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1. Introduction

1.1 Context and Background
Social media addiction has emerged as a critical behavioural and psychological concern in the digital age, driven by the widespread use of platforms such as Instagram, TikTok, Snapchat and Facebook. The field of Artificial Intelligence (AI) offers powerful tools for understanding, monitoring, and reducing problematic online behaviours [1]. Situated within the broader disciplines of Artificial Intelligence, behavioural analytics, and digital well-being, this research explores how AI can detect patterns of excessive social media use and support interventions that reduce compulsive engagement.

AI technologies—such as machine learning, natural language processing (NLP), and deep learning—have become increasingly capable of analysing large-scale user data, including activity logs, interaction patterns, emotional sentiment, and scrolling behaviours. This enables the identification of early indicators of addiction, such as compulsive checking, reduced self-regulation, and elevated emotional dependence on online feedback loops [2].

Detailed Overview of the Field
Recent research in AI-driven behavioural analysis focuses on using predictive models to classify addictive tendencies based on user behaviour, psychological features, and digital footprints. Machine learning classifiers, sentiment analysis tools, reinforcement learning systems, and emotion-recognition algorithms are widely used to monitor digital habits [3]. AI has also been integrated into smartphone operating systems and third-party wellness apps to provide real-time usage tracking, personalised insights, and adaptive interventions.

Current Developments
There is a growing shift towards AI-enabled digital well-being solutions, such as automated screen-time regulation, personalised nudges, micro-interventions, and predictive warnings when addictive behaviour is detected. Research advancements include AI chatbots for mental-health support, emotion-aware recommendation systems designed to reduce harmful engagement, and AI models that detect risky behavioural patterns before they escalate [4]. Furthermore, recent studies highlight the potential of multimodal AI—combining text, image, biometric, and behavioural data—for more accurate addiction prediction and intervention design.

Overall, AI now represents a promising pathway for developing intelligent, adaptive, and ethically grounded systems that can help monitor and reduce social media addiction in real time.






1.2 Research Problem

Problem Statement

Social media addiction is becoming increasingly common, with compulsive use affecting mental health, productivity, and daily wellbeing. Traditional ways of identifying addictive behaviour—like self-reports or manual monitoring—are often subjective and cannot track real-time changes [5]. As platforms use features such as infinite scrolling and algorithmic feeds, problematic habits are reinforced. Although digital addiction is widely studied, we still lack smart, automated systems that can detect and reduce harmful use. This study explores how AI can monitor behaviour and deliver adaptive interventions to support healthier online habits.

Current Challenges (with literature support concepts)

A major challenge lies in the complexity and variability of addictive behaviours, which differ across users, platforms, and contexts. AI systems often struggle with limited labelled datasets, privacy restrictions, and ethical constraints surrounding behavioural monitoring. Current research highlights significant gaps in real-time detection, as many existing studies rely on static datasets or post-hoc analysis rather than continuous behavioural tracking [6].

A major challenge is integrating multimodal data—like usage time, scrolling speed, interactions, and emotional language—into reliable AI predictions, which requires tackling feature extraction, temporal modelling, and bias [6]. Another gap is intervention design, as current systems rarely offer personalised, meaningful support. Finally, privacy, transparency, and consent concerns create significant barriers to using AI-driven monitoring in real-world settings.

Overall, the research problem centres on developing an AI-driven approach capable of accurately detecting and reducing social media addiction while addressing technical, ethical, and behavioural challenges.


1.3 Research Aim and Objectives

Research Aim

The aim of this research is to develop an Artificial Intelligence–driven framework capable of monitoring, detecting, and reducing social media addiction through real-time behavioural analysis and adaptive intervention strategies [5]. The study seeks to create an intelligent, ethical, and user-centred system that leverages machine learning and behavioural analytics to identify addictive usage patterns and deliver personalised recommendations that promote healthier digital habits.

Research Objectives
To achieve this aim, the research will pursue the following measurable objectives:

1. To critically analyse existing literature, theories, models, and technologies related to social media addiction, digital well-being, and AI-driven behavioural monitoring. This objective will establish a solid foundation by exploring how addiction is defined, measured, and addressed in current research, while identifying gaps that justify the need for an AI-based solution [7].


2. To identify the key behavioural, emotional, and temporal indicators of social media addiction that can be captured and analysed through AI techniques. This includes usage patterns, interaction frequency, sentiment cues, scrolling behaviours, and feedback-driven engagement loops [8].


3. To design an AI-based predictive model capable of detecting addictive tendencies in real time using machine learning, natural language processing, and user activity data. This involves selecting appropriate features, preprocessing data, training models, evaluating performance, and ensuring interpretability [9].


4. To develop or propose an intervention mechanism that uses AI to deliver personalised notifications, adaptive recommendations, or behavioural nudges aimed at reducing excessive social media use. The objective ensures that the system does not merely detect addiction but actively contributes to reduction [10].


5. To evaluate the effectiveness, accuracy, usability, and ethical implications of the proposed AI framework.
The evaluation will consider predictive performance, user experience, privacy safeguards, and potential risks [11].

This set of objectives ensures the research is structured, measurable, and aligned with the overall aim of reducing social media addiction using Artificial Intelligence.

1.4 Significance of the Research
Social media addiction is rising and affects mental health, productivity, and overall wellbeing. Traditional interventions like self-monitoring or basic screen-time alerts are no longer effective against highly personalised, algorithm-driven platforms [12]. This research is important because it combines behavioural science and AI to create more precise, responsive, and scalable solutions.

Importance of the Research

Social media addiction is increasing and has serious effects on mental health, productivity, and everyday wellbeing. Traditional tools like self-monitoring or simple screen-time alerts are no longer effective because they fail to match the personalised, algorithm-driven nature of modern platforms [13]. This research is significant as it brings together behavioural science and AI to develop smarter, more adaptive, and scalable solutions for identifying and reducing harmful online habits.

Potential Applications

Social media addiction is rising and negatively affects mental health, productivity, and daily functioning. Older approaches—such as self-monitoring or basic screen-time alerts—no longer work because they cannot keep up with highly personalised, algorithm-driven platforms [14]. This research is important because it integrates behavioural science with AI to create smarter, adaptive, and scalable systems that can more accurately identify harmful use and support healthier online habits.
2. Literature Review

Eighteen research-backed consequences of social media addiction include compulsive usage patterns that interfere with daily functioning, increased risk of anxiety, mental health and depression due to constant connectivity, reduced academic or work performance from frequent distractions, withdrawal symptoms and irritability when access is restricted, and disrupted sleep patterns caused by late-night scrolling and screen exposure.

This study offers a clear overview of social media addiction in young users, linking psychological, social, and technological drivers to wellbeing and academic consequences [15]. Its strength lies in integrating multiple risk factors, but it remains largely descriptive. Limited methodological detail and scarce empirical validation weaken its generalisability and practical applicability.

This bibliometric study maps evolving research on social media addiction, highlighting growing interdisciplinarity and key thematic clusters. Its strength is systematic trend identification across large datasets. However, it offers limited theoretical critique and lacks depth on causal mechanisms. Findings remain high-level, reducing applicability to practical interventions or nuanced psychological understanding [16].

This study identifies psychological, behavioural, and environmental risk factors underlying social media addiction, offering valuable insights into user vulnerability. Its structured explanatory approach strengthens conceptual clarity. However, reliance on self-report measures limit’s reliability, and cultural/contextual constraints reduce generalisability. The analysis lacks longitudinal depth, restricting understanding of causal pathways and long-term impacts [17].

This study usefully links social media addiction with heightened social appearance anxiety in adolescents, highlighting important psychological consequences [18]. Its strength lies in clarifying this specific relational pathway. However, cross-sectional data limit causal claims, and cultural specificity restricts generalisation. The focus is narrow, offering limited insight into broader behavioural or developmental mechanisms.

This study effectively highlights how internet addiction and phubbing mediate the link between social media addiction and poor mental health, offering a nuanced multi-pathway model [19]. Its strength is strong theoretical integration, but reliance on self-report and cross-sectional design limits causal interpretation. Cultural and demographic constraints also reduce wider applicability.

This meta-analysis provides strong aggregated evidence linking personality traits—especially neuroticism and extraversion—to social media addiction, improving theoretical clarity [20]. Its methodological rigor is a key strength. However, heterogeneous study quality and cultural variability weaken consistency. Limited exploration of contextual moderators restricts broader generalisation and practical applicability across diverse user populations.

This study clarifies how body image mediates the relationship between adolescent self-esteem and social media addiction, offering useful psychological insight. Its focused mediation model is a strength, but reliance on cross-sectional self-reports limits causal inference [21]. Cultural specificity and narrow developmental scope restrict broader generalisation and real-world applicability.

This review summarises associations between personality traits and social media addiction, strengthening theoretical understanding through broad literature coverage [22]. However, it remains largely descriptive with limited critical evaluation. Inconsistent study quality, cultural variability, and lack of integrative modelling restrict generalisability. Practical implications and nuanced psychological mechanisms are only minimally explored.

This study highlights important links between social media addiction, cyberbullying, and victimisation among university students, offering useful insight into interconnected digital risks [23]. Its strength lies in integrating behavioural and psychological factors. However, cross-sectional self-reports limit causal conclusions, and contextual constraints reduce generalisability. Broader sociocultural or longitudinal dynamics remain underexplored

This article offers a strong ethical critique of the attention economy, arguing that platform design contributes to social media addiction and undermines user autonomy. Its philosophical depth is a strength [24]. However, limited empirical grounding weakens practical relevance, and broad generalisations reduce applicability to specific platforms, user groups, or regulatory contexts.

This study robustly links social media addiction with exacerbated depressive symptoms in adults, highlighting significant mental health implications [25]. Its strength lies in a multidisciplinary approach and large sample diversity. However, reliance on self-reported data may introduce bias, and causal relationships remain unclear. Broader generalisation across populations is limited.

This study effectively connects social media addiction and internet gaming disorder to poor sleep quality, using innovative social mediation analysis [26]. Strengths include contemporary relevance and rigorous statistical methods. Limitations involve potential self-report bias and cross-sectional design, restricting causal inference. Generalisation may be limited across age groups and cultural contexts.

This article insightfully links AI-driven social media environments with users’ digital autonomy and depression risk [27]. Its conceptual framing is strong and ethically grounded, but empirical evidence is limited. The synthesis highlights how algorithmic design shapes mental health, though generalisability is constrained by theoretical focus and lack of real-world behavioural data.

This review effectively synthesises machine-learning approaches for detecting anxiety and depression on social media [28], highlighting methodological diversity and clinical potential. Strengths include broad coverage and identification of feature-engineering trends. However, it lacks critical depth on bias, ethics, and dataset quality. Generalisability remains limited due to heterogeneous methods and inconsistent validation standards.

This review consolidates AI-driven sentiment analysis for depression detection, highlighting diverse models and growing clinical relevance [29]. Its strength lies in mapping techniques and challenges, but it remains largely descriptive, with limited methodological critique or empirical validation. Broader datasets, ethical considerations, and comparative performance analysis would improve generalisability and practical impact.

This work insightfully explores how AI systems enable subtle manipulation, linking technical capabilities with ethical risks [30]. Its conceptual depth is a strength, but it lacks empirical grounding and practical mitigation frameworks. Broader interdisciplinary evidence and clearer policy guidance would strengthen its generalisability and real-world applicability.

This survey effectively synthesises computational methods for detecting mental health signals in social media, highlighting model advances and data challenges [31]. Its strength is comprehensive coverage, yet it remains descriptive and lacks critical comparison or ethical depth. Greater evaluation of dataset biases, validation gaps, and real-world applicability would enhance generalisability and impact.

This review offers a strong synthesis of how social media shapes adolescent identity, integrating psychological and developmental perspectives [32]. Its systematic approach is a key strength, though findings rely heavily on self-report and correlational studies. Limited cultural diversity and inconsistent measures weaken generalisability, and clearer causal pathways would enhance theoretical and practical value.

2.1 Identified Literature Gaps
The literature collectively contributes strong evidence linking social media addiction to psychological distress, sleep disruption, and academic or behavioural impacts, while clarifying key mediating factors such as personality traits, body image, self-esteem, and digital behaviours [33]. It also advances theoretical understanding through meta-analyses, ethical critiques, and emerging AI-driven detection frameworks. However, notable gaps remain: most studies rely on self-report and cross-sectional designs, limiting causal insight; cultural and demographic diversity is often narrow, reducing generalisability; and many reviews are descriptive rather than critical. Limited longitudinal research, inconsistent methodological rigour, and insufficient integration of ethical, behavioural, and technological perspectives constrain practical applicability.

2.2 Theoretical and Technical Frameworks
The literature draws on a range of theoretical frameworks, including psychological models of addiction, personality theory, self-esteem and body-image mediation models, and ethical analyses of the attention economy [34]. These frameworks help explain vulnerability, cognitive mechanisms, and behavioural reinforcement patterns. Technically, studies employ statistical modelling, mediation analysis, bibliometrics, and machine-learning methods for detecting mental health indicators on social media. While these approaches offer valuable analytical depth, they often lack integration, with psychological and computational models operating separately. Technical studies frequently overlook ethical and contextual factors, while theoretical work can lack empirical grounding. A unified, interdisciplinary framework remains underdeveloped.


2.3 Methods and Technical Tools
Across the reviewed literature, researchers employ a range of technical tools and analytical methods to examine social media addiction and its psychological consequences. Common techniques include statistical modelling (regression, mediation, and structural equation modelling) to analyse behavioural and psychological pathways, as well as bibliometric mapping tools such as VOSviewer for identifying research trends [35]. Machine-learning approaches—such as SVMs, Random Forests, CNNs, and sentiment analysis models—are widely used to detect depression, anxiety, and other mental-health indicators from social media data. Natural language processing methods, including feature engineering, topic modelling, and transformer-based architectures, further support automated mental-health prediction. However, these computational techniques often suffer from inconsistent validation, dataset biases, and limited ethical consideration.

2.4 Study Relation
In relation to this body of work, my study will advance the field by integrating psychological, behavioural, and AI-based perspectives to offer a more holistic understanding of how social media affects young people's wellbeing [35, 36]. Unlike many descriptive or cross-sectional studies, my approach aims to combine conceptual critique with empirical insight, addressing gaps in causality, methodological rigour, and ethical awareness. The study’s unique contribution lies in applying AI methods not only to detect harm but also to interrogate how platform design reinforces addictive behaviours. This dual perspective provides new insights for policy, education, and digital wellbeing interventions.

2.5 Ethical and Privacy Considerations
The use of A.I for behavioural monitoring introduces profound ethical implications. Concerns include data privacy, informed consent, algorithmic bias, and the potential for psychological manipulation. Zuboff’s (2019) concept of “surveillance capitalism” warns against commercial exploitation of behavioural data, reinforcing the necessity for strong ethical design principles [37].
According to the European Commission’s Ethics Guidelines for Trustworthy A.I. (2019), responsible A.I systems must uphold human autonomy, ensure technical robustness, and promote societal well-being. In the context of social media monitoring, this means transparent algorithms, opt-in participation, and explainable models that users can understand and control.
Few studies have operationalised these guidelines in real-world digital wellbeing systems. This research proposes to incorporate ethical safeguards — including anonymisation, consent frameworks, and user feedback mechanisms — within its A.I architecture.

2.6 Summary
This literature shows that social media addiction has wide-ranging psychological, behavioural, and academic consequences but is often studied using self-reports and cross-sectional designs, limiting causal insight. While research spans psychological models, ethical critiques, and advanced AI techniques, these approaches remain poorly integrated. Machine-learning methods can detect mental-health signals, yet issues such as bias, limited validation, and weak intervention design persist. Ethical concerns—privacy, transparency, and user autonomy—are also underexplored in practical systems [37]. My study addresses these gaps by combining behavioural science, AI analysis, and ethical safeguards to create a more holistic and responsible approach to identifying and reducing addictive social media use.
3. Research Design and Methodology

3.1 Research Design
The proposed research adopts a Design Science Research (DSR) approach, supported by quantitative machine learning experimentation and ethical evaluation frameworks. Design Science is particularly suitable as it emphasises the creation and evaluation of artefacts that address practical, real-world problems through iterative development and assessment [38].
In this study, the artefact will be an A.I-based monitoring system capable of detecting, predicting, and mitigating social media addiction using behavioural and emotional data. The research will progress through the core DSR phases — problem identification, design and development, demonstration, and evaluation — ensuring both scientific rigour and practical relevance [38].
This design is justified because the topic lies at the intersection of A.I engineering and psychological wellbeing, requiring both empirical data analysis and artefact creation. Unlike purely theoretical studies, DSR enables iterative testing of hypotheses in applied contexts — for instance, refining algorithms based on real behavioural data to improve predictive accuracy and ethical transparency.
The overarching design will combine elements of behavioural analytics, natural language processing, and ethical A.I integration, as illustrated below:


	PHASE
	PURPOSE
	TECHNIQUES

	Problem Identification
	Define patterns of social media addiction and ethical requirements
	Literature analysis, gap identification

	System Design
	Develop A.I model for monitoring behaviour and emotion
	Machine Learning, NLP, architecture design

	Implementation
	Build prototype and integrate ethics modules
	Python, TensorFlow, sentiment analysis API

	Evaluation
	Assess model accuracy, usability, and ethical compliance
	Quantitative metrics, user evaluation survey


Figure 1: Phase Table








3.2 Research Methods

3.2.1 Overview of Methods
A mixed-methods approach will be used, integrating quantitative (machine learning analysis, usage metrics) and qualitative (user feedback, interpretability) methods [39].
· Quantitative methods will identify patterns of addictive behaviour from large datasets using algorithmic analysis.
· Qualitative components will evaluate ethical transparency and user trust through interviews or focus groups.
This dual strategy ensures that both the technical performance and human impact of the proposed system are assessed, aligning with the multidimensional nature of addiction [40].

3.2.2 Research Strategy
The research strategy follows an experimental and prototype-based case study model.
· Experimental component: Train and test predictive algorithms (e.g., Random Forest, SVM, Deep Neural Networks) on social media datasets.
· Case study component: Apply the prototype to real-world or simulated user data to evaluate how effectively it identifies high-risk usage patterns.
This hybrid strategy is appropriate because social media addiction involves complex, context-sensitive human behaviour. A case study allows in-depth examination of individual and group usage patterns, while experimentation ensures reproducible technical results [41].

3.3 System Architecture and Model Design
The proposed system, termed A.I Digital Wellbeing Assistant (AIDWA), consists of four main components:
Data Acquisition Layer: Collects anonymised data such as time spent, frequency of posts, emotional tone, and engagement metrics [38].
Feature Extraction Layer: Derives key behavioural indicators (e.g., session duration, posting intervals, night-time activity) and emotional states using sentiment and emotion analysis models [38].
Prediction Layer: Employs supervised learning algorithms to classify addiction risk levels (low, moderate, high).
Intervention Layer: Generates adaptive feedback (e.g., usage alerts, self-regulation prompts, or wellbeing recommendations) based on user profiles.
To ensure explainability and fairness, the architecture will incorporate XAI (Explainable Artificial Intelligence) methods such as LIME or SHAP, allowing users and researchers to understand model reasoning [41].
A simplified diagram of the architecture would show data flowing from social media APIs → preprocessing → model prediction → ethical interface.
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Figure 2: Model Design Architecture

3.4 Data Sources and Collection
3.4.1 Data Source
The study will use both secondary datasets and, if feasible, small-scale primary data collection.

Secondary Data
Publicly available datasets such as the Facebook or Twitter User Behaviour Dataset, Reddit Mental Health Dataset, or Instagram Activity Dataset (accessible through Kaggle or open repositories)[42].
These datasets typically include textual content, timestamps, and engagement statistics, making them suitable for behavioural and sentiment analysis.
Primary Data (optional extension):
A controlled data collection phase where volunteer participants share anonymised usage logs or sentiment-tagged social media interactions for pilot testing [42].
This phase will be approved by the university’s ethics committee.

3.4.2 Data Collection Tools
· APIs: Twitter API v2, Facebook Graph API for gathering public posts and metadata.
· Scraping Tools: Python libraries like Tweepy, BeautifulSoup, and Selenium (only for publicly available content).
· Questionnaires: Adapted Bergen Social Media Addiction Scale (BSMAS) to validate model predictions against psychological assessments [47].
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Figure 3: Bergen Social Media Addiction Scale


3.4.3 Data Volume and Quality
At least 50,000–100,000 user interactions are expected for robust training and validation. Data will undergo preprocessing steps including:
Tokenisation and lemmatisation. (NLTK, SpaCy)
Stop-word removal.
Normalisation of engagement metrics.
Missing value handling and outlier filtering [43].

3.5 Data Analysis and Evaluation

3.5.1 Feature Engineering
Key features will include:
Behavioural metrics: Frequency of logins, session length, night-time usage, and posting intervals.
Content metrics: Emotion polarity (positive, neutral, negative), dominant emotions (sadness, joy, anger).
Engagement metrics: Likes, shares, and comment ratio trends [44].

3.5.2 Model Training
Several supervised learning models will be compared:
Support Vector Machine (SVM) – robust for high-dimensional feature spaces.
Random Forest (RF) – interpretable ensemble method for categorical and continuous data.
Deep Neural Networks (DNNs) – particularly LSTM models for sequential user data (e.g., temporal posting behaviour).
Models will be trained and validated using 80/20 data splits, 5-fold cross-validation, and standard evaluation metrics such as Accuracy, Precision, Recall, F1-score, and ROC-AUC [45].

3.5.3 Sentiment and Emotion Analysis
Emotion detection will employ pre-trained transformer models (e.g., BERT or RoBERTa).
These models can identify nuanced emotional patterns — for instance, users expressing guilt, stress, or validation-seeking behaviour — that correlate with addictive tendencies [45,46].

3.5.4 Evaluation Criteria
Evaluation will include three dimensions:
Technical accuracy – predictive performance using quantitative metrics.
Ethical alignment – transparency, fairness, and privacy compliance (EU AI Act framework).
User trust and acceptability – measured via post-experiment surveys or interviews assessing perceived intrusiveness and usefulness [48].

3.6 Materials

3.6.1 Software
Programming Languages: Python (primary), R (for statistical validation).
Libraries: TensorFlow, Keras, Scikit-learn, NLTK, SpaCy, Hugging Face Transformers.
Data Analysis Tools: Tableau or Power BI for visual analytics; Jupyter Notebook for experimentation.
Version Control: GitHub repository for reproducibility and documentation [48].

3.6.2 Hardware
High-performance laptop or workstation (16GB+ RAM, NVIDIA GPU preferred).
Cloud computing resources (Google Colab Pro or AWS EC2) for deep learning model training [29].




3.6.3 Ethical Safeguards
Ethical design will be embedded throughout the research process:
Informed consent from participants for any primary data collection.
Anonymisation and encryption of all user data.
Transparency dashboards for explaining predictions to users.
Compliance with GDPR (2018) and University Ethics Policy [11].

3.7 Limitations of the Methodology
While robust, the methodology faces certain constraints:
Limited access to private user data may reduce the ecological validity of results.
Algorithmic bias may persist if datasets are demographically skewed.
Real-time emotion monitoring could raise privacy concerns, requiring careful communication and opt-in design [29].
The prototype’s effectiveness may depend on user cooperation with recommended interventions.
These limitations will be mitigated by focusing on open datasets, employing fairness metrics, and integrating explainability and consent mechanisms

3.8 Methodological Summary

	Research Dimension
	Description

	Research Approach
	Design Science with mixed-method validation

	Data Type
	Quantitative (usage metrics) and qualitative (user feedback)

	Algorithms
	SVM, Random Forest, LSTM, BERT

	Evaluation Metrics
	Accuracy, F1-score, ROC-AUC, user satisfaction

	Tools
	Python, TensorFlow, Tableau

	Ethics
	GDPR compliance, informed consent, explainable A.I


Figure 4: Methodological Table

This methodology ensures that the research is technically rigorous, ethically sound, and practically impactful. It aligns with the MSc standard for computational research while addressing pressing social issues related to digital wellbeing [11].
4. Expected Outcomes
The proposed study is expected to deliver both technical innovations and theoretical contributions within the domains of A.I, behavioural analytics, and digital wellbeing.

4.1 Anticipated Results
It is anticipated that the A.I system developed will be capable of:
Accurately identifying addictive behavioural patterns from social media usage data.
The system should detect key behavioural markers such as excessive session duration, irregular posting times, and emotionally charged interactions [29].
Predicting addiction risk levels (low, moderate, high) with strong model performance (target F1-score ≥ 0.85).
Generating adaptive, personalized feedback — for example, recommending rest periods, reducing notifications, or highlighting emotional distress signals.
Demonstrating transparency through explainable A.I (XAI) techniques, ensuring users and researchers understand the rationale behind predictions.
Validating alignment between computational predictions and self-reported addiction scores, such as those measured using the Bergen Social Media Addiction Scale (BSMAS) [47].
In addition, the study is expected to yield a proof-of-concept prototype, “A.I Digital Wellbeing Assistant (AIDWA),” demonstrating practical viability for real-world applications such as mobile apps, browser extensions, or platform-integrated wellbeing modules.

4.2 Theoretical and Practical Implications
 Theoretical Contributions
Advance the understanding of digital addiction dynamics through computational modelling of user behaviour.
Bridge the gap between psychological theory (e.g., reinforcement and gratification theory) and machine learning analytics, providing a new interdisciplinary framework for addiction monitoring.
Contribute to the emerging field of Ethical Artificial Intelligence, highlighting design principles for privacy-preserving digital wellbeing tools [44].
Practical Contributions
Offer a scalable and non-intrusive system capable of real-time detection and early intervention for social media overuse.
Provide insights for platform designers and policymakers on how A.I systems can promote responsible digital engagement.
Develop a baseline for A.I-driven behavioural health tools that can be extended to other digital addiction contexts (e.g., gaming or streaming) [45].

4.3 Limitations
While the anticipated outcomes are promising, several constraints are recognised:
Data Access: Full behavioural data from platforms like Instagram or TikTok may not be publicly available.
Generalisation: Models trained on specific datasets may not generalise across demographics or cultures [29].
Interpretability vs Accuracy: Balancing explainability and predictive performance remains an inherent trade-off in deep learning models.
Ethical Considerations: Continuous monitoring of digital behaviour, even when anonymised, could raise privacy and autonomy concerns [11].
These limitations will be addressed through strict adherence to ethical standards, transparency protocols, and ongoing model validation across datasets.

5. Project Timeline
The project will run for six months, structured into key milestones to ensure systematic progress from conceptualisation to evaluation [51].
	Month
	Task / Milestone
	Deliverable

	Month 1
	Literature Review and Problem Refinement
	Traditional review, research gap matrix

	Month 2
	Data Acquisition and Preprocessing
	Cleaned and labelled dataset

	Month 3
	Model Design and Development
	Prototype model (SVM / LSTM baseline)

	Month 4
	Model Training and Testing
	Evaluation report, performance metrics

	Month 5
	Prototype Integration (AIDWA)
	Fully functional monitoring tool

	Month 6
	Validation, Ethical Review, and Write-up
	Final analysis, Report submission


Figure 5: Project Timeline Table

Each milestone will be continuously reviewed under the Plan–Do–Check–Act (PDCA) framework to maintain alignment between research objectives, data quality, and ethical compliance [51].



6. Overall Presentation of the Proposal
The proposal presents a coherent and structured roadmap for the integration of A.I techniques in behavioural health research.

It demonstrates:
A strong theoretical foundation supported by contemporary literature.
A well-justified methodological design ensuring both technical robustness and ethical validity.
A clear practical contribution aimed at advancing digital wellbeing through transparent, user-centric A.I innovation [30].

By combining machine learning, behavioural psychology, and A.I ethics, this proposal contributes to an urgent societal need: the responsible use of technology to support mental health and digital balance.

7. Conclusion
This proposal outlines a feasible, ethical, and scientifically rigorous plan for investigating how Artificial Intelligence can be employed to monitor and reduce social media addiction.
It bridges key academic domains — A.I, psychology, and ethics — while addressing a critical modern issue that affects billions globally [52]. The project’s expected outcomes will contribute not only to academic knowledge but also to the development of responsible digital health technologies for the next generation.
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Bergen Social Media Addiction Scale
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You spend a lot of time thinking about social media or planning
how to use it.

You feel an urge to use social media more and more.

You use social media in order to forget about personal problems. O O O O O

You have tried to cut down on the use of social media without
success.

You become restless or troubled if you are prohibited from using
social media.

You use social media so much that it has had a negative impact
on your job/studies.

Source: Cecilie Schou Andreassen, Ph.D, et al., Psychology of Addictive Behaviors, March 2016.





