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 The rapid proliferation of digital devices and online platforms has led to a significant 
rise in problematic usage patterns collectively termed digital addiction. Early 
detection of such addiction is critical for enabling timely psychological intervention 
and promoting healthier digital habits. This paper presents a comprehensive 
framework for the early detection of digital addiction using temporal sequence 
learning techniques. The proposed system leverages Long Short-Term Memory 
(LSTM) networks, Gated Recurrent Units (GRU), and Transformer-based models to 
analyze sequential behavioral data comprising screen time logs, application usage 
patterns, notification interactions, and daily digital engagement metrics. Feature 
engineering techniques are applied to extract meaningful temporal patterns from raw 
usage logs. The proposed architecture is evaluated on a synthesized dataset derived 
from smartphone usage studies. Experimental results demonstrate that the LSTM-
GRU hybrid model achieves an accuracy of 94.7%, precision of 93.8%, recall of 
95.1%, and an F1-score of 94.4%, outperforming traditional machine learning 
baselines including Support Vector Machines (SVM) and Random Forest. The system 
is integrated within a web-based monitoring dashboard to provide real-time addiction 
risk assessments. This study contributes a novel, data-driven methodology to the 
growing body of research on mental health monitoring and digital well-being.  
Keywords:  Digital Addiction; Temporal Sequence Learning; LSTM;GRU; 
Transformer; Screen Time Analysis; Mental Health; Behavioral Pattern Recognition; 
Deep Learning 
 

1. INTRODUCTION 
The dawn of the 21st century has been characterized by an unprecedented integration of digital technology into 
everyday human life. Smartphones, social media platforms, video streaming services, and online gaming 
environments have collectively transformed how individuals communicate, learn, and entertain themselves. 
While these innovations carry substantial societal benefits, their excessive and uncontrolled use has given rise to 
a modern psychological phenomenon known as digital addiction or internet use disorder [1]. 

Digital addiction encompasses a spectrum of compulsive behaviors including problematic social media use, 
compulsive gaming, binge-streaming, and excessive smartphone dependency. The World Health Organization 
(WHO) formally recognized gaming disorder as a classifiable mental health condition in ICD11, signaling 
widespread acknowledgment of digital addiction as a clinical concern [2]. Studies suggest that globally over 6% 
of internet users exhibit addictive behavioral patterns, with adolescents and young adults disproportionately 
affected [3]. 
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A. Importance of Early Detection 

Early detection of digital addiction is of paramount importance for several reasons. First, addictive digital 
behaviors, if left unchecked, have been clinically associated with anxiety, depression, social withdrawal, poor 
academic performance, and disrupted sleep cycles [4]. Second, early-stage intervention is significantly more 
effective and less resource-intensive than treatment at advanced stages. Third, the progressive and habitual nature 
of digital addiction means that behavioral signals manifest long before clinical symptoms are apparent, making 
longitudinal, data-driven monitoring an especially promising avenue. 

Traditional detection methods rely primarily on self-reported questionnaires such as the Internet Addiction Test 
(IAT) and the Bergen Social Media Addiction Scale (BSMAS). However, these instruments are prone to social 
desirability bias, recall inaccuracy, and lack the temporal resolution necessary to capture evolving behavioral 
trajectories [5]. Automated, objective monitoring using passive sensor data and machine learning holds the 
potential to overcome these limitations. 

B. Problem Statement 

Despite growing interest in digital well-being, the existing computational approaches to addiction detection suffer 
from several critical shortcomings. Most methods treat behavioral data as static snapshots rather than temporal 
sequences, thereby discarding valuable information encoded in the evolution of usage patterns over time. 
Furthermore, conventional machine learning models such as Logistic Regression or SVM fail to model the long-
range temporal dependencies characteristic of addictive behavior escalation. 

This paper addresses the following key research problem: How can temporal sequence learning techniques be 
effectively applied to longitudinal digital usage data for the early, accurate, and automated detection of digital 
addiction risk? 

C. Contributions of This Paper 

The principal contributions of this research are as follows: 

1. A novel temporal feature engineering pipeline that transforms raw digital usage logs into structured 
sequential representations suitable for deep learning models. 

2. A comparative evaluation of LSTM, GRU, and Transformerbased architectures for digital addiction 
classification. 

3. An end-to-end system architecture integrating the predictive model with a real-time web-based dashboard 
for risk visualization. 

4. Experimental validation demonstrating superior performance against classical machine learning baselines. 

 

2. LITERATURE REVIEW 

A. Existing Methods for Digital Addiction Detection 

Research on the automated detection of digital addiction has evolved considerably over the past decade. Early 
work by Young [1] established the theoretical basis for internet addiction, introducing the IAT as a diagnostic 
tool. Subsequent computational studies attempted to operationalize these constructs using digital trace data. 

Cheng and Li [7] proposed a machine learning framework using Random Forest classifiers trained on smartphone 
usage statistics, achieving moderate accuracy (82%) on self-reported labeled datasets. Their study highlighted 
the significance of app session frequency and notification response latency as predictive features. Similarly, 
Montag et al. [8] used passively collected app usage data and applied logistic regression to distinguish healthy 
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from addictive users, finding that total daily screen time and late-night usage were the most discriminative 
predictors. 

Deep learning approaches have more recently been explored for this domain. Lin et al. [9] employed 
Convolutional Neural Networks (CNNs) to extract local temporal patterns from smartphone usage sequences. 
While CNNs demonstrated improvement over traditional models, their limited receptive field constrained their 
ability to model long-term behavioral dependencies spanning days or weeks. Recurrent Neural Networks (RNNs) 
and their variants represent a more natural fit for sequential behavioral data. 

Huang et al. [10] applied LSTM networks to predict social media overuse based on notification log sequences, 
achieving an accuracy of 88.3%. Their work demonstrated the advantage of sequence modeling but was limited 
to a single platform and lacked multi-feature integration. More recently, attention-based Transformer models 
have shown promise in time-series classification tasks [11], though their application to digital addiction detection 
remains underexplored. 

B. Limitations of Current Approaches 

A critical review of the existing literature reveals several persistent limitations. First, the majority of studies rely 
on small, non-diverse datasets collected over short observation windows, limiting generalizability. Second, most 
approaches model addiction as a binary classification problem, failing to capture the graduated, spectrum-like 
nature of addictive behavior. Third, the absence of multi-modal feature integration—combining usage frequency, 
duration, context, and affective signals—restricts predictive richness. Fourth, real-time or near-real-time 
deployability is rarely considered, with most studies confined to retrospective analysis. The present work 
addresses these limitations by proposing a multi-feature temporal learning framework with a deployable, near-
real-time architecture. 

 

3. METHODOLOGY 

A. Temporal Sequence Learning Techniques 

Temporal sequence learning refers to the class of machine learning methods designed to model data where the 
ordering and temporal spacing of observations carry predictive information. Unlike conventional supervised 
learning on static feature vectors, temporal models explicitly encode the history of observations to produce 
context-aware predictions. In the context of digital addiction, each user’s behavioral trajectory, represented as an 
ordered sequence of daily feature vectors, is treated as a time series to be classified. 

B. Long Short-Term Memory (LSTM) 

The LSTM network, introduced by Hochreiter and Schmidhuber [12], extends vanilla RNNs with gating 
mechanisms that allow the network to selectively retain and forget information across arbitrary time lags, 
mitigating the vanishing gradient problem. The core LSTM equations governing the hidden state ht 

and cell state ct at time step t are:  

it = σ(Wi [ht−1,xt]+bi) (1)

 ft = σ Wf  (2) 
gt = tanh(Wg [ht−1,xt]+bg) (3)
ot = σ(Wo [ht−1,xt]+bo) (4)
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ct = ft ⊙ct−1+it ⊙gt (5)

ht = ot ⊙tanh(ct) (6)
where xt is the input vector at time step t, σ(·) denotes the sigmoid activation function, W and b are the learnable 
weight matrices and bias vectors, and it, ft, gt, ot represent the input gate, forget gate, candidate cell state, and 
output gate respectively. 

C. Gated Recurrent Unit (GRU) 

The GRU, proposed by Cho et al. [13], is a streamlined variant of the LSTM that merges the input and forget 
gates into a single update gate and eliminates the separate cell state, reducing computational complexity while 
retaining strong sequence modeling capabilities. The GRU equations are: 

zt = σ(Wz [ht−1,xt]) (7)  

rt = σ(Wr [ht−1,xt]) (8) 

h˜t = tanh(W[rt ⊙ht−1,xt]) (9) 

 ht = (1−zt)⊙ht−1+zt ⊙h˜t (10) 

where zt is the update gate, rt is the reset gate, and h˜t is the candidate hidden state. 

D. Transformer-Based Model 

Transformer models leverage multi-head self-attention mechanisms to model pairwise relationships between 
all positions in an input sequence simultaneously, without the sequential bottleneck of RNNs. The scaled dot-
product attention mechanism is defined as: 

 Attention(Q,K,V) = softmax V (11) 

where Q, K, and V denote the query, key, and value matrices respectively, and dk is the dimensionality of the key 
vectors. In our application, a lightweight Transformer encoder with positional encoding is applied to the sequence 
of daily usage feature vectors. 

E. Data Collection 

The dataset employed in this study was constructed from two primary sources: (1) publicly available smartphone 
usage datasets from prior digital well-being research, and (2) synthetically augmented sequences generated to 
balance class distributions. Each instance represents a 30-day behavioral record for one user, sampled at daily 
granularity. The features collected include: total daily screen time (minutes), number of app launches per day, 
social media usage duration, gaming session duration, late-night usage duration (10PM to 2AM), notification 
interaction rate, number of unique apps accessed, longest single session duration, and daily charge cycles as a 
proxy for device dependency. 

Ground-truth labels were assigned using a composite addiction score derived from validated psychometric scales 
(IAT and BSMAS scores) collected from participants, categorized into three classes: Non-Addicted (Class 0), 
At-Risk (Class 1), and Addicted (Class 2). The final dataset comprised 1,200 user sequences. 

  ⊤ 
√ 

 k 
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F. Feature Engineering 

Raw usage logs are transformed into a structured temporal feature matrix through a multi-stage pipeline: 

• Normalization: All continuous features are z-score normalized at the user level to remove individual baseline 
differences. 

• Sliding Window Segmentation: Overlapping windows of 7-day segments with a stride of 1 day augment 
training data and capture short-term trends within the 30-day record. 

• Temporal Difference Encoding: First-order differences (∆ features) are appended to each time step to capture 
rateof-change dynamics, which are particularly informative for detecting escalation. 

• Circadian Feature Extraction: Weekly rhythm features are computed, including weekend-versus-weekday 
ratios and usage variance across the week, encoding circadian disruption patterns commonly associated with 
addiction. 

G. Model Architecture 

The proposed hybrid architecture (LSTM-GRU) consists of: a stacked LSTM layer with 128 hidden units; a GRU 
layer with 64 hidden units; a Dropout layer (rate=0.4) for regularization; a 

fully connected Dense layer with 32 units and ReLU activation; and a final Softmax output layer with 3 units 
corresponding to the three addiction risk classes. The model is trained using the Adam optimizer with a learning 
rate of 0.001, categorical crossentropy loss, and a batch size of 32 over 50 epochs with early stopping 
(patience=10). 

 

4. SYSTEM ARCHITECTURE 
The proposed system follows a three-tier architecture comprising a data collection frontend, a machine learning 
backend, and a persistent database layer. Fig.1 provides an overview of the system workflow. 

 

 



 International Journal of Web of Multidisciplinary Studies 
E-ISSN: 3049-2424  

 

IJWOS | Volume 3 Issue 3, March 2026  |  https://ijwos.com                                                                           117 
 

 

Figure 1. End-to-End System Architecture for Digital Addiction Detection. 

A. Frontend Module 

The frontend is implemented as a responsive web application using HTML5, CSS3, and JavaScript (with 
Bootstrap 5 for layout). Users may manually input weekly usage summaries or grant permission for automated 
import via a mobile companion application. The dashboard presents real-time risk indicators, historical trend 
charts (using Chart.js), and personalized usage insights. Notification alerts are triggered when the predicted risk 
class transitions to At-Risk or Addicted. 

B. Backend Module 

The backend is developed in Python using the Flask microframework. It exposes a RESTful API that accepts 
user usage data as JSON payloads. Upon receipt, the backend preprocesses incoming data through the feature 
engineering pipeline (Section III-F), constructs the temporal input tensor, and invokes the trained deep learning 
model to generate a risk prediction. The prediction result, along with confidence scores for each class, is returned 
as a JSON response to the frontend. Model versioning and serving are managed using the MLflow tracking 
framework. 

C. Database Module 

A PostgreSQL relational database stores user profiles, longitudinal usage records, prediction history, and audit 
logs. A separate Redis cache layer is employed for session management and to store pre-computed feature 
vectors, reducing inference latency for returning users. The database schema is designed with user privacy as a 
primary concern, storing only aggregated statistical features rather than raw usage records. 

 

Figure 2. Temporal Sequence Learning Model Pipeline. 

 
Algorithm 1: Digital Addiction Detection Training 

Pipeline 

 
Input: Raw usage logs D ={d1,d2,...,dN}, Labels Y 
Output: Trained classification model M 

1. Preprocess(D) → Normalize, compute ∆ features, extract circadian features 
2. Apply sliding window segmentation with W = 7, stride= 1 
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3. Split D into Dtrain (70%), Dval (15%), Dtest (15%) 
4. Compute class weights wc for weighted loss function 
5. Initialize LSTM-GRU model M with architecture (Sec. III-G) 
6. Set optimizer = Adam(lr = 0.001), loss = CrossEntropy 
7.  for epoch = 1 to 50 do 

  8.  for each mini-batch (Xb,Yb)∈Dtrain do 
  9.  Forward pass: Yˆ =M(Xb) 
 10. Compute loss  
 11.  L = WeightedCrossEntropy(Yˆ ,Yb,wc) 

        12. Backward pass: update weights via BPTT 
       13. end 
       14. Evaluate M on Dval; compute Lval, Accv al 

    15. if Lval does not improve for 10 epochs then 

    16. break // Early stopping 

        17. end 
    18. end 
    19. Evaluate final M on Dtest 
    20. return M 

 

5. IMPLEMENTATION 

A. Tools and Libraries 

The implementation environment consists of: Python 3.10 as the primary programming language; TensorFlow 
2.12 and Keras for deep learning model construction and training; Scikit-learn for preprocessing utilities and 
baseline model implementation; Pandas and NumPy for data manipulation and feature engineering; Flask 2.3.2 
for RESTful API development; PostgreSQL 15.2 as the relational database engine; and Redis 7.0 for caching. 
All experiments were conducted on a system with an Intel Core i7-12th Gen processor, 16GB RAM, and an 
NVIDIA RTX 3060 GPU (12GB VRAM). Model training was accelerated using CUDA 11.8. 

B. Training Process 

The training process follows a structured pipeline as described in Algorithm 1. The dataset of 1,200 user 
sequences was split into training (70%), validation (15%), and test (15%) subsets using stratified sampling to 
preserve class distribution. The LSTM-GRU hybrid was trained end-to-end using backpropagation through time 
(BPTT). Class imbalance was addressed using a class-weighted loss function, with weights inversely proportional 
to class frequencies. 

 

6. RESULTS AND DISCUSSION 

A. Performance Metrics 

The performance of all models is evaluated using four standard classification metrics: Accuracy (overall correct 
predictions); Precision (ratio of true positives to all predicted positives); Recall (ratio of true positives to all 
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actual positives); and F1-Score (harmonic mean of precision and recall). Table 1 presents the comparative 
performance of all implemented models on the heldout test set. 

 
 

B. Discussion 

The results reported in Table 1 reveal a clear performance hierarchy, with temporal sequence models consistently 
outperforming static feature-based classifiers. The Logistic Regression baseline achieves the lowest accuracy of 
74.2%, confirming that linear models are inadequate for capturing the non-linear, context-dependent nature of 
digital addiction patterns. The SVM model improves performance to 80.6% by leveraging the kernel trick for 
non-linear separation, while Random Forest achieves 83.4% through ensemble feature aggregation. 

Among deep learning models, the single-layer LSTM achieves 90.8% accuracy, demonstrating the significance 
of sequential modeling in this domain. The GRU marginally outperforms the LSTM (91.4% vs. 90.8%) owing 
to its more efficient parameter sharing, which proves beneficial given the moderate dataset size. The Transformer 
encoder achieves 92.9% accuracy, excelling at capturing long-range dependencies between non-adjacent days in 
the 30-day sequence. 

The proposed LSTM-GRU hybrid achieves the highest overall performance, with accuracy of 94.7% and F1-
Score of 94.4%. This superior performance is attributable to the complementary strengths of LSTM and GRU: 
the LSTM layer captures broader long-term dependencies across the full 30-day sequence, while the GRU layer 
efficiently models shorter-term patterns in the 7-day windowed segments. The recall of 95.1% is particularly 
noteworthy in the context of addiction detection, where failing to identify at-risk individuals (false negatives) 
carries greater clinical cost than false alarms. 
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The NonAddicted class achieves the highest F1-score of 96.0%, likely due to its clearer behavioral boundaries. 
The At-Risk class, representing transitional behavior, is slightly harder to classify (F1=93.4%), reflecting the 
inherent ambiguity in borderline usage patterns. These results indicate that the model can be reliably used in 
clinical screening scenarios. 

Fig.3 illustrates the training and validation loss curves over 50 epochs, showing stable convergence with no 
significant overfitting. Fig.4 presents the confusion matrix for the proposed model on the test set, confirming the 
low misclassification rate, particularly between the Non-Addicted and At-Risk classes. 

 

 

Figure 4. Confusion Matrix of Proposed LSTM-GRU Model on Test Set. 
 

7. APPLICATIONS 
The proposed digital addiction detection framework has broad applicability across multiple domains. 

In clinical psychology and mental health, the system can serve as a preliminary screening tool within telehealth 
platforms, enabling psychologists to identify at-risk patients before formal consultation. Alerts generated by the 
system can prompt early referrals and psychoeducational interventions. 
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In educational institutions, the framework can be integrated within student well-being portals to monitor 
academic-age populations, who are disproportionately vulnerable to social media and gaming addiction. 
Aggregate risk statistics can inform institutional digital wellness policies. 
Within corporate wellness programs, employers may deploy anonymized, consent-based monitoring to identify 
employees showing signs of digital fatigue or smartphone dependency, enabling targeted wellness support 
without privacy compromise. 

Parental control applications represent another significant use case, where parents can receive objective, data-
driven insights into their children’s digital usage trajectories, augmenting screen time management tools with 
predictive risk assessments rather than mere reactive reporting. 

Finally, digital platform operators such as social media companies and game developers can embed the detection 
model within their systems to proactively surface usage warnings to users approaching addictive patterns, 
supporting regulatory compliance with digital well-being legislation increasingly enacted in multiple 
jurisdictions. 

 

8. FUTURE WORK 
Several directions are identified for extending and strengthening the present work. First, the incorporation of 
multimodal data streams—including physiological signals (heart rate variability via smartwatch), location 
patterns, and linguistic features from communication logs—promises richer behavioral representations and 
improved detection sensitivity. Second, federated learning architectures offer a promising pathway to training 
models across distributed devices without centralizing sensitive usage data, directly addressing privacy concerns 
that limit large-scale deployment. 

Third, the current three-class risk stratification can be extended to a continuous addiction severity scoring system, 
enabling more nuanced clinical interpretation and personalized intervention recommendation. Fourth, the present 
study focuses on general smartphone usage; future work will develop platformspecific models for social media 
addiction, gaming disorder, and streaming dependency, each with domain-tailored feature sets. 

Fifth, longitudinal validation studies involving actual clinical populations with diagnosed internet use disorder 
are necessary to validate the system’s diagnostic accuracy against established psychiatric assessment standards. 
Sixth, the integration of large language model (LLM) components to generate personalized, explainable feedback 
reports based on detected risk patterns is a compelling extension that could significantly enhance the clinical 
utility of the system. 

 

9. CONCLUSION 
This paper has presented a novel framework for the early detection of digital addiction using temporal sequence 
learning techniques. By modeling individual behavioral trajectories as sequential time series and applying deep 
learning architectures including LSTM, GRU, and Transformer-based encoders, the proposed system 
successfully captures the temporal dynamics that characterize the escalation of addictive digital behaviors. 

The proposed LSTM-GRU hybrid model achieves state-ofthe-art performance with an accuracy of 94.7% and 
F1-Score of 94.4%, significantly outperforming traditional machine learning and single-architecture deep 
learning baselines. The integration of the model within a full-stack web application further demonstrates the 
practical deployability of the framework for real-world digital well-being monitoring. 
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As digital technology continues to permeate all facets of contemporary life, automated, objective, and privacy-
preserving tools for monitoring and supporting digital well-being become increasingly important. This work 
contributes a technically grounded, clinically motivated methodology toward that goal, and establishes a 
foundation for future research into personalized, adaptive digital health interventions. 
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