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 Student stress has emerged as an important issue because it can negatively affect 

both academic achievement and mental well-being. The growing development of 

machine learning techniques has enabled the creation of predictive models that can 

classify stress levels using various student-related factors. This research evaluates 

and compares the effectiveness of the K-Nearest Neighbors (KNN) and Support 

Vector Machine (SVM) algorithms in predicting student stress categories. The 
dataset was sourced from Kaggle and contains questionnaire-based data, including 

variables such as sleep quality, frequency of headaches, academic achievement, 

study workload, participation in extracurricular activities, and stress level 

classifications. The study followed several stages, including data preprocessing, 

feature normalization, model development, and performance assessment. Model 

evaluation was conducted using accuracy, precision, recall, F1-score, and confusion 

matrix metrics. To validate the practical implementation of the models, both 

algorithms were incorporated into a web-based application built with the Flask 

framework and supported by a MySQL database. The experimental results revealed 

that the KNN algorithm delivered superior classification performance compared to 

SVM. KNN obtained an accuracy score of 88.46% and a weighted F1-score of 0.89, 
whereas SVM achieved 46.15% accuracy with a weighted F1-score of 0.41. These 

findings suggest that KNN is more effective in identifying patterns within the student 

survey data. In addition, the successful deployment of the prediction system 

demonstrates that conventional machine learning methods can be utilized to provide 

real-time assessments of student stress levels and support mental health monitoring 

efforts. 
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I. INTRODUCTION 

Student stress has become one of the major challenges in 

higher education environments [1]. Academic workload, lack 

of sleep, pressure to achieve good academic performance, and 

extracurricular activities are several factors that can affect 

students’ psychological conditions. High stress intensity is 

associated with negative consequences for academic 

outcomes, mental well-being, and student’s ability to 

maintain productive activities [2]. Therefore, early 

identification of stress levels is important to support 

preventive actions and improve student well-being [3]. 

Along with the advancement of information technology, 
machine learning has been widely applied in various 

prediction and classification tasks, including psychological 

and educational data analysis [4]. Machine learning enables 

systems to identify patterns from historical data and generate 

predictions automatically [5]. Machine learning classification 

tasks are commonly performed using algorithms such as K-

Nearest Neighbors (KNN) and Support Vector Machine 

(SVM K-Nearest Neighbors (KNN) assigns class 
membership based on the closest neighbouring samples in the 

feature space, whereas Support Vector Machine (SVM) 

separates categories by generating a hyperplane with the 

maximum margin between classes [6].  

Findings from prior studies suggest that machine learning 

algorithms are capable of accurately predicting psychological 

conditions, including stress levels in students [7]. However, 

mailto:luthfikhoirulumam2@gmail.com
mailto:setyoningsihwibowo@upgris.ac.id
mailto:agunghan@upgris.ac.id
https://creativecommons.org/licenses/by-sa/4.0/


3312               e-ISSN: 2548-6861  

JAIC Vol. 10, No. 4, August 2026:  3311 – 3317 

differences in dataset characteristics can significantly 

influence algorithm performance [8]. Therefore, comparative 

analysis between algorithms is necessary to determine the 

most suitable model for a specific dataset [9]. 

This study conducts a comparative analysis of KNN and 

SVM classification models to determine their capability in 

predicting student stress levels using a Kaggle-based student 

survey dataset. [10]. Comparative evaluation of the KNN and 

SVM models is conducted using accuracy, precision, recall, 
F1-score, and confusion matrix analyses. The superior model 

is subsequently implemented in a Flask-powered web 

application to provide instant predictions of student stress 

levels. [11]. 

The contribution of this study lies in the comparative 

analysis of KNN and SVM algorithms on student stress 

prediction and the implementation of the developed machine 

learning model into an interactive web-based system [12]. 

The results of this study are expected to provide insights into 

the effectiveness of classification algorithms in educational 

psychological data analysis and support the development of 
intelligent student support systems [13]. Although numerous 

studies have investigated the application of machine learning 

algorithms for stress prediction, most previous works focused 

on binary stress classification, different health-related 

datasets, or did not integrate the trained models into practical 

applications. This study contributes by evaluating the 

performance of K-Nearest Neighbors and Support Vector 

Machine algorithms on a multi-class student stress dataset 

consisting of five stress categories derived from behavioral 

and academic factors. Furthermore, the best-performing 

model was implemented into a Flask-based web application 

integrated with a MySQL database, enabling real-time 
prediction of students' perceived stress levels. Therefore, this 

study not only provides a comparative analysis of 

classification algorithms but also demonstrates their practical 

implementation in a web-based decision support system. 

 

II. METHOD  

A. Dataset 

The dataset used in this study was obtained from the 

Kaggle platform, namely the Student Stress Analysis Dataset. 

The dataset consists of 520 records representing responses 

from students regarding academic and behavioral factors 
associated with stress levels. A total of six attributes are 

available in the dataset, consisting of five predictor variables 

and one target variable [14]. 

The predictor variables include sleep quality, headache 

frequency, academic performance, study load, and 

extracurricular activity frequency, while the target variable is 

stress level, which is categorized into five classes ranging 

from level 1 to level 5. The distribution of stress categories is 

relatively balanced, with 110 samples belonging to level 1, 

105 samples to level 2, 125 samples to level 3, 100 samples 

to level 4, and 80 samples to level 5. 

The stress level labels contained in the dataset were derived 
from self-reported responses provided by participants in the 

original survey. The dataset documentation does not indicate 

the use of standardized psychological assessment instruments 

such as the Depression Anxiety Stress Scales (DASS-21) or 

the Perceived Stress Scale (PSS). Therefore, the stress 

categories used in this study should be interpreted as 

subjective stress assessments reported by respondents rather 

than clinically validated diagnoses. Despite this limitation, the 

dataset remains suitable for evaluating machine learning 

classification models and exploring relationships between 

behavioral factors and perceived stress levels. 
To evaluate the classification models objectively, the 

dataset was divided into training and testing sets using an 

80:20 ratio. A total of 416 records (80%) were allocated for 

model training, while 104 records (20%) were reserved for 

model evaluation. This partitioning strategy was adopted to 

assess model performance using previously unseen data and 

to reduce the possibility of overfitting. 

The characteristics and class distribution of the dataset are 

summarized in Tables 1 and 2. 

TABLE 1.  

CHARACTERISTICS OF DATASET 

Characteristic Value 

Number of Samples 520 

Predictor Attributes 5 

Target Variable Stress Level 

Number of Classes 5 

Training Samples 416 

Testing Samples 104 

Train-Test Ratio 80:20 

TABLE 2.  

DISTRIBUTION OF STRESS LEVEL CATEGORIES 

Stress Level Number of Samples Percentage (%) 

Level 1 110 21.15 

Level 2 105 20.19 

Level 3 125 24.04 

Level 4 100 19.23 

Level 5 80 15.39 

Total 520 100.00 

 

B. Data Preprocessing 

An analysis of class distribution indicated that the dataset 

did not exhibit severe class imbalance. Although stress level 

5 contained fewer observations compared to the other 

categories, the difference was not substantial enough to 

require additional balancing techniques such as oversampling, 

under sampling, or synthetic data generation methods. 

Therefore, the original class distribution was maintained 
throughout the training and evaluation processes. 

Before the classification process was performed, the 

dataset underwent several preprocessing stages to improve 

data quality and optimize model performance, After 

preprocessing, the dataset was divided into training data and 

testing data using an 80:20 ratio. A total of 80% of the data 

(416 records) were used for model training, while the 

remaining 20% (104 records) were used for model testing and 

evaluation. This data splitting strategy was employed to 

ensure that the developed models could be evaluated 
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objectively using unseen data [15]. The preprocessing stages 

included: 

1. Data Cleaning 

The dataset was checked to ensure there were no 

inconsistent or incomplete data values.  

2. Feature Encoding 

Categorical data were transformed into numerical 

representations to enable processing by machine 
learning algorithms.  

3. Feature Normalization 

Data normalization was performed using a scaler to 

ensure that all features had balanced value ranges.  

4. Dataset Splitting 

The dataset was divided into training data and testing 

data to evaluate model performance objectively. 

 

C. K-Nearest Neighbors (KNN) 

K-Nearest Neighbors (KNN) is a classification algorithm 

that determines the class of data based on the closest 
neighboring data points. The Euclidean distance was used to 

measure similarity between data points. In this study, the 

KNN model used a parameter value of k=5 [16]. 

 

The KNN algorithm can be mathematically represented as: 

 

𝑑(𝑥, 𝑦) =  √∑ (𝑥𝑖 − 𝑦𝑖)
𝑛
𝑖=1

2 

 

where: 

 𝑑(𝑥, 𝑦)= distance between data points  

 𝑥𝑖= feature value of training data  

 𝑦𝑖= feature value of testing data 
 

D. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised learning 

method that performs classification by identifying an optimal 
decision boundary between classes. By maximizing the 

margin between data groups, SVM aims to improve 

classification accuracy and generalization capability. In this 

research, the LinearSVC implementation was utilized to 

classify student stress levels., the LinearSVC model was used 

to perform classification [17]. 

Support Vector Machine (SVM) constructs a hyperplane 

that maximizes the margin between class boundaries, 

contributing to improved classification performance and 

robustness on unseen data [18]. 

 
E. Model Evaluation 

The models performance was measured through various 

classification evaluation criteria [19], including the following 

metrics: 

1. Accuracy 

2. Precision 

3. Recall 

4. F1-Score 

5. Confusion Matrix 
Accuracy was calculated using the following formula: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

where: 
TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 

 

F. System Implementation 

The developed machine learning models were implemented 

into a web-based application using Flask as the backend 

framework. The system allows users to input survey data and 

obtain stress level prediction results in real time. The 

application also integrates MySQL database storage to save 
prediction history and user data [20]. 

 

III. RESULT AND DISCUSSION 

A. Data Pre-processing Results 

Before the model training process begins, the dataset 

undergoes preprocessing to improve data quality and optimize 

classification performance. The preprocessing stages include 

data cleaning, feature encoding, data normalization, and 

dividing the dataset into training and testing data. 

The data cleaning stage ensures that the dataset contains no 

inconsistent or incomplete data that could affect the 

prediction results. Next, categorical features are converted 
into numerical form using an encoding process so they can be 

processed by the machine learning algorithm. 

Data normalization is performed using a scaler to equalize 

the range of values between features. This step is crucial 

because the KNN and SVM algorithms are sensitive to 

differences in data scale. Without normalization, features with 

a larger range of values can dominate the classification 

process and degrade model performance. 

 After preprocessing, the dataset is divided into two 

subsets: training data and testing data. The training subset is 

used for model construction, whereas the testing subset is 
reserved for performance validation. 

Figure 1. Data Distribution 
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The preprocessing stage makes an important contribution 

to improving data quality so that the classification process can 

run more optimally. 

 

B. Evaluation Results of the K-Nearest Neighbors (KNN) 

Algorithm 

The K-Nearest Neighbors (KNN) algorithm was 

implemented using the parameter k=5. Based on the test 

results using the testing data, the KNN algorithm achieved 
excellent classification performance in predicting student 

stress levels. The following is the confusion matrix generated 

by the KNN model in the figure 2. The K-Nearest Neighbors 

(KNN) model was implemented using k = 5. This parameter 

value was selected based on recommendations from previous 

studies suggesting that small odd-numbered k values often 

provide a good balance between model complexity and 

classification performance. No additional hyperparameter 

optimization techniques, such as Grid Search or Cross 

Validation, were performed in this study.  

 
 

 

 

 

 

 

Based on the KNN algorithm's confusion matrix, most of 

the data was correctly classified in each stress level category. 

The main diagonal values in the confusion matrix are 

dominant, indicating that the model has a high rate of correct 

predictions. 

In the low and medium stress categories, the model was 

able to recognize data patterns very well with a relatively 

small number of misclassifications. Some mispredictions 

occurred in stress levels with close characteristics, such as 

between the medium and high stress categories. However, 

overall, the number of misclassifications remained relatively 

low. The confusion matrix results demonstrate that the KNN 

algorithm has a good ability to recognize similar patterns 

among student data, resulting in stable and accurate 
classification performance, as shown in the table 2. 

TABLE 3.  

KNN RESULTS 

Matrix Value 

Accuracy 88,46% 

Precision 0,90 

Recall 0,88 

F1-score 0,89 

 

Based on the evaluation results, the KNN algorithm was 

able to correctly classify most stress level categories. This is 

evident in the confusion matrix, where the majority of values 

fall on the main diagonal, indicating correct classification 

results. The misclassification rate in the KNN model was 

relatively small and only occurred in a few stress level 

categories with close characteristics. This indicates that the 
KNN algorithm is capable of recognizing similar patterns 

between data sets well. 

The high performance achieved by KNN indicates that the 

dataset used in this study has a data distribution pattern that is 

quite suitable for distance-based classification. Because KNN 

works by measuring the proximity between data points, the 

previous normalization process also significantly increased 

model accuracy. 

Furthermore, the relatively small size of the dataset also 

contributed to KNN's performance. The KNN algorithm 

generally performs best on small to medium-sized datasets 
because relationships between data points can still be 

effectively identified. These results also align with several 

previous studies showing that KNN performs well in survey-

based data classification and user behavior. 

 

C. Evaluation Results of the Support Vector Machine (SVM) 

Algorithm 

To assess the classification capability of Support Vector 

Machine (SVM), the LinearSVC model was trained and tested 

using the prepared dataset. The obtained results revealed that 

SVM was less effective than KNN in distinguishing stress 

level categories. A detailed overview of the classification 
outcomes is provided through the confusion matrix shown in 

Figure 3. The Support Vector Machine (SVM) model was 

implemented using the LinearSVC classifier with default 

parameter settings. A linear kernel was chosen because of its 

computational efficiency and suitability for evaluating 

baseline classification performance. Hyperparameter tuning 

was not conducted, and the model was trained using the 

default configuration provided by the scikit-learn library. 

 

Figure 2. Confusion Matrix KNN 

Figure 3. Confusion Matrix KNN 
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Based on the SVM algorithm's confusion matrix, it 

appears that there are still quite a few classification errors in 

several stress level categories. The main diagonal values in 

the confusion matrix are not as strong as those obtained by the 

KNN algorithm, indicating that the SVM model's 

classification ability is still suboptimal. 

Several stress level categories experienced significant 

mispredictions to other classes. This indicates that the SVM 
model has difficulty accurately separating data patterns, 

especially in data with overlapping distributions. 

The poor performance of the SVM algorithm's confusion 

matrix indicates that the linear approach used was unable to 

capture the complexity of the data patterns in the student 

survey dataset used in this study. 

TABLE 4.  

SVM RESULT 

Matrix Value 

Accuracy 46.15% 

Precision 0.39 

Recall 0.46 

F1-score 0.41 

 

The evaluation results showed that the SVM model 

struggled to accurately separate several stress level 
categories. This was evident in the confusion matrix, where a 

significant amount of data was misclassified into other 

categories. 

One of the main factors contributing to the low 

performance of the SVM was the use of a linear kernel on a 

dataset with a complex and non-linear data distribution. 

Under these conditions, the linear hyperplane formed by the 

SVM was unable to optimally separate the data classes. 

Unlike KNN, which operates based on data similarity, the 

SVM attempts to find the best dividing boundary between 

classes. When data distribution patterns overlap, the 
performance of the linear SVM model can experience a 

significant decline. 

Furthermore, the characteristics of student survey-based 

datasets also tend to have subjective variations in answers 

between respondents. This condition makes the relationship 

between features and stress level categories more difficult to 

separate linearly. 

The results of this study indicate that the performance of 

the SVM algorithm is significantly influenced by the 

characteristics of the dataset and the kernel selection used. 

The use of a non-linear kernel such as the Radial Basis 

Function (RBF) has the potential to improve model 
performance in future research. 

 

D. Comparative Analysis of KNN and SVM Algorithms 

The performance comparison between the KNN and SVM 

algorithms is shown in Table 3. 

 

 

 

 

TABLE 5.  

COMPARISON RESULTS 

Metrik KKN SVM 

Accuracy 88.46% 46.15% 

Precision 0.90 0.39 

Recall 0.88 0.46 

F1-Score 0.89 0.41 

 

Based on the evaluation results, the KNN algorithm 

demonstrated significantly better performance than SVM 

across all test metrics. KNN achieved an accuracy of 88.46%, 

while SVM only achieved an accuracy of 46.15%. 
This difference in performance indicates that the student 

stress level dataset used in the study is more suitable for a 

distance-based similarity classification approach than a linear 

separation approach. KNN is able to better recognize 

proximity patterns between data, resulting in a lower 

classification error rate. This is supported by the confusion 

matrix results, which show that KNN has a higher number of 

correct predictions than SVM. In contrast, the linear SVM 

model has difficulty determining class boundaries due to 

overlapping and non-linear data distributions. This leads to a 

higher classification error rate. From a practical 

implementation perspective, the high performance of KNN 
makes this algorithm more suitable for use in predicting 

student stress levels. The model's ability to produce more 

accurate predictions can aid in the early identification of 

student stress.  

The results of this study also demonstrate that the choice 

of machine learning algorithm needs to be tailored to the 

characteristics of the dataset used. Although SVM is known 

as a powerful classification algorithm, in this study, KNN 
proved more effective for the student survey dataset. 

 

E. Discussion 

The substantial performance difference observed between 

KNN and SVM can be attributed to the characteristics of the 

dataset used in this study. KNN achieved an accuracy of 

88.46%, whereas SVM only obtained 46.15%. This indicates 

that the student stress dataset contains local similarity patterns 

that are more effectively captured by distance-based 

classification methods. 

Figure 4. model performance comparison 
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KNN determines the class of a sample by considering the 

labels of neighboring observations. Since the predictor 

variables in this study, such as sleep quality, headache 

frequency, academic performance, study load, and 

extracurricular activities, exhibit gradual changes between 

stress categories, the similarity-based mechanism employed 

by KNN can recognize these patterns effectively [21]. 

In contrast, the SVM model was implemented using the 

LinearSVC classifier with default parameters and without 
hyperparameter optimization. The use of a linear decision 

boundary may not adequately represent complex and 

overlapping relationships among stress-related variables. 

Consequently, several stress categories were misclassified, 

leading to a significant reduction in predictive performance. 

The confusion matrix analysis further supports these 

findings, showing that KNN produced fewer classification 

errors compared to SVM. Therefore, KNN appears to be more 

suitable for classifying student stress levels in survey-based 

datasets characterized by subjective responses and 

overlapping class distributions. 
In addition to the comparative performance analysis, the 

variables employed in this study are widely recognized as 

factors associated with students' perceived stress levels. Sleep 

quality and study load have frequently been identified as 

important determinants of psychological well-being among 

university students [22]. Poor sleep quality may reduce 

concentration, impair emotional regulation, and increase 

susceptibility to stress [23]. while excessive academic 

workload can contribute to psychological pressure, 

particularly when students encounter difficulties in managing 

assignments, examinations, and other academic 

responsibilities. 
Headache frequency may also represent physical 

manifestations related to psychological distress, whereas 

participation in extracurricular activities can provide 

opportunities for social interaction, recreation, and emotional 

regulation that potentially help alleviate stress [24]. This 

study focused on comparative classification performance 

rather than identifying the relative contribution of individual 

predictors. Nevertheless, the selected variables were included 

based on their relevance to student behavioral conditions and 

psychological well-being reported in previous studies. 

Therefore, the prediction results should be interpreted as 
estimates of perceived stress levels influenced by behavioral 

and academic factors rather than clinical assessments of 

mental disorders.  

From a practical perspective, the developed stress prediction 

system may serve as an early screening tool for identifying 

students who potentially experience elevated stress levels. 

The prediction results can be utilized by students as a form of 

self-awareness regarding their psychological condition, while 

academic advisors may use the information to provide timely 

academic guidance and support. In addition, university 

counseling services may benefit from the system by 

identifying students who require further attention and 
recommending appropriate interventions. Nevertheless, the 

system is intended to complement existing psychological 

support services and should not be considered a substitute for 

professional mental health assessment or diagnosis.  

Several limitations of this study should be acknowledged. 

First, the dataset utilized in this research was obtained from 

Kaggle and consisted of secondary survey data collected from 

respondents with unspecified demographic backgrounds. 

Consequently, the findings may not fully represent the 

characteristics of students from different universities, regions, 

or cultural settings. Second, the stress labels were derived 
from respondents' self-assessments rather than standardized 

psychological instruments, which may affect the consistency 

of the reported stress levels. Finally, this study focused on 

comparing conventional machine learning algorithms using a 

single train-test split scenario. Future studies are encouraged 

to evaluate the proposed models under more diverse 

experimental settings and larger datasets collected through 

validated psychological assessments. 

The findings of this study are generally in agreement with 

previous research that demonstrated the effectiveness of 

machine learning approaches for stress prediction among 
students. Zahrah and Muljono [23]. reported that machine 

learning models can be utilized as effective tools for early 

stress detection in educational settings. Similarly, Tariq et al 

[2]. highlighted the potential of predictive modeling 

techniques for identifying stress conditions among university 

students. Daza et al [6]. also indicated through a systematic 

review that machine learning algorithms have shown 

promising performance in predicting anxiety and stress in 

higher education environments. In comparison, the present 

study employed a multi-class stress dataset consisting of five 

stress categories and found that KNN achieved an accuracy of 

88.46%, outperforming the LinearSVC model. Furthermore, 
the proposed model was integrated into a Flask-based web 

application supported by a MySQL database, allowing users 

to perform stress level predictions through an interactive web 

interface. 

IV. CONCLUSION 

The experimental findings demonstrate that the choice of 

classification algorithm significantly influences the accuracy 

of student stress prediction. Among the two evaluated models, 

K-Nearest Neighbors (KNN) consistently produced superior 

results, achieving an accuracy of 88.46% and a weighted F1-

score of 0.89. In contrast, the Support Vector Machine (SVM) 
model showed considerably lower predictive performance, 

indicating that a linear decision boundary was less effective 

in representing the characteristics of the dataset. 

The better performance achieved by KNN suggests that the 

student stress dataset contains patterns that are more 

effectively captured through similarity-based classification. 

By utilizing neighboring data instances during prediction, 

KNN was able to classify stress categories with fewer 

misclassifications compared to SVM, as reflected in the 

confusion matrix analysis. 

Beyond the comparative evaluation, this research also 

demonstrates the practical applicability of machine learning 
in educational environments through the development of a 

Flask-based web application. The integration of the trained 
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model into an interactive platform enables real-time stress 

level prediction and provides a foundation for future 

intelligent systems aimed at supporting student well-being. 

Future studies may explore larger datasets, additional 

predictive factors, and alternative machine learning 

approaches to further improve prediction performance. Future 

studies are encouraged to utilize datasets collected using 

validated psychological assessment instruments to improve 
the reliability and generalizability of stress prediction models. 
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