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Every school has pupils with varying levels of achievement. These differences in 

achievement can be influenced by several factors, such as the parents’ level of 

education and the pupils’ readiness for examinations. Furthermore, they can also be 

influenced by pupils’ abilities in mathematics, writing, and reading. The aim of this 

study is to classify student performance so that the performance of students at an 

adequate level or below average can be improved. The method used in this study is 

Naïve Bayes as a classification method. There are 150 training data points and 50 test 

data points. Five metrics were evaluated: precision at 94.4%, recall at 94.4%, 

specificity at 50%, accuracy at 90%, and the F1 score at 94%. This indicates that the 

model performs well in providing accurate positive predictions. Furthermore, the 

model is capable of detecting the majority of positive cases effectively 
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1. Introduction 

 A process known as Knowledge Discovery in Databases (KDD) involves the collection and use of 

data to identify patterns, consistency, or relationships within a dataset [1].  Analysing data mining using 

the Knowledge Discovery in Databases (KDD) framework involves several stages, such as data 

selection, pre-processing, and transformation [2], followed by data mining and evaluation [3]. The 

process of data mining itself involves identifying previously unknown relationships within data and then 

presenting these findings in a way that is easy to understand, thereby facilitating decision-making based 

on the identified relationships [4]. 

In a school, there are many pupils with different talents and abilities. Some pupils are good at maths, 

some are good at reading, and some are good at writing [5]. This is closely linked to the educational 

background of both parents and the learning patterns established both at school and at home. In this 

context, pupils’ performance will be assessed on the basis of two factors: their preparation for tests and 

their parents’ educational background, supported by their performance in mathematics, writing, and 

reading. In addition to these factors, there are several others, such as motivation to learn; psychological 

and emotional factors—including stress, anxiety, low self-confidence, and academic pressure—which 

can lead to a decline in concentration; and a learning environment that is conducive, safe and supportive 

of the learning process, which can enhance pupils’ focus and comfort [6]. A classification method is 

therefore required to assist in determining pupils’ performance based on these three factors [7]. This 

classification method uses Naïve Bayes. The Naïve Bayes method can help predict the classification of 

data[8]. Naïve Bayes can also assist in decision-making and can be used to predict the probability of a 

https://doi.org/10.52435/jaiit.v8i1.771
mailto:1*first@institution.ac.id
mailto:iqbalkurniawan@pnp.ac.id
mailto:apriska@pnp.ac.id
mailto:m.ainulfikri@polije.ac.id
mailto:mustafakamal@telkomuniversity.ac.id
mailto:mustafakamal@telkomuniversity.ac.id
https://creativecommons.org/licenses/by-sa/4.0/


JAIIT (Journal of Advances in Information and Industrial Technology) 

Vol. 8, No. 1 Mei 2026, ISSN 2716-1935, E-ISSN 2716-1927 
 

    

88     DOI: https://doi.org/10.52435/jaiit.v8i1.771  

class [9]. The advantage of Naïve Bayes is that it is an algorithm that predicts probabilities based on the 

application of Bayes’ theorem to the relationships between features in data that are not interrelated [10].  

This algorithm is one of several simple methods for classifying an equation [11].  The Naive Bayes 

method can process data quickly, even when the amount of data is small or limited. If the probability is 

zero, the prediction will also be zero. The aim and benefits of the research presented here are to assist 

in classifying student performance according to categories. The classification is then carried out using 

Naive Bayes [12]. 

 

Figure 1. Flowchart 

In research related to Naïve Bayes, there is a title “Sentiment analysis of merdeka belajar kampus 

merdeka using naïve bayes classifier algorithm” that shows that this Naïve Bayes algorithm achieved 

the highest accuracy in the classification test at 70%, a figure obtained from a test using a data split of 

90%:10% [13]. There is another study titled “Predicting the risk of stunting in families using a Naive 

Bayes classifier and the chi-square test” that shows that the Naïve Bayes algorithm has an accuracy of 

94.3%, a recall of 93.9%, and a precision of 93.93%; when combined with the chi-square feature, this 

increases the model generation speed by approximately 0.01 seconds [14]. Then there is another study 

entitled “Prediction of poverty rates in Kemang Bejalu village using the Naive Bayes method” shows 

that the Naïve Bayes algorithm achieved an accuracy of 86% on a training set of 258 data points for 

three variables, whilst the test set, comprising the same three variables, achieved an accuracy of 90% 

[15]. 

Next, there is a study entitled “A system for predicting the duration of university studies using the 

Naive Bayes method” that shows that the Naïve Bayes algorithm has an accuracy of 80%, a recall of 

50%, and a precision of 100% on a sample dataset of 13 data points and a test dataset of 5 data points 

[16]. There is also a study comparing Naïve Bayes with other methods, entitled “A Comparative 

Analysis of Decision Tree, Random Forest and Naïve Bayes Algorithms for Flood Prediction in 

Dayeuhkolot Village.” This shows that Naïve Bayes tends not to overfit, unlike decision trees, which 

tend to overfit, although random forests tend to reduce overfitting. Naïve Bayes also performs well even 

when the dataset is imbalanced. Random forests tend to be robust when handling datasets because they 

utilise many trees; by contrast, decision trees do not perform particularly well when dealing with 

imbalanced data [17].  

2. Methods 

This framework has been developed to provide an overview of the research and to assist readers in 

following the study's progression. The framework is presented in Figure 1.  

 

 

Figure 2. Research Workflow 
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Figure 2 above begins with the collection of data relating to factors affecting student performance; 

this data was collected on https://www.kaggle.com/datasets/kojibrand/student-performance-and-

academic-scores-dataset . After obtaining the data, the Naïve Bayes algorithm is applied in accordance 

with the formula in Equation 1. Testing is then carried out using a confusion matrix, followed by the 

results and discussion. The Naïve Bayes algorithm employs a formula for performing calculations, 

which is used to determine the appropriate class for analysis. The formula for the Naïve Bayes algorithm 

is presented in Equation 1. 

𝑃(𝐶𝑖 |𝑋) =
𝑃(𝑋|𝐶𝑖).𝑃(𝐶𝑖)

𝑃(𝑋)
                      (1) 

As explained below, X is an unknown class. Ci represents the probability that data X falls into a 

particular class. P (Ci | X) is the probability of Ci given condition X. P(Ci) represents the probability of 

Ci. P (X | Ci) is the probability of X given the conditional probability Ci. P(X) is the probability of X. 

 

3. Results and Discussions 

The training and testing data used comprise 300 training data points and 100 testing data points. 

The training data will then be processed using the Naïve Bayes algorithm. The training data is presented 

in Table 1. 

Table 1. Data Training 

No Gender Test 

prepared 

Parental 

level of 

education 

Math Score Reading 

Score 

Writing 

Score 

Informa

tion 

1 Female None bachelor’s 

degree 

72 72 74 Enough 

2 Female Completed some college 69 90 88 Good 

3 Female None master’s 

degree 

90 95 93 Good 

4 Male None associate’s 

degree 

47 57 44 Less 

5 Male None some college 76 78 75 Enough 

6 Female None associate’s 

degree 

71 83 78 Enough 

7 Female Completed some college 88 95 92 Good 

8 Male None some college 40 43 39 Less 

9 Male Completed high school 64 64 67 Enough 

10 Female None high school 38 60 50 Less 

.. 

296 

.. 

Male 

.. 

None 

.. 

associate’s 

degree 

.. 

67 

.. 

62 

.. 

60 

.. 

Enough 

297 Male Completed some high 

school 

46 41 43 Less 

298 Male Completed associate’s 

degree 

71 74 68 Enough 

299 Male Completed high school 40 46 50 Less 

300 Male None associate’s 

degree 

90 87 75 Good 

The training data above is sourced from the Kaggle website, where 300 data points were extracted, 

and 100 data points were provided for testing. The breakdown of the training and testing data is shown 

in Table 2. 
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Table 2. Data training and data testing 

Type of Data Count 

Data Training 300 Data 

Data Testing 100 Data 

Next, we calculated the probability of the prepared test based on the training data in Table 1. The 

results of these probability calculations are presented in Table 3.  

Table 3. Probability calculation results for the prepared test 

Data Types  Number of Criteria Opportunity Criteria 

 Good Enough Less Good Enough Less 

None 24/55              95/155             73/90 0,44               0,61                 0,81 

Completed 31/55              60/155              17/90 0,56                 0,39                 0,19 

Next, we calculated the probability of parental educational attainment based on the training data in 

Table 1. The results of these probability calculations are shown in Table 4. 

Table 4. Probability calculation results: Parental level of education 

Data Types Number of Criteria Opportunity of Criteria 

 Good Enough Less Good Enough Less 

bachelor’s degree 7/34                23/34               4/34  0,21                 0,68                 0,12 

some college 13/69             38/69               18/69  0,19                 0,55                 0,26 

master’s degree  5/20               11/20               4/20  0,25                 0,55                 0,20 

Some High                

School 

 9/55              26/55               20/55               0,16                 0,47                 0,36 

associate’s degree  15/71             34/71                22/71  0,21                 0,48                 0,31 

High School  6/51              23/51                22/51  0,12                 0,45                 0,43 

Once the classification process using Naïve Bayes had been completed, the data was then tested 

using 100 test data points. The test data is presented in Table 5. 

Table 5. Data testing 

No Gender Test 

prepared 

Parental 

level of 

education 

a-th Score Reading 

Score 

Writing 

Score 

Informa

tion 

1 Male Completed some high 

school 

62 67 69 Enough 

2 Male None bachelor's 

degree 

77 67 68 Enough 

3 Female Completed associate's 

degree 

59 70 66 Enough 

4 Male None bachelor's 

degree 

54 49 47 Less 

5 Male None some high 

school 

62 67 61 Enough 

6 Female Completed some college 70 89 88 Good 

7 Female Completed high school 66 74 78 Enough 

8 Male None some college 60 60 60 Enough 

9 Female Completed associate's 

degree 

61 86 87 Enough 

10 Male None associate's 

degree 

66 62 64 Enough 

.. .. .. .. .. .. .. .. 
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No Gender Test 

prepared 

Parental 

level of 

education 

a-th Score Reading 

Score 

Writing 

Score 

Informa

tion 

96 Male None high school 48 45 41 Less 

97 Female None high school 50 67 63 Enough 

98 Female None associate's 

degree 

85 89 95 Good 

99 Male None some high 

school 

74 63 57 Enough 

100 Male None some high 

school 

60 59 54 Less 

 

The classification results from the test data are presented in the confusion matrix in Figure 3 below. 

The confusion matrix includes four categories: True Positive, True Negative, False Positive, and False 

Negative. A True Positive is a test result that is positive and supported by positive training results. A 

True Negative is a test result that is negative, supported by a negative training result. A False Positive 

is a test result that is positive, supported by a negative training result. A False Negative is a test result 

that is negative, supported by a positive training result. 

 

Figure 3. Confusion Matrix 

Furthermore, the results from the confusion matrix above can be used to calculate the precision, 

recall, accuracy, specificity, and F1 score, and can also be converted into percentages. The precision 

value represents the proportion of true positives out of the total number of positives (true positives and 

false positives). The formula for precision is shown in Equation 2.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
     (2) 

The precision value calculated using Equation 2 is 94.4%; this indicates that the model successfully 

predicted 94.4% of the total positive predictions correctly. 

The recall value describes how well a model correctly identifies positive classes. The formula for 

the recall value is given in Equation 3. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (3) 

The recall value calculated using Equation 3 is 94.4%; in this context, the model successfully identified 

the positive results correctly but missed 5.6% of the actual positive results. 

https://doi.org/10.52435/jaiit.v8i1.771


JAIIT (Journal of Advances in Information and Industrial Technology) 

Vol. 8, No. 1 Mei 2026, ISSN 2716-1935, E-ISSN 2716-1927 
 

    

92     DOI: https://doi.org/10.52435/jaiit.v8i1.771  

Next, the specificity value indicates how effective the model is at correctly classifying the negative 

class. The formula for the specificity value is given in Equation 4. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
     (4) 

Thus, the specificity value calculated using Equation 4 is 50%; in this context, the model successfully 

identified negative results with 50% accuracy.  

Next, there is the accuracy metric for evaluating the model’s ability to make correct predictions out 

of the total number of predictions. The formula for the accuracy metric is given in Equation 5.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (5) 

Thus, the accuracy calculated using Equation 5 yields a value of 90%; in this context, the model 

successfully predicted 90% of the negative and positive results correctly. 

Finally, there is the F1 score, which represents a balanced assessment of precision and recall. The 

formula for the F1 score is given in Equation 6. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
   (6) 

The result of the F1 Score, calculated using Equation 6, is 94%; in this context, the balance between 

precision and recall is 94%. The results of testing are shown in Table 6. 

 

Table 6. Evaluation Result 

Name Result 

Precision 94,4% 

Recall 

Specificity 

Accuracy 

F1 Score 

94,4% 

50% 

90% 

94% 

 

4.     Conclusion 

The application of student performance classification using the Naïve Bayes method can be used 

to classify which students are performing well, adequately, or poorly, thereby enabling improvements 

to be made for those students whose performance is still adequate or lacking. Furthermore, the results 

of the tests conducted covering five metrics: precision, recall, accuracy, specificity, and F1 score vary. 

The precision value was 94.4%, recall was 94,4%, specificity was 50%, accuracy was 90%, and the F1 

Score was 94%. This study is still limited in terms of the variables used; in future research, additional 

supporting variables could be included, and other methods could be incorporated alongside the one used 

here. 
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