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ABSTRACT 
The widespread use of social media among students has created growing concerns 
regarding the potential development of social media addiction and its impact on 
academic performance, mental health, and daily behavior. This study aims to develop 
a deep learning model to predict social media addiction among students based on 
behavioral, demographic, and psychological characteristics. The dataset used in this 
study consists of 705 student records and includes variables such as age, gender, 
academic level, country, average daily social media usage hours, preferred social 
media platform, sleep duration, mental health score, relationship status, and conflicts 
related to social media use. Data preprocessing techniques including categorical 
encoding and feature scaling were applied before training the model. A deep neural 
network architecture was implemented to learn patterns associated with social media 
addiction and was evaluated using a hold out test dataset of 141 samples. The model 
performance was assessed using several evaluation metrics including accuracy, 
precision, recall, F1 score, and the area under the Receiver Operating Characteristic 
curve. The experimental results show that the proposed model achieved an accuracy 
of 90.78 percent and an AUC value of 0.9682, indicating strong predictive 
performance in distinguishing addicted and non addicted students. Feature 
importance analysis revealed that mental health score plays a significant role in 
predicting social media addiction. These findings demonstrate that deep learning can 
effectively identify patterns related to problematic social media behavior and may 
support early detection efforts aimed at promoting healthier digital habits among 
students. 

Keywords Social Media Addiction, Deep Learning, Student Behavior Analysis, Artificial 
Intelligence, Digital Wellbeing 

INTRODUCTION 
The rapid development of digital technology has significantly transformed the 
way individuals communicate, access information, and interact within society. 
Among these technological developments, social media platforms have become 
an essential part of daily life, particularly for students. Social media provides 
various benefits such as facilitating communication, supporting learning 
activities, and enabling access to a wide range of information. However, 
excessive use of social media may lead to problematic behaviors that resemble 
addictive patterns. Students who spend excessive time on social media 
platforms may experience difficulties in managing their time, maintaining 
academic performance, and preserving healthy psychological conditions. As a 
result, social media addiction has become an important issue in the context of 
digital society and educational environments [1]. 
The increasing prevalence of social media usage among students has attracted 
growing attention from researchers and educators who aim to understand the 
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factors contributing to addictive behavior. Several behavioral indicators have 
been associated with problematic social media use, including prolonged daily 
usage duration, sleep disturbances, reduced academic engagement, and 
conflicts in interpersonal relationships. Psychological factors such as emotional 
wellbeing and mental health conditions are also closely related to patterns of 
excessive digital engagement. Understanding these factors is important for 
identifying students who may be at risk of developing unhealthy social media 
habits. Early detection of such behavior can support the development of 
effective strategies to promote balanced digital engagement and protect student 
wellbeing [2]. 
Recent advances in artificial intelligence and machine learning have provided 
new opportunities to analyze complex behavioral data and identify patterns 
associated with technology related addiction. Machine learning techniques have 
been widely applied to classify behavioral patterns, detect digital addiction, and 
analyze user behavior across online platforms. These approaches allow 
researchers to process large volumes of behavioral and demographic data and 
generate predictive models that can support early identification of problematic 
technology use. Compared with traditional statistical methods, machine learning 
models are capable of capturing nonlinear relationships among multiple 
variables and improving predictive performance in behavioral analysis tasks [3]. 
Among various artificial intelligence techniques, deep learning has emerged as 
a powerful approach for modeling complex relationships in high dimensional 
datasets. Deep learning models can automatically learn hierarchical feature 
representations and detect subtle patterns within data that may not be easily 
captured by traditional models. These capabilities make deep learning 
particularly suitable for analyzing behavioral data related to social media usage. 
By leveraging deep neural networks, researchers can develop predictive 
systems that identify individuals who may be vulnerable to social media 
addiction based on their behavioral and psychological characteristics [4]. 
Despite the growing application of machine learning techniques in analyzing 
digital behavior, several limitations remain in existing studies. Many previous 
works focus primarily on descriptive statistical analysis or traditional machine 
learning methods without exploring the potential advantages of deep learning 
architectures. In addition, some studies rely on limited behavioral indicators and 
do not fully integrate psychological and demographic factors that may influence 
social media addiction. These limitations highlight the need for more 
comprehensive predictive models that combine multiple behavioral, 
psychological, and demographic variables to better understand the 
mechanisms underlying social media addiction among students. 
Furthermore, interpretability and identification of influential factors remain 
important challenges in predictive modeling of digital addiction. While predictive 
accuracy is important, understanding the variables that contribute most 
significantly to addiction prediction is equally critical for developing meaningful 
interventions and policies. Identifying these key factors can help educators and 
institutions design targeted programs aimed at promoting responsible digital 
behavior and improving student wellbeing [5]. 
Based on these challenges, this study proposes a deep learning-based 
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approach to predict social media addiction among students using behavioral, 
demographic, and psychological features. The proposed model aims to capture 
complex relationships between students' social media usage patterns and 
addiction related behaviors. In addition, feature importance analysis is 
conducted to identify the most influential factors contributing to addiction 
prediction. By combining predictive modeling and feature analysis, this study 
aims to provide insights that can support early detection of problematic social 
media usage and contribute to the development of healthier digital practices 
within educational environments. 

Literature Review and Related Works 
The rapid growth of social media platforms has significantly influenced the daily 
lives of students, leading to both positive and negative consequences in 
educational and psychological contexts. Social media enables communication, 
knowledge sharing, and access to information; however, excessive use may 
lead to problematic behaviors such as addiction, reduced academic 
performance, and psychological distress. Previous studies have shown that 
prolonged exposure to social media platforms can negatively affect students’ 
mental health, emotional stability, and learning performance [6]. The increasing 
prevalence of digital engagement among students has therefore motivated 
researchers to investigate the underlying behavioral and psychological factors 
associated with social media addiction. 
Several studies have explored the relationship between social media usage and 
psychological conditions such as stress, anxiety, and depression. Research 
findings indicate that excessive digital engagement may contribute to emotional 
instability and reduced mental wellbeing among students [7], [8]. In addition, the 
addictive nature of social media platforms is often associated with reward 
mechanisms that encourage repeated engagement and prolonged online 
activity [9]. These behavioral patterns may lead to compulsive usage habits, 
reduced concentration in academic activities, and increased risk of digital 
addiction [10]. Consequently, understanding the factors influencing social 
media addiction has become an important research topic in the field of digital 
society and educational technology. 
Recent advances in artificial intelligence have enabled the development of 
predictive models for analyzing digital behavior and identifying potential risks 
associated with excessive technology use. Machine learning techniques have 
been widely applied to analyze user behavior, classify addiction patterns, and 
detect psychological conditions using data generated from social media 
platforms [11], [12]. These techniques allow researchers to process large 
volumes of behavioral and demographic data and discover complex 
relationships between variables. Predictive models developed using machine 
learning have demonstrated promising results in identifying individuals at risk of 
mental health disorders and technology related addiction [13], [14]. 
Deep learning methods have also gained significant attention due to their ability 
to model complex nonlinear relationships within large datasets. Deep neural 
networks are capable of automatically extracting relevant features from data 
and capturing subtle behavioral patterns that may not be detected using 
traditional machine learning methods [15]. Several studies have applied deep 
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learning techniques to analyze social media data for detecting psychological 
conditions such as depression, suicidal tendencies, and emotional distress [16], 
[17]. These models often outperform conventional algorithms due to their ability 
to learn hierarchical representations of data and improve classification 
performance in complex prediction tasks [18]. 
In addition to psychological analysis, machine learning models have also been 
applied to study digital addiction behavior among university students. 
Behavioral indicators such as daily social media usage duration, sleep patterns, 
and emotional wellbeing have been identified as important predictors of social 
media addiction risk [19]. Research has also shown that artificial intelligence 
based predictive systems can help identify early warning signs of digital 
addiction and support the development of intervention strategies aimed at 
improving student wellbeing [20]. These approaches provide valuable insights 
into how behavioral and psychological data can be utilized to understand digital 
addiction in modern educational environments. 
Despite these advancements, several research gaps remain in the existing 
literature. Many previous studies focus primarily on traditional machine learning 
techniques or descriptive statistical analysis without fully exploring the potential 
advantages of deep learning architectures for addiction prediction. In addition, 
some studies rely heavily on textual social media data while overlooking 
behavioral and demographic variables that may also influence addiction 
patterns. Furthermore, limited attention has been given to identifying the most 
influential factors contributing to addiction prediction in student populations. 
These limitations highlight the need for more comprehensive predictive models 
that integrate multiple types of features and provide interpretable insights into 
social media addiction behavior. 
To address these limitations, this study proposes a deep learning based 
predictive model for identifying social media addiction among students using 
behavioral, demographic, and psychological features. By combining deep 
neural networks with feature importance analysis, the proposed approach aims 
to improve prediction accuracy while also providing insights into the key factors 
influencing social media addiction. This research contributes to the growing 
body of work on artificial intelligence driven behavioral analysis and supports 
the development of data driven strategies for promoting healthier digital habits 
among students. 

Methodology 
Research Framework 
This study adopts a data driven approach to predict social media addiction 
among students using deep learning techniques. The research process consists 
of several sequential stages including data collection, data preprocessing, 
feature transformation, model training, model evaluation, and feature 
importance analysis. The objective of this framework is to develop a predictive 
model capable of identifying students who are at risk of social media addiction 
based on behavioral, demographic, and psychological indicators. The overall 
research process is illustrated in figure 1, which shows the workflow of the 
proposed methodology starting from dataset preparation to model evaluation 
and interpretation. 
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Figure 1 Research Steps 

As shown in figure 1, the study begins with dataset preparation followed by 
preprocessing procedures such as feature selection and data transformation. 
The processed data is then used to train a deep neural network model. After 
training, the model performance is evaluated using several classification 
metrics. Finally, feature importance analysis is conducted to identify the most 
influential variables contributing to social media addiction prediction. 

Dataset Description 
This study uses a dataset consisting of 705 student records that describe social 
media usage behavior and related psychological factors. The dataset includes 
demographic variables, behavioral indicators, and psychological attributes that 
may influence the level of social media addiction among students. 
The attributes used in this study are summarized in table 1, which describes the 
types of variables included in the dataset. 

Table 1 Description of dataset variables 

Variable Category Attributes 

Demographic Variables Age, Gender, Academic Level, Country 

Behavioral Variables Average Daily Usage Hours, Most Used Platform, 
Conflicts Over social media 

Academic Indicators Affects Academic Performance 

Psychological Indicators Mental Health Score 

Lifestyle Indicators Sleep Hours per Night 

Social Factors Relationship Status 

Target Variable Social Media Addiction Score 

The target variable in the dataset represents the level of social media addiction 
experienced by each student. In this study, the addiction score was converted 
into a binary classification label to distinguish between addicted and non-
addicted students. 

Data Preprocessing 
Before training the deep learning model, several preprocessing steps were 
performed to ensure the dataset was suitable for model training. First, the 
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Student_ID attribute was removed because it functions only as a unique 
identifier and does not contribute to prediction. The addiction score was then 
converted into a binary label representing addicted and non-addicted students. 
Next, the dataset features were divided into numerical and categorical variables. 
Numerical features include age, daily usage hours, sleep duration, mental 
health score, and conflicts related to social media usage. Categorical variables 
include gender, academic level, country, most used platform, academic 
performance impact, and relationship status. 
Categorical variables were transformed into numerical format using one hot 
encoding. This process converts categorical attributes into binary vectors so 
that they can be processed by the neural network. In addition, numerical 
features were normalized using standardization to ensure that all variables have 
comparable scales during model training. 

Deep Learning Model Architecture 
A deep neural network model was developed to predict social media addiction 
among students. The model consists of several fully connected layers that 
enable the network to learn complex relationships between input variables and 
the target class. 
The architecture of the proposed model includes three hidden layers with 32, 
16, and 8 neurons respectively. Each hidden layer uses the Rectified Linear 
Unit (ReLU) activation function to introduce nonlinearity into the model. Dropout 
layers were applied between hidden layers to reduce overfitting by randomly 
disabling neurons during training. In addition, L2 regularization was applied to 
the dense layers to penalize large weight values and improve model 
generalization. 
The output layer consists of a single neuron with a sigmoid activation function, 
which produces a probability value between 0 and 1 representing the likelihood 
that a student belongs to the addicted class. 
The sigmoid activation function used in the output layer is defined as: 

𝜎(𝑥) =
1

1 + 𝑒!"
	 (1) 

𝑥	represents the input value to the neuron. 

Model Training 
The model was trained using the Adam optimizer with a learning rate of 0.0005 
and binary cross entropy as the loss function. Binary cross entropy is commonly 
used in binary classification problems because it measures the difference 
between predicted probabilities and actual class labels. 
The binary cross entropy loss function is defined as: 

𝐿 = −
1
𝑁
-
#

$%&

[𝑦$𝑙𝑜𝑔(𝑝$) + (1 − 𝑦$)𝑙𝑜𝑔(1 − 𝑝$)] (2) 

𝑦$ 	represents the true label, 
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𝑝$	represents the predicted probability, and 
𝑁	represents the total number of samples. 
To prevent overfitting, two training strategies were implemented. Early stopping 
was used to stop training when validation performance no longer improved. In 
addition, the learning rate was automatically reduced when the validation loss 
reached a plateau. 

Model Evaluation 
The performance of the proposed deep learning model was evaluated using 
several classification metrics including accuracy, precision, recall, and F1 score. 
These metrics provide a comprehensive assessment of model performance. 
The accuracy metric measures the proportion of correctly predicted samples 
and is defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (3) 

TP represents true positives, TN represents true negatives, FP represents false 
positives and FN represents false negatives. 
The precision metric measures the correctness of positive predictions and is 
defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (4) 

The recall metric evaluates the model's ability to correctly identify positive 
samples and is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5) 

The F1 score represents the harmonic mean of precision and recall and is 
calculated as: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

 (6) 

In addition to these metrics, the Receiver Operating Characteristic curve and 
confusion matrix were also used to analyze the classification performance of 
the proposed model. 

Feature Importance Analysis 
To identify the most influential variables affecting social media addiction 
prediction, feature importance analysis was performed using the permutation 
importance method. Because deep learning models do not directly provide 
interpretable feature importance values, a surrogate Random Forest model was 
used to estimate the contribution of each feature. 
Permutation importance measures the decrease in model performance when 
the values of a particular feature are randomly shuffled. Features that cause 
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larger decreases in prediction accuracy are considered more important in the 
prediction process. 
This analysis provides valuable insights into behavioral and psychological 
factors that contribute to social media addiction among students. 

Algorithm 1: Social Media Addiction Prediction Using Deep Learning 

Input: dataset 𝐷, feature set 𝑋, label 𝑌 
Output: predicted addiction class 𝑦%and evaluation metrics 
Process: 
Start 
Load dataset 𝐷 
Remove attribute 𝑆𝑡𝑢𝑑𝑒𝑛𝑡_𝐼𝐷 
Convert addiction score into binary label 

𝑦 = {1, 𝐴𝑑𝑑𝑖𝑐𝑡𝑒𝑑_𝑆𝑐𝑜𝑟𝑒 ≥ 𝜏	0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	 
Separate dataset into feature set 𝑋and label set 𝑌 
Apply One Hot Encoding to categorical features 
Normalize numerical features 

𝑋!"#$%& =
𝑋 − 𝜇
𝜎  

Split dataset into training and testing data 
𝐷'(#)*, 𝐷'%!' = 𝑠𝑝𝑙𝑖𝑡(𝐷, 0.8,0.2) 

Compute prediction 
𝑦% = 𝜎(𝑊𝑥 + 𝑏) 

Compute binary cross entropy loss 

𝐿 = −
1
𝑁N

+

),-

[𝑦)𝑙𝑜𝑔(𝑦.Q) + (1 − 𝑦))𝑙𝑜𝑔(1 − 𝑦.Q)] 

Update model parameters using Adam optimizer 
Repeat training until convergence or early stopping 
Predict class label 

𝑦% = {1, 𝑝 ≥ 0.5	0, 𝑝 < 0.5	 
Evaluate model performance using: 
Accuracy, Precision, Recall, F1 Score, ROC AUC 
Perform permutation feature importance analysis 

End 

Results 
Model Performance 
The proposed deep learning model was evaluated using a holdout test dataset 
consisting of 141 samples. Multiple evaluation metrics were employed to assess 
the classification performance, including accuracy, precision, recall, F1 score, 
and the area under the Receiver Operating Characteristic curve (ROC AUC). 
The model achieved an accuracy of 90.78 percent, indicating that the majority 
of students were correctly classified into the addicted and non-addicted 
categories. In addition, the model obtained a precision score of 93.67 percent, 
which suggests that most of the students predicted as addicted were indeed 
correctly identified by the model. The recall score reached 90.24 percent, 
demonstrating that the model was able to detect a large proportion of addicted 
students within the dataset. Furthermore, the F1 score of 0.9193 indicates a 
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strong balance between precision and recall, confirming that the model performs 
consistently across both evaluation dimensions. 
In addition to these metrics, the model achieved a ROC AUC value of 0.9682, 
which indicates excellent discriminative capability between addicted and non-
addicted students. A ROC AUC value close to one implies that the model can 
effectively separate the two classes across different classification thresholds. 
This strong performance suggests that the deep learning model is highly 
effective in identifying patterns related to social media addiction among 
students. Table 2 summarizes the overall classification performance of the 
proposed deep learning model. Overall, the results demonstrate that the model 
provides reliable and robust predictions for detecting students who are at risk of 
social media addiction. 

Table 2 Performance metrics of the proposed deep learning model 
Metric Score 

Accuracy 0.9078 

Precision 0.9367 

Recall 0.9024 

F1-score 0.9193 

ROC-AUC 0.9682 

Confusion Matrix Analysis 
To further evaluate the classification performance of the proposed deep learning 
model, a confusion matrix was generated to examine the distribution of correct 
and incorrect predictions across the two classes. The confusion matrix provides 
a detailed view of how well the model distinguishes between students who are 
addicted to social media and those who are not. As illustrated in figure 2, the 
model correctly classified 54 students as not addicted and 74 students as 
addicted, indicating that the model was able to accurately identify the majority 
of observations in both categories. However, a small number of 
misclassifications were observed. Specifically, 5 students who were actually not 
addicted were predicted as addicted, representing false positive cases, while 8 
students who were actually addicted were predicted as not addicted, 
representing false negative cases. Despite these misclassifications, the overall 
distribution of predictions demonstrates that the model maintains strong 
classification capability. The relatively low number of false positives and false 
negatives indicates that the model is effective in distinguishing between 
addicted and non-addicted students, thereby supporting the reliability of the 
proposed deep learning approach for identifying social edia addiction among 
students. 
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Figure 2 Confusion matrix of the deep learning model 

ROC Curve Analysis 
The Receiver Operating Characteristic curve was used to further evaluate the 
discriminative capability of the proposed deep learning model across different 
classification thresholds. The ROC curve illustrates the relationship between the 
true positive rate and the false positive rate, which provides insight into how 
effectively the model separates addicted students from non-addicted students. 
Figure 3 presents the ROC curve generated from the prediction results of the 
test dataset. As shown in the figure, the curve approaches the upper left region 
of the graph, which indicates strong classification performance and a high true 
positive rate with a relatively low false positive rate. The model achieved an Area 
Under the Curve value of 0.9682, which is considered an excellent result for 
binary classification problems. An AUC value close to one indicates that the 
model has a very high probability of correctly distinguishing between addicted 
and non-addicted students. This result demonstrates that the proposed deep 
learning model has strong predictive capability and is highly effective in 
identifying patterns related to social media addiction among students. 
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Figure 3 ROC curve of the proposed deep learning model 

Training and Validation Performance 
To monitor the model learning process, the training and validation loss as well 
as accuracy were analyzed throughout the training phase. Figure 4 presents the 
training and validation loss curves obtained during the model training process. 
As shown in the figure, both training loss and validation loss gradually decreased 
across epochs, indicating that the model progressively learned meaningful 
patterns from the dataset. The consistent decline in loss values suggests that 
the optimization process was effective and that the model parameters were 
successfully adjusted to minimize prediction errors. The absence of sharp 
fluctuations or divergence between the training and validation loss curves also 
indicates that the learning process remained stable during training. 
In addition to the loss analysis, the training and validation accuracy curves are 
presented in figure 5 to further evaluate the model learning behavior. The 
validation accuracy steadily increased during the training process and reached 
approximately 93 percent, demonstrating that the model was able to generalize 
well to unseen data. The training accuracy also improved over time, although it 
remained slightly lower than the validation accuracy. This phenomenon can 
occur when regularization techniques such as dropout are applied during model 
training. Dropout temporarily deactivates a portion of neurons during each 
training iteration, which introduces controlled noise and prevents the model from 
relying too heavily on specific features. As a result, the training process 
becomes more challenging for the model, while the validation phase is 
performed without dropout, allowing the model to utilize its full capacity. 
Consequently, this behavior suggests that the regularization strategy effectively 
reduced the risk of overfitting and improved the generalization capability of the 
proposed deep learning model. 
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Figure 4 Training and validation loss during model training 

 
Figure 5 Training and validation accuracy during model training 

Feature Importance Analysis 
To identify the most influential factors affecting the prediction of social media 
addiction, a feature importance analysis was conducted using the permutation 
importance method. Because deep learning models do not directly provide 
easily interpretable feature importance scores, a surrogate Random Forest 
model was trained using the transformed feature dataset to approximate the 
relative contribution of each variable. The permutation importance technique 
evaluates the importance of a feature by measuring the decrease in model 
performance when the values of that feature are randomly shuffled. Features 
that cause a larger decrease in performance when permuted are considered 
more influential in the prediction process. Figure 6 presents the results of the 
feature importance analysis, highlighting the variables that contribute most 
significantly to the prediction of social media addiction. This analysis helps 
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provide interpretability to the predictive model by revealing which behavioral, 
psychological, and demographic factors play the most important roles in 
determining students’ social media addiction levels. 

 
Figure 6 Top features influencing social media addiction prediction 

The analysis reveals that Mental Health Score is the most influential predictor of 
social media addiction. This suggests that students with poorer mental health 
conditions may be more vulnerable to excessive social media usage. 
Other influential factors include country-specific variables, preferred social 
media platforms, and behavioral indicators such as daily social media usage 
hours and sleep duration. These findings highlight the importance of 
psychological and behavioral factors in predicting social media addiction among 
students. 

Discussion 
The results of this study indicate that the proposed deep learning model is 
effective in predicting social media addiction among students. The model 
achieved an accuracy of 90.78 percent and an AUC value of 0.9682, which 
demonstrates strong predictive capability and excellent discriminative 
performance. These findings suggest that deep learning techniques are capable 
of capturing complex relationships between multiple behavioral, psychological, 
and demographic variables related to social media usage. The high precision 
and recall values further indicate that the model performs well in correctly 
identifying both addicted and non-addicted students. This balanced 
performance is important because reliable identification of at-risk individuals can 
support early detection efforts and help institutions design appropriate 
interventions aimed at reducing excessive social media use among students. 
The confusion matrix results also support the reliability of the proposed model. 
The model correctly classified the majority of observations in both classes, with 
only a small number of misclassifications observed in the prediction results. 
Specifically, the number of false positive and false negative cases remained 
relatively low, indicating that the model maintains consistent performance when 
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distinguishing between addicted and non-addicted students. In practical 
applications, this level of classification accuracy is valuable because early 
identification of problematic social media usage may allow educators, 
counselors, and policymakers to implement preventive measures that promote 
healthier digital behavior. Furthermore, the feature importance analysis revealed 
that mental health score plays a significant role in predicting social media 
addiction, suggesting that psychological wellbeing is closely related to patterns 
of excessive social media use. This finding reinforces the importance of 
considering both behavioral and psychological factors when analyzing 
technology related addiction in student populations. 

Conclusion  
This study developed a deep learning model to predict social media addiction 
among students using behavioral, demographic, and psychological variables 
derived from the dataset. The experimental results demonstrate that the 
proposed model achieved strong predictive performance, with an accuracy of 
90.78 percent and an AUC value of 0.9682, indicating that the model can 
effectively distinguish between addicted and non-addicted students. The 
confusion matrix analysis further confirmed that the majority of observations 
were correctly classified, with only a small number of false positive and false 
negative predictions. In addition, the feature importance analysis revealed that 
mental health score is one of the most influential predictors of social media 
addiction, highlighting the strong relationship between psychological wellbeing 
and excessive social media usage. Behavioral indicators such as daily social 
media usage duration and sleep patterns also contributed to the prediction 
process, indicating that both psychological and behavioral factors play important 
roles in understanding digital addiction among students. Overall, the findings of 
this study demonstrate that artificial intelligence-based approaches can provide 
valuable insights for identifying students who may be at risk of problematic social 
media usage and can support the development of early intervention strategies 
aimed at promoting healthier digital behavior in the academic environment. 
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