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Abstract. Assessment of student academic performance is an important aspect in improving the quality of the 

learning process in higher education. With the development of Machine Learning (ML) techniques, predictive 

analysis of student assessment data can be carried out more accurately and efficiently. This research aims to 

analyze the comparative performance of several ML algorithms and evaluate the effectiveness of various 

feature selection techniques on student assessment datasets. The dataset used is a limited dataset that contains 

attributes that represent components of student academic assessment. The research process includes 

determining cross-validation, applying ML algorithms, applying feature selection techniques, and performance 

evaluation. The ML algorithms compared are Naïve Bayes, K-Nearest Neighbors (k-NN), Support Vector 

Machine (SVM), Tree, Random Forest, and AdaBoost. Several feature selection techniques used are 

Information Gain (IG), Gain Ratio (GR), Gini Dicrease (GD), ReliefF. Evaluation of the performance of the 

ML algorithm uses the Confusion Matrix in the form of accuracy, precision, recall and F1-score, while the 

performance evaluation of the feature selection technique uses Spearman Correlation. Experimental results 

show that the SVM algorithm shows the best performance followed by k-NN. However, based on computing 

time testing, the Tree algorithm shows the fastest time. Apart from that, the comparison results of feature 

selection techniques show that Gini Decrease has the best correlation. The findings of this research contribute 

to selecting a more effective educational data analysis method and can be a reference for developing ML 

algorithms in student academic evaluation. 
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1 Introduction 

The development of information and computing technology has encouraged the use of Machine 

Learning (ML) in various fields, including the education sector (Korkmaz & Correia, 2019). 

Educational institutions currently produce academic data in ever-increasing amounts, such as data 

on course grades, attendance and student performance (Sorensen, 2019). This data has great potential 

to be analyzed to support academic decision making, such as predicting graduation, evaluating 

https://doi.org/10.31571/ijcmasted.v1i1.1010


Proceedings of IJC-MaSTEd, Vol.1, No.1 (2026) 
The 1st International Joint Conference on Mathematics, Science, Technology, and 
Education (Hybrid Conference, April 23, 2026, Pontianak, Indonesia) 
 

Proceedings of IJC-MaSTEd  2 
Vol.1, No.1, (2026): Innovative and Inclusive Collaborative Approaches to Address Global Challenges in 
Mathematics, Science, and Technology Education 

learning performance, and identifying at-risk students. One technique that is widely used to carry out 

predictive analysis is a numerical-based Machine Learning (ML) algorithm. 

 

In general, algorithms such as Naïve Bayes, k-NN, Tree, SVM, Random Forest, and AdaBoost are 

often used in academic data modeling (Boateng et al., 2020). However, most previous studies focused 

on large datasets with complex feature variations. In fact, in practice, we often find datasets with 

relatively small amounts of data and simple numerical types, such as data on course grades in one 

class or one study program. 

 

Problems arise when ML algorithms are applied to small datasets. Some algorithms tend to 

experience overfitting, while other algorithms require quite large amounts of data to produce optimal 

performance (Sorensen, 2019). This condition raises the question of which algorithm is the most 

stable and effective when used on small numerical datasets. Until now, there is still limited research 

that specifically compares the performance of several ML algorithms in the scenario of small 

academic datasets with homogeneous numerical characteristics. Some studies only present 

implementation results without in-depth comparative analysis regarding performance stability, 

accuracy, precision, or generalization ability of the model. In addition, comparative studies of the 

performance of feature selection techniques have not been carried out on limited datasets. 

 

Based on these research gaps, a systematic comparative analysis is needed to evaluate the 

performance of various ML algorithms and feature selection techniques on small category course 

grade datasets of the numerical type. This research aims to: (1) implement several ML algorithms on 

a dataset of course grades with a limited amount of data, (2) compare the performance of algorithms 

based on relevant evaluation metrics, such as accuracy, precision, recall, and F1-score, and (3) 

identify the most optimal and stable algorithm in handling small numerical datasets (4) comparative 

analysis of the performance of the feature selection technique using the Spearman Correlation 

technique 

 

It is hoped that the results of this research can contribute to selecting appropriate methods for 

analyzing small-scale academic data, as well as becoming a reference for educational researchers and 

practitioners in implementing ML and feature selection techniques more effectively and efficiently. 

 

2 Method 

2.1 Type of research 

This research uses a quantitative approach with comparative experimental methods. This approach 

aims to compare the performance of several ML algorithms in processing small category course 

grade datasets of numerical type. Experiments are carried out in a controlled manner with the same 

test scenarios for each algorithm so that the comparison results are objective and measurable 

 

2.2 Research Design 

This section describes the procedures and stages of the research. The research stage begins with data 

collection. The next step is to select the most optimal number of k-fold validations. The next step is 

testing algorithms such as Naïve Bayes, k-NN, Tree, SVM, Random Forest, and AdaBoost. Next, 

carry out comparative analysis in the form of Accuracy, Precision, Recall, and F1-Score. The 

research framework design is illustrated in Figure 1. 
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Figure 1. Research design 

 

2.3 Dataset 

The dataset used is student course grade data in the small category (306 data). All attributes are of 

numeric types, namely Assignment, Quiz Exam, Midterm Exam, Final Exam, and Grade. The 

variables in this research consist of two, are (a) independent variables (features): Assignment, 

Quizzes, Midterm Exam, Final Exam, and the dependent variable (target) is Grade. Dataset attributes 

are shown in Table 1. 

 

Table 1. Atribute dataset 
ID Attribute Type 

f1 Assignment Number 

f2 Quiz exam Number 

f3 Midterm exam Number 

f4 Final exam Number 

f5 Grade Text 

 

2.4 Cross-validation (k-folds) 
A classification is a form of data mining technique that is currently popular. It functions similarly to 
other methods like decision trees and neural networks. These strategies use various methods to assess 
the available data to produce their prediction (Sulistiani et al., 2024). After the feature selection stage 
and the features that affect the class label based on ranking are obtained, the next stage is classification. 
Furthermore, the accuracy, precision, recall, F1-Score, and time required in the classification process 
are compared using the method of Naïve Bayes, k-NN, Tree, SVM, Random Forest, and AdaBoost. 
The classification model will be validated using k-fold cross-validation. The cross-validation method 
is commonly used for training sets (Yan et al., 2022). Figure 2 shows the k-fold cross-validation. 
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Figure 2. The procedure of k-fold validation 

2.5 Performance Analysis 
This study examines how the confusion matrix might be used to gauge accuracy and mistake rate. A 
confusion matrix of size 𝑛×𝑛 coupled to a classifier, where 𝑛 is the total number of classes, displays 
the anticipated and actual categorization (Ohsaki et al., 2017). The confusion matrix for 𝑛=2 is shown 
in Table 2. 

Table 2. Confusin matrix 

Class Predicted positives Predicted negatives 

Actual positives instances Number of true positives instances 

(TP) 

Number of false negatives 

instances (FN) 

Actual negatives instances Number of false positives (FP) Number of true negatives 

instances (TN) 

 

Calculating prediction accuracy, precision, recall, and f1-score is another method for evaluating and 

comparing classifiers. Both values can be obtained from the confusion matrix Table 1 and calculated 

using equation (1-4) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 

(1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(3) 

𝑓1 − 𝑠𝑐𝑜𝑟𝑒 = 2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(4) 

2.6 Feature Selection 

One of the most important things in classification is determining features to get the best performance 

results (Sulistiani et al., 2024). Data sets used in ML processes usually contain redundant and 

irrelevant features (Wang et al., 2014), and has no effect on the learning model, and may even reduce 

the performance of the learning model (Bashir et al., 2019), therefore it is important to perform 

relevant feature analysis. In this case we apply the Information Gain (IG), Gain Ratio (GR), Gini 

Decrease (GD), and ReliefF. These four techniques have good capabilities in selecting features by 

giving weight to each feature and displaying them in ranking (Casteren, 2017). 
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2.7 Spearman Correlations 

This method is used to measure correlation with feature selection techniques such as Information 

Gain (IG), Gain Ratio (GR), Gini Decrease (GD), and ReliefF. These four methods can rank features 

based on highest to lowest weight. A high correlation value indicates that a technique has good 

ranking consistency and is reliable (Jia et al., 2021). This testing provides validation of effectiveness 

in producing competitive and trustworthy rankings.  The correlation range is shown in Table 3. 

Table 3. Range correlation 

Range Correlation 

0.00 – 0.25 Very weak 

0.26 – 0.50 Weak 

0.51 – 0.75 Moderate 

0.76 – 0.99 Strong 

1 Perfect 

3 Results and Discussion 

Tables We use orange software (version 3.3.8). This platform simplifies the construction of several 

technical analysis data. Orange has the ability to categorize, perform regression, classification, 

eliminate features, create association rules, and adjust classes in datasets (Popchev & Orozova, 

2023). We used cross-validation (k-fold=5) because our findings indicate that this choice is the best 

for the classification of ML algorithms. The performance results of the algorithms are presented in 

Figure 3. 

 

Figure 3. Model testing algorithms 

Next, we tested six ML algorithms on a small dataset using the number feature. Testing is carried out 

by comparing actual data with predicted data using the Confusion Matrix calculation in Figure 4. 
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SVM Naïve Bayes 

  
Tree k-NN 

 
 

AdaBoost Random Forest 

Figure 4. Confusion Matrix algoritma ML 

Based on the values in the Figure, calculations are then carried out to obtain information in the form 

of performance based on accuracy, precision and recall which are shown in Table 4. 

Table 4. ML algorithm performance 

No Algorithm Accuracy Precision Recall 

1 SVM 92.5 92.5 92.5 

2 k-NN 85.3 85.3 85.3 

3 Random Forest 78.8 79.5 78.8 

4 Tree 73.2 73.2 73.2 

5 AdaBoost 71.2 71.5 71.2 

6 Naïve Bayes 69.3 69.1 69.3 

 

Table 2 shows the performance of different ML algorithms. The ML algorithm that has the best 

performance is SVM. This is because this method is effective in both high and low dimensional 

spaces. SVM works very well even if the number of dimensions (features) is greater than the number 

of data samples. This makes it well suited for Natural Language Processing (NLP), text classification, 

and genomics. Additionally, SVM tend to be more robust against overfitting, especially on high-

dimensional datasets, because they focus on maximizing the margin (distance) between classes. 
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Meanwhile, the worst performance of the ML algorithm is Naïve Bayes. This is because this method 

has an independence assumption. Naive Bayes assumes that all features (input variables) are 

independent of each other and contribute independently to the class probability. In the real world, 

features are often correlated which can reduce algorithm accuracy 

Next, we carried out a performance comparison analysis using the F1-Score value. This value is used 

to evaluate the performance classification of ML algorithms which calculate the harmonic average 

of precision and recall. The F1 score provides a balance between the two metrics, especially useful 

for imbalanced datasets where accuracy is insufficient, with values ranging from 0 (complete failure) 

to 1 (perfect). Performance comparison results based on F1-Score values are displayed in Figure 5. 

 

Figure 5. Performance comparison based on F1-Score 

Performance comparison results based on F1-Score (Table 5) show different results. In this case, the 

SVM algorithm shows the best performance. This is because SVM focuses on maximizing the 

distance between the closest data points (margin), this algorithm is generally more resistant to outlier 

data compared to some other algorithms. Meanwhile, the Naïve Bayes algorithm shows the worst 

performance. This is because Naive Bayes assumes that all features or predictors are independent of 

each other (have no relationship). This is rarely fulfilled because features are often interdependent, 

which causes biased posterior probabilities and less accurate classification results in predicting grade. 

Next, we compared the computing time of each algorithm shown in Figure 6. Figure 6 shows the 

different computing times. The Tree algorithm shows the fastest time, even though the accuracy of 

this algorithm is not significant, in terms of time it shows the best. Meanwhile, the k-NN algorithm 

shows the worst time. 

In addition, we carried out a comparative analysis of feature selection techniques such as IG, GR, 

GD, and ReliefF with the original dataset. This is done to see the performance of each feature 

selection technique, to obtain information on new findings and references for further research. The 

results of the ranking comparison of feature selection techniques are shown in Table 5. 
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Figure 6. Compute time comparison 

Table 5. Comparison of ranking feature selection techniques 

No Feature Original IG GR GD ReliefF 

1 Attendance (%) 5 3 3 4 4 

2 Quiz 4 5 5 5 5 

3 Midterm Exam 2 1 1 2 1 

4 Final Exam 1 2 2 1 2 

5 Assignments 3 4 4 3 3 

 

 

Figure 7. Comparison of correlation values Feature selection techniques 

The comparison results (Table 5) then we carried out a ranking comparison using the Spearman 

correlation method to see the performance of the feature selection technique between the original 
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data and the ranking using the feature selection technique. The higher the correlation value, the better 

the performance of the feature selection technique. The comparison results are shown in Figure 7. 

 

4 Conclusion  

This research has carried out a comparative analysis of the performance of several Machine Learning 

(ML) algorithms on student assessment datasets. The ML algorithms used are Naïve Bayes, Tree, 

AdaBoost, Random Forest, and k-NN. Meanwhile, the feature selection techniques compared are 

Information Gain (IG), Gain Ratio (GR), Gini Decrease (GD), and ReliefF. Algorithm performance 

evaluation uses the Confusion Matrix in the form of accuracy, precision, recall, and F1-score, while 

performance evaluation of the feature selection technique uses Spearman Correlation. Experimental 

results show that the SVM algorithm shows the best performance (92.5%) followed by k-NN 

(85.3%). However, based on computing time testing, the Tree algorithm shows the fastest time. Apart 

from that, the results of the comparison of feature selection techniques show that Gini Decrease (GD) 

has the best correlation (0.9) or the "Strong" category, while Information Gain (IG) and Gain Ratio 

(GR) show the worst correlation. 

 

The findings of this research contribute to selecting a more effective educational data analysis method 

and can be a reference for developing ML algorithms in student academic evaluation. It is hoped that 

the results of this research can become the basis for further research in developing prediction models 

for student academic performance as well as implementing more adaptive and accurate educational 

analytical systems in higher education environments. 
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