspective, the results suggest that such
classification models can support educators in understanding students’ dominant learning preferences and potentially
assist in developing more personalized instructional strategies in mathematics education. The main contribution of this
study lies in demonstrating the feasibility of applying a machine learning classification approach to identify students’
mathematics learning domains using questionnaire data. In addition, the novelty of this research lies in integrating
educational preference analysis with a Support Vector Machine—based classification framework to automatically detect
patterns in students’ learning tendencies across different mathematical domains.

Despite the promising results obtained in this study, several limitations should be acknowledged. First, the dataset
used in this research was relatively limited in size and derived from a specific educational context, which may affect the
generalizability of the findings to broader student populations. Second, the study focused only on three mathematics
learning domains—Algebra, Geometry, and Statistics—while other mathematical areas or interdisciplinary learning
preferences were not considered. Third, this research utilized a single classification algorithm, and the performance
comparison with other machine learning models was not extensively explored. Future research may address these
limitations by incorporating larger and more diverse datasets from different educational institutions to improve the
robustness and generalizability of the classification model. Additionally, future studies may explore the integration of
other machine learning approaches such as ensemble methods or deep learning techniques to compare classification
performance and further improve prediction accuracy. Expanding the scope of analysis to include additional mathematical
domains or incorporating behavioral learning data, such as students’ interaction patterns in digital learning environments,
may also provide deeper insights into students’ learning preferences and contribute to the development of more adaptive
educational systems.
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