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In today's digital era, the utilization of technology in education is essential to 
support the learning process. This research discusses the classification of 
junior high school mathematics questions using the Naïve Bayes method. The 
use of an automated system in question classification helps reduce time and 
effort in grouping questions based on topics. The Naïve Bayes method was 
chosen because of its simplicity and ability to process data. The results 
showed that Naïve Bayes with SMOTE and Math symbols achieved 69% 
accuracy, while without SMOTE, the accuracy was lower. Cross-validation 
showed that the classification without symbols attained an accuracy of 
89.35%, slightly superior to the classification using symbols, which was 
88.79%. This result indicates that Naïve Bayes with SMOTE is more effective. 
Although the difference in accuracy with or without symbols is slight 0.56%, 
the performance is relatively equivalent, with an accuracy of 89%. 
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A. Introduction 
Educators in today's digital era increasingly rely on technology as a 

supporting tool for the learning process. One effective approach is to use technology 
to compile and categorize questions that are relevant to the learning material [1]. In 
this way, the assessment of student's abilities can be more structured and 
meaningful in accordance with the learning objectives. This view is supported by 
[2], who emphasizes the importance of item analysis to ensure the quality of 
accurate assessment of students' understanding of the subject matter. Classifying 
questions based on topics is also a crucial aspect of education. Classification is the 
process of building a model from labeled data that is used to predict the class label 
of unlabeled data [3]. It aims to associate labels to questions based on specific 
criteria, such as difficulty level, expected answer type, or specific school topics [4]. 
Classification models, such as the one developed by [5], have proven their usefulness 
in assisting teachers and students in selecting questions that suit learning needs. 
Classification models aim to organize educational materials available online using 
machine learning technology to divide them by topic or type [6]. This grouping helps 
in simplifying access to educational resources, making it easier for learners to find 
the information they need. However, traditional classification is time-consuming 
and involves complex procedures [7]. This process requires in-depth analysis of 
various elements and terms in the dataset, which can be challenging. Therefore, to 
improve efficiency and overcome these obstacles, it is important to implement an 
automation system that can manage and classify data more efficiently.    

According to the results of research by [8], this study aims to classify 500 
hadiths of Sahih Bukhari into certain categories using the Naive Bayes Classifier. 
Methods include data collection from sunnah.com, the pre-processing stage, giving 
word weight with TF-IDF, and classification with Naive Bayes Classifier. Evaluation 
using the confusion matrix showed an increase in accuracy from 80.14% before pre-
processing to 82.27% after pre-processing, demonstrating the effectiveness of pre-
processing in improving classification accuracy. Naive Bayes Classifier can classify 
hadiths well, with the potential for further development by adding data attributes 
and exploring other methods. This research successfully produced an automated 
system for hadith search by category, making an important contribution to text 
processing and classification of religious documents.   

Another research by [5] is to develop a classification model for Biology 
questions in grade 11 high school by grouping questions into nine different topic 
categories. The results demonstrated that the Naïve Bayes algorithm reached an 
accuracy of 72.72%. In addition, performance evaluation using the cross-validation 
method resulted in an accuracy of 73.09%, with precision, recall, and F1-Score 
values reaching 73%, 73%, and 70%, respectively. On the other hand, the C4.5 
algorithm achieved an accuracy of 54.54%, with a cross-validation accuracy value of 
54.09%. Precision, recall, and F1-Score for the C4.5 algorithm are 58%, 56%, and 
55% respectively. This research provides convenience in the field of education by 
developing a classification method that can assist teachers in grouping and 
organizing questions based on several specific topics in Biology. The application of 
the Naïve Bayes algorithm proved to be more effective in accurately predicting 
question categories compared to the C4.5 algorithm in these results. 
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  In the context of question classification, there are various methods, such as 
Logistic Regression, Support Vector Machine (SVM), Random Forest (RF), and 
others [9]. However, this research utilizes the Naïve Bayes approach to categorize 
Math exam questions based on topics. Naïve Bayes is a frequently used data mining 
algorithm, which makes the simple assumption that all attributes are independent 
based on their class, thus simplifying probability computation [10]. This algorithm 
is known to process training and test data in various proportions efficiently [11]. In 
this study, the authors are interested in applying the Naïve Bayes algorithm to a 
dataset of Math exam questions from a junior high school question bank. This 
research not only classifies questions based on topics but also considers the 
influence of symbols in the classification process using the Naïve Bayes algorithm. 
Using this algorithm is expected to identify and classify questions based on topics 
without spending much time to increase efficiency in question classification. 
 
B. Research Method 

In this research, several phases must be passed to solve the problem. These 
phases include selection of data, preprocessing, transformation, modeling, and 
evaluation. The following is a compiled systematic diagram. 

 

        
                                         Figure1. Problem solving systematics 
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Data Selection 

The data collection process is sourced from the question bank database of 
the Pinterran learning system, which contains a set of multiple choice questions 
about various junior high school level subjects, namely Indonesian Language, 
English, Mathematics, and Natural Sciences. This research only focuses on the 
classification of Mathematics questions. In this stage, data sorting includes selecting 
the required attributes, removing HTML elements in the question text, and changing 
the name of the "tag" attribute to "topic". The "topic" attribute was used as a label to 
categorize the questions, while the other attributes were used as variables. The 
cleaned question bank was exported back into an Excel file as input in the next stage, 
namely data preprocessing. 
 
Data Preprocessing 

In data preprocessing, several processes are undertaken. First, case folding 
converts uppercase letters to lowercase letters to equalize all letters, thus avoiding 
ambiguity in text analysis. For example, the words "Cube" and "cube" are considered 
the same after case folding. Second, tokenization separates the uniformed text into 
tokens, such as words or symbols, to facilitate further analysis. Third, stopword 
removal removes words that do not provide essential information, such as "given" 
and "following". In contrast, words such as "height" and "time" are retained because 
they are essential in math problems. Fourth, stemming converts the words in the 
text into their base word form by removing any affixes or suffixes from the words.  

After going through several processes, the data will be filtered. The filtering 
is necessary because, based on the clean data, there are a total of 1718 questions 
with 301 different topics, but most topics only have a few questions. Including these 
could lead to model breakage. Therefore, the top 10 topics with the highest number 
of questions were selected. 
 

Table 1. Filtered Data 
topic number of questions 

algebra 35 
function 38 

set 33 
circle 107 

probability 79 
comparison 37 

two_variable_equation 31 
relation 33 
statistics 30 

angle 29 
 452 

 
Transformation 

The next stage is to apply TF-IDF to assess the significance of each word within 
the document. This technique emphasizes calculating the frequency of each word in 
the document (TF: Term Frequency) and how the word is distributed throughout 
the text document (IDF: Inverse Document Frequency) [12]. Some terms, such as 
interrogative verbs and interrogative words, have greater importance in 
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classification tasks than others [13]. The following is the TF-IDF calculation formula 
[14]:   

 
Wxy = tfdt x idft (1) 
 
Description:   
Wxy: weight of document x against word y   
Tfdt: the frequency of a word in a document 
Idft: inverse document frequency, calculated as log(N/df) 
N: the total number of documents 
df: the count of documents that contain the word being searched 
 

Data Modelling 
First, the division of training data and testing data that will be entered into the 

model. The data consists of a single label of 452 rows that have been filtered before. 
Next, the Naïve Bayes model is employed to execute direct classification. Before that, 
TF-IDF is applied first to convert text into numerical representations that can be 
understood by machine learning models such as Naïve Bayes. After TF-IDF values 
are generated for each word in each document, they are used as input to calculate 
Naïve Bayes probabilities. The category with the highest probability is used as the 
prediction of the Naïve Bayes model. 

 
Evaluation 

The metric used in this classification is a confusion matrix to see how well 
the model distinguishes between different labels. System performance evaluation is 
generally done by examining the data in the matrix [15].  

  
Table 2. Confusion Matrix 

  Prediction 

  C1 C2 C3 

Actual 
C1 A B             C 

     C2 D E F 
C3 G H I 

 
According to [16], classification with multiple classes using TP, TN, FP, and 

FN differs slightly. In this classification's context, the discussion focuses on each 
label in turn. For example, when the focus is on label 1, TP is A The following are the 
TN, FP, and FN values when the focus is on label 1:   

 
True Positive (TP): If label one is predicted correctly, then TP = A.    
 
True Negative (TN): The sum of all cells except those in the column and row 

of label 1,  TN = B + C + E + F + H + I.   
 
False Positive (FP): The sum of all actual values other than label one 

predicted as label 1, FP = D + G.   
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False Negative (FN): The sum of all predicted values that are not labelled 1 
when the actual value is 1, FN = B  + C. 

 
The results of this metric can be used for accuracy, precision, recall, and f1-

measure calculations. In finding the final result of the calculation, values such as 
precision are obtained from the average precision of each label and the calculation 
of recall and F-measure [16]. Here are the formulas for classification evaluation [17]. 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
       (2) 

  

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (3) 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (4) 

 

F-measure = 
2𝑥(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙)

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
      (5) 

 
  

C. Result and Discussion 
 
Imbalance Handling 

In the previous preprocessing stage, the author filtered the data that will be 
included in the model. To address the issue of data imbalance, the oversampling 
method SMOTE (Synthetic Minority Over-sampling Technique) was used. 

 

 
Figure2. Data Distribution Before SMOTE 
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Figure3. Data Distribution After SMOTE 
 

Before classification, the data was split into training and testing sets with a 
ratio of 80:20, resulting in 361 data for training and 91 data for testing. After SMOTE 
was applied, the number of samples for each label became more evenly distributed, 
allowing the model to learn better from the training data. After SMOTE, the total data 
was 961, with 870 data used for training and 91 for testing. 
 
Preprocessing math symbols 

In this classification process, a special approach is needed for data that 
contains many numbers, such as in Mathematics problems. The goal is to determine 
whether the model can learn from the symbols in the data. The stemming process in 
this research uses the Literature library.  In the first scenario, stemming is 
performed directly on all tokens using a stemmer. The output is that all words are 
converted into base words, and tokens in the form of symbols or operators become 
empty tokens because Sastrawi cannot process them correctly. 

 

Figure4. Stemming Without Symbols 
 
In the second scenario, a special function is created to process the tokens by 

involving Regular Expressions (regex). This function checks each token; if the token 
is a symbol, number, or operator, it is not changed, but if the token is plain text, it 
will be changed using a stemmer. The output of this scenario is that tokens in the 
form of text are converted into basic words while tokens in the form of numbers, 
symbols, or operators such as ∏ α β ° will still be included.    
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Figure5. Stemming With Symbols 
 
Evaluation 

The confusion matrix measurement is done for each label in the 
classification. In this case, ten topics are targeted for classification.  

 
Table 3. Confusion Matrix Results 

Topic TN FP FN TP 

algebra 84 2 1 4 

function 78 3 2 8 

set 84 2 2 3 

circle 69 2 1 19 

probability 75 0 5 11 

comparison 80 6 3 2 

two_variable_equation 82 1 4 4 

relation 79 4 6 2 

statistics 79 4 4 4 

angle 81 4 0 6 

 
Calculations such as accuracy, precision, recall, and f-measure can also be 

calculated for each label individually. Furthermore, the results of these calculations 
can be averaged to get an idea of the model's overall performance in classifying the 
data. Here are the overall results:  
 

   Table 4. Evaluation Results 
 Accuracy Precision Recall F-measure 

Result 69% 72% 69% 69% 

  
The results show an accuracy of 69%, precision of 72%, recall of 69%, and f-

measure of 69%. Although these metric values indicate a fairly good overall 
performance, the results are still not optimal. The suboptimal performance is 
attributed to the unique characteristics of the math problem data, which may be 
challenging for the model to handle despite the special approach taken during the 
preprocessing stage. 
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The next evaluation process used cross-validation with k=10. There are four 
scenarios in applying this evaluation, namely:   
 
1. Before SMOTE, use data that retains the Math symbols 
 
2. Before SMOTE, use data without Math symbols   
 
3. After SMOTE, use data that retains the Math symbols   
 
4. After SMOTE, use data without Math symbols  
 

Figure6. Comparison of Cross-Validation Results 
 

Based on the cross-validation results in Figure6, the use of SMOTE and math 
symbols affects the performance of the model. Classification with SMOTE and 
without math symbols achieved 89.35% accuracy, while with math symbols, it 
reached 88.79%. Although there is a slight decrease when using math symbols, 
SMOTE still effectively balances unbalanced data. On the other hand, removing math 
symbols helps the model focus on more relevant keyword information, reduces 
potential confusion caused by math symbols, and improves the model's 
understanding of the core problem. 
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Application of the classification model 

Figure7. Example 1 Model Application 

Figure8. Example 2 Model Application 
 

The Naive Bayes model successfully predicts questions with or without the 
keywords corresponding to their labels. For example, a question labelled statistics 
can be correctly predicted without the keyword "statistics", and a question labelled 
probability can be correctly predicted even with the keyword "probability". 
However, misclassification still occurs due to the inconsistent occurrence of 
keywords. 
  
D. Conclusion 

Naïve Bayes method achieves 69% accuracy in classifying junior high school 
math problems by topic. The application of SMOTE improved the accuracy from 62% 
to 69% by addressing data imbalance. Cross-validation revealed a higher 
performance, with an accuracy of around 89%, regardless of including mathematical 
symbols, indicating that these symbols have a minimal impact on model accuracy. 
Removing symbols slightly improved the model's focus on key textual information. 
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