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 This study is motivated by the rapid rise of social media use among 
adolescents, which may adversely affect mental health by increasing 
the risk of stress, anxiety, and depression; thus, early detection is 
essential to prevent more severe outcomes. It aims to compare the 
performance of K-Nearest Neighbor (KNN) and Naive Bayes in 
detecting adolescent mental health risks and to evaluate the impact 
of data balancing using the Synthetic Minority Over-sampling 
Technique (SMOTE). A quantitative experimental design was applied, 
including data preprocessing, model implementation, and evaluation 
using 10-fold cross-validation with accuracy, precision, recall, F1-
score, and AUC as performance metrics. The results show that Naive 
Bayes provides more stable performance with higher accuracy and 
precision, while KNN combined with SMOTE significantly improves 
recall, particularly for minority classes, indicating a trade-off between 
precision and recall in model selection. This study contributes a 
comprehensive analysis of the role of data balancing in classification 
performance within mental health contexts. Future work should 
explore ensemble and deep learning approaches and utilize larger, 
more diverse datasets to enhance generalizability. 

Keywords: 
machine learning;  

mental health detection;  
k-nearest neighbor;  

naive bayes;  
imbalanced dataset 

This is an open access article under the CC BY-SA license. 

 
Corresponding Author: 
Mahesa Darma Satria,  
Magister of Informatics, Institut Informatika dan Bisnis Darmajaya 
Jl. Zainal Abidin Pagar Alam No. 93, Gedong Meneng, Rajabasa, Bandar Lampung City, Lampung 35141, 
Indonesia 
Email: mahesa.student@darmajaya.ac.id  

 

INTRODUCTION 
The rapid advancement of digital technology and the widespread adoption of social media 
among adolescents have introduced significant challenges in the domain of mental health, 
particularly in the early detection of disorders such as depression and anxiety [1]. Empirical 
evidence suggests that intensive exposure to social media is positively associated with an 
increased risk of psychological distress, driven by factors including social pressure, self-
comparison, and unhealthy patterns of digital interaction [2]. Concurrently, the ongoing 
digital transformation has generated vast amounts of behavioral data, offering new 
opportunities to assess individuals’ mental states in a more objective and data-driven 
manner [3]. Within this context, machine learning approaches have emerged as highly 
relevant, given their capability to process large-scale datasets and uncover complex 
patterns that are difficult to identify through conventional analytical methods [4]. 
Accordingly, the development of data-driven models for the early detection of mental 
health conditions based on social media usage has become an essential step toward 
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enabling more effective preventive interventions. 

In recent years, a growing body of research has explored the application of machine 
learning algorithms for mental health classification, including the use of K-Nearest Neighbor 
(KNN) and Naive Bayes methods [5]. KNN is recognized as a distance-based approach that 
effectively captures similarity between data instances, whereas Naive Bayes represents a 
probabilistic model known for its computational efficiency and robustness in handling high-
dimensional data [6]. A study by S. Uddin et al. highlights that the performance of 
classification algorithms is strongly influenced by data characteristics, such as feature 
distribution and dataset complexity [7]. Furthermore, existing literature consistently 
indicates that no single algorithm universally outperforms others across all scenarios, 
underscoring the importance of comparative analysis in identifying the most suitable model 
for a given context [7]. Therefore, a systematic comparison between KNN and Naive Bayes 
for adolescent mental health detection represents a relevant and necessary line of inquiry. 

Despite these advancements, a notable research gap persists, particularly in 
addressing the issue of imbalanced data, which is commonly encountered in mental health 
datasets. Prior studies have predominantly emphasized accuracy as the primary evaluation 
metric, often overlooking more informative measures such as recall and F1-score, which are 
crucial for assessing performance on minority classes [8][9]. This limitation is critical, as the 
failure to correctly identify individuals experiencing mental health disorders may lead to 
severe psychological consequences. In addition, data balancing techniques, such as 
Synthetic Minority Over-sampling Technique (SMOTE), have not been extensively examined 
in comparative studies involving KNN and Naive Bayes. Consequently, there is a need for 
research that not only compares algorithmic performance but also systematically evaluates 
the impact of data balancing techniques on classification outcomes. 

The novelty of this study lies in its integrative comparative approach, combining the 
performance evaluation of KNN and Naive Bayes algorithms with the application of SMOTE 
to address data imbalance issues [10]. Unlike prior work that relies primarily on accuracy, 
this study incorporates precision, recall, and F1-score as key evaluation metrics, particularly 
emphasizing performance on minority classes [11]. Moreover, it provides an in-depth 
analysis of the trade-off between precision and recall, a critical consideration in the design 
of early mental health detection systems. By leveraging behavioral data derived from social 
media usage, this research also contributes to a deeper understanding of how data 
characteristics influence machine learning performance in real-world scenarios. This 
approach is expected to offer new insights into the development of more robust and data-
adaptive mental health detection models. 

Based on the identified background and research gaps, this study aims to conduct a 
comparative analysis of KNN and Naive Bayes algorithms for detecting adolescent mental 
health risks using social media usage data. Specifically, the study seeks to address the 
following research questions: (1) how do KNN and Naive Bayes perform in detecting 
adolescent mental health conditions based on standard classification evaluation metrics, 
and (2) how does the application of SMOTE influence the performance improvement of 
both algorithms when handling imbalanced datasets. The findings of this study are 
expected to contribute to the advancement of more accurate and adaptive early detection 
models for mental health. 

 

RESEARCH METHODS 
This research applies a quantitative experimental design to examine and compare the ability 
of machine learning models to identify adolescent mental health risk based on social media 
usage behavior. This design was chosen because machine learning enables the analysis of 
complex behavioral data and has been widely used in digital mental health studies to 
support predictive assessment [12]. 
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The methodological procedure in this study is organized into several sequential 
stages. These stages include dataset preparation, preprocessing, class imbalance handling, 
classification model construction, and model performance evaluation.  

Datasets 
The dataset used in this research contains behavioral attributes related to adolescents’ 
social media activities and mental health indicators. The variables include social media 
usage duration, sleep duration, stress level, anxiety level, and physical activity. The output 
variable is depression_label, which is treated as a binary classification target, where 0 
represents the non-risk class and 1 represents the depression-risk class. 

The distribution of the target class indicates a strong imbalance between the two 
categories, with the number of depression-risk instances being much lower than the 
number of non-risk instances. Such a distribution is a common issue in mental health 
classification and may cause the model to favor the majority class if no balancing strategy is 
applied [13]. 

Data Preprocessing 
The preprocessing stage is carried out to ensure the quality, consistency, and readiness of 
the dataset prior to model training. The target variable is defined by assigning 
depression_label as the classification label, while categorical features are transformed into 
numerical representations using dummy encoding. Subsequently, feature scaling is 
performed through Z-score normalization to standardize the range of all variables: 

𝑍 =  
𝑥− 𝜇

𝜎
          (1) 

This normalization process is particularly crucial for distance-based algorithms such 
as K-Nearest Neighbor (KNN), as differences in feature scales can significantly affect 
distance computations and, consequently, the overall model performance [14]. 

Handling Imbalanced Data 
To address the issue of class imbalance, this study employs the Synthetic Minority Over-
sampling Technique (SMOTE). This technique generates synthetic samples for the minority 
class by interpolating between existing instances and their nearest neighbors. 
Mathematically, the process can be expressed as follows: 

𝑥𝑛𝑒𝑤 = 𝑥𝑖 + 𝛿(𝑥𝑛𝑛 − 𝑥𝑖)        (2) 

This approach has been shown to be effective in enhancing the model’s ability to 
learn patterns from the minority class, particularly in mental health datasets that typically 
exhibit skewed distributions [15]. To prevent data leakage, SMOTE is applied exclusively to 
the training data within the cross-validation framework. 

Classification Models 
This study employs two primary classification algorithms, namely K-Nearest Neighbor (KNN) 
and Naive Bayes (NB), which are widely used in comparative machine learning studies. 

K-Nearest Neighbor (KNN) 
K-Nearest Neighbor is an instance-based learning algorithm that classifies data points 
based on their proximity to other instances in the feature space. The distance metric used 
in this study is the Euclidean distance: 

𝑑(𝑥, 𝑦) =  √∑ (𝑥𝑖 −  𝑦𝑖)2𝑛
𝑖=1         (3) 
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The parameter k is set to 3, and a weighted voting scheme is applied to improve 
prediction stability. KNN is highly sensitive to data distribution and feature scaling; 
therefore, preprocessing and data balancing play a crucial role in enhancing its 
performance. 

Naive Bayes (NB) 
Naive Bayes is a probabilistic classification algorithm based on Bayes’ Theorem, which 
assumes independence among features: 

𝑃(𝐶|𝑋) =  
𝑃 (𝑋|𝐶) 𝑃(𝐶)

𝑃(𝑋)
        (4) 

Despite its simplifying assumption, Naive Bayes remains effective across a wide 
range of classification tasks, particularly in high-dimensional and complex datasets [16]. 

Model Evaluation 
Model evaluation is conducted using a 10-fold cross-validation approach to ensure robust 
and generalizable results. This technique allows each subset of the data to serve as a testing 
set in turn, thereby reducing evaluation bias and improving reliability. 

The evaluation metrics employed in this study include accuracy, precision, recall, F1-
score, and Area Under the Curve (AUC). In the context of imbalanced datasets, recall and 
F1-score are considered primary indicators, as they provide a more representative 
assessment of the model’s ability to correctly identify instances from the minority class [17]. 
The F1-score is computed as follows: 

𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
        (5) 

The use of this metric is strongly recommended in classification tasks involving 
imbalanced data distributions, as it captures the trade-off between precision and recall in a 
balanced and informative manner. 

Experimental Design 
The experimental workflow in this study is presented in Figure 1. The process begins with 
data collection, in which adolescent mental health data related to social media usage were 
obtained through questionnaire-based measurement. After the data were collected, 
preprocessing was performed through data cleaning, missing value handling, categorical 
encoding, and feature normalization. 

 
Figure 1. Workflow of the experimental design for comparing KNN and Naive Bayes under imbalanced and 

balanced data conditions. 

After preprocessing, exploratory data analysis was conducted to identify the 
characteristics of the dataset, including the distribution of the target class. The dataset was 
then evaluated using a 10-fold cross-validation scheme to ensure that model testing was 
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not dependent on a single training-testing split. 
The experiment was divided into two main scenarios. In the first scenario, the original 

imbalanced dataset was directly classified using KNN and Naive Bayes. The results of both 
models were then measured using accuracy, precision, recall, F1-score, and AUC. 

In the second scenario, SMOTE was applied to the training data to increase the 
representation of the minority class. After balancing, the same algorithms, namely KNN and 
Naive Bayes, were trained and evaluated using the same performance metrics. This design 
makes it possible to compare model behavior before and after data balancing. 
Finally, the performance results from both scenarios were analyzed to identify the effect of 
SMOTE on each algorithm. The interpretation focused on changes in accuracy, precision, 
recall, F1-score, and AUC, especially the trade-off between precision and recall in detecting 
depression-risk cases. 
 

RESULTS AND DISCUSSION 

As the first stage of result presentation, this study displays a portion of the dataset to provide 
an overview of the attributes used in the classification process. The dataset contains several 
behavioral and psychological indicators related to adolescents, including social media 
usage duration, sleep duration, stress level, anxiety level, physical activity, and depression 
label. 

Table 1. Sample of Raw Dataset Used in the Study 

social media 
hours 

sleep hours stress level anxiety level physical 

activity 

depression 

label 

5.2 6.5 High Medium Low 1 

2.1 7.8 Low Low High 0 

6.0 5.9 High High Low 1 

………. ………. ………. ………. ………. ………. 

3.5 7.0 Medium Medium Medium 0 

4.8 6.2 High High Low 1 

The target class distribution shows a highly unequal proportion between the two 
categories. The non-depression class accounts for most of the observations, while the 
depression class appears in a much smaller number. This condition confirms that the dataset 
is imbalanced and requires an appropriate strategy to reduce potential classification bias. 

Table 2. Class Distribution of the Dataset 

Class Count Percentage 

Non-Depression (0) 818 97.38% 

Depression (1) 22 2.62% 

The evaluation results without applying data balancing techniques indicate that 
Naive Bayes outperforms KNN. As shown in Table 3, Naive Bayes achieves an accuracy of 
98.81%, with perfect precision (100.00%), a recall of 54.55%, and an F1-score of 70.59%. 
The high AUC value (0.996) further demonstrates the model’s excellent ability to distinguish 
between classes. In contrast, KNN without SMOTE exhibits substantially lower performance 
in recall (18.18%) and F1-score (29.63%), despite maintaining relatively high accuracy 
(97.74%). This finding suggests that KNN is less effective in identifying minority class 
instances under imbalanced data conditions. 

Table 3. Performance Comparison of Classification Models Without SMOTE 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC 

Naive Bayes 98.81 100.00 54.55 70.59 0.996 
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KNN (k=3) 97.74 80.00 18.18 29.63 0.797 

Following the application of SMOTE, notable changes in model performance are 
observed, particularly for KNN. As presented in Table 4, Naive Bayes shows only a marginal 
improvement in recall (55.56%), but experiences a significant decrease in precision 
(45.45%), resulting in a lower F1-score (50.00%) and AUC (0.880). Conversely, KNN 
demonstrates a substantial increase in recall to 90.91%, although its precision decreases to 
24.39%. This trade-off leads to an F1-score of 38.32% and an AUC of 0.961, indicating 
improved capability in detecting minority class instances, albeit at the cost of increased 
misclassification. 

Table 4. Performance Comparison of Classification Models with SMOTE 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC 

Naive Bayes + SMOTE 97.00 45.45 55.56 50.00 0.880 

KNN (k=3) + SMOTE 92.38 24.39 90.91 38.32 0.961 

Further analysis using the confusion matrix for the KNN model with SMOTE reveals 
that the model successfully identifies the majority of depression cases, correctly classifying 
20 out of 22 instances. However, it also produces a considerable number of 
misclassifications in the non-depression class, with 62 instances incorrectly predicted as 
depression. This result highlights the trade-off between precision and recall, where 
increased sensitivity toward the minority class leads to a decline in overall prediction 
precision. 

 
Figure 2. Confusion matrix of the KNN model with SMOTE, showing the distribution of prediction outcomes 

across actual and predicted classes. 

Overall, the findings indicate that Naive Bayes provides superior performance in 
terms of accuracy and model stability, whereas KNN combined with SMOTE is more 
effective in enhancing the detection of minority class instances. These results emphasize 
that model selection should be aligned with the specific objectives of the analysis, 
particularly in early mental health detection, where sensitivity is often prioritized over overall 
classification accuracy. 

Based on the results presented in the previous section, this study demonstrates that 
the performance of classification algorithms is strongly influenced by the characteristics of 
data distribution, particularly class imbalance, which is commonly observed in digital mental 
health datasets [18]. The finding that Naive Bayes achieves high accuracy and precision 
indicates that this probabilistic algorithm tends to optimize predictions toward the majority 
class. This observation is consistent with I. H. Sarker, who argues that Naive Bayes exhibits 
high stability when applied to imbalanced data distributions [19]. Similarly, research by Didit 
Johar Maulana et al. reports that while Naive Bayes maintains strong performance in terms 
of accuracy, it has limitations in effectively detecting minority classes [20]. 
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This limitation is reflected in the relatively low recall values obtained by the Naive 
Bayes model, indicating reduced sensitivity in identifying depression cases as the minority 
class. This finding aligns with the study conducted by Cheng Liu et al., which highlights that 
conventional machine learning models often struggle to detect rare mental health cases in 
imbalanced datasets [21]. Therefore, despite its superior global accuracy, Naive Bayes may 
be less suitable for early detection applications that require high sensitivity. 

In contrast, the significant improvement in recall observed in the KNN model after 
the application of SMOTE suggests that distance-based algorithms are highly dependent 
on data distribution within the feature space [5]. This result is supported by findings from 
Muhammad Mujahid et al., who state that oversampling techniques such as SMOTE 
enhance the representation of minority classes, thereby improving the performance of 
instance-based algorithms like KNN [22]. Furthermore, E. F. Agyemang et al. confirm that 
KNN demonstrates substantial improvements in classification performance after data 
balancing, particularly in medical classification tasks [23]. 

However, the increase in recall for KNN is accompanied by a notable decline in 
precision, illustrating the classical trade-off between sensitivity and specificity. This 
phenomenon has been widely documented in the literature, where improvements in 
minority class detection are often associated with an increase in false positive rates [11]. A 
study by S. Riyanto et al. emphasizes that in imbalanced datasets, metrics such as F1-score 
provide a more reliable evaluation than accuracy alone, as they better capture the balance 
between precision and recall [24]. Accordingly, the performance of KNN with SMOTE in this 
study should be interpreted primarily in terms of its detection capability (recall) and metric 
balance (F1-score), rather than accuracy alone. 

From a theoretical perspective, the findings reinforce the notion that no single 
algorithm universally outperforms others across all dataset conditions; instead, 
performance is highly dependent on data characteristics and analytical objectives, as 
highlighted by S. Uddin et al. Moreover, these results align with the bias–variance trade-off 
theory, where simpler models such as Naive Bayes tend to exhibit high bias but low 
variance, whereas KNN demonstrates higher variance and is more sensitive to data 
distribution [25]. Additionally, this study shows that data balancing techniques such as 
SMOTE function as moderating factors that can enhance the performance of certain 
algorithms, although their impact is not universally beneficial across all models. 

From a practical standpoint, the findings have important implications for the 
development of early detection systems for mental health based on digital data. In the 
context of initial screening, models with high recall, such as KNN with SMOTE, are more 
suitable, as they minimize the risk of failing to identify individuals who may be experiencing 
depression [26]. This is consistent with recommendations from Nasirul Mumenin et al., who 
emphasize the importance of sensitivity in digital mental health systems to prevent delayed 
intervention [27]. Conversely, for applications requiring high confidence in prediction 
outcomes, such as clinical decision support systems, models with high precision, such as 
Naive Bayes, are more appropriate [28]. 

Overall, this study demonstrates that the combination of classification algorithms 
with data balancing techniques (e.g., SMOTE, ADASYN, oversampling, and undersampling) 
plays a crucial role in improving accuracy, recall, and F1-score in depression and mental 
health detection models [29]. Furthermore, these findings reinforce the previously observed 
trade-off between precision and recall, providing a more comprehensive understanding of 
model behavior under imbalanced data conditions. The results also open opportunities for 
future research to explore more advanced approaches, such as ensemble learning and 
deep learning, in order to achieve a more optimal balance between precision and recall. 
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CONCLUSION 
This study concludes that algorithm selection and imbalance handling strategies have a 
substantial influence on the performance of machine learning models for adolescent mental 
health risk detection based on social media usage behavior. The results indicate that model 
effectiveness cannot be generalized across all data conditions because each algorithm 
responds differently to class distribution and evaluation objectives. Naive Bayes 
demonstrates more stable performance, particularly in terms of accuracy and precision, 
making it suitable for classification scenarios that require reliable overall prediction. 
Meanwhile, K-Nearest Neighbor combined with SMOTE shows a strong improvement in 
recall for the minority class, indicating its relevance for early screening purposes where 
identifying potential risk cases is more important than minimizing false positive predictions. 

The main contribution of this study lies in its comparative evaluation of two 
classification algorithms under imbalanced and balanced data conditions. By examining the 
effect of SMOTE, this research provides a clearer understanding of how data balancing can 
change model behavior, especially in mental health classification tasks where the number 
of risk cases is often much smaller than non-risk cases. Theoretically, this study reinforces 
the importance of considering data distribution, bias–variance characteristics, and 
evaluation metrics when selecting classification models. Practically, the findings can support 
the development of data-driven early detection systems by helping researchers and 
practitioners choose models according to specific objectives, whether for broad initial 
screening or for prediction scenarios that require higher precision. 

However, this study has several limitations. First, the dataset contains a very small 
number of minority-class instances, which may limit the generalizability of the findings. 
Second, the study only evaluates two basic machine learning algorithms, namely KNN and 
Naive Bayes, without involving more complex models such as ensemble learning or deep 
learning. Third, the variables used in this research are limited to general behavioral 
indicators and do not include richer data sources, such as text-based social media content, 
emotional expressions, or real-time digital activity patterns. 

Future research is therefore recommended to use larger and more diverse datasets 
so that model performance can be validated across broader adolescent populations. 
Further studies should also compare additional algorithms, including Random Forest, 
Gradient Boosting, ensemble models, and deep learning architectures, to obtain a more 
comprehensive understanding of model performance in mental health detection. In 
addition, the integration of multimodal data sources may improve prediction quality and 
provide a more complete representation of adolescent mental health conditions. Overall, 
this study can serve as an initial reference for developing more adaptive, sensitive, and 
practical machine learning-based mental health screening systems. 
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