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Comprehension skills are essential in mathematics learning, as 

students' understanding is influenced by various internal and external 

factors. Recognizing these factors is crucial for educators to design 

effective teaching strategies. This study aims to classify and predict 

students' mathematical comprehension based on gender, attitude, 

learning styles, and self-confidence. A total of 53 eleventh-grade 

students from SMA Negeri 8 Ternate participated. Primary data were 

analyzed using data mining techniques—specifically, classification 

and prediction using the Decision Tree method via Orange Data 

Mining software. The analysis identified learning style as the most 

influential factor in students’ mathematical comprehension. The 

Decision Tree's root node represented comprehension data from 31 

students, of which 19 students (61.3%) were classified as having 

understood the material. The internal node revealed two branches: 

students with an auditory learning style (8 students) showed a 100% 

understanding rate, whereas students with kinesthetic or visual styles 

(11 students) demonstrated a 47.8% understanding rate. The model's 

prediction accuracy based on the four attributes was 65%. Findings 

highlight the significance of tailoring instruction to students' learning 

styles. The relationship between visual, auditory, and kinesthetic 

learning preferences—when considered alongside gender, attitude, 

and self-confidence—can offer valuable insights into learning patterns. 

This study provides a practical reference for educators in developing 

effective and personalized teaching methods. By leveraging insights 

into learning styles and associated factors, instructional approaches 

can be optimized for improved mathematical comprehension. 
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1. INTRODUCTION 

Understanding mathematical concepts is a basic ability that is very important for students to have. 

Mathematical understanding is a basic competency in mathematics (Herawaty et al., 2019). NCTM 
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states that understanding mathematical concepts is important in the principles of mathematics learning. 

(Adawiyah et al., 2022). Mathematics learning is said to be successful if students are able to absorb and 

understand the concepts given well. This means that in learning, the role of the teacher becomes one of 

the important factors in developing and improving students' understanding abilities. In addition to 

teachers, there are several factors that also contribute to students' understanding of mathematical 

concepts including gender, student attitudes, learning styles, student self-confidence, and so on.  

Some studies such as those conducted by Dewi and Liny show that gender differences affect the 

understanding of mathematical concepts (Dewi Rosikhoh, 2024), Wigati and Heni's research found that 

there was a significant effect of learning style on students' mathematics comprehension ability (Sari & 

Pujiastuti, 2020), and in Pang and Roger's research, it was found that the influence of students' attitudes 

and self-confidence on achievement was significant (Irvine, 2020). Students' attitudes towards 

mathematics are influenced by beliefs about these learning activities that will produce satisfactory 

learning outcomes (Sajiman et al., 2022). Satisfactory learning outcomes indicate that there is student 

understanding of mathematical concepts.  

This study does not focus on seeing the influence of one of these factors on student understanding 

but aims to investigate which factors are most influential by making classifications and predictions of 

student mathematics understanding based on gender, attitude, learning style and student confidence. 

Therefore, in this study, researchers did not use statistical data processing or hypothesis testing as in 

previous studies, but used the concept of data mining. Data mining and statistics are two fields that 

involve data analysis, but they differ in their approach and purpose. Traditional statistical methods, such 

as regression analysis, usually start with a model based on hypotheses and assumptions about data 

distribution. However, data mining algorithms connect variables and determine the functional form of 

the model, which can help researchers determine distributions and find patterns (Collier & Sukumar, 

2024). 

The concept of data mining is a process of automatically finding useful information in large data 

stores. Data mining techniques are used to examine large databases as a way to find new and useful 

patterns (Anggada Maulana, 2018). Data mining is the process of applying methods with the aim of 

uncovering hidden patterns in large data sets (Koul, 2020). In the concept of data mining, there is a new 

field that has emerged, namely Educational Data Mining (EDM). EDM is the development of 

knowledge discovery methods from data derived from educational environments. The goal is to 

classify and predict students' future learning, study the effects of support, and advance scientific 

knowledge about learning (Koul, 2020). Classification tries to predict the goal with the highest precision 

(Charbuty & Abdulazeez, 2021). Shlomo and Sitte explained that classification is a way to put objects 

into categories that best fit their characteristics. Classification is a two-step process, the first of which 

builds a classifier by clearly examining a training set containing attributes and associated class labels 

(Jena & Dehuri, 2020).  

Several studies have been conducted to predict student understanding in schools. The first 

research from Azhari, about predicting high school students' understanding of mathematics. The 

results of his research show the value of entropy and gain obtained 18 rules for student understanding 

decisions in mathematics subjects with nine rules with understanding status and 9 rules with non-

understanding status. Classification modelling with the C4.5 algorithm on Rapidminer obtained an 

accuracy of 95.19% (Azhari et al., 2022). The second research study by Sofia and Oktaviawati examined 

the application of the C4.5 algorithm for understanding vocational students. The results of the study 

show that in the classification process using the C4.5 Algorithm for student understanding interest in 

competency subjects at SMK Guna Dharma Nusantara produce learning media indicators that have the 

highest gain so as to making them important indicators in the student's understanding interest. The 

application used for testing the classification process is RapidMiner with an accuracy value of 97.22% 

(Dewi & Oktaviawati, 2022). 

The classification method that researchers use is Decision Tree with the help of Orange Data 

Mining application. The Decision Tree method was chosen because it is the simplest classification 
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algorithm and is easier to use and interpret than other algorithms. Sawant explained that Decision Tree 

is a well-established tool, and one of the most powerful with a relatively small learning curve to 

interpret, and is applied regularly in various environments such as image processing, machine learning, 

data mining and pattern identification (Lee et al., 2022).. According to Sarker, Decision Tree is ranked 

the easiest to interpret compared to other supervised machine learning algorithms such as Naive Bayes 

(NB), Logistic regression (LR), Support Vector Machine (SVM) and Random Forest (RF), thus justifying 

simple math without even requiring statistical knowledge and no complicated formulas (Lee et al., 

2022). 

The Decision Tree classifier is widely recognized as one of the most prominent and effective 

methods for data classification. It is commonly used across various domains, including machine 

learning, image processing, and pattern recognition (Charbuty & Abdulazeez, 2021). A Decision Tree 

outlines a series of alternatives that aid in problem-solving by identifying relevant influencing factors 

and guiding the selection of the most suitable option (Ramdan et al., 2023). Among supervised machine 

learning algorithms, Decision Trees are especially popular due to their simplicity and interpretability 

(Maçãs et al., 2024). Their ability to represent knowledge in an intuitive and accessible format makes 

them valuable to experts and general users (Elouedi et al., 2000). 

In this study, the Decision Tree method was implemented using the Orange data mining 

application. Orange is a beginner-friendly and expert-accessible tool that offers a visual, widget-based 

interface, eliminating the need for complex coding or calculations. It provides a comprehensive range 

of widgets for tasks such as classification, data preprocessing, visualization, and model evaluation. The 

findings from this research highlight the importance of understanding student characteristics to 

enhance their mathematical comprehension. This insight can help educators design more targeted, 

effective, and efficient teaching strategies. 

2. METHODS  

2.1 Research Procedure 

This research employs a quantitative approach using data mining techniques. Data mining is the 

process of identifying patterns in large datasets to perform tasks such as classification, estimation, 

prediction, association, and clustering (Setio et al., 2020). The specific data mining techniques applied 

in this study are classification and prediction, with the Decision Tree method selected as the primary 

analytical tool. 

The dataset used in this research is considered small due to several constraints encountered during 

the data collection process, including limited time, researcher fatigue, and scheduling difficulties with 

teachers and students. These limitations mean the study’s findings cannot be fully generalized to 

broader populations. However, the Decision Tree method was still deemed appropriate, as it does not 

require assumptions about data distribution—such as normality—making it suitable for small sample 

sizes. 

The Decision Tree algorithm operates by recursively partitioning data into regions based on 

feature values, enabling different outcomes to be predicted within each region (Talekar, 2020). As 

described by Sawant, a Decision Tree is a straightforward supervised classification tool that categorizes 

data records by applying specific rules or conditions (Lee et al., 2022). Prediction is closely related to 

classification, but unlike classification, prediction estimates values that occur in the future. Many 

techniques used in classification are also applicable to prediction tasks (Setio et al., 2020). 

The data mining process in this study follows a structured sequence: data collection, data cleaning 

(preprocessing), transformation, data mining, and evaluation. These stages are explained in detail 

below. 
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2.1 Data Collection 

The data collected in this study are primary data, namely a collection of questionnaire data on 

attitudes, learning styles, self-confidence, and students' understanding of mathematics from 53 subjects 

from class XI students of SMA Negeri 8 Ternate City. The attributes in this study are factors that 

influence students' understanding of mathematics consisting of gender, student attitudes, learning 

styles, and self-confidence. The description of primary data for the four attributes is stated in the 

following table. 

Table 1. Primary Data 

 Attributes 

Gender Attitude Learning Style Self-confidence 

Category Male Female Medium High Visual Auditory Kinesth

etic 

Medium High 

Total 25 28 36 17 10 13 30 21 32 

 

2.2 Data cleaning (preprocessing) 

The second stage in this process is data cleaning or data preprocessing. The goal is to remove 

irrelevant data, missing data, outliers, input errors, data duplication, and inconsistent data. This stage 

is important because it can have an impact on the accuracy of the data mining analysis and the 

performance of the data mining system. 

2.3 Transformation 

In this process, the data will be converted into a scale or format that is suitable for the data mining 

method used.  Classification is a form of data analysis that extracts models that describe important data 

classes, where models or classifiers are created to predict categorical class labels such as "safe" or "at 

risk", "yes" or "no" (Ha et al., 2011). Therefore, numerical math comprehension data was converted into 

categorical form with the label "understand" or "do not understand". Data transformation aims to 

change the data format to a form that is suitable for the classification method used. In the Decision Tree 

classification method, the target data for mathematics understanding in the form of numerical data is 

converted into categorical data, namely understanding and not understanding, with the provisions of 

understanding if the student's score is > 60, and not understanding if the student's score is ≤ 60. 

2.4. Data Mining 

The data mining stage is the determination of what algorithm or application technique will be 

used to optimize the results in accordance with the specifications of the data mining technique 

requirements. In this research, the techniques used are classification and prediction with the Decision 

Tree method. The classification technique can be seen in the tree viewer menu which displays the 

Decision Tree classification graph. The graph illustrates and describes the tree structure or flowchart of 

testing each attribute. 

2.5 Evaluation 

The final stage of this research is to evaluate one or more of the models used to ensure quality and 

effectiveness before the model is implemented. 

 

2.6 Decision Tree 

The Decision Tree is a straightforward supervised learning algorithm used to classify data into 

predefined categories by applying a set of decision rules (Lee et al., 2022). Structurally, a Decision Tree 
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resembles a flowchart, where each internal (branching) node represents a test on an attribute, each 

branch denotes the outcome of that test, and each terminal (leaf) node corresponds to a class label. The 

root node, positioned at the top, initiates the decision-making process (Ha et al., 2011). 

According to Berry and Gordon, a Decision Tree can effectively divide a large dataset into smaller 

subsets by sequentially applying decision rules (Setio et al., 2020). It is categorized under supervised 

learning and is among the most widely used data mining techniques for building classification models 

(Ramasamy & Sundar, 2022). 

Statistically, the Decision Tree model evaluates outcomes by segmenting the dataset into 

subgroups based on predictor variables. These subgroups are formed through a series of binary splits, 

creating a tree-like structure (Battista et al., 2023). A Decision Tree continues to divide the data 

recursively until each terminal node (or leaf) contains only one class label, making the decision clear. 

Within the structure, two types of nodes exist: decision nodes, which perform attribute testing, and leaf 

nodes, which represent the final classification outcomes (Kaul et al., 2022). 

2.7 Orange Data Mining 

In this research, data mining techniques were implemented using the Decision Tree method 

through the Orange Data Mining application. Orange is an open-source software platform designed for 

data analysis and mining using a visual programming approach. It enables users to build data 

workflows through a graphical interface, making it highly accessible for both beginners and 

experienced analysts. 

The Decision Tree method in Orange combines two well-known algorithms: C4.5 and ID3. The 

C4.5 algorithm supports both categorical and numerical attributes, while ID3 is limited to categorical 

data. In the Orange environment, these algorithms are unified under the component simply named 

Tree. 

Orange was selected for this study due to its intuitive, visual-based design process. Its major 

strength lies in its widget-based interface, which allows users to construct data workflows without 

writing complex code (Dobesova, 2024). These widgets cover a wide range of functionalities—from 

basic data visualization and preprocessing to advanced tasks like model evaluation and predictive 

analytics (Hosseini & Sardo, 2021). 

Orange supports both supervised and unsupervised learning techniques. With the "Test and 

Score" widget, users can evaluate multiple models and assess performance metrics such as accuracy, 

precision, and computation time for both training and testing phases (Hikmah & Yasa, 2022). The 

platform is built on Python, enhancing its capabilities in data visualization, subset selection, predictive 

modeling, and empirical analysis (Verma et al., 2019). 

 

3. FINDINGS AND DISCUSSION 

3.1 Data collection and cleaning (preprocessing) 

This research was conducted in class X SMA Negeri 8 Kota Ternate with 53 students as research 

subjects. Data cleaning consists of cleaning outlier data and missing data or what is known as 

preprocessing. Outlier data cleaning in the Orange Data Mining application can be shown in the figure 

below. 

 

 
Figure 1. Outlier data cleaning 
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In the process of checking outlier data, 2 outlier data were found, namely in respondents R39 

(understands mathematics) and R49 (not understand mathematics) who have the same attribute 

criteria, namely female gender, medium attitude, visual learning style and high self-confidence, so that 

both data will not be included in the data mining implementation process. The next stage checks for 

missing data with the preprocess method as follows. The next stage checks for missing data with the 

preprocess method as follows.  

 

 
Figure 2. Data Preprocessing 

 

In checking for missing data, no missing data was found so the data preprocessing stage produces 

51 data points that will be used in the implementation of data mining. 

 

3.2 Data Transformation 

Transformation or selection of training and testing data is carried out using the following process. 

 

 
 

(a)                                                                                                       (b) 

Figure 3. Data Sampler Stage: (a) Data selection process and (b) Amount of training data and testing 

data 

In the Orange application, the process of selecting training data and testing data uses a data 

sampler with a ratio of 60: 40. The process produces 31 data points (60%) for training data and 20 data 

(40%) for testing data.  

 

3.3 Data Mining Implementation 

The next stage is the implementation of data mining using the Decision Tree classification method 

using the Orange application as shown below. 

 

 
Figure 4. Decision Tree Classification 
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The results and interpretation of the Decision Tree can be distinguished into two data mining 

techniques as follows. 

 

3.3.1 Classification  

The results of data mining classification can be shown with the following tree structure. 

 

 
Figure 5. Decision Tree Classification 

 

The classification results above can be interpreted as follows. 

1. The topmost node, or what is called the Root Node, displays student understanding data from 

31 students for training data as many as 19 students or 61.3% understand math and 12 students 

or 38.7% do not understand math. 

2. Internal Node (branch node) is a learning style that is divided into two branches, namely 

Auditory learning style with 8 students or 100% understanding math, and kinesthetic or visual 

learning style with 12 students or 52.2% not understanding and 11 students or 47.8% 

understanding math. 

3. From kinesthetic or visual learning styles, there are branch nodes of attitude attributes. In the 

high category attitude with kinesthetic or visual learning styles, there are 10 or 55.6% students 

who understand math and 8 or 44.4% students who do not understand math. 

4. For kinesthetic or visual learning styles with medium category attitudes, 1 student (20%) 

understands math and four students (80%) do not understand math. 

5. From the kinesthetic or visual learning learning style with a high category attitude, there is a 

branch node of the self-confidence attribute. For high category self-belief, 5 students (41.7%) 

understand and 7 students (58.3%) do not understand math. As for the medium category of 

self-confidence, 5 students (58.3%) understand and one student (16.7%) does not understand 

math. 

6. For kinesthetic or visual learning learning styles with medium category attitudes, there is a 

gender branch node. For the male gender, 1 student (50%) understands and 1 student (50%) 

does not understand math. Meanwhile, for the female gender, 3 students (100%) did not 

understand math. 

7. The last branch node for kinesthetic or visual learning styles with high attitudes and confidence 

is the gender attribute. For the male gender, 2 students (66.7%) understand and one student 

(33.3%) does not understand math. While in the female gender, 3 students (33.3%) understand, 

and 6 students (66.7%) do not understand math. 

8. For the last branch node of the high attitude and medium category of self-confidence, there is 

a learning style attribute. For kinesthetic learning styles, 4 students (100%) understand and for 

visual learning styles, 1 student (50%) understands and 1 student (50%) does not understand 

math. 
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3.3.2 Prediction 

The second technique in implementing data mining is prediction. In the Orange application, the 

prediction results of the testing data can be seen in the prediction or confusion matrix menu. The data 

can be explained as follows. 

Table 2. Confusion Matrix 

 Predicted 

Actual 

 Not Understand Understand Sum 

Not Understand 2 1 3 

Understand 6 11 17 

Sum 8 12 20 

 

The confusion matrix table can be explained as follows. 

1. In the true positive (TP) prediction result, there are 11 students who understand and are 

actually correct; there are also 11 students who understand out of 17 students. 

2. For true negatives (TN), the model results predicted 2 students who did not understand and 

were actually correct. 

3. In the False Positive (FP) model, it predicts that there are 6 students who do not understand, 

but in the reality, 3 of the 6 students actually understand. 

4. For False negatives (FN), 1 student was predicted to understand, but the student did not 

actually understand. 

 

3.4 The Influence of Learning Styles on Students' Understanding of Mathematics 

 

The results of the interpretation above show that learning style features are the most dominant 

factors in influencing students' understanding of mathematics. Learning style is not only related to 

what students need to learn, but also how students learn most effectively (Cardino & Ortega-Dela Cruz, 

2020). Students who learn according to their learning style will encourage students to receive 

information and materials provided by the teacher more quickly. The material received by students is 

more meaningful because students tend to remember the material they learn. For example, kinesthetic 

students remember material better if it is taught through direct practice or demonstration. Students 

with a visual learning style will understand faster if the material is presented in the form of pictures, 

graphs, or videos. Likewise, auditory students are more helped by verbal presentation or discussion. 

Learning methods based on students' learning styles can improve students' focus, motivation and 

concentration so that they can also improve students' understanding. According to Sagitasari, students 

who learn using their dominant learning style, when doing tests will achieve much higher scores 

compared to if they learn in a way that is not in line with their learning style (Nasruddin et al., 2023). 

Students who are capable of identifying and optimizing their learning styles, as well as employing 

learning strategies that are suitable for their learning styles, are likely to achieve superior mathematics 

learning outcomes in comparison to those who acquire information or learn to employ strategies that 

are not conducive to their learning styles (Palobo et al., 2020). In the study, Wigati and Heni found that 

there was a significant influence of learning styles on students' mathematical understanding abilities. 

In accordance with the facts that occur because the higher or lower the level of learning style, the more 

it will affect students' understanding abilities in understanding mathematical problems (Sari & 

Pujiastuti, 2020). The results of research from Palobo et al also show that there is an influence of learning 

styles on students' mathematics learning outcomes at Urumb Merauke State Middle School (Palobo et 

al., 2020). 

 

 

 

 



Al-Ishlah: Jurnal Pendidikan,Vol. 17, 2 (June 2025): 3639-3652 3647 of 3652 

 

Ariyanti Jalal, Dadan Dasari / Enhancing Mathematics Comprehension: A Decision Tree Analysis Using Orange Data Mining 

3.5 Evaluation  

 

Evaluation is carried out to see the level of accuracy of the classification model used. In the Orange 

application. Evaluate the accuracy of the model on the Test and Score menu. The results are as follows. 

 

Table 3. Test and Score Values 

Evaluation Result for Target 

Model AUC CA F1 Prec Recall MCC 

Tree 0.621 0.613 0.618 0.643 0.613 0.239 

 

The table above can be interpreted as follows. 

1. The AUC value = 0.621, indicating that the model has a good performance of 0.621 to 

predict students' understand or not.  

2. The CA value = 0.613 indicates the classification accuracy, meaning the model correctly 

predicted 61.3% of all data. 

3. The value of F1 = 0.618, indicating harmonious data (data balance). 

4. The value Prec = 0.643, measures the positive prediction or comprehension of students. 

This means that 64.3% of all comprehension predictions were correct. 

5. The Recall value = 0.613, which measures how well the model finds all true positive cases. 

This indicates 61.3% of math-savvy students. 

6. The MCC value = 0.239, which indicates a measure of the strength or weakness of the 

correlation between the predicted and actual data. This indicates 23.9% poor correlation. 

The confusion matrix can also determine the accuracy value using the following formula. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
=

11 + 2

11 + 2 + 6 + 1
= 0,65 

The accuracy value of 0.65 indicates that 65% of the model can predict whether or not students 

understand based on gender attributes, student attitudes, learning styles, and self-belief. The results of 

this calculation are the same as the accuracy data in the Orange Data Mining application below, which 

shows a CA value of 0.65. This value indicates poor model accuracy (Adiwandra, 2019). 

Table 4. Prediction Accuracy Value 

Evaluation Result for Target 

Model AUC CA F1 Prec Recall MCC 

Tree 0.637 0.650 0.699 0.817 0.650 0.229 

 

3.6 Comparison of Model Accuracy Based on Depth Level 

 

The accuracy of the classification model is low because the dataset is too small or the training data 

selected is too small, which is a case of overfitting. Improving the accuracy performance of the model 

can be done by reducing overfitting, such as increasing the amount of training data. In addition, if the 

data is too small, data pruning can be done or the depth of the tree. In the application of Orange data 

with the Decision Tree method, it can increase the amount of training data by selecting the depth level, 

namely 70: 30, 80: 20, and 90: 10. The following is a comparison of the accuracy level based on the depth 

level. 

 

 

 

 



Al-Ishlah: Jurnal Pendidikan,Vol. 17, 2 (June 2025): 3639-3652 3648 of 3652 

 

Ariyanti Jalal, Dadan Dasari / Enhancing Mathematics Comprehension: A Decision Tree Analysis Using Orange Data Mining 

Table 5. Comparison of accuracy based on depth level 

Depth Level 60: 40 70: 30 80: 20 90: 10 

CA Value 0.613 0.75 0.683 0.674 

CA Value (Predicted) 0.65 0.60 0.90 0.80 

AUC value 0.621 0.756 0.677 0.691 

 

In a study conducted by Rizki et al. (2023) on the use of Decision Trees to classify students’ 

independent and group learning methods based on their learning resources, model accuracy was 

evaluated by comparing performance across different tree depths. The highest accuracy was achieved 

using a data split ratio of 90:10. In that study, the best model performance in terms of classification 

accuracy (CA) was observed at a 70:30 data split, yielding a CA value of 0.75 and an AUC value of 

0.756. Meanwhile, the highest prediction accuracy was attained with an 80:20 split, achieving a CA 

value of 0.90. 

In contrast, the accuracy in the current study is relatively low due to the limited size of the dataset. 

The small data volume significantly impacts the model’s ability to classify effectively or detect 

meaningful relationship patterns. In data mining, having a sufficiently large dataset is critical to 

improving model accuracy and overall performance. 

Discussion 

This study implemented data mining techniques using the Decision Tree method for classification 

and prediction to analyze the characteristics of students at SMA Negeri 8 Kota Ternate in 

understanding mathematics, based on variables such as gender, student attitudes, learning styles, and 

self-confidence. The classification results revealed that the most influential factor in students’ 

mathematical understanding was their learning style. Specifically, the tree-based structure indicated 

that students with an auditory learning style showed a significantly higher level of understanding 

compared to those with kinesthetic or visual learning styles. This finding aligns with the actual data, 

which showed that out of 13 students with an auditory learning style, only one did not understand the 

mathematics content. These results demonstrate the ability of the Decision Tree method to generate 

precise and accurate insights in testing attribute-based influences on learning outcomes. 

The performance of Decision Tree classifiers is widely recognized in data mining due to their high 

precision, optimized splitting criteria, and effective pruning techniques (Talekar, 2020). Their relevance 

continues in contemporary machine learning applications, maintaining competitive performance 

alongside more recent algorithms (Kaul et al., 2022). This is supported by findings from Devisetty and 

Kumar (2023), who compared Decision Tree and Support Vector Machine (SVM) classifiers in 

bradycardia prediction and found the Decision Tree outperformed SVM with a classification accuracy 

of 92.62% versus 82.35%. Similarly, research by Lestari and Lestari (2024) demonstrated the Decision 

Tree method's accuracy in identifying key factors influencing student understanding, with the most 

significant being facilities and infrastructure, followed by learning methods, student interest, teacher 

strategies, and media use, achieving a classification accuracy of 94.44%. 

The prediction results from testing data in this study further supported the classification findings. 

All students with auditory learning styles demonstrated mathematical understanding. Additional 

insights obtained through prediction included: "male students with kinesthetic learning styles and high 

levels of attitude and self-confidence tend to understand mathematics"; "kinesthetic learners with high 

attitudes are more likely to understand mathematics than those who do not"; and "students with 

kinesthetic or visual learning styles combined with high attitudes are more likely to achieve 

understanding." Furthermore, the analysis identified student attitude as the second most influential 

attribute affecting understanding. The predictions were consistent with actual data, where students 

classified with high attitudes generally displayed strong mathematical comprehension. 
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This information is valuable for educators when designing instructional strategies. The 

classification outcomes provide insights into student learning characteristics, which can serve as a 

reference for teachers in developing effective and personalized learning experiences. Understanding 

these characteristics is essential for educators in tailoring instructional methods, models, and materials 

to student needs (Septianti & Afiani, 2020). 

Educational Data Mining (EDM) is a growing discipline that focuses on utilizing large-scale and 

unique datasets—often generated through digital platforms—to understand student learning progress 

and the educational environment more deeply (Sarıtaş et al., 2022). EDM supports institutional 

decision-making and enhances the ability to predict student outcomes. With these insights, educators 

and institutions can focus not only on what content to teach, but also on how to teach it most effectively 

(Koul, 2020). 

The results of this research offer valuable information about student learning patterns in 

mathematics, specifically for Grade XI students at SMA Negeri 8 Kota Ternate. These findings can serve 

as a foundation for teachers to develop more targeted learning strategies, including the selection of 

appropriate teaching models, methods, media, resources, and instructional techniques. For instance, 

among students with kinesthetic or visual learning styles, the number of students who did not 

understand mathematics exceeded those who did. To address this, educators might adopt collaborative 

teaching approaches, such as project-based learning, where kinesthetic learners engage in hands-on 

experiments while visual learners contribute through data visualization. Additionally, incorporating 

engaging, technology-based audio-visual materials and manipulatives may support all learning styles, 

including auditory learners who benefit from audio-enhanced content. 

Although this study primarily involved students with high and moderate levels of attitude and 

confidence, some students with moderate attitudes and self-belief still struggled to understand 

mathematics. This indicates that while these attributes do influence learning outcomes, their impact 

may be less significant compared to learning style. Nonetheless, it remains crucial for educators to 

consider students’ psychological traits when designing lessons. Creating an engaging and supportive 

learning environment can help foster positive attitudes and confidence, ultimately enhancing students’ 

motivation and interest in mathematics. 

4. CONCLUSION  

The study concludes that the application of data mining using the Decision Tree method can 

provide useful insights into classifying and predicting factors that influence students' understanding 

of mathematics, particularly based on gender, attitudes, learning styles, and self-confidence. The model 

achieved an accuracy rate of 65%, indicating limited effectiveness in classification. While the confusion 

matrix demonstrated reasonable True Positive (TP) predictions, the presence of false positives suggests 

areas for improvement in model performance. A key limitation of this research is the small sample size, 

which significantly reduced the model's ability to generate strong classification patterns. Additionally, 

the absence of cross-validation testing restricted the evaluation of the model's generalizability to new 

data. The lack of data on students with low levels of attitude and self-confidence also limited the scope 

of analysis. These factors collectively contribute to the modest predictive accuracy. Future research 

should involve larger datasets with more balanced attribute distributions to enhance model reliability. 

Incorporating a wider range of variables—such as student interest, perceptions, teaching methods, and 

learning environments—would also provide deeper insights. Implementing cross-validation 

techniques is strongly recommended to improve the robustness and accuracy of predictive models. 

These advancements could significantly aid educators and policymakers in designing more effective 

instructional strategies and education policies. 
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