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Abstract

This study aims to improve the accuracy of predicting student academic achievement by integrating the Analysis of
Variance (ANOVA) method with the C4.5 Decision Tree algorithm. In the context of information systems, this
research holds significant importance for the development of more reliable Decision Support Systems (DSS) or early
warning systems in school environments. The research was conducted at SMPN 16 Jambi City using secondary data
from three academic years (2022/2023-2024/2025) covering academic variables, attendance, and parental income.
The main issue addressed was the limitations of the C4.5 algorithm in handling irrelevant features and unbalanced
data, which, at the system implementation level, can lead to inaccurate recommendations or alerts.This research
method employed a data mining approach with stages including data cleaning, numeric conversion, missing value
imputation, formation of derived variables, and categorization of the target variable "Achievement." The initial C4.5
model produced 72.81% accuracy on the training data and 69.71% accuracy on cross-validation. After feature
selection using ANOVA, one insignificant variable was removed, resulting in a hybrid C4.5+ANOVA model with
nine key features. Test results showed an increase in accuracy to 80.44% on the training data and 73.66% on the
cross-validation data, representing an improvement of 7.63 and 3.95 percentage points, respectively.This
improvement in model performance directly translates to an enhancement in the quality of the information system's
output, yielding more reliable reports and predictions for teachers and school management.

Keywords : ANOVA, Data Mining, Decision Tree C4.5, Prediction Of Academic Achievement, SMPN 16 Kota
Jambi.
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1. INTRODUCTION

Data mining in the field of education, known as Educational Data Mining (EDM), enables the
exploration of student data to discover hidden patterns useful for data-driven decision making [1],[2].
This technique has been widely used to predict graduation rates for students at risk of low academic
achievement [2],[3].The quality of education is measured through academic achievement. This research
emphasizes the need for value-added assessment, considering socioeconomic factors and prior
knowledge to provide a fair evaluation of academic programs and student progress[4],[5],[6].

Student academic achievement is an important indicator in assessing the success of the learning
process in schools. At SMPN 16 Jambi City, the problem of low student academic achievement remains
a challenge that needs to be addressed. Various factors such as learning methods, student motivation,
and socioeconomic background are suspected to influence student academic attainment [7],[8]. To
identify the dominant factors affecting student achievement, an analytical approach capable of
effectively processing complex data is required [9].

Education is a fundamental pillar in the development of a nation's human resources [8]. The
quality of education is often measured through student academic achievement, which serves as an
indicator of the success of the learning process. This indicates the need for a data-driven approach to
identify the factors influencing student achievement [9]. One developing solution is the application of
data mining in education, known as Educational Data Mining [10]. This technique allows for the analysis
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of student data patterns to predict and improve learning outcomes. The Decision Tree algorithm,
especially C4.5, has been widely used due to its ability in classification that is easy to interpret. However,
this algorithm has weaknesses in handling numerical data and feature redundancy [11],[12].

The ANOVA (Analysis of Variance) method can be integrated to improve feature selection before
model building. Several studies have proven that combining ANOVA with classification algorithms
improves prediction accuracy. However, not many studies have tested this approach in the context of
primary and secondary education in Indonesia, especially in Jambi City [13], [14], [15]. Previous
research conducted by Huday, Ahmad. (2025) on the Application of the C4.5 Algorithm for Predicting
Student Learning Achievement in Madrasah [16]. This research implemented the standard C4.5
algorithm without feature selection optimization on a dataset of student grades from a Madrasah in
Situbondo, East Java. The results showed an accuracy of 74.17% with limitations in handling less
relevant features. Research by Rifai et al (2022) "Analysis of Determinant Factors of Academic
Achievement Using Decision Tree" [17]. This research applied a conventional Decision Tree algorithm
to analyze factors affecting high school student achievement. The achieved accuracy of 76.96%
indicated room for improvement through feature selection optimization.

Based on a review of previous studies, the following research gaps can be identified, which are
the focus of this study:

1.Limited Method Optimization: Previous studies such as Huday (2025) and Rifai et al. (2022)
applied the Decision Tree (C4.5) algorithm in its standard or conventional form without performing
feature selection optimization. This resulted in suboptimal model performance (70-77% accuracy) due
to noise from less relevant or redundant features.

2. Deficiencies in Feature Handling:The inherent weakness of the C4.5 algorithm in handling
numerical data and feature redundancy, as mentioned in the literature [11,12], was not specifically
addressed in previous research in the Indonesian context. Their studies relied directly on the algorithm
without a statistical pre-processing layer to filter features.

3. Specific Geographical and Educational Level Context: The integration of ANOVA and C4.5
for predicting academic achievement has not been widely tested in the context of primary and secondary
education (Junior High School) in Jambi City. Previous research was conducted in Madrasah
environments in East Java (Huday, 2025) or at the Senior High School level (Rifai et al., 2022), which
may have different characteristics and determinants of achievement.

Therefore,the research gap of this study is to propose a hybrid model that integrates the ANOVA
method for feature selection with the C4.5 algorithm to predict student academic achievement. This
integration aims to:Address the weakness of C4.5 regarding feature redundancy.Improve the accuracy
and performance of the prediction model beyond the 70-77% range achieved by previous studies. Apply
and test the effectiveness of this hybrid approach on a specific dataset from SMPN 16 Jambi City,
thereby providing a more optimized and contextual solution to the problems at that school.Data mining
in the field of education, known as Educational Data Mining (EDM), enables the exploration of student
data to discover hidden patterns useful for data-driven decision making[10]. This technique has been
widely used to predict graduation rates for students at risk of low academic achievement [11],[12].The
quality of education is measured through academic achievement. This research emphasizes the need for
value-added assessment, considering socioeconomic factors and prior knowledge to provide a fair
evaluation of academic programs and student progress [13],[14].

Student academic achievement is an important indicator in assessing the success of the learning
process in schools. At SMPN 16 Kota Jambi, the problem of low student academic achievement remains
a challenge that needs to be addressed. Various factors such as learning methods, student motivation,
and socioeconomic background are suspected to influence student academic attainment [15]. To identify
the dominant factors affecting student achievement, an analytical approach capable of effectively
processing complex data is required[16],[17].

Education is a fundamental pillar in the development of a nation's human resources[18] . The
quality of education is often measured through student academic achievement, which serves as an
indicator of the success of the learning process. This indicates the need for a data-driven approach to
identify the factors influencing student achievement [19]. One developing solution is the application of
data mining in education, known as Educational Data Mining [20].This technique allows for the analysis
of student data patterns to predict and improve learning outcomes. The Decision Tree algorithm,
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especially C4.5, has been widely used due to its ability in classification that is easy to interpret. However,
this algorithm has weaknesses in handling numerical data and feature redundancy [21],[22],[23].

The ANOVA (Analysis of Variance) method can be integrated to improve feature selection before
model building. Several studies have proven that combining ANOVA with classification algorithms
improves prediction accuracy. However, not many studies have tested this approach in the context of
primary and secondary education in Indonesia, especially in Kota Jambi [24], [25], [26]. Previous
research conducted by Huday, Ahmad. (2025) Application of the C4.5 Algorithm for Predicting Student
Learning Achievement in Madrasah [27]. This research implemented the standard C4.5 algorithm
without feature selection optimization on a dataset of student grades from a Madrasah in Situbondo,
East Java. The results showed an accuracy of 74.17% with limitations in handling less relevant features.
Research by Rifai et al (2022) "Analysis of Determinant Factors of Academic Achievement Using
Decision Tree". This research applied a conventional Decision Tree algorithm to analyze factors
affecting high school student achievement. The achieved accuracy of 76.96% indicated room for
improvement through feature selection optimization [28]. These two previous studies show that the
application of the Decision Tree algorithm without adequate optimization tends to yield accuracy in the
range of 70-77%. This indicates the need for developing more advanced methods, such as integration
with ANOVA, to improve prediction performance in the educational context.

2. METHOD

2.1. Research Flow

This study uses quantitative methods with a data mining approach to analyze and predict student
academic achievement|[29],[30]. The quantitative approach was chosen because this research focuses on
numerical measurement of variables influencing academic achievement, such as subject grades,
attendance, and economic background factors[31],[32].

The research flow used is comparative experiment, where the researcher compares the
performance of the standard Decision Tree C4.5 algorithm with the algorithm optimized using ANOVA
feature selection. The main goal of this approach is to evaluate whether the integration of ANOVA can
improve the prediction accuracy of the C4.5 model in classifying student academic achievement
[33],[34].

The following is the research flow used in this study[35].
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Figure 1. Research Flow
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The explanation of this Research Flow is:

1. Data collection, where data was obtained from the grade report database of SMPN 16 Kota Jambi
students over the last three years, the initial dataset consisted of 5,912 data entries plus additional
data such as attendance and parental income.

2. Data preprocessing, which includes data cleaning (handling missing values and normalization),
and transformation of categorical data into a form processable by the algorithm.
3. Feature selection using ANOVA. In this stage, each feature's significance towards the target

variable (academic achievement) is tested with a 95% confidence level (o = 0.05). Features with
a p-value below 0.05 are considered significant and will be used in modeling.

4. Creation of the Decision Tree C4.5 model using the features selected from ANOVA. This
algorithm will build a decision tree based on entropy or gain ratio to determine the optimal split.

5. Model evaluation using metrics such as accuracy, precision, recall, and F1-score. Model
validation is performed with 10-fold cross-validation to ensure result reliability.
6. Analysis of results, where the researcher compares the performance of standard C4.5 with

ANOVA-optimized C4.5, and tests the significance of their difference using a paired t-test.

2.2. Data Analysis Techniques[36].

Data analysis techniques in this research are divided into three main parts:

1. Descriptive analysis is used to understand the distribution and characteristics of the initial data,
such as the mean, median, and standard deviation of student grades.

2. The ANOVA test is applied to select significant features. The null hypothesis (HO) states that
there is no significant difference between achievement groups, while the alternative hypothesis
(H1) states the opposite. Features with a p-value < 0.05 will be used in the modeling.

3. Model evaluation is performed by analyzing the confusion matrix and metrics such as accuracy,
precision, and recall. The confusion matrix helps identify true positive (TP), false positive (FP),
true negative (TN), and false negative (FN), while accuracy is calculated as the percentage of
correct predictions from the total data. The results of this evaluation will determine whether the
ANOVA optimization provides a significant improvement to the model's performance.

2.3. Research Materials

The research materials consist of a dataset of student grades (Mathematics, Science, Language, etc.),
attendance data, and economic background. The amount of data studied is 6000 data, for the
academic years 2022/2023, 2023/2024, and 2024/2025. This data is collected considering
research ethics, such as anonymizing student data to maintain privacy. The dataset is then
processed and analyzed to identify patterns related to academic achievement.

2.4. Research Tools

This research utilizes several tools to support the analysis process[37]. The main research tools
include:

o Python 3.10 with libraries such as Pandas (for data manipulation)
o Scikit-learn (for building the Decision Tree model), and SciPy (for the ANOVA test).
o WEKA 3.8 is used as an alternative for data mining analysis, while SPSS 26 is used for more in-

depth descriptive statistical tests and ANOVA.
3. RESULT

3.1. Results

Previous research conducted by Huday, Ahmad. (2025) on the Application of the C4.5 Algorithm
for Predicting Student Learning Achievement in Madrasah [16]. This research implemented the standard
C4.5 algorithm without feature selection optimization on a dataset of student grades from a Madrasah
in Situbondo, East Java. The results showed an accuracy of 74.17% with limitations in handling less
relevant features. Research by Rifai et al (2022) "Analysis of Determinant Factors of Academic
Achievement Using Decision Tree" [17]. This research applied a conventional Decision Tree algorithm
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to analyze factors affecting high school student achievement. The achieved accuracy of 76.96%
indicated room for improvement through feature selection optimization.This study successfully proved
that the integration of the Analysis of Variance (ANOVA) feature selection method with the Decision
Tree C4.5 algorithm significantly improves the accuracy of predicting student academic achievement at
SMPN 16 Kota Jambi. The standard C4.5 model, which used all 10 predictor variables, recorded an
accuracy of 72.81% on the training data and 69.71% on 10-fold cross-validation. After the ANOVA
feature selection process, the variable "[ZIN" (with p-value = 0.054706 > 0.05) was eliminated as it was
considered insignificant, so the hybrid C4.5+ANOV A model only used 9 relevant variables. As a result,
the model's accuracy increased to 80.44% on the training data (an increase of +7.63 percentage points)
and 73.66% on the cross-validation data (an increase of +3.95 percentage points). This improvement in
the cross-validation metric is strong evidence that the integration of ANOVA not only reduces
overfitting but also enhances the model's ability to generalize to new data, making it more reliable for
use in real-world decision-making.

The research results also successfully identified the dominant factors most influencing student
academic achievement through a dual approach: the ANOVA statistical test and feature importance
analysis from the Decision Tree model. Based on the ANOVA test, the three variables with the most
statistically significant influence (p-value =~ 0.000000) were Ranking, ALFA (number of unexplained
absences), and Total Absences. Meanwhile, based on the feature importance analysis from the
C4.5+ANOVA model, the three most influential variables in the classification decision-making process
were Ranking (importance score 0.602), Total Income (0.128), and ALFA (0.085). The synthesis of
these two approaches reveals that Ranking and ALFA are the two consistently dominant factors.

3.2. Discussion

3.2.1 Data Preprocessing Process

It started with data cleaning to handle missing values and format inconsistencies, followed by
conversion of numerical data types, mapping of categorical variables to numerical values, and the
formation of the target variable "Achievement" categorized into three levels: Low, Medium, and High.
Each step was designed to remove noise, fill missing values with simple imputation strategies, and align
the data format to be compatible with the Decision Tree C4.5 algorithm. This process successfully
produced a final dataset of 5,638 observations from an initial 5,912 data points, or approximately
95.37% valid and analysis-ready data, indicating a very high cleaning success rate and ensuring that the
built model is based on clean data.

3.2.2 Evaluation of Decision Tree C4.5 Model Performance

=== C4.5 Default ===
Akurasi (Seluruh Data): 72.81%
CrossValidation Akurasi (10-Fold): 69.71%

precision recall fl-score support

Rendah 0.14 0.91 0.24 58
Sedang 0.56 0.74 0.64 1700
Tinggi 0.93 0.72 0.81 3880
accuracy 0.73 5638
macro avg 0.54 0.79 0.56 5638
weighted avg 0.81 0.73 0.75 5638

Figure 2. Decision Tree C4.5 Performance Results

Based onfigure 2,the standard Decision Tree C4.5 model showed fairly good performance but
still had significant limitations in predicting academic achievement, even though the accuracy was
within an acceptable range, the model was not yet able to optimally utilize the predictions from the
available dataset.
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Based onfigure 3,the performance of this standard Decision Tree C4.5 model directly addresses
Research Objective 1, which is "To analyze the performance of the Decision Tree C4.5 algorithm in
predicting the academic achievement of students at SMPN 16 Kota Jambi". The results prove that
although this algorithm has advantages in terms of interpretability and general classification ability, it
is not adequate for use as a reliable prediction tool in a complex and unbalanced educational context
like SMPN 16 Kota Jambi. The 69.71% accuracy on cross-validation, while statistically acceptable, is
practically insufficient to support precise academic decision-making, especially in identifying at-risk

students.

3.2.3 Evaluation of Decision Tree C4.5 + ANOVA Model Performance

=== C4.5 + ANOVA ===
Akurasi (Seluruh Data): 80.44%

Cross Validation Akurasi (1©-Fold): 73.66%

precision recall fl-score

Rendah 0.23 1.00 0.37
Sedang ©.66 ©0.81 0.72
Tinggi 0.94 ©.80 ©.87
accuracy ©.80
macro avg ©0.61 .87 9.65
weighted avg ©.85 ©.80 0.82

support

58
1700
3880

5638
5638
5638

Figure 4. Decision Tree C4.5 + ANOVA Model Performance Evaluation

Based on figure 4,the improvement in the cross-validation metric is strong evidence that the
integration of ANOVA not only makes the model better at memorizing training data, but truly enhances
the model's ability to generalize to new, unseen data. This proves that the feature selection process
performed by ANOVA successfully reduces unnecessary noise and complexity, allowing the C4.5

algorithm to focus on features that are truly essential and informative.

Confusion Matrix (C4.5 + ANOVA)
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Figure 5. Confusion Matrix Decision Tree C4.5 + ANOVA
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Based on figure 5 the confusion matrix for the C4.5 + ANOVA model shown in the image, the
following conclusions can be drawn:The model demonstrates excellent performance in predicting the
"Tinggi" (High) class, with a high true positive count of 3104. Most instances actually belonging to the
"High" class are correctly identified. However, there is some misclassification, with 57 "High" instances
predicted as "Rendah" (Low) and 719 as "Sedang" (Medium).

For the "Sedang" (Medium) class, the model shows reasonably good predictive ability, correctly
identifying 1373 instances. Nonetheless, a significant number of "Sedang" instances are misclassified
as "Tinggi" (719 cases), indicating a tendency to over-predict the High class for actual Medium
instances. Additionally, 189 "Sedang" instances are incorrectly predicted as "Rendah".

The "Rendah" (Low) class presents a different picture. While all 58 predicted "Rendah" instances
are correct (resulting in no false positives for this class), the model struggles with false negatives.
Specifically, 138 actual "Sedang" and 57 actual "Tinggi" instances are misclassified as "Rendah",
suggesting the model has difficulty accurately identifying the Low class from other categories.

A clear class imbalance is evident in the data distribution. The "Tinggi" class dominates with
3880 instances, followed by "Sedang" at 1700, and "Rendah" with only 58 instances. This imbalance
likely contributes to the model's high overall accuracy while potentially compromising its performance
on minority classes.The most frequent confusion occurs between the "Sedang" and "Tinggi" classes,
with 719 "Sedang" instances predicted as "Tinggi" and 189 "Tinggi" instances predicted as "Sedang".
This pattern suggests the model finds distinguishing between Medium and High categories challenging.

For comprehensive evaluation, it is recommended to calculate precision, recall, and F1-score for
each class, along with overall accuracy and balanced accuracy metrics. Given the class imbalance,
additional metrics such as Matthews Correlation Coefficient (MCC) or multiclass ROC AUC would
provide more insightful performance assessment.

3.2.4 Accuracy Comparison C4.5 VS C4.5 + ANOVA

Perbandingan Akurasi C4.5 Default vs ANOVA

80.44%
80
72.81%

69.71%

-]
=]

Akurasi (%)

&

20 4

o4
Default (Train) Default (CV) ANOVA (Train) ANOVA (CV)

Figure 6. Accuracy Comparison C4.5 vs C4.5 + ANOVA

Based on figure 6,the visualization graph, the C4.5 model with default configuration produced an
accuracy of 72.81% on the training set and 69.71% on cross-validation. On the other hand, the C4.5
model integrated with feature selection technique based on analysis of variance (ANOVA) showed
improved performance, with an accuracy of 80.44% on the training data and 73.66% on cross-validation.
This improvement indicates that the application of ANOVA as a feature selection method is able to
enhance the model's generalization capacity, as reflected by the 3.95% increase in cross-validation
accuracy, which is a crucial indicator of the model's ability to generalize patterns to previously unseen
data.

3.2.5 Feature Importance Visualization

Based on figure 7,the horizontal bar chart in the Figure represents the feature importance of each
predictor variable in the classification model based on the C4.5 decision tree that has been combined
with the analysis of variance (ANOVA) based feature selection technique. The vertical axis lists the
feature identities, while the horizontal axis shows the relative importance score in the range of 0 to 0.6.
The Ranking feature stands out as the most dominant variable with an importance score approaching
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0.6, indicating that this feature contributes the most to the decision rule formation process in the model.
The Total Income and ALFA features occupy the next positions with scores of approximately 0.13 and
0.09 respectively, showing a secondary but still relevant influence.

Feature Importance - Decision Tree (C4.5 + ANOVA)

Ranking
Total_Penghasilan
ALFA
Total_Absensi

Pekerjaan Ayah Enc

Fitur

SAKIT
Penghasilan Ayah Num

Pekerjaan Ibu Enc

Penghasilan Ibu Num

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Tingkat Kepentingan

Figure 7. Feature Importance Visualization Comparison]|

Kriteria Analisis Faktor Dominan (Fitur)
ANOVA (P-Value) Rangking, ALFA, Total Absen
Decision Tree (Importance) | Rangkinf, ToTAL_Penghasilan, ALFA

Fitur Konsistensl ALFA, Rangking

Figure 8. Identification of Dominant Features based on ANOVA Analysis and Decision Tree C4.5

Based on table 1,the ANOVA test measuring the statistical significance of the association between
features and the target variable, the most significant factors are Ranking, ALFA, and Total Absensi, as
indicated by p-values far below the significance level a = 0.05. On the other hand, based on the relative
contribution in the decision tree model (measured through importance weight), the most influential
factors are Ranking (weight 0.602), Total Penghasilan (weight 0.128), and ALFA (weight 0.085). From
the comparison of these two approaches, it was found that only two factors, namely ALFA and Ranking,
consistently appear as dominant in both analyses. This shows that these two factors are not only
statistically significant but also have the highest predictive weight in the model, thus truly playing an
active role in determining student achievement categories. Therefore, ALFA and Ranking can be
considered as key variables that significantly influence student academic achievement, making them
worthy of being the main focus in data-based educational interventions or policie.

4. CONCLUSION

This research method used a data mining approach with stages including data cleaning, numeric
conversion, missing value imputation, formation of derived variables, and categorization of the target
variable "Achievement". The initial C4.5 model produced an accuracy of 72.81% on the training data
and 69.71% on cross-validation. After feature selection was performed using ANOVA, one insignificant
variable was eliminated, resulting in a hybrid C4.5+ANOVA model with nine main features. The test
results showed an increase in accuracy to 80.44% on the training data and 73.66% on the cross-validation
data, indicating an increase of 7.63 and 3.95 percentage points respectively. Furthermore, precision and
recall for the "Low" class also increased significantly, indicating the model is more effective in detecting
students at risk of low achievement.

Based on feature importance analysis and the ANOVA test, the variables most influential on
student academic achievement are Ranking, Total Absences, and ALFA (number of unexplained
absences), while Total Parental Income has a secondary influence. These results show that attendance
discipline and student academic position are the main indicators of learning success. Overall, the
integration of ANOVA with C4.5 has proven to be able to reduce overfitting, improve the model's
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generalization ability, and provide a scientific basis for schools in designing more effective learning
interventions. The conclusion is the essence of the entire paper. Made in paragraph form, and not in list
form. The conclusion does not repeat the sentences in the abstract. Of course. Here is a conclusion
paragraph that incorporates the importance of the research to computer science, based on the text you
provided.This study successfully demonstrates the practical and methodological value of integrating
statistical feature selection with machine learning algorithms within the domain of educational data
mining. By employing a hybrid C4.5+ANOV A model, the research not only identified key determinants
of student achievement—namely academic ranking, attendance records, and unexplained absences—
but also significantly enhanced the predictive model's performance. The marked increase in accuracy,
precision, and recall, particularly for the critical "Low" achievement category, underscores the model's
improved capability to identify at-risk students, thereby providing a actionable, data-driven foundation
for targeted educational interventions. From a computer science perspective, this work makes a
significant contribution by exemplifying how a hybrid approach can effectively mitigate the overfitting
common in complex decision trees, thereby bolstering the model's generalizability and robustness on
unseen data. It validates the principle that a pre-processing step with a statistically rigorous feature
selection method like ANOVA can streamline models, enhance computational efficiency, and lead to
more interpretable and reliable results. Ultimately, this research underscores the transformative potential
of interdisciplinary methodology, where statistical analysis and machine learning converge to create
intelligent systems that are not only more accurate but also more trustworthy and applicable to solving
real-world problems.tolong terjemahkan ke dalam bahasa indonesia
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