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Abstract — Smartphone addiction has become a growing concern due to excessive dependence on mobile devices for 

communication, entertainment, and social interaction. This research focuses on a data-centric machine learning framework for 

detecting smartphone addiction by analyzing user behavioral patterns such as screen time, unlock frequency, app usage, and 

night-time activity. Unlike traditional model-focused approaches, the proposed framework emphasizes data quality, 

preprocessing, feature engineering, and reliable labeling to improve prediction performance. The study aims to support early 

identification of addiction risk and contribute to the development of intelligent digital well-being systems for healthier 

smartphone usage habits. 
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I. INTRODUCTION 
 

The widespread adoption of smartphones has transformed 

modern life by providing instant access to communication, 

education, entertainment, and social networking. Their 

convenience and multifunctionality have made them essential 

tools for individuals across different age groups, especially 

students and young adults. However, this rapid growth in 

smartphone usage has also raised concerns regarding excessive 

dependence and unhealthy usage behavior. 

 

Smartphone addiction is increasingly recognized as a 

behavioral issue that can negatively affect academic 

performance, mental health, sleep quality, concentration, and 

interpersonal relationships. Excessive screen exposure, 

compulsive checking habits, and prolonged engagement with 

social media or gaming applications are common signs of 

problematic smartphone use. As these behaviors often develop 

gradually, early detection becomes both important and 

challenging. 

 

Traditional methods for identifying smartphone addiction 

mainly rely on self-reported questionnaires and psychological 

assessment scales. Although such methods are widely used, 

they may not always provide fully accurate results due to 

response bias and subjective interpretation. In contrast, 

smartphone-generated behavioral data offers a more objective 

and continuous source of information for understanding usage 

patterns and identifying potential addiction indicators. 

 

Machine Learning has emerged as an effective approach for 

analyzing large volumes of behavioral data and detecting 

complex patterns associated with smartphone addiction. A data-

centric ML framework further strengthens this process  

 

by prioritizing data quality, preprocessing, feature extraction, 

and labeling consistency before model optimization. This study 

explores how such a framework can improve detection 

reliability and support the development of smarter digital well-

being solutions. 

 

II. PROBLEM STATEMENT 
 

Smartphone addiction has emerged as a significant behavioral 

concern, particularly among students and young adults who 

depend heavily on mobile devices for communication, learning, 

and entertainment. Although the problem is widely observed, 

identifying addiction accurately remains difficult because 

usage behavior varies across individuals and is influenced by 

daily habits, emotional state, and social environment. 

 

Conventional detection methods often rely on observation or 

questionnaire-based assessment, which may not fully capture 

actual smartphone dependency. This creates a need for a more 

reliable and structured approach that can analyze real 

behavioral data and support accurate addiction detection 

through machine learning techniques. 

 

1. Challenges in Manual Detection 

Manual detection of smartphone addiction is difficult because 

excessive usage does not always appear immediately harmful. 

Many users consider frequent smartphone use normal, 

especially when it is linked to study, work, or social interaction. 

As a result, it becomes challenging to distinguish between 
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regular high usage and addictive behavior through simple 

observation. 

 

Another challenge is that addiction-related patterns such as 

repeated checking, prolonged night-time use, or compulsive 

app switching often develop gradually. These behaviors may 

remain unnoticed by parents, teachers, or even the users 

themselves. Therefore, manual judgment alone may not be 

sufficient for early and consistent detection. 

 

Key points: 

 Behavioral signs differ from one user to another  

 High usage does not always mean addiction  

 Addiction patterns may develop slowly over time  

 Manual observation lacks consistency and precision  

 

2. Limitations of Self-Reported Assessment 

Self-reported assessment methods, such as surveys and 

addiction scales, are commonly used in smartphone addiction 

research. While these tools are helpful for collecting user 

feedback, they depend heavily on personal honesty, memory, 

and self-awareness. Users may underreport or overestimate 

their actual smartphone usage, which can reduce the reliability 

of the results. 

 

In many cases, individuals are not fully aware of how often they 

unlock their phones, how much time they spend on certain apps, 

or how frequently they use smartphones late at night. This gap 

between perceived and actual behavior makes questionnaire-

based methods less effective when used alone for accurate 

addiction detection. 

 

Key points: 

 Responses may be biased or inaccurate  

 Users may misjudge their own usage habits  

 Self-reports depend on memory and honesty  

 Subjective data reduces detection reliability  

 

3. Need for a Data-Centric Detection Approach 

A data-centric detection approach is necessary because 

smartphone usage generates continuous and measurable 

behavioral data that can provide a more objective view of user 

habits. Features such as screen time, unlock frequency, app 

usage duration, and night-time activity can help identify 

addiction-related patterns more accurately than subjective 

reports alone. 

 

Unlike model-centric methods that mainly focus on improving 

algorithms, a data-centric framework prioritizes data quality, 

cleaning, feature relevance, and reliable labeling. This 

approach is especially important in smartphone addiction 

detection, where noisy logs, missing values, and inconsistent 

behavior can strongly affect machine learning performance. 

Better data leads to more stable and trustworthy predictions. 

 

Key points: 

 Behavioral data provides objective evidence of 

smartphone use  

 Data quality directly affects ML prediction performance  

 Cleaning and labeling improve model reliability  

 Data-centric ML supports more accurate addiction 

detection 

 

III. DATA COLLECTION AND 

PREPROCESSING 
 

Data collection and preprocessing are critical stages in 

smartphone addiction detection because the quality of 

behavioral data directly affects the performance of machine 

learning models. Since smartphone usage logs are often large, 

noisy, and inconsistent, they must be carefully prepared before 

being used for analysis and classification. 

 

A data-centric approach gives strong importance to collecting 

relevant data, removing errors, handling missing values, and 

standardizing features. Proper preprocessing ensures that the 

extracted behavioral patterns truly reflect user habits rather 

than random noise or incomplete records. This improves the 

reliability of addiction detection systems. 

 

1. Data Sources and Acquisition 

Smartphone addiction detection relies on collecting behavioral 

data generated during daily device usage. This data can be 

obtained from system logs, app usage records, screen activity, 

and interaction events. Such sources provide continuous and 

objective information about how frequently and intensely a 

user interacts with the smartphone. 

 

The collected data should represent both the duration and 

frequency of smartphone engagement. Usage records from 

communication, entertainment, and social networking apps are 

especially valuable because these categories often show strong 

links with addictive behavior. Reliable data acquisition is 

essential for building a strong detection framework. 

 

Key points: 

 App usage logs are a primary data source  

 Screen-on and screen-off events are useful indicators  

 Unlock count reflects interaction frequency  

 Social media and gaming activity provide strong signals  
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2. Data Cleaning and Noise Removal 

Raw smartphone data may contain duplicate records, 

incomplete logs, or background activity that does not represent 

intentional user behavior. If these issues are not addressed, the 

model may learn misleading patterns and produce inaccurate 

predictions. Therefore, cleaning the dataset is an important step 

in the framework. 

 

Noise removal helps eliminate irrelevant or distorted 

information from the collected data. For example, automatic 

background app refresh or system-level processes may increase 

recorded activity without reflecting actual user dependency. 

Filtering such noise improves the quality and trustworthiness 

of extracted features. 

 

Key points: 

 Duplicate entries should be removed  

 Incomplete records must be filtered  

 Background app activity can create false signals  

 Noise reduction improves feature reliability  

 

3. Handling Missing Values and Standardization 

Missing values are common in smartphone usage datasets due 

to app permission issues, logging interruptions, or device 

limitations. If ignored, these gaps can reduce model 

performance and lead to incorrect behavioral interpretations. 

Appropriate handling methods such as imputation or exclusion 

of unreliable records are therefore necessary. 

 

Standardization is also important because different users may 

have widely different usage scales. Normalizing features such 

as screen time, session count, and app duration allows machine 

learning models to compare behavioral patterns more 

effectively. This ensures consistency across the dataset and 

improves classification stability. 

 

Key points: 

 Missing values may occur due to logging gaps  

 Data imputation can reduce information loss  

 Standardization improves consistency across users  

 Normalized features support better model training  

 

4. Privacy and Ethical Considerations 

Since smartphone addiction detection involves collecting 

personal behavioral data, privacy and ethical concerns must be 

addressed carefully. Users may consider app usage history, 

screen activity, and interaction logs sensitive information. 

Therefore, data collection should be performed only with clear 

user consent and transparency. 

Ethical handling of the dataset includes anonymization, secure 

storage, and restricted access to personal information. The 

system should collect only the data necessary for addiction 

detection and avoid unnecessary intrusion into private user 

behavior. A privacy-aware design increases trust and supports 

responsible deployment of the framework. 

 

Key points: 

 User consent is essential before data collection  

 Behavioral data should be anonymized  

 Secure storage protects sensitive information  

 Ethical design supports trust and responsible use  

 

IV. PROPOSED DATA-CENTRIC ML 

FRAMEWORK 
 

A data-centric machine learning framework focuses on 

improving the quality of data before optimizing the model 

itself. In smartphone addiction detection, this approach is 

highly effective because raw mobile usage data often contains 

noise, missing values, inconsistent logs, and irrelevant 

background activity. Instead of relying only on advanced 

algorithms, the framework emphasizes better preprocessing, 

feature quality, and reliable labeling. 

 

This framework is designed to transform raw smartphone usage 

behavior into meaningful and structured information that can 

be used for accurate addiction prediction. By improving data 

quality at every stage, the proposed system aims to produce 

more stable, interpretable, and practical results for real-world 

digital well-being applications. 

 

1. Framework Architecture 

The proposed framework follows a structured pipeline that 

begins with data acquisition and ends with model evaluation. 

Each stage is designed to improve the usefulness of the 

behavioral data before it is passed into machine learning 

models. This ensures that the system learns from relevant and 

reliable patterns rather than from raw and unprocessed records. 

A modular framework also makes the system easier to update 

in the future. New data sources, additional features, or 

improved preprocessing methods can be added without 

changing the entire workflow. This makes the framework 

scalable and suitable for further research and practical 

implementation. 

 

Key points: 

 Starts from smartphone usage data collection  

 Includes preprocessing and feature preparation  

 Ends with model training and evaluation  
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 Modular design supports future improvements  

 

2. Model Selection for Classification 

Model selection is an important part of the framework because 

different machine learning algorithms may perform differently 

depending on the dataset and behavioral features. For 

smartphone addiction detection, both simple and advanced 

classification models can be tested to identify the most suitable 

approach. 

 

Commonly used models include Logistic Regression, Decision 

Tree, Random Forest, and Support Vector Machine. Ensemble 

methods such as Random Forest or XGBoost are often 

preferred because they can capture complex behavioral 

relationships and provide better prediction performance when 

trained on high-quality data. 

 

Key points: 

 Logistic Regression can be used as a baseline model  

 Decision Tree provides simple interpretability  

 Random Forest offers robust ensemble performance  

 SVM and XGBoost can improve classification accuracy  

 

3. Data-Centric Optimization Techniques 

Data-centric optimization focuses on improving the dataset 

rather than only tuning the model. This is especially important 

in smartphone addiction detection because behavioral logs may 

contain noisy records, missing values, class imbalance, and 

weak labels. If these issues are not corrected, the model may 

learn inaccurate patterns. 

 

Techniques such as noise filtering, feature refinement, missing 

value handling, and class balancing can significantly improve 

prediction quality. Methods like oversampling or SMOTE may 

be used when addicted users are underrepresented in the 

dataset. These steps help create a more balanced and reliable 

training process. 

 

Key points: 

 Remove noisy or irrelevant usage records  

 Improve feature quality through refinement  

 Handle class imbalance using oversampling or SMOTE  

 Better data quality improves model stability  

 

4. Workflow for Training and Validation 

After preprocessing and feature preparation, the dataset is 

divided into training and testing sets to evaluate the model 

properly. The training data is used to learn addiction-related 

patterns, while the testing data measures how well the model 

performs on unseen samples. This helps ensure that the system 

is not only accurate but also generalizable. 

 

Validation techniques such as cross-validation can further 

improve the reliability of the results. Hyperparameter tuning 

may also be applied to compare different models fairly. A 

proper workflow ensures that the final framework produces 

trustworthy and reproducible outcomes for smartphone 

addiction detection. 

 

Key points: 

 Split dataset into training and testing sets  

 Use cross-validation for reliable evaluation  

 Compare multiple models on the same data  

 Select the best model based on overall performance  

 

V. CONCLUSION AND FUTURE SCOPE 
 

Smartphone addiction has become an important digital health 

concern due to its impact on mental well-being, academic 

performance, sleep quality, and daily productivity. As 

smartphone dependency continues to increase, traditional 

assessment methods alone are no longer sufficient for accurate 

and early detection. This study highlights the importance of 

using behavioral data and machine learning to address this 

challenge more effectively. 

 

The proposed data-centric machine learning framework offers 

a practical and reliable approach by focusing on data quality, 

preprocessing, feature relevance, and structured model 

evaluation. By improving the dataset before optimizing the 

model, the framework can enhance prediction accuracy and 

support the development of intelligent digital well-being 

systems for real-world use. 

 

1. Summary of Findings 

This study emphasizes that smartphone addiction detection 

should not rely only on complex machine learning models. 

Instead, strong attention must also be given to the quality of the 

collected data, including cleaning, normalization, and 

meaningful feature extraction. A data-centric approach can 

provide better reliability and more stable classification results. 

The framework shows that behavioral indicators such as screen 

time, unlock frequency, and app usage patterns can be useful in 

identifying addiction-related tendencies. When these features 

are properly processed and labeled, they can support accurate 

and interpretable machine learning predictions. 
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Key points: 

 Smartphone addiction is a growing digital well-being issue  

 Behavioral data can support objective detection  

 Data quality strongly affects ML performance  

 Data-centric methods improve prediction reliability  

 

2. Significance of the Proposed Framework 

The proposed framework is significant because it shifts the 

focus from only improving algorithms to improving the overall 

quality of the data pipeline. In smartphone addiction detection, 

this is important because inaccurate or noisy behavioral logs 

can reduce the effectiveness of even advanced machine 

learning models. 

 

By emphasizing preprocessing, feature consistency, and 

reliable validation, the framework creates a more dependable 

detection system. This makes the approach useful not only for 

academic research but also for practical applications in digital 

health and user behavior monitoring. 

 

Key points: 

 Prioritizes data quality before model complexity  

 Reduces the impact of noisy and incomplete data  

 Improves consistency in addiction prediction  

 Useful for both research and practical deployment  

 

3. Practical Applications 

A smartphone addiction detection framework has several 

practical uses in educational, personal, and healthcare settings. 

It can help identify risky smartphone behavior early and 

support users in developing healthier digital habits. This makes 

it valuable for students, parents, counselors, and application 

developers. 

 

The framework can also be integrated into digital well-being 

platforms or mobile health systems. Such systems can provide 

usage alerts, habit reports, or personalized recommendations to 

reduce excessive smartphone dependence and improve daily 

productivity. 

 

Key points: 

 Can support student mental health monitoring  

 Useful in parental guidance and awareness tools  

 Can be integrated into digital well-being apps  

 Helps provide early warnings and healthy usage insights  

 

4. Future Research Directions 

Future research can improve this framework by introducing 

real-time and on-device smartphone addiction detection 

systems. Instead of analyzing data only after collection, future 

systems may monitor behavioral patterns continuously and 

provide instant feedback to users. This can make addiction 

prevention more proactive and practical. 

 

Advanced methods such as deep learning, federated learning, 

and explainable AI can also strengthen the framework. These 

techniques can improve pattern recognition, preserve user 

privacy, and make model decisions easier to understand. Such 

developments can make smartphone addiction detection more 

scalable, secure, and user-friendly. 

 

Key points: 

 Real-time on-device detection can be explored  

 Deep learning may capture complex usage patterns  

 Federated learning can improve privacy protection  

 Explainable AI can increase trust in predictions  
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