Engineering and Technology Journal e-ISSN: 2456-3358
Volume 11 Issue 02 February-2026, Page No.-9061-9067

DOI: 10.47191/etj/v11i02.32, L.F. — 8.482

© 2026, ETJ

-

e

\ {Everant Journal
A/ _{_. ' 0l AR |
\ M( ﬂl,& U i’_U

Predicting the Impact of Mobile Phone Usage on Academic Performance
Using Machine Learning: A Real-Time Digital Wellness Approach

o™

S. Vimala', Dr. G. Arockia Sahaya Sheela’

IPhD Scholar, Department of Computer Science, St.Joseph’s College(Autonomous), Tiruchirappalli —Affiliated to
Bharathidasan University, Tamil Nadu, India.
2Assistant Professor, Department of Computer Science, St.Joseph’s College(Autonomous), Tiruchirappalli —
Affiliated to Bharathidasan University, Tamil Nadu, India.

ABSTRACT : Purpose: This study investigates the impact of mobile phone usage on academic performance among students
using machine learning algorithms, with a focus on developing a predictive model for real-time digital wellness risk detection
and educational interventions. Methods: A comprehensive dataset of 5,000 students was collected through surveys and academic
records from 2023-2024. The study employed advanced machine learning techniques including Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM) networks with attention mechanisms, and traditional algorithms (Random Forest,
Gradient Boosting, Naive Bayes) to predict academic outcomes based on mobile phone usage patterns. Feature engineering
incorporated screen time, app usage categories, study-to-phone ratios, and sleep duration metrics. Results: The CNN-LSTM
model with attention mechanism achieved the highest predictive accuracy of 92%, significantly outperforming traditional
models. Students exceeding 4 hours daily on non-educational mobile applications showed a 20% decrease in academic
performance. The study-to-phone usage ratio emerged as the most significant predictor of academic outcomes, while educational
app usage demonstrated marginal positive correlations with performance. Machine learning algorithms effectively predict
mobile phone usage impact on student performance, enabling early intervention strategies for digital wellness. The findings
support the development of real-time risk detection systems for educational institutions to implement targeted interventions and
promote balanced technology use among students.

KEYWORDS: Mobile phone addiction, Academic performance, Machine learning, Digital wellness, CNN-LSTM, Attention
mechanism, Educational data mining, Risk detection

L INTRODUCTION

The proliferation of mobile technology in educational
environments has created unprecedented opportunities and
challenges for student learning. While smartphones offer
access to vast educational resources and communication
tools, concerns about their negative impact on academic
performance continue to escalate. Recent studies indicate
that excessive mobile phone usage is associated with
decreased attention spans, disrupted sleep patterns, and
reduced study effectiveness [1, 2].

The integration of artificial intelligence and machine
learning in  educational research presents novel
opportunities to analyze complex behavioral patterns and
their relationships with academic outcomes. Traditional
statistical ~approaches often fail to capture the
multidimensional nature of digital behavior and its temporal
dynamics, necessitating more sophisticated analytical
frameworks [3].

Digital wellness has emerged as a critical concern in
contemporary educational settings, encompassing the
physical, cognitive, social, and emotional aspects of
technology use. The development of predictive models for
early identification of at-risk students represents a
significant advancement in educational technology,
enabling proactive interventions rather than reactive
responses [4].

This study addresses three key research gaps: (1) the
limited application of deep learning architectures,
specifically  CNN-LSTM  models with  attention
mechanisms, in predicting mobile phone usage effects on
academic performance; (2) the absence of comprehensive
digital wellness frameworks for real-time risk detection in
educational settings; and (3) the need for evidence-based
intervention strategies informed by machine learning
predictions [5, 6].
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II. RELATED RESEARCH WORKS
A. Mobile Phone Usage and Academic Performance

Recent meta-analytical evidence demonstrates a
consistent negative correlation between smartphone
addiction and academic achievement [7]. Biswas et al.lll
conducted a comprehensive meta-analysis of 63 studies
involving 124,166 students across 28 countries, revealing a
small but statistically significant negative association (d = -
0.085) between smartphone use and academic performance.
Similarly, Hemal et al.’) found that smartphone addiction
significantly =~ correlates  with  decreased academic
achievement through mediated effects of academic anxiety
[8,9].

Pawar et al.[% investigated smartphone use effects
on perceived academic performance in elementary students,
finding positive correlations when smartphones were used
appropriately for educational purposes. However, the study
emphasized the critical role of usage patterns and time
allocation in determining outcomes. Ezzaim et al.l'll
reported significant associations between daily smartphone
usage hours, morning check frequency, and academic
performance deterioration [10].

B. Machine Learning Applications in Educational Data
Mining

The application of machine learning in educational

contexts has demonstrated significant potential for

I11. OBJECTIVES OF THE CONTRIBUTION
This research aims to achieve the following objectives:
1. Develop a predictive model using CNN-LSTM
architecture with attention mechanisms to
accurately predict the impact of mobile phone usage
on student academic performance [14].
2. Establish digital wellness risk factors through
comprehensive feature analysis and identify
key predictors of academic performance decline
[15].
3. Create a real-time detection framework for

IV. METHODOLOGY
A. Data Collection and Participants
The study employed a mixed-methods approach,
collecting data from 5,000 students across urban and rural
educational institutions during 2023-2024. Participants
ranged from middle school to university levels,
representing diverse socioeconomic backgrounds and
technological access levels.
Primary Data Sources:
e  Self-reported questionnaires capturing daily
mobile usage patterns, application categories,
study habits, sleep duration, and extracurricular
activities [17].

predicting student outcomes and informing interventions.
Recent developments in deep learning architectures,
particularly CNN-LSTM combinations, have shown
superior performance in sequential data analysis and pattern
recognition [11].

Bressane et al. compared various machine
learning algorithms for student performance prediction,
finding that ensemble methods and deep learning
approaches consistently outperform traditional statistical
models. The integration of attention mechanisms in neural
networks has further enhanced predictive accuracy by
enabling models to focus on relevant temporal features
[12].

[19]

C. Digital Wellness and Risk Detection Systems

Digital wellness frameworks have evolved to
encompass comprehensive approaches to technology use in
educational settings. Multi-tiered intervention systems
(MTSS) have emerged as effective structures for addressing
varying levels of digital wellness needs among student
populations. Real-time analytics and behavioral monitoring
systems enable early identification of problematic usage
patterns, facilitating timely interventions [13].

educational institutions to monitor
student digital wellness and implement
targeted interventions [16].

4.  Validate the effectiveness of machine learning
approaches compared to traditional
statistical methods in educational data
analysis.

5. Provide evidence-based recommendations for
educators and policymakers regarding
balanced mobile phone usage policies in
educational settings

e  Official academic records including grade point
averages, standardized test scores, and
attendance records
e Digital behavior tracking data (with informed
consent) including screen time metrics and
application usage statistics

B. Feature Engineering and Data Preprocessing
Key features were extracted and engineered to
capture multidimensional aspects of mobile phone usage
and academic behavior:
Mobile Usage Features:

e Daily screen time (hours)

e Application usage categories (social media,
gaming, educational apps, communication)
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e Study-to-phone usage ratio

e Evening/night usage patterns

e Frequency of device checking behavior

Academic and Behavioral Features:

o Sleep duration and quality indicators

e Study session lengths and frequency

e Physical activity levels

e Social interaction patterns

e Stress and anxiety self-assessment scores

Data preprocessing included Z-score outlier
detection, Min-Max normalization for feature scaling, and
handling of missing values through multiple imputation
techniques [18].

C. Machine Learning Architecture
CNN-LSTM Model with Attention Mechanism

The core architecture combined convolutional
neural networks for feature extraction with LSTM networks
for temporal sequence modeling, enhanced by attention

mechanisms for improved performance prediction [19].

Model Components:

1. Convolutional Layer: Extracted local patterns from
mobile usage sequences using 1D convolutions with
ReLU activation

2. LSTM Layer: Captured long-term dependencies in
behavioral patterns with bidirectional processing.

V. RESULTS AND DISCUSSION
A. Model Performance

The study compared six machine learning
algorithms to predict mobile phone usage impact on student
academic performance. The CNN-LSTM model with

Tablel: Model Performance Comparison

3. Attention Mechanism: Assigned dynamic weights to
temporal features based on relevance to academic
outcomes.

4. Dense Output Layer: Performed final classification and
regression predictions using softmax activation

Baseline Models

For comparative analysis, traditional machine learning

algorithms were implemented:

e Random Forest with hyperparameter tuning

e Gradient Boosting Machine (XGBoost)

e Support Vector Machine with radial basis
function kernel

e Naive Bayes classifier

e K-Nearest Neighbors algorithm
D. Model Training and Evaluation

The dataset was split into 70% training, 15%

validation, and 15% testing sets. Model performance was
evaluated using multiple metrics including accuracy,
precision, recall, F1-score, and area under the ROC curve.

Cross-validation techniques ensured robust performance

estimation and prevented overfitting [20].

Training Configuration:
o Batch size: 64
e Learning rate: 0.001 with adaptive scheduling
e Optimizer: Adam with gradient clipping
e Early stopping based on validation loss

e Regularization: Dropout (0.3) and L2 penalty
attention mechanism emerged as the top performer with
92% accuracy, significantly outperforming traditional
algorithms like Random Forest (88.2%), Gradient Boosting
(86.7%), SVM (84.3%), and Naive Bayes (78.1%).

92.00%

91.80%

92.30% 92.10%

88.20% 87.90% 88.50% 88.20% 0.93
86.70% 86.20% 87.10% 86.60% 0.92
84.30% 83.80% 84.90% 84.30% 0.9

78.10% 77.40% 79.20% 78.30% 0.85
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B. Machine Learning Model Performance Results

Machine Learning Model Performance Comparison
for Mobile Phone Usage impact Prediction
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Figure 1: Grouped Bar Chart Machine Learning Model Performance Comparison for Mobile Phone Usage Impact

Prediction
The grouped bar chart provides a comprehensive significantly outperforms all other approaches across
comparison of all five performance metrics across the every metric, with consistent performance above 91% for
different  algorithms.  This  visualization  clearly all measures.

demonstrates that the CNN-LSTM + Attention model

Radar Chart: Comprehensive Performance Comparison
of Machine Learning Models
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Figure 2: Radar Chart: Comprehensive Performance Comparison of Machine Learning Models
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The radar chart offers an alternative perspective
showing the performance profiles of each algorithm. The
CNN-LSTM + Attention model forms the outermost
polygon, indicating its superior and well-balanced
performance across all dimensions. The chart reveals that

while traditional machine learning models like Random
Forest and Gradient Boosting show decent performance,
they cannot match the deep learning approach's
consistency.

CNN-LSTM + Anenmon

Random Forest

Gradkent Boostng

Machine Learning Algorithms

Nayv= Bayes Bi1%

Model Accuracy Ranking: CNN-LSTM + Attention Achieves %‘iﬁg{'y" drmance

43,0pp Inprovesent
SV ovRr Random Fotest Ba 36

Accuracy (%)

o .

88.2%

8.7%

B 75 a0

Figure 3: Model Accuracy Ranking: CNN-LSTM + Attention Achieves Highest Performance

Best Model: CNN-LSTM + Attention
Accuracy: 92.0%
F1-Score: 92.1%
AUC: 96%

lull Performance Improvement over Random Forest:
Accuracy: +3.8 percentage points
F1-Score: +3.9 percentage points
AUC: +3 percentage points

Model Performance Range:
Highest Accuracy: 92.0% (CNN-LSTM + Attention)
Lowest Accuracy: 78.1% (Naive Bayes)
Performance Gap: 13.9 percentage points

All three visualization figures have been generated
successfully!

- Figure 1: Grouped Bar Chart (Comprehensive
Comparison)

- Figure 2: Radar Chart (Performance Profiles)

- Figure 3: Horizontal Bar Chart (Accuracy Ranking)

The accuracy ranking chart provides a focused

view of the primary performance metric, highlighting the

clear hierarchy among the models. The CNN-LSTM +
Attention model achieves 92% accuracy, representing a 3.8
percentage point improvement over the second-best
Random Forest model.

C. Key Performance Insights:
CNN-LSTM + Attention Model Advantages:

e Highest accuracy (92%) with balanced precision-
recall performance

e Superior AUC score (0.96) indicating excellent
class discrimination

e Consistent performance across all  metrics,
suggesting robust generalization
Traditional Model Performance:

e Random Forest shows the best performance among
traditional algorithms (88.2% accuracy)

e Gradient Boosting demonstrates competitive
results (86.7% accuracy)

e SVM provides moderate performance (84.3%
accuracy)

e Naive Bayes lags significantly behind (78.1%
accuracy)

The results validate the research hypothesis that deep
learning architectures with attention mechanisms are
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particularly effective for analyzing complex behavioral
patterns in educational data, providing superior predictive

CONCLUSION

This study demonstrates the significant potential of
machine learning, particularly CNN-LSTM architectures
with attention mechanisms, for predicting mobile phone
usage impacts on student academic performance. The
developed model achieved 92% accuracy in identifying at-
risk students, enabling proactive interventions through real-
time digital wellness monitoring systems.

The research reveals that mobile phone impact on
academic performance is highly dependent on usage
patterns, duration, and application types rather than mere
device presence. The critical 4-hour threshold for non-
educational usage provides a concrete guideline for
educational policies and student self-regulation strategies.

The integration of digital wellness frameworks
with predictive analytics represents a paradigm shift from
reactive to proactive educational support systems. By
identifying risk factors early, educational institutions can
implement targeted interventions that preserve the
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