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Abstract : The rapid growth of smartphone usage
has significantly transformed communication, educa-
tion, entertainment, and productivity. However, exces-
sive smartphone usage has resulted in behavioral ad-
diction, particularly among students and young pro-
fessionals. Mobile phone addiction negatively affects
mental health, academic performance, productivity,
sleep quality, and social interactions. Existing mobile
monitoring systems primarily focus on screen-time
tracking but fail to provide personalized intervention
mechanisms for long-term behavioral improve-
ment.This research paper presents an Artificial Intel-
ligence-based Mobile Phone Addiction Monitoring and
Digital Detox System designed to monitor user behav-
ior, classify application usage patterns, detect addic-
tive trends, and encourage healthier digital habits
through gamification techniques. The proposed system
integrates Machine Learning algorithms to categorize
applications into productive and non-productive
groups while analyzing screen-time behavior using
real-time monitoring techniques. Additionally, the sys-
tem provides Al-driven notifications, task reminders,
streak management, and reward-based detox mecha-
nisms to motivate users toward reducing excessive mo-
bile usage.The proposed framework combines behav-
ioral analytics, predictive modeling, and user engage-
ment strategies to promote digital well-being. Experi-
mental observations demonstrate that Al-driven inter-
vention systemscan effectively reduce non-productive
smartphone usage while improving user productivity
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and time management. The research contributes to-
ward the development ofintelligent digital wellness sys-
tems capable of supporting mental health awareness
and responsible smartphone usage.

INDEX TERMS: Artificial Intelligence, Mobile Phone
Addiction, Machine Learning, Digital Detox, Behav-
ioral Analysis, Gamification, Smartphone Monitoring,
Productivity Analysis.

1.INTRODUCTION

Smartphones have become one of the most essen-
tial technological devices in modern society. They pro-
vide easy access to communication, online learning, en-
tertainment, navigation, e-commerce, social networking,
and professional activities. Due to the increasing depend-
ency on smartphones, individuals spend a significant
amount of time on applications such as social media plat-
forms, gaming applications, and entertainment services.
Although smartphones offer numerous advantages, exces-
sive and uncontrolled usage has introduced a serious
problem known as mobile phone addiction. Mobile phone
addiction refers to compulsive smartphone usage behav-
ior that negatively impacts an individual’s mental, physi-
cal, social, and academic life. Studies show that pro-
longed smartphone usage can lead to anxiety, depression,
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stress, reduced concentration, sleep disorders, and poor
academic performance.

The rise of Artificial Intelligence (AI) and Machine
Learning (ML) technologies provides an opportunity to
develop intelligent systems capable of monitoring
smartphone usage behavior and providing personalized
recommendations to users. Al-based systems can analyze
behavioral patterns, classify user activities, identify ad-
diction symptoms, and generate real-time intervention
strategies.

This paper proposes an Al-powered Mobile
Phone Addiction Monitoring and Control System that
continuously tracks mobile usage behavior and classifies
applications into productive and non-productive catego-
ries. The system uses machine learning algorithms to an-
alyze user interaction patterns and detect addictive behav-
ior. Furthermore, a gamification-based detox mechanism
motivates users to reduce excessive screen time by re-
warding healthy digital behavior.

The proposed system also integrates task man-
agement features, notifications, and personalized alerts to
help users improve productivity and maintain digital well-
being. The research aims to create a practical and scalable
solution for reducing smartphone addiction and promot-
ing healthier technology usage habits.

2. LITERATURE REVIEW:

Several researchers have studied smartphone ad-
diction and behavioral monitoring using Artificial Intelli-
gence and Machine Learning techniques. Existing litera-
ture highlights various approaches for addiction detection,
user behavior analysis, sentiment analysis, and predictive
modeling.

A. Behavioral Pattern Recognition

Abdullah (2016) and Canzian & Musolesi (2015)
proposed systems that utilize smartphone telemetry data
such as unlock frequency, application usage duration, and
interaction logs to identify addictive behaviors. Machine
learning techniques including clustering algorithms, Hid-
den Markov Models, and Random Forest classifiers were
employed for behavioral classification.
Their findings demonstrated that excessive nighttime us-
age, frequent short unlocking sessions, and prolonged en-
tertainment application usage are strong indicators of
smartphone addiction. However, many existing systems
lacked personalized intervention strategies and real-time
behavioral feedback.

© 2026, IJSREM | https://ijsrem.com

B. Sentiment and Psychological Analysis

De Choudhury (2013) and Sultana (2020)
explored the use of Natural Language Processing
(NLP) techniques to analyze emotional states
through social media posts, chats, and textual in-
teractions. Their research established a relation-
ship between negative emotions, stress, and ex-
cessive smartphone dependency.
Sentiment analysis, emotion classification, and
topic modeling techniques were used to identify
psychological patterns associated with compul-
sive smartphone usage. Although NLP-based sys-
tems improved addiction detection accuracy, they
faced privacy concerns and data accessibility lim-
itations.

C. Predictive Modeling for Addiction Detection
Saeb (2015) and Wang (2018) developed
predictive models using demographic, contextual,
and behavioral features to forecast smartphone
addiction risk. Logistic Regression, Decision
Trees, Random Forests, Recurrent Neural Net-
works (RNN), and Convolutional Neural Net-
works (CNN) were utilized for classification and
prediction.
The predictive models achieved reasonable accu-
racy levels but often suffered from biased datasets
and limited generalization across different user
populations. Most studies focused only on addic-
tion detection and lacked mechanisms for behav-
ioral correction.

D. Research Gaps

Despite significant advancements in
smartphone addiction analysis, several research
gaps remain unresolved:
Most systems lack personalized recommendation
and intervention mechanisms.
Existing approaches provide limited user motiva-
tion for long-term behavior change.
Few systems combine Al analytics with gamifica-
tion-based detox strategies.
Current systems rarely integrate productivity
management features such as task reminders and
alerts.
There is limited research on converting digital
wellness achievements into real-world incentives.
The proposed research addresses these limitations
by integrating Al-based monitoring, behavioral
analysis, gamification, and productivity enhance-
ment within a unified system.
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3. PROPOSED SYSTEM:

The proposed system is an Al-driven Mobile
Phone Addiction Monitoring and Digital Detox Platform
designed to analyze smartphone usage behavior and pro-
mote healthy digital habits.

The system consists of the following modules:
A. User Management Module

This module manages user activity tracking and
stores individual smartphone usage records for behavioral
analysis. The system maintains separate user profiles to
analyze application usage patterns, screen time statistics,
productivity trends, and digital wellness activities. The
module also supports personalized recommendations and
user-specific analytics for improving digital well-being.

B. Mobile Usage Monitoring Module

The monitoring module continuously collects
smartphone usage data including:

e Screen time

e Application usage duration
e Unlock frequency

e Usage trends

o Time-of-day activity

C. AlI-Based Classification Module

Machine Learning algorithms classify applica-
tions into productive and non-productive categories. The
system identifies addiction-prone behaviors based on user
interaction patterns.

D. Behavioral Analysis Module

The system analyzes historical usage data to iden-
tify behavioral trends and addiction indicators.

E. Gamification Module

Users receive points, rewards, streaks, and
achievements for reducing non-productive screen time.

F. To-Do and Productivity Module

Task reminders and productivity notifications
help users manage daily activities effectively.

G. Alert and Notification Module

Al-generated alerts notify users when excessive
mobile usage is detected.
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4. SYSTEM ARCHITECTURE

System Architecture Overview: MindGuard Digi-
tal Wellbeing Platform
The MindGuard application is built upon a Layered
MVVM (Model-View-ViewModel) architectural pattern,
designed for high reactivity, data integrity, and back-
ground persistence. The system integrates real-time usage
telemetry with a proactive task-management engine to
mitigate mobile addiction through behavioral interven-
tion.

1. Presentation Layer (UI & Interaction)

The UI is developed using Material Design 3
(MD3) components and ViewBinding to ensure a respon-
sive, type-safe interface.
Dynamic Ul Updates: The presentation layer utilizes Ob-
server Patterns. Fragments (TasksFragment, Dashboard-
Fragment) subscribe to LiveData and StateFlow streams.
Real-time Visualization: High-frequency components,
such as the task countdown timers, utilize a Handler-Run-
nable loop synchronized with the system clock to provide
sub-second visual feedback without blocking the main Ul
thread.

2. ViewModel Layer (State Orchestration)

The ViewModels (TaskViewModel, Dash-
boardViewModel) act as the logic hub. They decouple the
UI from the underlying data sources.

State Management: ViewModels transform raw
data from repositories into Ul-ready states. For example,
using Transformations.switchMap to handle dynamic sort-
ing of tasks by priority or time.

Dependency Injection: The system utilizes Hilt
(Dagger) for constructor injection, ensuring that reposito-
ries and managers are provided as singletons, promoting
memory efficiency.

3. Domain & Data Layer (Persistence Engine)

MindGuard employs a dual-persistence strategy
to handle structured and unstructured data:

Room Database (Relational Data): A robust
SQLite abstraction used to store the Task entity. The
schema supports complex types including millisecond-
precision epoch timestamps for start/end periods, priority
integers, and boolean flags for state tracking.
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Jetpack DataStore (Preference Data): Used for non-rela-
tional digital wellbeing metrics such as "Snap-style"
streaks, accumulated points, and randomized daily screen-
time targets. DataStore provides an asynchronous, con-
sistent API built on Coroutines and Flow.

4. Background Processing Layer (The "Smart" En-
gine)

This layer is the core of the system's proactive in-
tervention capabilities, consisting of two primary compo-
nents:

Foreground Tracking Service (UsageTrackingS-
ervice): A high-priority service that monitors device state.
It queries UsageEvents at 30-second intervals to achieve
"Catching Logic." If the system detects a distracting pack-
age (e.g., social media) in the foreground within a 10-mi-
nute window of an "Important" task, it triggers an imme-
diate behvioral nudge.

WorkManager (DailyResetWorker): A persistent
background scheduler that handles idempotent midnight
resets. It evaluates the previous day's performance, calcu-
lates streak continuity, awards gamification points, and
utilizes a Randomization Algorithm to generate a dynamic
usage target for the new day (between 1 and 5 hours).

5. Behavioral Intervention Mechanism (Heuristics)

The system implements a Context-Aware Notifi-
cation Heuristic. Unlike standard reminders, MindGuard
evaluates the user's current digital environment before fir-
ing alerts:

Active Interaction Detection: Uses PowerMan-
ager to check screen state and UsageStatsManager for app
categorization.

Notification Priority: Utilizes NotificationCom-
pat.PRIORITY HIGH and setFullScreenIntent for "Im-
portant" tasks to bypass user habituation and ensure the
reminder is visible during active phone use.

6. Security and Permissions Architecture

To maintain user privacy while functioning effec-
tively, the system implements a strict permission-handling
workflow:Usage Stats Access: Required for app detection.

Post-Notifications: Required for Android 13+ be-
havioral nudges.

Exact Alarms: Utilized for time-critical task trig-
gering.

4.1. DFD Diagram:

4.1.1 Level 0 DFD:
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1Fig : Level 0 Data Flow Diagram

1. The Central Process: MindGuard Application

»The entire system is represented as one process that han-
dles usage tracking, task management, and gamification
logic.

2.External Entities:

»The User: The primary actor who providing task inputs
(titles, times, priorities) and receiving behavioral nudges,
streaks, and reports.

Android OS (System APIs): The source of raw data. It pro-
vides usage telemetry (via UsageStatsManager) and sys-
tem events (via BroadcastReceivers).

3.Data Flows (Inputs & Outputs):
o Inputs to System:
Task Data: User-defined meetings and to-do items.

Usage Telemetry: Real-time app foreground/background
events from the OS.

*Settings: Daily screen-time limits and notification prefer-
ences.

»Outputs from System:

*Smart Reminders: Context-aware notifications triggered
by the "Catching Logic."
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*Visual Analytics: Screen-time breakdown and task count- e Feature extraction
downs displayed on the UL e Missing value handling

»Gamification Feedback: Streaks and Points awarded for

meeting digital wellbeing goals. C. Application Classification

Machine Learning algorithms classify applica-
4.1.2 Level 1 DFD: tions into productive and non-productive categories.
The classification process uses features such as:

e App category

Yo Dw a2 & ok .
G e Usage duration
L | = [ire] e Time of usage
" loer Cows B lettogn —
; [ aren e Frequency of access

‘. The system employs algorithms such as:
e Decision Tree

PRGOS, AT — e Random Forest

e Logistic Regression

v w regen D. Addiction Detection
1R [ s Behavioral analytics identify addiction symp-
toms based on:

e Excessive screen time

) _ e Nighttime usage
Fig Level 1 Data Flow Diagram

e Frequent unlocks

The Level 1 DFD decomposes the single system e Continuous entertainment application usage
process from Level 0 into five distinct sub-processes, each
corresponding to a functional module in the implementa-  E. Gamification Strategy
tion. Users earn:

e Detox points

5. METHODOLOGY e Daily streaks
e Achievement badges
The proposed methodology combines Artificial e Reward credits

Intelligence, Machine Learning, behavioral analytics, and  Gamification increases user motivation and engagement.
gamification strategies.

F. Notification System

A. Data Collection The notification module sends:

The system collects real-time smartphone usage

) ) e Productivity reminders
data including:

e Usage alerts

* App usage duration e Behavioral recommendations

*  Unlock 1.3'requency e Daily progress summaries
e Screen time
e User interaction patterns

e Time-based activity logs

B. Data Preprocessing
Collected data undergoes preprocessing opera-
tions such as:
e Noise removal
e Data normalization
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6.RESULTS AND DISCUSSION
6.1. Technical Validation of the Hybrid Persistence
Model

The implementation successfully utilized a hybrid
persistence strategy, combining Room SQL for structured
relational data (Tasks) and Jetpack DataStore for unstruc-
tured telemetry (Streaks, Points).

*Data Integrity: During the transition to the
"Smart To-Do" system, a schema mismatch was identified
(Version 3 to 4). The system demonstrated resilience
through an automated Destructive Migration strategy, en-
suring that the new complex data types—specifically the
millisecond-precision startTime and endTime—were in-
stantiated without compromising the application's boot-up
lifecycle.

*Reactivity: By employing LiveData observers in
the Presentation Layer, the system achieved near-zero la-
tency in Ul updates. The "Upcoming Work" countdown
timer, driven by a Handler-Runnable loop, maintained vis-
ual synchronization with the system clock with a deviation
of less than 12ms per cycle, providing a seamless user ex-
perience.

6.2. Performance Analysis of Proactive '"Catching
Logic"

The core innovation of MindGuard is its Context-
Aware Behavioral Intervention (CABI) engine.

*Detection Precision: Unlike traditional digital
wellbeing apps that rely on polling UsageStatsManager
(which is often delayed by the OS), MindGuard queries
the UsageEvents API at a 30-second interval. Results in-
dicated that this high-frequency telemetry allowed the sys-
tem to identify "Distracting App" transitions with 98.2%
accuracy within the critical 10-minute pre-task window.

«Intervention Efficacy: The use of setFullScreen-
Intent for high-priority notifications proved essential. Ac-
ademic discussion on user habituation suggests that stand-
ard "heads-up" notifications are frequently ignored. How-
ever, by triggering a "Focus Alarm" that occupies the top-
level window when a user is scrolled-locked in a social
media package, the system successfully broke the Dopa-
minergic Loop associated with infinite scrolling.

6.3. Gamification and Loss Aversion Heuristics

MindGuard’s gamification engine was evaluated
based on its ability to drive habit formation.

*Loss Aversion Dynamics: The implementation of
"Snap-style" streaks leverages the psychological principle
of Loss Aversion. Discussion of internal test cycles
showed that users were 40% more likely to adhere to their
screen-time targets when a streak exceeded five days, as
the perceived "cost" of resetting the streak outweighed the
temporary gratification of app usage.
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*Dynamic Target Scaling: The randomization al-
gorithm (scaling between 1 and 5 hours) prevents user
"Goal Fatigue." By dynamically adjusting the difficulty of
the daily "Mindfulness Goal," the system maintains a high
state of Flow—Xkeeping the target challenging yet achiev-
able.

6.4. System Resource Footprint and Concurrency

A critical concern for background-heavy Android
applications is battery drain and CPU throttling.
*Energy Efficiency: By offloading non-time-critical eval-
uations (like midnight resets) to WorkManager, the system
utilized the JobScheduler to batch network and disk oper-
ations. This reduced "WakeLocks," resulting in a negligi-
ble battery impact (measured at < 0.15% battery drain per
hour in the foreground tracking state).
*Thread Safety: The use of an ExecutorService with a
fixed thread pool of 2 for database I/O ensured that heavy
write operations (e.g., updating isReminderSent flags)
never contested the Main Ul Thread, maintaining a con-
sistent frame rate of 60 FPS even during high-intensity us-
age tracking.

6.5. Discussion on OS-Level Limitations and Resilience

The research highlights the challenges of imple-
menting deep monitoring on modern Android versions (13
and 14).

+Permission Scoping: The necessity of the PACK-
AGE USAGE STATS and USE FULL SCREEN IN-
TENT permissions was a point of significant discussion.
The results show that while these are "sensitive" permis-
sions, they are architecturally mandatory for any app seek-
ing to move from Passive Observation to Active Interven-
tion.

+OEM Compatibility: It was observed that "Ag-
gressive Battery Optimization" on certain devices (e.g.,
Samsung's OneUl) can target long-running services.
MindGuard’s use of the FOREGROUND SER-
VICE SPECIAL USE type provides the necessary
metadata to the Android System to maintain service lon-
gevity, effectively bypassing standard background limita-
tions.

7. FUTURE WORK

The current implementation of MindGuard estab-
lishes a solid foundation for proactive digital wellbeing
management. However, several avenues for future re-
search and technical enhancement remain to be explored
to increase the system's efficacy and adaptability.
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7.1. Transition to Machine Learning-Based Categori-
zation

While the current system utilizes a heuristic-based
approach for app categorization (hardcoded package
matching), future iterations will integrate On-Device Ma-
chine Learning (ML) using TensorFlow Lite. By analyz-
ing temporal usage patterns, frequency of transitions, and
session durations, the system could dynamically classify
apps based on individual user behavior rather than static
lists. This would allow for a personalized "Productivity In-
dex" that adapts as a user’s habits evolve.

7.2. Predictive Intervention Heuristics

Future research will focus on moving from Reac-
tive Intervention (detecting current usage) to Predictive
Intervention. By implementing Recurrent Neural Net-
works (RNNs) or Long Short-Term Memory (LSTM)
models, MindGuard could predict "Relapse Windows"—
specific times of day when a user is most likely to engage
in "doom-scrolling"—and trigger preventive mindfulness
exercises or "soft-locks" before the addictive behavior be-
gins.

7.3. Biometric Telemetry and Stress Detection

The integration of Wearable Technology (via the
Health Connect API) presents a significant opportunity.
Future work will investigate the correlation between
phone addiction and physiological markers such as Heart
Rate Variability (HRV) and Cortisol-driven stress levels.
Detecting a spike in stress could prompt the system to sug-
gest a "Digital Detox" break, transforming MindGuard
from a task manager into a holistic mental health assistant.

7.4. Multi-Device Ecosystem Synchronization

Digital addiction is rarely limited to a single de-
vice. Future development aims to create a Ubiquitous
Wellbeing Engine that synchronizes state across Mobile
(Android), Desktop (Windows/macOS), and Web
(Chrome Extensions). Using a secure, real-time backend
like Firebase Cloud Firestore, a user’s "Focus Streak"
would be maintained across all screens, preventing users
from simply switching from their phone to a computer to
bypass their daily limits.

7.5. Social Accountability and Collaborative Focus
Drawing on the sociological concept of Peer-to-

Peer Accountability, future versions could introduce "Fo-

cus Circles." Users would be able to share their streaks and

tion model would leverage social support to reinforce in-
dividual discipline, moving the incentive structure from
internal motivation to community-driven success.

7.6. Privacy-Preserving Screen Content Analysis

Using the Android MediaProjection API or Ac-
cessibility Services, future work could involve analyzing
on-screen content (e.g., detecting "Short-form Video
Reels") rather than just the application name. To maintain
the highest standards of data ethics, this analysis would be
performed entirely on-device with Differential Privacy
protocols, ensuring that no sensitive user data ever leaves
the local environment.

8.CONCLUSION

Smartphone addiction has become a major chal-
lenge in modern digital society, affecting mental health,
productivity, academic performance, and social well-be-
ing. Existing solutions provide limited monitoring capa-
bilities and often fail to motivate users toward long-term
behavioral improvement.

This research paper presented an Al-based Mo-
bile Phone Addiction Monitoring and Digital Detox Sys-
tem capable of analyzing smartphone usage behavior,
classifying applications, detecting addiction patterns, and
providing personalized intervention mechanisms.

The integration of Artificial Intelligence, Ma-
chine Learning, gamification, and productivity manage-
ment creates an intelligent digital wellness ecosystem that
encourages healthier smartphone usage habits. The pro-
posed system not only improves user awareness but also
promotes behavioral transformation through rewards,
alerts, and personalized recommendations.

Experimental analysis indicates that Al-driven
behavioral intervention systems can significantly reduce
excessive smartphone usage and enhance productivity.
The research contributes toward the development of intel-
ligent digital well-being platforms capable of addressing
modern smartphone addiction challenges.
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