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Abstract 

The rapid development of information and communication technology requires adaptive digital learning systems that 

are able to evaluate students’ learning outcomes objectively. However, the Smart Study application previously 

functioned only as a quiz delivery platform and lacked analytical capabilities to assess students’ levels of material 

understanding, particularly in practical courses such as Computer Networks. This study aims to design and develop 

a web-based Smart Study application integrated with the Naive Bayes classification algorithm to determine students’ 

understanding levels based on quiz performance data. The research methodology includes data collection from 

Informatics Engineering students at Universitas Islam Lamongan, followed by data preprocessing through cleaning 

and categorical conversion of features, including final score, average response time, response time variability, and 

correct incorrect response time ratio. The dataset was divided into 80% training data and 20% testing data. The Naive 

Bayes model was trained and evaluated using accuracy, precision, recall, F1-score, and a confusion matrix. The 

results show that the proposed model achieved an accuracy of 75%, correctly classifying 15 out of 20 testing samples. 

The model demonstrated strong performance in identifying the Comprehended class with an F1-score of 0.83, while 

performance for the Not Comprehended class was lower with an F1-score of 0.55 due to class imbalance. This study 

contributes to the fields of learning analytics and educational data mining by demonstrating the integration of a simple 

machine learning method into an e-learning application to support early detection of learning difficulties and data-

driven evaluation of digital learning processes in higher education. 
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1. INTRODUCTION 

The development of information and communication technology (ICT) has made the learning 

process increasingly required to be adaptive through the use of digital platforms. One of its 

implementations is E-learning, a web-based learning system designed to improve the effectiveness, 

efficiency, transparency, and convenience of teaching and learning activities [1]. Recent studies 

highlight that predicting student academic performance is essential for improving educational quality 

and providing early intervention for students at risk [2]. Machine-learning approaches have therefore 

been widely adopted in higher education because they allow institutions to analyze large scale learning 

data more effectively [3]. As digital learning activities continue to expand, the need for analytical 

systems that can objectively measure learning success becomes even more urgent. These developments 

indicate that data-driven methods are now an integral part of modern educational evaluation and digital 

learning ecosystems. In Indonesia, data-driven learning analytics also continues to grow as shown in 

studies that utilize LMS log data to predict student performance through ensemble machine learning 

techniques [4]. Other studies demonstrate that Naïve Bayes is capable of classifying student 

https://jutif.if.unsoed.ac.id/
http://creativecommons.org/licenses/by/4.0/


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 3, June 2026, Page. 2259-2276 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.3.5507 

 

 

2260 

performance based on academic and non-academic variables, proving that this algorithm can be applied 

across various education levels [5]. As an example of such implementation, a study applying Naive 

Bayes and Random Forest algorithms to classify students’ learning styles based on the VAK model 

demonstrates how machine-learning techniques can support the analysis of learner characteristics and 

contribute to improved educational evaluation [6]. This aligns with international findings showing that 

machine-learning algorithms including Naïve Bayes, Random Forest, SVM, and KNN can accurately 

predict academic performance based on midterm and final examination date [7]. More recent 

international research also confirms the effectiveness of classification algorithms in predicting student 

exam performance with high accuracy [8]. 

However, not all institutions have been able to provide well-integrated online systems, especially 

in courses that are practical in nature and require active student engagement. Another challenge that 

significantly affects the quality of learning is the low reading interest of students, which directly impacts 

their ability to understand course material [9][10]. Similar classification-based approaches have also 

been used outside the education domain to interpret user behavior and satisfaction levels. For example, 

a study conducted at the Rumbai POS Office showed that insights generated from classification models 

can reveal behavior patterns that are not easily visible through manual evaluation. This finding 

reinforces that analytical techniques such as Naïve Bayes can help institutions understand user responses 

more objectively and support more accurate decision-making processes [11]. 

To measure understanding quickly, quizzes are commonly used as evaluation instruments, 

especially in digital learning environments where direct supervision is limited [12]. However, the quiz 

system in the previous Smart Study application was passive because it was not able to provide an 

analysis of understanding levels. Several previous studies have demonstrated that classification methods 

can be used to analyze levels of understanding and assess learner performance more accurately. The 

study by used the K-Nearest Neighbor algorithm and found that most students had a “Poor” level of 

understanding in online learning environments [13]. Another study used the C4.5 algorithm and 

produced 27 rules with an understanding accuracy of 70% [14]. Study compared Naïve Bayes and C4.5 

and showed that Naïve Bayes performed better with an accuracy of 99% compared to 94% [15]. 

Furthermore, proved that Naïve Bayes was able to predict student graduation with an accuracy of 90% 

[16]. Another study by showed that applying SMOTE to Gaussian Naïve Bayes increased the 

classification accuracy of dropout cases from 84% to 86% [17]. Several Indonesian studies also support 

this finding, such as the use of Naïve Bayes to predict GPA during online learning and the use of Naïve 

Bayes to predict students’ final grades in higher education [18][19]. Comparative research likewise 

shows that Naïve Bayes remains competitive among other algorithms such as KNN and SVM in 

predicting student graduation outcomes [20]. Broader LMS-based research further indicates that 

machine-learning models integrating participation, access frequency, and assignment performance can 

produce more comprehensive predictions of student success [21]. These results indicate that machine 

learning algorithms, especially Naïve Bayes, are highly promising for classification tasks related to 

student behavior and academic performance. 

Despite the extensive use of Naïve Bayes and other classification algorithms in previous studies, 

most existing research focuses on offline analysis or experimental datasets and does not emphasize direct 

integration into operational e-learning applications [22]. In particular, limited studies have implemented 

Naïve Bayes as an automated quiz analysis mechanism embedded within a web-based learning system 

for practical courses that require immediate feedback and adaptive evaluation. This condition indicates 

a clear research gap related to the lack of intelligent quiz analysis features that can classify students’ 

understanding levels in real learning environments. 

Therefore, the novelty of this research lies in the integration of the Naïve Bayes classification 

algorithm into the Smart Study web application to perform automatic analysis of quiz results and classify 
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students’ levels of material understanding [23]. Unlike previous studies that primarily evaluate 

algorithmic performance, this research emphasizes practical system implementation to support adaptive 

learning evaluation and early identification of students who require academic intervention [24]. 

Based on these findings, this research integrated the Naïve Bayes algorithm to determine students’ 

understanding levels based on quiz data such as the number of correct answers, incorrect answers, 

completion time, and final score. The model was designed to categorize learners automatically, making 

the assessment process more adaptive and responsive to individual performance. Accordingly, the 

objectives of this study are (1) to design and develop a web-based Smart Study application integrated 

with the Naïve Bayes classification method for automatic quiz analysis, and (2) to evaluate the 

performance of the proposed model in classifying students’ understanding levels using accuracy, 

precision, recall, F1-score, and confusion matrix metrics [25]. Thus, this research not only presented a 

web-based learning system but also applied artificial intelligence to support a more adaptive and 

personalized learning process, particularly in the Computer Networks course at the Islamic University 

of Lamongan. 

2. METHOD 

2.1. Data Collection 

The data presented in the following table were the results of students’ answers after completing a 

quiz designed to produce classification data [9]. The experimental data collection was conducted on 

students of Universitas Islam Lamongan, Informatics Engineering Department, class of 2021-D, so the 

obtained data reflected the real condition of the learning process in that class [26]. 

 

Table 1. Initial Data 

RT_List 
Truth / 

Correctness 
Score 

Mean 

_RT 

Std_Dev 

_RT 

RT_ 

Correct 

RT_ 

Wrong 

RT_Correct_ 

vs_Wrong 

[3.76, 13.54, 14.12, 7.79, 7.05] [0, 1, 1, 1, 1] 80 9.25 4.45 10.62 3.76 2.82 

[7.92, 12.41, 2.54, 12.0, 2.04] [0, 1, 1, 1, 0] 60 7.38 4.97 8.98 4.98 1.8 

[10.66, 14.84, 8.09, 3.6, 13.91] [1, 0, 1, 0, 0] 40 10.22 4.57 9.38 10.78 0.87 

[6.22, 14.88, 8.67, 13.39, 2.88] [0, 1, 1, 1, 1] 80 9.21 4.97 9.96 6.22 1.6 

[14.08, 8.49, 12.43, 13.66, 8.27] [1, 0, 1, 0, 1] 60 11.39 2.81 11.59 11.08 1.05 

[10.43, 13.69, 3.35, 6.05, 3.02] [1, 1, 0, 1, 1] 80 7.31 4.64 8.3 3.35 2.48 

[5.42, 10.71, 6.89, 14.81, 10.67] [1, 1, 0, 1, 1] 80 9.7 3.68 10.4 6.89 1.51 

… … … … … … … … 

[9.51, 14.84, 4.38, 3.95, 11.67] [0, 1, 1, 1, 0] 60 8.87 4.7 7.72 10.59 0.73 

[2.81, 6.35, 6.64, 14.31, 4.32] [1, 1, 1, 0, 1] 80 6.89 4.43 5.03 14.31 0.35 

[3.16, 9.24, 9.07, 9.34, 10.06] [1, 1, 1, 1, 1] 100 8.17 2.83 8.17 1.0 8.17 

 

2.2. Data Cleaning 

Data cleaning was performed to remove missing, inconsistent, and irrelevant entries, as such 

issues may reduce the accuracy of the data mining process [27]. The cleaning involved integration, 

transformation, and reduction stages. Since Naïve Bayes supports nominal, ordinal, and continuous 

attributes, no additional transformation was required [28]. Four primary attributes were selected: score, 

mean response time, standard deviation of response time, and correct vs. incorrect response time. Table 

2 shows the cleaned dataset used for further processing [3]. 
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Table 2. Data Cleaning 

Score Mean_RT Std_Dev_RT RT_Correct_vs_Wrong 

80 9.25 4.45 2.82 

60 7.38 4.97 1.8 

40 10.22 4.57 0.87 

80 9.21 4.97 1.6 

60 11.39 2.81 1.05 

80 7.31 4.64 2.48 

80 9.7 3.68 1.51 

… … … … 

60 8.87 4.7 0.73 

80 6.89 4.43 0.35 

100 8.17 2.83 8.17 

 

2.3. Data Conversion 

Data conversion transformed numerical values into categorical labels to meet the Naïve 

Bayes classification requirements [29]. The final score was converted into comprehension levels as 

shown in Table 3. Additional categorical features mean response time, response time variability, and 

response time ratio were also generated (Tables 4-6) [11]. These converted attributes served as inputs 

for the classification model used to predict students’ understanding levels [16]. 

 

Table 3. Student Comprehension Categories 

Category Final Score Threshold 

Low ≤ 40 

Medium 41 – 74 

High ≥ 75 

 

The score value was calculated based on the comparison between the number of correct answers 

and the total number of questions, using the formula: 

Equation 1. Correct Count 

𝑪𝒐𝒓𝒓𝒆𝒄𝒕 𝑪𝒐𝒖𝒏𝒕 =
𝑪𝒐𝒓𝒓𝒆𝒄𝒕 𝑨𝒏𝒔𝒘𝒆𝒓𝒔 𝑪𝒐𝒖𝒏𝒕

𝑻𝒐𝒕𝒂𝒍 𝑸𝒖𝒆𝒔𝒕𝒊𝒐𝒏𝒔
× 𝟏𝟎𝟎% (1) 

 

Table 4. Categories of Mean Response Time (Mean_RT) 

Mean RT Score (Seconds) Speed Category 

< 5 Fast 

5 – 10 Medium 

> 10 Slow 

 

Table 5. Categories of Response Time Variability (Std_Dev_RT) 

Std_Dev_RT Score (Seconds) Consistency Category 

< 2 Consistent 

2 – 4 Slightly Variable 

> 4 Variable 
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Table 6. Categories of Response Time Ratio (Correct vs Incorrect) 

RT Ratio (Correct/Incorrect) Correct RT vs Incorrect Category 

< 0.9 Fast on Incorrect 

0.9 – 1.1 Balanced 

> 1.1 Fast on Correct 

 

2.4. Dataset 

After preprocessing, a dataset of 100 entries was prepared. Each entry contained four predictor 

attributes and one target class (comprehension level) [21]. Table 7 illustrates several samples of the 

processed dataset. 

 

Table 7. Dataset 

Score Mean_RT Std_Dev_RT RT Correct vs Incorrect Comprehension 

High Medium Variable Fast on Correct Comprehended 

Medium Medium Variable Fast on Correct Not Comprehended 

Low Slow Variable Fast on Incorrect Not Comprehended 

High Medium Variable Fast on Correct Comprehended 

Medium Slow Slightly Variable Balanced Not Comprehended 

High Medium Variable Fast on Correct Comprehended 

… … … … … 

Medium Medium Variable Fast on Incorrect Not Comprehended 

High Medium Variable Fast on Incorrect Not Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

 

2.5. Data Spliting 

Following previous recommendations, the dataset was divided into 80% training data and 20% 

testing data, a ratio commonly used for Naïve Bayes classification tasks [4]. The training data were used 

to calculate prior and conditional probabilities, while the testing data were employed to evaluate model 

performance [20]. Samples of training and testing data are shown in Tables 8 and 9. 

 

Table 8. Data Training 

X1 X2 X3 X4 Y 

High Medium Variable Fast on Correct Comprehended 

Medium Medium Variable Fast on Correct Not Comprehended 

Rendah Slow Variable Fast on Incorrect Not Comprehended 

High Medium Variable Fast on Correct Comprehended 

Medium Slow Slightly Variable Balanced Not Comprehended 

High Medium Variable Fast on Correct Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

… … … … … 

High Medium Slightly Variable Fast on Correct Comprehended 

Medium Medium Slightly Variable Fast on Incorrect Not Comprehended 

High Slow Slightly Variable Fast on Correct Comprehended 
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Table 9. Data Testing 

X1 X2 X3 X4 Y 

High Medium Variable Fast on Incorrect Not Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

Low Medium Slightly Variable Fast on Correct Not Comprehended 

Low Low Consistent Fast on Incorrect Not Comprehended 

---- ---- ---- ---- ---- 

Medium Medium Variable Fast on Incorrect Not Comprehended 

Medium Medium Variable Fast on Incorrect Not Comprehended 

High Medium Variable Fast on Incorrect Not Comprehended 

High Medium Slightly Variable Fast on Correct Comprehended 

 

2.6. Naive Bayes Method 

Naïve Bayes is a probabilistic classification technique that assumes independence among 

predictor attributes [6]. In this study, the Naive Bayes algorithm was applied to classify students’ levels 

of material understanding into two classes, namely Comprehended and Not Comprehended, and these 

terms were used consistently throughout the system and analysis sections [30]. It calculates the 

probability of each class based on the features contained in the data [31]. The classification result is 

determined by selecting the class with the highest posterior probability [32]. The mathematical 

formulation of the Naive Bayes theorem is presented in Equation (2), while the step-by-step 

classification procedure is illustrated in Figure 1.: 

 

Equation 2. Naïve Bayes Theorem 

𝑷(𝑯|𝑪) =
𝑷(𝑪|𝑯). 𝑷(𝑯)

𝑷(𝑪)
 (2) 

 

where: 

• C = Data whose class was not yet known. 

• H = The hypothesis that the data belonged to a specific class. 

• P(H|C) = The probability of hypothesis H based on condition C (Posterior Probability). 

• P(H) = The probability of hypothesis H (Prior Probability). 

• P(C|H) = The probability of C based on H. 

• P(C) = The probability of C. 

 

Figure 1 specifically represents the Naive Bayes classification workflow, including prior 

probability calculation, conditional probability estimation, posterior probability computation, and class 

selection based on maximum probability [17]. The flowchart illustrates the Naïve Bayes classification 

process, beginning with the input of training and testing data. The system first computes the prior 

probability for each class (P(H)) and then calculates the conditional probabilities of each attribute given 

the class (P(C|H)) [2]. Using these values, the posterior probability (P(H|C)) is obtained to determine 

how likely the test data belong to each class. Because P(C) is constant for all classes, it is omitted from 

the calculation [14]. The class with the highest posterior probability is finally selected as the prediction 

result. 
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Figure 1. Naïve Bayes Procedure 

 

2.7. Model Evaluation 

Model evaluation used standard metrics: accuracy, precision, recall, and F1-score [33]. The 

confusion matrix summarizes the model’s prediction results in terms of true and false classifications 

These metrics provide a comprehensive assessment of the classifier’s performance, especially in 

identifying both correctly and incorrectly predicted classes [34]. Table 10 summarizes the formulas used 

to compute each metric [35]. 

 

Table 10. Performance Measurement Formula 

Matrix Formula 

Accuracy (TP+TP+TP) / (Total Data) 

Precision TP / (TP+FP/FN+FP/FN) 

Recall TP / (TP+FP/FN+FP/FN) 

F1-Score 1 ×
(precision × recall)

(precision + recall)
 

 

2.8. Research Procedure 

 

 
Figure 2. Overall Research Methodology Flowchart 
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To ensure clarity and reproducibility, this study followed a systematic research procedure 

consisting of several main stages: data collection, data preprocessing, feature categorization, dataset 

splitting, model training using the Naive Bayes algorithm, performance evaluation, and system 

implementation within the Smart Study application [36]. The overall research workflow is illustrated in 

Figure 2, which presents the complete methodological stages from raw quiz data acquisition to 

classification result output. 

Figure 2 illustrates the complete research process, beginning with quiz data collection from 

students, followed by preprocessing and feature categorization, model training and testing, performance 

evaluation using standard metrics, and final deployment of the classification model in the Smart Study 

web application [37]. This flowchart complements Figure 1, which specifically describes the internal 

procedure of the Naive Bayes classification algorithm [38]. 

2.9. System Implementation and Tools 

To support the practical implementation of the proposed method, the Smart Study application was 

developed as a web-based system [12]. The application backend was implemented using PHP for server-

side processing and MySQL for data storage, while the frontend utilized HTML, CSS, and JavaScript 

to provide interactive user interfaces [39]. The Naive Bayes classification process was implemented 

programmatically within the application to automatically compute prior probabilities, conditional 

probabilities, and posterior probabilities based on quiz input data [40]. All calculations for training, 

testing, and evaluation metrics including accuracy, precision, recall, F1-score, and confusion matrix 

were performed using algorithmic logic embedded in the application [41]. This implementation enabled 

real-time classification of students’ understanding levels immediately after quiz completion. The system 

design ensured that classification results could be updated dynamically as new quiz data were added to 

the dataset, supporting adaptive learning evaluation within the Smart Study platform [42]. 

3. RESULT 

In this section, the researcher applied the Naive Bayes method that had been explained in the 

previous section to perform the training, testing, probability calculation processes, as well as the system 

implementation in the Smart Study application. 

3.1. Manual Calculation of Naïve Bayes 

This subsection provides an example of the manual computation process to illustrate how Naïve 

Bayes performs classification and generates predictions for the selected test data. The example uses all 

100 available entries as training data. 

3.1.1. Calculating Prior Probability 

The prior probability was calculated using 100 data entries, producing two classes: “Understand” 

and “Not Understand.” Table 11 summarizes the distribution of each attribute value across both classes 

and the resulting prior probabilities used in the next calculation stage. 

3.1.2. Calculating Posterior Probability 

After the calculation of the Prior Probability was completed, the next step was to calculate the 

Posterior Probability by utilizing the Prior Probability values for the new case. The case that was used 

was shown in Table 12. 

The table 12 represented an example of test data as a new case that was used by the researcher to 

calculate and determine the output of class Y. After determining the test data, the next step was to 

identify the number of occurrences for each test data attribute, namely X1, X2, X3, and X4. The input 

data were then transformed based on the categorization of each variable. 
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Table 11. Posterior Probability 

Variable Attribute 

Total 

Data 

(J)) 

Comprehended 
Not 

Comprehended 

P(H)C 

Comprehended 
Not 

Comprehended 

Total 100 40 60 0,4 0,6 

Score High 60 40 20 1,5 1 

 Medium 23 0 23 0,575 0,383333 

 Low 17 0 17 0,425 0,283333 

Mean_RT Fast 1 1 0 0,025 0,016667 

 Medium 81 33 48 2,025 1,35 

 Low 18 6 12 0,45 0,3 

Std_dev_RT Consistent 4 0 4 0,1 0,066667 

 
Slightly 

Variable 

56 25 31 1,4 0,933333 

 Variable 40 15 25 1 0,666667 

RT_Benar_salah 
Fast on 

Incorrect 

40 0 40 1 0,666667 

 Balanced 9 5 4 0,225 0,15 

 Fast on 

Correct 

51 35 16 1,275 0,85 

 

Table 12. Test Data 

X1 X2 X3 X4 Y 

60 8 3 1 ? 

 

Table 13. Input Data Categorization 

Variable Input Categorization 

X1 60 Medium 

X2 8 Medium 

X3 3 Slightly Variable 

X4 1 Balanced 

 

In the Table 13 were the categorization results based on the boundary rules (categorization) that 

had been determined previously. 

 

Table 14. Posterior Probability 

Test Data P(H)C 

Attribute Score Comprehended Not Comprehended 

Score Medium 0,575 0,38333 

Mean_RT Medium 2,025 1,35 

Std_Dev_RT Slightly Variable 1,4 0,933333 

RT_Benar_Salah Balanced 0,225 0,15 

 

After the attributes were calculated, the next step was to multiply all the values. The result corresponded 

to the class of the X data being evaluated. The calculation was as follows: 

Formula: 
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Equation 3. Naïve Bayes Classification Formula for Multiple Attributes 

𝐏(𝐂). 𝐏(𝐇|𝐂) = 𝐏(𝐂). ∏ 𝐏(𝐇𝐢|𝐂)

𝓷

𝐢=𝟏

 (3) 

 

Calculations: 

P(H∣Comprehension=Comprehended)=P(Score=Medium∣Comprehension=Comprehended)×P(

Mean_RT=Medium∣Comprehension=Comprehended)×P(Std_dev_RT=Slightly_Varied∣Comprehensio

n=Comprehended)×P(RT_Correct_Wrong=Balanced∣Comprehension=Comprehended)P(Comprehend

ed)⋅P(H∣Comprehended)=0.575×2.025×1.4×0.225=0.36678. 

P(H∣Comprehension = Not Comprehended) = P( Score = Medium ∣ Comprehension = Not 

Comprehended) ×P ( Mean _ RT = Medium ∣ Comprehension = Not Comprehended ) × P 

(Std_dev_RT=Slightly_Varied ∣ Comprehension = Not Comprehended) × P (RT_Correct_Wrong = 

Balanced ∣ Comprehension = Not Comprehended) P (Not Comprehended) ⋅P (H∣Not Comprehended) 

=0.38333 × 1.35 × 0.9333 × 0.15 = 0.07245. 

From these results, we could still perform a maximization calculation to obtain the maximal 

outcome by multiplying (H1) * (H2). The following table showed the computations: 

 

Table 15. Maximization Results 

P(H) (Understanding = Understand) 

H1 H2 Results 

0,36678 0,4 0,14671 

P(H) (Understanding =Not Comprehended) 

H1 H2 Results 

0,07245 0,6 0,04347 

 

The calculations in the data were the results of the posterior probability values (H1) that were 

multiplied by the probabilities of each class, namely Comprehended and Not Comprehended (H2). 

Based on the highest value shown in Table 15, it was concluded that the data were classified into the 

Comprehended class in determining the students’ level of understanding. 

3.1.3. Calculating System Accuracy 

To measure the accuracy of the prediction system, testing was carried out using the testing data 

that had been explained in the previous chapter, which consisted of 20 data entries in Table 16. The data 

were tested by comparing the actual class and the predicted class, resulting in either matching or non-

matching outputs. Based on these results, the accuracy value was then calculated, and an evaluation was 

performed using a confusion matrix to obtain the precision, recall, and F1-score values. 

In the table 16, it could be seen that there were 20 data entries used in the accuracy testing. From 

all of these entries, 15 were classified as correct and 5 were classified as incorrect. Based on these results, 

the accuracy calculation could then be performed using the following formula: 

Equation 4. Accuracy 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝒐𝒕𝒂𝒍 𝑻𝑷

𝑻𝒐𝒕𝒂𝒍 𝑫𝒂𝒕𝒂
 × 𝟏𝟎𝟎 (4) 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝟏𝟓

𝟐𝟎
 × 𝟏𝟎𝟎 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  𝟕𝟓% 
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Table 16. Accuracy Test Results 

ID Actual Class Predicted Class Results 

6 Understand Not Comprehended Not Matched 

3 Understand Not Comprehended Not Matched 

20 Understand Understand In accordance 

43 Understand Understand In accordance 

45 Not Comprehended Not Comprehended In accordance 

61 Not Comprehended Not Comprehended In accordance 

29 Not Comprehended Not Comprehended In accordance 

15 Not Comprehended Not Comprehended In accordance 

34 Understand Not Comprehended Not Matched 

80 Not Comprehended Not Comprehended In accordance 

98 Not Comprehended Not Comprehended In accordance 

86 Understand Not Comprehended Not Matched 

85 Not Comprehended Not Comprehended In accordance 

68 Not Comprehended Not Comprehended In accordance 

31 Not Comprehended Not Comprehended In accordance 

11 Not Comprehended Not Comprehended In accordance 

38 Not Comprehended Not Comprehended In accordance 

24 Not Comprehended Not Comprehended In accordance 

17 Understand Understand In accordance 

19 Understand Not Comprehended Not Matched 

 

3.1.4. Confusion Matrix Calculation 

To obtain a deeper understanding of the classification model’s performance, calculations using 

the confusion matrix were also carried out. This method allowed a comprehensive evaluation of the 

metrics for each class. Through the confusion matrix, the precision, recall, and F1-score values were 

also calculated, providing an overview of the model’s ability to classify the data correctly or incorrectly. 

The following confusion matrix was presented based on the calculation results in Table 17. 

 

Table 17. Confusion Matrix 

Actual 

 

Predicted 

Understand Not Comprehended Total Actual 

Understand 12 0 12 

Not Comprehended 5 3 8 

Total Predicted 17 3 20 

 

3.1.5. Precision, Recall and F1-Score Calculation 

Based on the results in Table 17 of the confusion matrix, calculations of precision, recall, and F1-

score for each class, namely Comprehended and Not Comprehended, could be carried out. 

 

Equation 5. Precision 

Precision = TP : (TP + FP) (5) 

Equation 6. Recall 
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Recall = TP : (TP + FN) (6) 

 

Equation 7. F1-Score 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall) (7) 

 

Precision calculations for each class: 

Comprehended: 

Precision = 12 / (12 + 5) = 0.706 (70.6%) 

 

Not Comprehended: 

Precision = 3 / (3 + 0) = 1.0 (100%) 

 

Recall calculations for each class: 

Comprehended: 

Recall = 12 / (12 + 0) = 1.0 (100%) 

 

Not Comprehended: 

Recall = 3 / (3 + 5) = 0.375 (37.5%) 

F1-score calculations for each class: 

 

Comprehended: 

F1 Score = 2 × (0.706 × 1.0) / (0.706 + 1.0) 

= 1.412 / 1.706 

= 0.828 (82.8%) 

 

Not Comprehended: 

F1 Score = 2 × (1.0 × 0.375) / (1.0 + 0.375) 

= 0.75 / 1.375 

= 0.545 (54.5%) 

 

The model had an accuracy of 75%, with 15 out of 20 test data correctly classified. In the 

“Comprehended” class, the model showed good performance with an F1-score of 0.83. However, in the 

“Not Comprehended” class, its performance was still low with an F1-score of 0.55 due to the low recall 

value, even though the precision reached 100%. Thus, it could be concluded that the model was quite 

effective in classifying data in the “Comprehended” class but was less optimal in detecting the “Not 

Comprehended” class. Therefore, improvements were needed, such as balancing the training data or 

using a more suitable algorithm to handle class imbalance. 

3.2. System Implementation 

3.2.1. Login Page 

The figure 3 displayed the result of the login page implementation, which was the initial page 

accessed by users before entering the e-learning system. This page functioned to restrict access so that 

only users who had access rights could enter the system. On the login page, a form was provided 

containing Email and Password inputs according to the user’s data, as well as a Login button to 

perform the access validation process. 
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Figure 3. Login Page 

 

3.2.2. Student Classification Data Page 

 

Figure 4. Student Classification Data Page 

 

The figure 4 displayed the student data that had completed the quiz along with their classification 

results. Through this page, the admin could upload the data into the dataset for updating the classification 

data so that the model’s accuracy became more valid and relevant. 

3.2.3. Classification Results Page 

This page displayed the calculation process and the classification results of the learners who had 

completed the quiz. The system automatically calculated the probability of each class (Understood and 

Not Understood) based on the learners’ input data, such as answering time, quiz score, and response 

time between questions. 
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Figure 5. Classification Results Page 

 

The calculation section showed the probability values for each attribute in every class, while the 

result section showed the class with the highest probability. In the example shown, the system classified 

the learner into the Not Understood category. 

3.2.4. Accuracy Page 

 
Figure 6. Accuracy Page 

 

The Accuracy page in the figure 6 displayed the values of Accuracy, Precision, Recall, and F1-

score that had been calculated from 20% of the dataset, where it showed the categorization of the 
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predetermined time-based results. Through this page, users could understand how effective the system 

was. 

4. DISCUSSIONS 

Beyond the evaluation of classification performance, this study has important implications for the 

field of informatics, particularly in the areas of machine learning and digital learning analytics. The 

integration of the Naive Bayes algorithm into the Smart Study e-learning application demonstrates how 

a simple and interpretable machine learning method can be effectively embedded within a real 

educational system to support automated learning evaluation [15] [16]. This implementation highlights 

the practical role of artificial intelligence in transforming conventional e-learning platforms into 

adaptive systems capable of analyzing student learning behavior in near real time [34]. 

From a computer science perspective, this research contributes empirical evidence regarding the 

behavior of Naive Bayes when applied to educational datasets characterized by categorical features and 

class imbalance, a common condition in learning analytics [17] [35]. The findings reinforce previous 

international studies indicating that Naive Bayes tends to favor majority classes, resulting in reduced 

recall for minority categories, as observed in the Not Understood class [15] [36]. This insight is valuable 

for researchers and developers who design machine learning-based educational systems, as it 

emphasizes the importance of data balancing and feature representation in model performance. 

In the context of Indonesian higher education, this study addresses the growing urgency for AI-

supported learning evaluation tools by providing a concrete example of a locally developed e-learning 

application integrated with machine learning [18][19]. The Smart Study application illustrates how 

Naive Bayes can be utilized to support early identification of students who experience learning 

difficulties, thereby enabling data-driven academic interventions and personalized learning strategies. 

This contribution is particularly relevant for practical courses, where timely feedback and adaptive 

assessment play a crucial role in improving learning outcomes [16] [34]. 

Furthermore, this research opens opportunities for future improvements and extensions. 

Techniques such as Synthetic Minority Over-sampling Technique (SMOTE) can be applied to mitigate 

class imbalance and potentially improve recall for minority classes [17] [36]. Additionally, comparative 

evaluation using alternative algorithms such as K-Nearest Neighbor, Random Forest, or Support Vector 

Machine has been suggested in previous studies to achieve more balanced and robust results in academic 

performance prediction tasks [15] [35]. These directions confirm the relevance of this study as a 

foundation for continued research in educational artificial intelligence and adaptive e-learning systems. 

5. CONCLUSION 

This study concludes that the integration of the Naive Bayes classification algorithm into the 

Smart Study e-learning application is effective in automatically determining students’ levels of 

understanding based on quiz performance data. The evaluation results show that the proposed model 

achieved an accuracy of 75%, with strong performance in classifying the Understood category, while 

performance for the Not Understood category was limited due to class imbalance and the categorical 

representation of features. These findings indicate that Naive Bayes is well suited for identifying 

dominant learning patterns but requires additional handling to improve minority class detection. 

From the perspective of informatics and computer science, this research provides a concrete 

contribution by demonstrating the practical implementation of a simple and interpretable machine 

learning algorithm for automated learning evaluation in a real e-learning environment. The proposed 

approach illustrates how lightweight classification models such as Naive Bayes can be effectively 

applied to support adaptive learning systems, learning analytics, and early identification of students who 

experience learning difficulties in higher education. 
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Furthermore, this study opens several directions for future research. The classification 

performance may be improved by applying data balancing techniques such as Synthetic Minority Over-

sampling Technique (SMOTE) or by exploring alternative machine learning algorithms, including K-

Nearest Neighbor, Random Forest, and deep learning-based approaches. Future studies may also 

consider larger and more diverse datasets, as well as testing the proposed model on different courses 

beyond Computer Networks, to enhance the generalizability and robustness of the system. Overall, this 

research supports the advancement of educational technology by strengthening the role of machine 

learning in developing more adaptive, data-driven e-learning systems within the field of computer 

science. 
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