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ABSTRACT

Social media addiction is a behavioral problem experienced widely today, and usually goes unrecognized until it has reached critical levels. Yet, current research
and computational solutions largely assume the problem of addiction detection and prevention to be a static binary classification problem, which is not in line

with the actual nature of addiction as a constantly evolving process impacted by various psychological and contextual conditions.

This study proposes an explainable, outcome-driven, and temporal machine learning algorithm for the purpose of predicting social media addiction risk. Our
solution is a web-based system, based on behavioral and contextual inputs such as users' level of stress, sleep, moods, and craving. We finalized the XGBoost

algorithm for our predictive model, reaching highly competitive results in experiments (89.67% of accuracy).

Moreover, besides the efficiency of our predictive method, the developed system is focused on two important issues of the field: explaining its decisions and
incorporating the temporality of addictive processes. Specifically, SHAP (SHapley Additive Explanations) technique is used for explainability, allowing to obtain

more reliable predictions, while temporal tracking enables analyzing users' behaviors dynamically.
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1. Introduction

The emergence of a digital revolution has had an impact on the manner in which people communicate. In the last years, social media platforms have
found wide popularity among Internet users due to their ability to quickly transfer information. At the same time, excessive use of social media leads to

the occurrence of social media addiction accompanied by high stress levels and bad mood regulation along with low life satisfaction [1], [2].

A commonly used approach to assess addiction is self-report questionnaires based filled out by users themselves. Such a procedure has been shown to

produce subjective results, making the approach to using machine learning systems more relevant and efficient [9].

However, addiction prediction models used currently have several drawbacks. First of all, some models assume that addiction can be considered
separately from other factors affecting one's behavior. This consideration is incorrect since a constant change in the behavioral characteristics of people

makes such models inefficient [2], [11].

Furthermore, there is another limitation to the research in the area, which is associated with the inability of current tools for machine learning to create
logical predictions. Although machine learning models are successful in recognizing certain tendencies, they do not provide the reasoning behind them.
To solve this problem, different techniques are used, e.g., SHAP [4], [15].

Another drawback in the current addiction models is that they cannot consider various aspects of one's behavior. Since a person's actions are affected by
time-related components, it is impossible to estimate the probability of a particular condition being observed by analyzing one of the characteristics of a

person.

In connection with what has been mentioned above, the purpose of the current study is to develop an efficient addiction prediction model. An effective
algorithm for predicting the probability of addiction can be XGBoost, which works successfully with structured data [16].

2. Literature Review

The social media addiction research conducted within this paper can be categorized into two main areas. These include psychological drivers of social
media addiction and development of machine learning models for predicting addiction risk.
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Traditional addiction research relies on self-report questionnaires. Even though this technique allows understanding the user's perception of their usage
of social networks, it is rather subjective. Besides, the results collected via self-report questionnaires tend to be connected with users' perceptions of

their actions rather than actual behavior.

Recently, researchers have started using machine learning techniques to analyze behavioral characteristics (amount of smartphone usage, app usage
frequency, media engagement). Such an approach has proven to be effective as algorithms like logistic regression, random forest, and support vector
machines enable accurate predictions of addictive behavior.

Still, there are some major flaws in applying machine learning to social network addiction prediction:

First, machine learning models for addiction prediction act as black boxes implying that researchers cannot understand how they actually work. This

can be considered one of the main disadvantages of using machine learning in psychological and behavioral studies.

Second, the time factor is not taken into account. In the case of analyzing addiction behaviors, however, it becomes crucial as the probability of

addiction changes along with changing psychological and behavioral factors.

Third, contextual data is often omitted. Even though mood, stress levels, and sleep duration have an influence on addictive behavior, they are mostly

neglected.

Fourth, the machine learning process ends with creating models and validating them. Consequently, any attempts to implement the gained results in

practice never happen.

Therefore, it is necessary to develop a machine learning model for predicting behavioral changes based on contextual information.

3. Methodology
The proposed framework is designed based on three key principles: prediction, explainability, and temporal tracking.

3.1 System Architecture
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Figure 1 System Architecture

The proposed architecture is characterized by being modular and multi-layered, designed to support continuous and adaptive assessment of addiction

risk regarding the potential for developing an addiction in the continuous adaptive way.

The user interfaces are developed using the web-based approach and is implemented using Flask framework, where the consumer will provide an input
through structured questionnaires and blocking out of behavioral activities. The received data is forwarded from the client's side to the backend system,

which is a system responsible for coordinating the framework aspects.

The primary component of the system will be the Prediction Engine, which will be created using XGBoost machine learning algorithm to generate both
categorical (low, medium, high) and continuous addition risk scores In terms of its applicability, XGBoost is used primarily due to its effectiveness
with structured data. At the same time, this model allows establishing complicated relationships between features, which is required in this case since

the behavior of each user depends on several factors.

Together with the prediction task, the explainability module developed on the basis of the SHAP framework is implemented in the research. Such a
module is critical in terms of identifying the impact of certain features on the final prediction and therefore makes the system understandable and easily
applicable in practice. By doing so, it will allow revealing the best-performing features during predictions so that the users could understand the

rationale behind the results.
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Other supportive elements include Architecture itself, Outcome Evaluation Module, which is the process of identifying predictions' accuracy by
comparing the results with previously made ones, Temporal Modeling Module, which tracks behavioral changes in time and recognizes trends and
patterns, Simulation Module, which gives the option to simulate hypothetical behavioral changes and their influence on future predictions, Data Store
Layer, which stores information about the user's details and history of risk, Interactive Dashboard Visualization Layer, which presents the results,
Report Generator Module, which generates reports, and finally the Administrative Module, which gives an opportunity to control the system.

This is an approach that guarantees proper functioning of the behavioral surveillance in terms of interpretation and dynamic behavior analysis.

3.2 Data and Features
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Figure 2 Dataset Workflow Pipeline

The database in this research is obtained by means of questionnaires including common psychological tests such as the Depression, Anxiety, and Stress
Scale (DASS). Apart from it, user behavior is measured via daily check-ins that allow analyzing patterns in everyday activity.

The features considered in this analysis can be divided into static and dynamic ones. While static features refer to questionnaire responses, they are
related to the overall behavioral pattern of the user and do not change over time.

As for dynamic features, they contain information about such factors as current mood, level of stress, and patterns of user interaction. Dynamic features
are relevant in terms of short-term fluctuations.

By considering all of these features, it is possible to assess not only long-term but also short-term patterns of user behavior. After collecting all required
features, preprocessing operations are performed including cleaning and normalization of the data. Furthermore, feature selection is required at this
stage.

3.3 Model Development

To build a model for predicting the probability of involvement in social media interaction, some machine learning methods were considered.

The methods used included Logistic Regression, Support Vector Machine, Random Forest, and XGBoost. From the experiments conducted, all the
methods demonstrated similar effectiveness, but XGBoost proved to be more accurate, giving an accuracy rate of 89.67%. On the other hand, the
accuracy rates of the Random Forest, SVM, and Logistic Regression models were 87.57%, 88.62%, and 88.74% respectively.

While there were no considerable differences between the effectiveness of the models used, XGBoost was selected based on its great ability to

generalize feature interactions, among others.

3.4 Explainable AI Layer

In order to achieve greater transparency, the explainability module, namely SHAP, has been added into the system. This algorithm makes it possible to
determine contributions of particular features to each prediction.

Thus, by analyzing SHAP values, the system will be able to highlight behavioral attributes that are crucial for identifying risky addiction.
3.5 Temporal Tracking

To consider changes in behavioral tendencies, temporal tracking is used in the framework. The proposed system does not rely on single input and
predictions; it constantly analyzes user behavior over time.

In this regard, the model can trace behavioral patterns, detect tendencies towards addiction as well as estimate both short- and long-term changes. Thus,
the results of addiction risk assessment become more realistic and variable, depending on constant changes.
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To ensure the model's accuracy, it's essential to track time, because social media addiction changes over time due to psychological and external factors.

3.6 Behavioral Adjustment Layer

The behavioral adjustment layer allows monitoring user behavior and adjusting to any changes. The model stores prediction results over time, allowing
performing longitudinal analysis of behavior and tracing behavioral patterns.

Thus, the system adapts to user behavior changes continuously, which increases its importance concerning users' actual situation. Adaptive behavioral
changes make the system closer to reality, which adds to the accuracy of estimates.

3.7 Workflow

On the whole, the system operates using the adaptive workflow. The workflow starts with data collection through user input, followed by preprocessing.

After that, machine learning methods are utilized to estimate user behavior and predict risk. Further, the explainability module is applied and behavior
changes are tracked.

Behavioral changes simulation and generation of personalized insights through the dashboard are additional capabilities that improve user experience.

Results obtained and all information processed is stored in a database. In the end, users receive reports about their behaviors and risks of addiction.

4. Result and Discussion

Table 1 displays the accuracy rate of each of the classifiers as the criteria to evaluate the performance of the models.

Model Accuracy (%)
XGBoost 89.67
Logistic Regression 88.74
Support Vector Machine 88.62
Random Forest 87.57

Table 1 Comparison of Performance of Machine Learning Models

It is apparent from the results shown in Table 1 that all models have close performance indicators, the highest of which (89.67%) belongs to the
XGBoost model. Nonetheless, due to the minor differences between them, the XGBoost model was chosen for further evaluation owing to its reliability
and compatibility with the SHAP approach to explainable Al.
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Figure 3 Confusion Matrix of the XGBoost Model

Confusion Matrix of Classifier in Figure 3 demonstrates that the classifier makes balanced predictions of low-, moderate-, and high-risk groups and,
therefore, can be regarded as rather effective.
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Figure 4 Demonstrates the SHAP Feature Importance Analysis

Figure 4 presents the SHAP feature importance analysis for the model. Based on the outcomes obtained, the following factors contribute significantly to

addictive behavior: screen use, nighttime activity, and intensity of behavior, which confirms the findings of other studies [1], [3].
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Figure 5 demonstrates the temporal analysis of addiction risk over time
Figure 5 illustrates risk changes at different times. The outcomes obtained suggest that the risks of addictive behavior vary according to time periods
and, therefore, should be accounted for when predictions are made [2], [11].

It is evident from the above findings that the proposed framework is successful in merging the elements of prediction, explainability, and temporal

analysis in addiction risk prediction, hence making it more realistic and understandable.

5. Conclusion

This study presents an architecture for social media addiction risk prediction using artificial intelligence and machine learning approaches. Through the
use of predictive modeling, explainability, and temporal behavioral analysis, this method allows for understanding the risk factors and their dynamics.

The proposed SHAP technique can contribute to enhance the interpretability of models, as it explains the effect of each particular attribute on model
predictions. In addition, using temporal modeling, the dynamic analysis of user behavior and predicting the risk of addiction becomes possible. Thus,

the above properties of the proposed approach enable overcoming the limitations of previous studies and creating more flexible models.

Our experimental results showed the high performance of the suggested solution, and additionally, new findings regarding the factors contributing to

the formation of social media addiction were obtained.
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It is possible to continue our research in the future by improving the behavioral data used during the training process for the sake of achieving higher

precision.
To conclude, we proposed an effective method for assessing the probability of social media addiction.
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