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Abstract 

Academic anxiety is a common psychological problem experienced by students, especially before final exams, which 

impacts learning performance and mental well-being. This study aims to identify and predict students' anxiety levels 

using a Machine Learning approach, specifically the web framework Gradio, through a combination of the K-Means 

Clustering and Gaussian Naïve Bayes (GNB) methods. The research instrument used a Google Form-based 

questionnaire modified from the Zung Self-Rating Anxiety Scale (ZSAS) with 20 items (K1–K20) on a Likert scale 

(0–3). Data were obtained from 110 students of the Information Systems and Informatics Engineering Study Program 

at STMIK Palangkaraya. The research process consisted of five main stages: pre-processing, clustering using the K-

Means algorithm, training the GNB classification model, evaluation, and prediction of new data. The clustering 

results categorized the data into three levels of anxiety: Low, Median, and High. The GNB model showed 95% 

accuracy with a balanced distribution of evaluation metrics (precision, recall, and F1 score). Comparison with other 

algorithms shows that while SVM achieved the highest accuracy (100%), GNB was more balanced in handling 

uneven class distributions and more practical for implementation in web-based systems. This prediction system has 

the potential to be used as an early detection tool for student anxiety, while also supporting educational institutions 

in designing more targeted psychological interventions. Further improvements can be made by expanding the scope 

of respondents, balancing the data distribution, and testing other machine learning methods to improve model 

generalization. The program and data are available at: https://github.com/maurawidya75/StudentAnxiety2025. 
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1. INTRODUCTION 

Academic anxiety is a common psychological problem experienced by students, especially when 

facing final exams. This condition not only affects academic performance but also has a direct impact 

on students' psychological well-being. Academic pressure, environmental expectations, and limited 

stress management skills are the main factors that trigger anxiety. If not addressed appropriately, this 

condition can reduce concentration, decrease academic performance, and increase the risk of mental 

health disorders [1][2]. 

Factors causing anxiety can be grouped into internal and external factors. Internal factors include 

self-confidence, mental health, and time management skills [3][4], while external factors include family 

pressure, social support, and the difficulty of exam material [5][6][7]. Understanding these factors is 

crucial for educational institutions to develop appropriate intervention strategies to help students 

overcome academic anxiety [8]. 

Several studies have demonstrated the effectiveness of various ML algorithms, such as Naïve 

Bayes, SVM, KNN, Decision Tree, and Random Forest, in predicting student health status, including 

physical, mental, and social aspects [9][10][11][12]. For example, Random Forest achieved an accuracy 
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of up to 99.4% in predicting college students' health status [11] , while KNN excelled in predicting the 

severity of anxiety, stress, and depression with 95% accuracy [12]. Most of these studies still focus on 

large-scale data and have not integrated many psychometric instruments. 

Data-driven approaches and machine learning (ML) techniques are increasingly being applied to 

support mental health prediction, as they are capable of producing systematic and accurate results [13]. 

To address this research gap, this study proposes a hybrid approach that combines unsupervised learning 

(K-Means clustering) and supervised learning (Gaussian Naïve Bayes). K-Means is used to classify 

survey data into Low, Median, and High categories. Gaussian Naïve Bayes (GNB) itself is known to be 

efficient for data with normal distributions [14][15] and independent features, and is often used in 

survey-based prediction [16][17]. Similar studies have shown that the hybrid approach can improve 

prediction accuracy to 89.6%, higher than single methods [17][18][19]. 

The survey-based measurement instrument in this study used a modified Zung Self-Rating 

Anxiety Scale (ZSAS), focusing on psychological aspects with indicators such as symptom frequency, 

tension level, and academic readiness [20]. The instrument's responses were based on a Likert scale, 

which can provide a quantitative overview of students' psychological state [17][19]. 

Data were collected through a Google Form-based questionnaire, developed using a modification 

of the ZSAS instrument. It consisted of 20 items (K1–K20) focusing on symptoms of academic anxiety 

leading up to final exams. A total of 110 students from the Information Systems and Informatics 

Engineering Study Programs at STMIK Palangkaraya participated in completing the questionnaire. 

The system was built using the Gradio web framework, with research stages that included pre-

processing, clustering with K-Means, model training using the GNB algorithm, performance evaluation 

using a Confusion Matrix, and prediction of new data. 

The primary objectives of this study were to identify and classify student anxiety levels based on 

survey data and to develop a web-based prediction system for early detection of student anxiety and 

support psychological interventions in higher education settings. Unlike previous research, this study 

not only evaluates the performance of GNB but also compares it with five other ML algorithms (SVM, 

KNN, Logistic Regression, Decision Tree, Random Forest) using accuracy, precision, recall, and F1-

score metrics. 

The main contribution of this study is the integration of the ZSAS psychometric instrument with 

ML methods to predict student anxiety levels and the development of a web-based Gradio prediction 

system that combines K-Means Clustering and GNB. This study also develops a robust classification 

model that addresses data imbalance, leading to balanced evaluation performance. Furthermore, this 

research offers practical implications for educational institutions, enabling them to detect student anxiety 

levels more effectively and design targeted psychological interventions. 

2. METHOD 

Figure 1 illustrates the research process for a case study on classifying student anxiety before final 

exams. 

This study began with the development of a Google Form-based questionnaire comprising 20 

Likert-scale questions (1–4). The questions were designed to measure academic stress, study 

preparation, social support, and mental health among students at STMIK Palangkaraya. The 

questionnaire data were coded using Likert scaling, with the following conversion rules: “Tidak sama 

sekali” (Not at all) = 0, “Sedikit” (Slightly) = 1, “Agak” (Somewhat) = 2, “Sangat” (Very) =3. 

The pre-processing stage began with extracting data from Google Sheets. Irrelevant columns such 

as timestamp, name, and academic ID were removed. Question labels were converted to K1–K20 for 

better structure. Categorical data were encoded as numeric values (0–3). Missing values were handled 

using mean imputation normalization, which is suitable for normally distributed data [21]. 

https://jutif.if.unsoed.ac.id/
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Figure 1. Research Stages 
 

After pre-processing, the next step was clustering using the K-Means Clustering algorithm. This 

step identified natural patterns in student anxiety. Data were grouped into three clusters: (“Rendah” = 

Low, “Sedang” = Median, and “Tinggi” = High. Min-Max Scaling standardized features to reduce bias 

from imbalanced class distributions [22]. The resulting labeled dataset was used in classification. 

After clustering, the process proceeded to the training and classification stages, which utilized 

GNB by dividing the dataset into 80% training data and 20% testing data. In these stages, the model 

calculated the prior probability of each class, the likelihood of each feature, and the posterior probability 

to determine the most likely category of student anxiety. 

The model was evaluated using a Confusion Matrix. Metrics such as accuracy, precision, recall, 

and F1-score were calculated. This evaluation assessed model performance and considered data 

distribution in the results. 

The final stage is prediction, where the model is applied to new data containing the same 20 

questions. This new data undergoes identical preprocessing steps. The model then predicts anxiety 

categories for the new data. 

2.1. Zung Anxiety Scale  

The Zung Self-Rating Anxiety Scale (ZSAS) is a widely used tool to quantify anxiety. Developed 

by Dr. William W. K. Zung in 1971, it has become a benchmark instrument for assessing anxiety. 

The scale comprises statements assessing prevalent anxiety symptoms. These statements address 

affective (emotional/worry/anxiety), somatic (physical), psycho-cognitive (thoughts and focus), and 

motor (behavior and activity) manifestations [22]. The 20 items reflect the core components of the Zung 

scale. 

2.2. Likert Scale 

The Likert scale is widely used in research to describe attitudes, opinions, or perceptions towards 

a topic or statement [23]. It consists of questions or statements with answer choices on an ordinal scale, 

usually ranging from 1 (Not at all) to 4 (Very) [24][25]. Respondents pick the option that best reflects 

their feelings [24] . 

2.3. Imputation  

Imputation is a technique in data preprocessing used to fill in missing values in a dataset, allowing 

for accurate and consistent analysis or training of machine learning models [26]. The purpose of 

implementing this method is to minimize bias and information loss due to incomplete data, thereby 

making the results of the analysis or model more representative of the overall data. Simple Imputation 

applies the Mean Imputation technique by filling in missing values with the average of the related 

column, and is used for normally distributed data [27]. 
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2.4. K-Means Clustering  

K-Means Clustering is a widely used unsupervised algorithm that groups data into K clusters 

based on the similarity of their features. Its main goal is to minimize the distance between each data 

point and its cluster centre (centroid)  [28][29]. K-Means works well for high-dimensional datasets and 

is suitable for preprocessing in data mining or machine learning tasks, such as classification [30]. 

Formula 1 shows the main function of K-Means Clustering, and Formula 2 shows Min-Max scale 

normalization. 

𝐽 =  ∑ ∑ ||𝑥 − 𝜇𝑖||𝑥𝜖𝐶𝑖𝑖−1   (1) 

Formula 2 defines the main function of K-Means Clustering, where Ci is the i-th cluster, μi is the 

centroid of cluster Ci, and ∥ x−μi ∥ is the distance between data x and the centroid. 

𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =  
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
  (2) 

Formula 3 illustrates the Min-Max scale normalization, where x represents the original value of a 

feature, xmin denotes the minimum value of the feature, and xmax denotes the maximum value of the 

feature [22] [29]. 

2.5. Gaussian Naïve Bayes  

Naïve Bayes classification is a simple yet effective approach. This algorithm utilizes probabilistic 

theory to model the relationships between variables and produce robust predictions, even in the presence 

of imbalanced data. Naïve Bayes has several advantages, such as computational efficiency, the ability 

to handle independent variables directly, and sufficient accuracy on small datasets [31][32]. 

Gaussian Naïve Bayes is one of the Naïve Bayes methods, where the primary assumption is that 

each feature (input variable) in the data follows a normal (Gaussian) distribution within each class, 

described by its mean and variance [33]. Mean and variance are determined as in formulas (3) to (5): 

1. Building a Distribution Model 

By calculating μ and σ² from the training data for each feature in each class, GNB constructs a 

Gaussian probability distribution: 

𝑃(𝑥𝑖 ∣ 𝑦 = 𝑐) =  
1

√2𝜋𝜎𝑐,𝑖
2

𝑒𝑥𝑝(−
(𝑥𝑖−𝜇𝑐,𝑖)2

2𝜎𝑐,𝑖
2    (3) 

Where xi = the value of the i-th , y = c = Class c, μc,i  = the mean of the i-th feature in class c,   𝜎𝑐,𝑖
2  

= the variance of the i-th feature in class c. 

2. Measuring Likelihood 

The probability values above are the likelihood that a particular feature value occurs in that class. 

The mean (μ) centers the distribution around the mean value of the feature for that class. The variance 

(σ²) measures how wide the probability distribution is (the greater the variance, the wider the 

distribution). 

3. Combining Features (Naive Bayes Assumption) 

Because Naive Bayes assumes independence between features, the likelihoods of all features are 

combined (multiplied) to calculate the total probability of a sample belonging to a class: 

𝑃(𝑥 ∣ 𝑦 = 𝑐) = 𝑖 = ∏ 𝑃(𝑥𝑖 ∣ 𝑦 = 𝑐)𝑛
𝑖=1    (4) 

4. Class Prediction 

The posterior probability is calculated using Bayes' Theorem. 

https://jutif.if.unsoed.ac.id/
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𝑃(𝑦 = 𝑐 ∣ 𝑥) ∝ 𝑃(𝑦 = 𝑐) ⋅ 𝑃(𝑥 ∣ 𝑦 = 𝑐)   (5) 

The class with the highest probability will be selected as the prediction 

2.6. Confusion Matrix  

A confusion matrix (also known as an error matrix) is a commonly used evaluation tool in various 

classification tasks, including semantic segmentation. For semantic segmentation, the confusion matrix 

can be adapted to consider the individual pixels in an image. A confusion matrix is a matrix-like table 

that evaluates performance, measuring the extent to which a classification model successfully predicts 

the correct class across the entire dataset. 

There are four classification terms in the confusion matrix: True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN). Overall Accuracy (OA) measures the percentage of 

cases in which the model correctly predicts a value, calculated as (TP + TN) / (TP + FP + TN + FN). 

Precision measures the number of correct predictions out of all positive predictions, defined as TP / (TP 

+ FP). Recall (also known as Sensitivity) measures the percentage of positive cases successfully 

identified by the model, defined as TP / (TP + FN). The F1-score, the harmonic mean of precision and 

recall, is calculated as 2*Precision*Recall / (Precision + Recall). The following are the metric formulas 

(Formulas 6 and 7) used to evaluate model performance [34][35]: 

 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑚𝑝𝑙𝑒𝑠
     (6) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
    (7) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
    (8) 

 𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 .  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 .𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
    (9) 

3. RESULT  

 

 
Figure 2. Anxiety Prediction System Interface 
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The developed system is web-based using Python in Google Colab with Gradio interface 

integration. The implementation system consists of five main stages: Pre-processing, Clustering, Model 

Training, Evaluation, and Prediction of New Data. Figure 2  illustrates the initial display of the system 

designed to detect student anxiety levels 

3.1. Pre-processing  

Data were obtained from a Google Form survey, which included a total of 110 respondents, 

comprising 38 Information Systems students and 72 Informatics Engineering students. The pre-

processing stages included: 

1. Data collection and initial processing for loading the raw data. 

2. Column drop or rename: the process of cleaning columns 1–3 and changing the question labels to 

K1–K20. This process eliminates unnecessary columns for clustering. 

3. Response value conversion: the process of transforming the answers into numeric values (“Tidak 

sama sekali” = Not at all (0), “Sedikit” = Slightly (1), “Agak” = Somewhat (2), “Sangat” = Very 

(3)). 

4. Data imputation: the process of filling in values using the simple mean imputation normalization 

technique. This stage ensures the data is ready for further analysis. 

Figure 3 shows the results from process 1 to process 2: the original data is then transferred to the 

data drop results and column names are renamed. 

 

     
(a) Original data       (b) Data drop and column rename 

Figure 3. Results of retrieving original data, dropping data, and renaming columns 

 

The results shown in Figure 2 show that unnecessary columns were eliminated. The clustering 

process only requires data with the required columns. Therefore, columns 1, 2, and 3 were excluded. 

The original data, after eliminating columns, had their column headings changed to simplify the process. 

Figure 4 illustrates the subsequent results of process 3, which converts text response codes to 

numeric values. 

 

 
(a) Convert text to numeric 

https://jutif.if.unsoed.ac.id/
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(b)  Imputation Process 

Figure 4. Results of the data conversion and imputation process 

 

Figure 4 shows the conversion of all text data to numeric values as described in step 3, using a 

predetermined scale. Next, the imputation process fills in empty values (NaN) to prevent bias in 

subsequent steps. Specifically, a "NaN" was found in the K9 feature for the 85-th data point and the K20 

feature for the 97-th. After imputation, these empty values are filled with the value 1, ensuring the data 

is ready for the clustering stage. 

3.2. Clustering Process  

K-Means Clustering begins with Min-Max scaling normalization, ensuring that each feature is in 

the range [0, 1], thereby preventing any single feature from dominating. The clustering results produce 

three classifications: Low, Median, and High for all 110 data sets. Figure 5 displays the average cluster 

score for each feature (K1–K20) for the three clusters resulting from the Low, Median, and High 

clustering results. 

 

     
Figure 5. Average features per cluster 

 

Figure 5 shows that the High cluster consistently has an average score above 2, the Median cluster 

is in the 1–2 range, while the Low cluster tends to be <1 for most features. The most striking difference 

is seen in K5 and K11, where the Low cluster has a very low score (<0.5), while the High cluster is 

above 2.5, making it the strongest indicator in distinguishing anxiety categories. Furthermore, features 

K10 and K14 also show a consistent increasing pattern from low to high, supporting the classification. 

Thus, the clustering results confirm that K5, K11, K10, and K14 are the dominant features distinguishing 

student anxiety levels. 

The result of the data grouping process using the K-Means Clustering method is that all data is 

labeled (“Rendah” (Low)= 0, “Sedang” (Median)= 1, “Tinggi” (High) =2), allowing the data to proceed 

to the training data process, some sample results are shown in Figure 6. 
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Figure 6. K-Means Clustering classification results  

 

From the results of the Clustering process on a total of 110 data points, the classification results 

obtained were: Low = 32 data points; Median = 47 data points; and High = 31 data points. This suggests 

that normalization using the Min-Max scale can help mitigate bias in classification results, thereby 

reducing the dominance of the most prevalent class. As seen, the previous class was dominated by the 

Median class, followed by the Low class, while the High class was less, with the Min-Max technique 

being able to distribute the classes more evenly.    

3.3. Training with Gaussian Naïve Bayes  

The training process was performed using Gaussian Naive Bayes (GNB) to learn the relationship 

between the K1–K20 features and the clustering labels. The dataset was divided into 88 (80%) train and 

22 (20%) test datasets. 

Table 1 shows the results of the data learning process, specifically for obtaining prior probabilities 

of training dataset.  

 

Table 1. Prior Probability 

Class Label Encoded Class Number of Training Samples Prior Probability 

Low 0 26 0.295455 

Median 1 37 0.420455 

High 2 25 0.284091 

 

Prior Probability indicates the likelihood of each class occurring before considering the feature 

factors (K1–K20). The Prior Probability values show that the Median class (0.42) has the highest 

baseline probability, followed by Low (0.29) and High (0.28). Although the difference is not statistically 

significant, it suggests that the Median class is slightly more dominant in the training dataset. 

Figure 7, Figure 8, and Figure 9 show the likelihood (mean and variance) obtained for Low, 

Median, and High classes, where the mean value indicates the average feature value for a particular 

class, and the variance indicates how spread out the feature data is in a specific class. 

Analysis of the mean and variance distribution of features K1–K20 shows that the mean values 

increase from the Low to the Median and High classes, reflecting a linear classification pattern. The 

most discriminatory features between classes are K1, K2, K3, K11, and K12. The High class has a high 

mean and low variance, allowing for sharp but potentially biased predictions. The Median class exhibits 

greater variance and overlaps with the High class, which can cause confusion for the model. 
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Figure 7. Likelihood Gain (Mean and Variance) in Low-Class 

 

 

Figure 8. Likelihood Gain (Mean and Variance) in the Median-Class 

 

 

Figure 9. Likelihood Gain (Mean and Variance) in High Class 

3.4. Performance Evaluation 

Model evaluation used a Confusion Matrix on the test data. Table 2 summarizes the Gaussian 

Naive Bayes model’s performance on predictions. 

Table 2. Confusion Matrix evaluation results 

 Precision Recall F1-score Support 

Low 1.00 0.83 0.91 6 

Median 0.91 1.00 0.95 10 

High 1.00 1.00 1.00 6 

accuracy   0.95 22 

macro avg 0.97 0.94 0.95 22 

weighted avg 0.96 0.95 0.95 22 
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Table 2 shows that the model achieved 95% accuracy, indicating strong classification 

performance. The High class achieved perfect precision, recall, and F1-score (1.00), indicating the 

model was able to recognize all data in this class without error. The Median class had a recall of 1.00 

and a precision of 0.91, indicating all Median class data was correctly classified, although there were 

small misclassifications from other classes into this class. Meanwhile, the Low class had perfect 

precision (1.00) but a recall of 0.83, indicating that the model did not recognize some Low class data. 

The Macro Average is obtained by averaging the precision, recall, and F1-score values for each 

class, regardless of the data size. This is suitable for measuring the performance of imbalanced datasets. 

The results aim to measure performance equally for all classes, including both frequent and rare ones. 

The Weighted Average is the average of each class, considering the proportion of data in each 

class. It is obtained by multiplying each metric (precision, recall, F1) by the number of data points per 

class, then calculating the weighted average. The results aim to provide a more realistic assessment of 

model performance in imbalanced datasets. 

3.5. New Data Prediction 

Figure 10 illustrates the new data prediction interface, which enables users to input answers to 20 

questions. The test example demonstrates that the system can classify new responses into the High 

category with a posterior probability of the High class equal to 1. This shows the system's practical use 

in early identification of students' anxiety levels. 

 

 

 

Figure 10. Process view menu “Predict new data” 
Figure 9 shows that the system successfully classifies new data into its categories and provides 

measurements that instill confidence in its predictions, making it practical for identifying early levels of 

student anxiety. 

3.6. Comparison of Machine Learning Models 

Validate performance by comparing it with five other ML models: Logistic Regression, Support 

Vector Machine, K-Nearest Neighbor, Decision Tree, and Random Forest.  

Following this validation, Table 3 compares ML training approaches that could aid early detection 

and intervention in student anxiety issues. The dataset comes from the clustering process. 
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Table 3. Confusion Matrix evaluation results  

Model 
Accuracy 

% 

Low (0) Median (1) High (2) 

Precision  Recall  
F1-

score  
Precision  Recall  

F1-

score  
Precision  Recall  

F1-

score  

Logistic Regression 0.86 1 0.67 0.8 0.82 0.9 0.86 0.86 1 0.92 

SVM 1 1 1 1 1 1 1 1 1 1 

KNN 0.91 0.83 0.83 0.83 0.9 0.9 0.9 1 1 1 

Decision Tree 0.86 1 0.67 0.8 0.82 0.9 0.86 0.86 1 0.92 

Random Forest 0.91 1 0.67 0.8 0.83 1 0.91 1 1 1 

GNB 0.95 1 0.83 0.91 0.91 1 0.95 1 1 1 

 

SVM achieved perfect accuracy (100%), with precision, recall, and F1-score of 1.00 for all 

classes. Naïve Bayes achieved 95% accuracy, noted for its simplicity and probabilistic interpretation. 

KNN and Random Forest each reached 91% accuracy. Logistic Regression and Decision Tree both 

showed 86% accuracy, which was lower compared to the other models. 

Building on these results, Figure 11 and Figure 12 display performance evaluation graphs that 

compare the model outcomes on the testing dataset, as presented in Table 3, with the Confusion Matrix 

measurement. The measurement results are described in terms of Accuracy, Precision, Recall, and F1-

score. 

 

 

 
Figure 11. Accuracy and precision results graph 
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Figure 12. Graph of comparison results of recall and F1-score 

 

Figure 11 shows that SVM achieved the highest accuracy (100%), followed by GNB (95%) and 

Random Forest (91%). Notably, GNB remained competitive with high accuracy despite imbalanced 

data. Regarding precision, the High class was perfectly consistent (1.00) across almost all algorithms. 

The Median class maintained high and stable precision, while the Low class fluctuated more, especially 

in Logistic Regression and Decision Tree (0.67). Transitioning to recall, Figure 12 shows that the High 

class's recall was perfectly stable (1.00), meaning all data were detected. Conversely, the Low class was 

the most difficult to recognize, with varying recall values (0.67–0.83), except for SVM, which achieved 

a perfect recall of 1.00. The High-class F1-score was near perfect across all models. Importantly, GNB 

provided the best balance across all classes (0.91, 0.95, 1.00), demonstrating stability in both precision 

and sensitivity despite imbalanced data. 

This comparison demonstrates that while SVM excels in accuracy, GNB remains a suitable choice 

due to its stability, efficiency on limited datasets, and the ability to provide probabilistic interpretations. 

This is particularly relevant in the context of early detection of student anxiety, as it directly links GNB's 

strengths to practical application. 

To further illustrate these findings, Table 4 presents the classification results of different machine 

learning algorithms. The class labels are coded as follows: L = Low, M = Median, H = High. Each row 

represents the actual class, while each column represents the predicted class for each algorithm. 

 

Table 4. Confusion Matrix evaluation results  

Class  

Logistic 

Regression 
SVM KNN 

Decision 

Tree 

Random 

Forest 
GNB 

 

Support 

L M H L M H L M H L M H L M H L M H 

L 4 2 0 6 0 0 5 1 0 4 2 0 4 2 0 5 1 0 6 

M 0 9 1 0 10 0 1 9 0 0 9 1 0 10 0 0 10 0 10 

H 0 0 6 0 0 6 0 0 6 0 0 6 0 0 6 0 0 6 6 

 

Table 4 shows that, in general, the three classes Low, Median, and High can be predicted with 

varying degrees of accuracy by each algorithm. All algorithms performed very well for the High class, 

as indicated by a correct prediction score of 6 with no misclassifications, showing that the High class 

had the most easily separated patterns by the model. For the Median class, the best performance was 

demonstrated by SVM, Random Forest, and GNB, which successfully predicted 10 samples correctly 

without error. Other algorithms, such as Logistic Regression, KNN, and Decision Tree, still experienced 

slight misclassifications, mapping some samples to the Low or High class. 

In contrast, the Low class appeared to be the most challenging to predict consistently. Logistic 

Regression and Decision Tree tended to misclassify some samples to the Median (2 cases). Meanwhile, 

KNN and GNB were more stable, with only one error, and SVM excelled, achieving perfect predictions 

for this class. 
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4. DISCUSSIONS 

The results of this study demonstrate a close relationship between the clustering and classification 

stages in detecting student anxiety levels. The clustering process, using the K-Means method, 

successfully grouped the data into three distinct categories: Low, Median, and High. The feature 

distribution pattern indicates that K5, K10, K11, and K14 were the dominant variables distinguishing 

the three groups. The low cluster consistently had scores below 1, the Median cluster ranged between 1 

and 2, and the High cluster exceeded 2.5 for several features. These results confirm that the unsupervised 

learning approach is capable of generating valid labels to support further classification processes. Thus, 

clustering plays a crucial role in the initial stage of building a labeled dataset, which underpins the 

predictive model's performance. 

Further, building on these findings, the classification results demonstrate that the GNB (National 

Learning) model effectively utilizes the clustering results. This model achieved an overall accuracy of 

95% with balanced performance in precision, recall, and F1-score across all classes. Although the low 

class is relatively more challenging to recognize than the Median and High classes, GNB maintained 

stable predictions. Furthermore, comparison results with five other machine learning models showed 

that SVM achieved the highest accuracy (100%), while GNB performed more evenly across all 

evaluation metrics, including those with imbalanced class distributions. This indicates that while SVM 

excels in accuracy, GNB is more robust to data variability [36] and more efficient in practical 

implementations in web-based detection systems.  

Furthermore, inter-class predictive comparison analysis revealed that the SVM model provided 

the most consistent results in classifying all three anxiety categories [9]. Random Forest and GNB also 

demonstrated competitive performance, particularly in recognizing the Median and high anxiety classes 

with minimal error rates. In contrast, Logistic Regression, KNN, and Decision Tree had relatively higher 

error rates, particularly for the more challenging to separate low and Median anxiety classes. This pattern 

confirms that algorithms with probabilistic (GNB) and margin-based (SVM) approaches are superior in 

handling data with imbalanced distributions compared to other algorithms [12]. 

K-Means Clustering and classification using GNB are appropriate approaches for early detection 

of student anxiety [18][36]. SVM can indeed be considered an alternative with perfect accuracy [37], 

but its limitations in terms of interpretability and higher computational requirements make it less 

practical to integrate into web-based systems. GNB itself provides more stable results, is simple, and 

can maintain the balance of evaluation metrics, so it is seen as a suitable model in the context of real 

implementation in educational environments. 

 

5. CONCLUSION 

This research successfully developed a web-based Gradio student anxiety prediction system using 

five main stages: preprocessing, clustering, model training, evaluation, and prediction. The results 

showed that the preprocessing stage successfully converted 20 categorical features (K1–K20) into 

numerical form, allowing for more accurate normalization and statistical analysis, without the discovery 

of significant missing values. 

Building upon this, K-Means Clustering successfully identified natural grouping patterns (Low, 

Median, High). However, the data distribution between clusters was unbalanced, necessitating 

normalization scaling to reduce bias. Min-Max scaling provided the clustering solution to minimize bias 

in the classification output. 

Following clustering, predictions using Gaussian Naive Bayes (GNB) achieved a high accuracy 

of 95%, with stable precision (the proportion of true positive predictions among all positive predictions), 
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recall (the proportion of true positive predictions among all actual positives), and F1-score (the harmonic 

mean of precision and recall) values, especially for the perfectly identified High-class. 

Furthermore, comparisons with other algorithms showed that Support Vector Machine (SVM) 

achieved the highest accuracy (100%), but Gaussian Naive Bayes (GNB) was more consistent in 

handling imbalanced class distributions. This confirms that the GNB algorithm is an appropriate and 

practical decision-making model, implemented in a web-based system, to support the early detection of 

student anxiety. As a result, this system can contribute to preventative efforts in psychological services 

in higher education settings by efficiently and measurably mapping student conditions early. 

Given that the imbalance was a problem in this study, addressing it in future work is crucial. 

Therefore, if questionnaires are included, complete responses to each question are required to eliminate 

any missing data. Further feature analysis is also essential to simplify the model and improve 

interpretation. Once the model is optimized, it can be integrated into a simple application as a tool to 

classify anxiety levels. 
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