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Abstract – The rapid usage of smartphones has altered contemporary lives by boosting communication, education, 

entertainment, and professional activities. In spite of these benefits, smartphone addiction, low productivity, damaged social 

connections, and other mental and physical health issues are common outcomes of excessive use, which has become a major 

public health concern. Early identification of people showing addictive smartphone use habits is thus vital for implementing 

timely prevention measures and individualised therapies. Advances in Machine Learning (ML) have made it possible to analyse 

behavioural data and accurately identify addiction tendencies using computational methodologies. Using demographic, 

behavioural, and psychological data gathered from a structured survey, this study introduces a smart machine learning 

framework for the prediction of smartphone addiction. There are 21 predictive indicators in the dataset that describe things 

like demographics, smartphone use, and mental health issues including anxiety, depression, and stress. Data is preprocessed by 

filling in missing values, encoding labels, and normalising features before model building begins in order to maximise learning 

efficiency. Multiple machine learning algorithms, namely Decision Tree, Random Forest, Logistic Regression, Multi-Layer 

Perceptron (MLP), and Adaptive Moment Estimation (Adam), are employed to construct predictive models capable of 

identifying individuals at risk of smartphone addiction. Common performance indicators, like as classification accuracy, are 

used to assess the trained models. Addiction may be predicted by behavioural variables such as the amount of time spent using a 

smartphone each day, how often one checks their notifications, how they use applications, their stress levels, their age, and their 

gender, according to the findings of an experiment. By allowing early addiction identification and encouraging healthy 

smartphone use patterns, the suggested architecture demonstrates how machine learning may assist healthcare providers, 

educators, and application developers. 

 

Keywords - Machine Learning, Smartphone Addiction, Behavioral Pattern Analysis, User Behavior Modeling, Predictive 

Analytics, Digital Well-being

 
 

I. INTRODUCTION  
 

Smartphones have become an integral part of people's 

daily lives due to the fast development of mobile 

communication technology. The internet, social media, 

online education, digital banking, entertainment, 

healthcare, and workplace collaboration are just a few of 

the many services offered by modern smartphones. Their 

convenience and versatility have significantly improved 

productivity and accessibility across various sectors. 

However, continual dependency on cellphones has also 

generated various behavioral obstacles, among which 

smartphone addiction has become one of the most 

worrisome concerns impacting persons of all age groups.  

 

Addiction to smartphones is defined as compulsive and 

unchecked use of mobile devices that gets in the way of 

normal life and negatively impacts one's health, happiness, 

productivity at work, relationships with friends and family, 

and overall mental and emotional well-being. Individuals 

with smartphone addiction usually demonstrate compulsive 

behaviors such as continually checking alerts, extended 

social media engagement, excessive gaming, and persistent 

internet surfing. Over time, these habits of behaviour may 

amplify existing problems with stress, anxiety, depression, 

sleep, focus, and quality of life. Thus, in order to lessen the 

psychological and social effects in the long run, early 

identification of addiction signs is crucial.  

 

Clinical exams, questionnaires, and manual psychological 

evaluations are the mainstays of traditional methods for 

diagnosing smartphone addiction. Although these methods 

provide valuable insights into behavioral patterns, they 

often require considerable human expertise and may not be 

suitable for continuous monitoring of large populations. 

Furthermore, reporting bias and discrepancies among 

respondents are potential issues with subjective evaluation 

methodologies. These constraints have spurred academics 

to study intelligent computational algorithms capable of 

automatically evaluating user behavior and correctly 

detecting addiction tendencies.  

 

Predictive systems that can learn patterns of behaviour 

from data collected have recently been developed thanks to 

advancements in Machine Learning (ML). Instead of 

depending on manually defined decision rules, machine 

learning algorithms can effectively identify complex 

relationships among demographic characteristics, 

smartphone usage behaviours, and psychological factors. 

Healthcare providers and academics may benefit from 

these intelligent systems' objective and efficient prediction 

models, which they derive by analysing massive amounts 
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of behavioural data, while trying to identify people who 

might need preventative intervention.  

 

Using 21 input features pertaining to smartphone usage 

habits, demographic information, and psychological 

conditions, the proposed study develops a prediction 

framework based on machine learning. The data comes 

from behavioural surveys. There is an investigation on the 

predictive power of several machine learning algorithms 

for smartphone addiction, including Decision Tree, 

Random Forest, Logistic Regression, Multi-Layer 

Perceptron (MLP), and Adaptive Moment Estimation 

(Adam). Our main goal is to create a smart prediction 

system that can help with early detection, personalised 

intervention, and making data-driven decisions about 

healthier smartphone use. 

 

II. LITERATURE SURVEY 
 

Healthcare providers, psychologists, and computer 

scientists are all very interested in finding ways to detect 

people who may be at danger of developing an addiction to 

smartphones, according to the epidemic's growing 

prevalence. There have been a lot of studies looking at 

how different mental, behavioural, and physiological 

issues are associated with heavy smartphone use. 

Intelligent prediction systems that can analyse user 

behaviour and aid in early addiction identification have 

recently become possible because to breakthroughs in AI 

and ML.  

 

A number of studies have looked at how students' 

smartphone use affects their learning and behaviour. 

Researchers have shown that students' motivation, learning 

experiences, and academic engagement may be favourably 

impacted by cellphones when utilised effectively in studies 

assessing mobile learning apps. It is important to keep 

smartphone use under check since being too reliant on 

them may have detrimental effects on focus, social 

engagement, and academic achievement. While there are 

many educational benefits to using cellphones, our results 

show that excessive use may lead to addictive behaviours 

that need to be monitored and addressed.  

 

The mental and physiological effects of heavy smartphone 

use have been the subject of several studies. Studies on 

musculoskeletal problems, postural irregularities, and neck 

discomfort have shown that young individuals and office 

workers are more vulnerable to the negative effects of 

prolonged smartphone use on their physical health. In a 

similar vein, observational studies that looked at hand-grip 

strength, pinch-grip strength, and screen usage for lengthy 

periods of time found that using a smartphone too much 

might hurt your muscles and joints. According to their 

research, the negative effects of smartphone addiction on 

one's physical health can be just as severe as those on one's 

mental health.  

 

Through the analysis of demographic indicators, 

behavioural data, smartphone use patterns, and 

psychological variables, Machine Learning (ML) methods 

have been more widely used in recent research to forecast 

smartphone addiction. Due to their capacity to discover 

intricate correlations among many behavioural 

characteristics, traditional supervised learning algorithms 

like Decision Tree, Random Forest, and Logistic 

Regression have shown encouraging prediction 

performance. Recent advances in deep learning have 

allowed for the improvement of prediction accuracy via 

the discovery of nonlinear behavioural patterns in survey 

data. One such method is Multi-Layer Perceptrons (MLP) 

trained utilising optimisation techniques like Adaptive 

Moment Estimation (Adam).  

 

Existing smartphone addiction prediction algorithms still 

encounter issues related to small datasets, behavioural 

variability, self-reported survey answers, and demographic 

diversity, despite significant advancements. Therefore, 

scientists are still looking into better machine learning 

frameworks that can incorporate statistics on smartphone 

use, psychological tests, and demographic data to aid 

healthcare providers in early detection and preventative 

intervention. 

 

III.PROPOSED METHODOLOGY 
 

An intelligent Smartphone Addiction Prediction System 

that uses Machine Learning to detect people whose 

behaviour is linked to excessive smartphone use is 

presented in the suggested framework. The main goal of 

the system is to predict the probability of smartphone 

addiction by analysing demographic data, smartphone use 

habits, and psychological traits. The suggested framework 

uses a number of machine learning algorithms to create an 

automated decision-support system that can help 

researchers, educators, and healthcare providers identify 

people who could need help soon.  

 

The first step in making predictions is gathering data, 

which is done by having people who use smartphones fill 

out a standardised questionnaire. There are around 500 

survey records in the dataset with 21 predictive features. 

These features include things like age and gender, how 

often people check their notifications, how much screen 

time they spend each day, which apps they use, how much 

power they use, and psychological factors like stress, 

anxiety, and depression. Taken together, these 

characteristics describe an individual's smartphone use 

habits and possible addiction signs in great detail.  

 

A thorough data preparation step is applied to the survey 

replies after data collection in order to enhance data 

quality and model performance. By using imputation 

methods, missing data may be effectively handled, and 

Label Encoding can be used to convert categorical 

variables into numerical representations. After that, 

numerical attributes are normalised so that feature scales 
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remain consistent and convergence is improved when 

training the model. Machine learning algorithms are able 

to successfully discover behavioural correlations linked to 

smartphone addiction because these preprocessing 

methods remove dataset discrepancies.  

 

Splitting the dataset into a training set and a testing set 

follows preparation. Several machine learning algorithms, 

such as Decision Tree, Random Forest, Logistic 

Regression, Multi-Layer Perceptron (MLP), and Adaptive 

Moment Estimation (Adam), are used to build predictive 

models on top of the training dataset. It is possible to 

compare the prediction performance of various algorithms 

as they all use different methods to analyse behavioural 

patterns. Models trained with the Adam optimiser capture 

complex nonlinear interactions among behavioural 

features, Decision Tree and Random Forest models 

provide interpretable classification rules, and Logistic 

Regression estimates addiction probability using statistical 

relationships.  

 

 
Figure 1. Proposed Architecture 

  

 
Figure 2. Workflow of Smartphone Addiction Prediction 

The last step is to assess the trained models' predicted 

performance using the testing dataset. Classification 

accuracy is one of the standard evaluation metrics used to 

compare the efficacy of algorithms and find the best 

prediction model. To help identify potential high-risk 

smartphone users early on, the system uses learned 

behavioural patterns to classify people into addiction 

categories like Not Addicted, Possibly Addicted, or 

Addicted. As a result, the suggested machine learning 

framework aids in preventative healthcare, behavioural 

monitoring, and smart decision-making in addition to 

providing an accurate, efficient, and scalable answer for 

smartphone addiction prediction. 

 

IV. METHODOLOGY 
 

The suggested approach analyses demographic, 

behavioural, and psychological data gathered from a 

survey in order to forecast smartphone addiction using a 

structured Machine Learning (ML) pipeline. Several 

sequential steps make up the framework, which includes 

data collecting, preprocessing, feature engineering, 

training the model, prediction, and performance 

assessment. At each level, we get closer to a more accurate 

and reliable prediction model, which in turn allows us to 

spot people showing signs of smartphone addiction earlier.  

In the first step, we use a structured survey to get data from 

people who use smartphones. This survey will include 

several elements of how people use their smartphones. The 

dataset includes around 500 records with 21 predictive 

attributes. These attributes include demographic 

information like age and gender, as well as behavioural 

data like battery-related actions, social interaction, and 

psychological variables like stress, anxiety, and 

depression. The dataset also includes information about 

demographics like smartphone usage duration and 

notification-checking frequency, as well as information 

about dependence on mobile devices and application usage 

patterns. Taken together, these factors provide enough data 

for predictive modelling and characterise the behaviours 

linked to smartphone addiction.  

 

The dataset is preprocessed once data collection is finished 

in order to remove inconsistent elements and enhance data 

quality. The identification and replacement of missing data 

using suitable imputation methods ensures that no 

information is lost during the training of the model. Label 

Encoding is used to transform categorical variables into 

numerical representations that machine learning algorithms 

can understand, as some survey replies include category 

values. To further eliminate bias due by different feature 

scales and make sure all features contribute equally during 

model training, numerical characteristics are normalised. 

The model's convergence and prediction performance are 

greatly enhanced by these preprocessing techniques.  

 

A training subset and a testing subset are created from the 

cleaned dataset after preprocessing. Predictive models that 

can learn patterns of behaviour related to smartphone 
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addiction are built using the training dataset, and their 

generalisability is tested using the testing dataset. By 

keeping them apart, we can be confident that the model's 

prediction performance is reflective of its capacity to 

categorise user data that has never been seen before.  

 

Afterwards, the prediction model is developed using a 

number of machine learning methods. In order to 

categorise people based on their behaviours, the Decision 

Tree algorithm builds hierarchical decision rules. Through 

ensemble learning, Random Forest combines several 

decision trees to improve prediction accuracy. By 

analysing the statistical correlations between the input 

variables, Logistic Regression can determine the likelihood 

of developing an addiction to smartphones. Furthermore, 

for better addiction tendency prediction, a Multi-Layer 

Perceptron (MLP) trained using the Adaptive Moment 

Estimation (Adam) optimisation approach captures 

complicated nonlinear relationships between behavioural 

data. The best prediction model for evaluating smartphone 

addiction may be found by comparing these algorithms.  

 

Predictions are made using the testing dataset after model 

training. Based on observed patterns of behaviour, each 

algorithm learns to categorise people according to the 

likelihood that they will get addicted to their smartphones. 

In order to identify potentially dangerous users early on, 

the system sorts them into three groups: Not Addicted, 

Possibly Addicted, and Addicted. In the end, standardised 

classification criteria, namely accuracy, are used to assess 

each algorithm's prediction performance, enabling an 

unbiased comparison of various machine learning 

methods. Supporting preventative healthcare, behavioural 

monitoring, and tailored intervention measures, the whole 

approach offers a scalable and economical framework for 

intelligent smartphone addiction prediction. 

 

V. EXPERIMENTAL RESULTS AND 

DISCUSSION 
 

The behavioural dataset, which includes 500 survey 

answers and 21 predictive variables, is used to assess the 

efficacy of the suggested smartphone addiction prediction 

framework. The experimental study looks at how well 

various machine learning algorithms can categorise 

smartphone users based on their propensity for addiction. 

To find the best prediction model for behavioural 

addiction study, we do comparison tests using Decision 

Tree, Random Forest, Logistic Regression, Multi-Layer 

Perceptron (MLP), and Adaptive Moment Estimation 

(Adam).  

 

To make sure that all machine learning algorithms use the 

same representation of the input, the dataset is 

preprocessed before model training by managing missing 

values, encoding labels, and normalising features. To 

ensure fair assessment of prediction accuracy, the 

processed dataset is split into training and testing subsets. 

Each algorithm learns to differentiate between non-

addicted and addicted smartphone users by establishing 

links between demographic data, psychological traits, and 

use patterns.  

 

Predicting smartphone addiction relies heavily on 

behavioural traits, according to experimental review. Many 

factors go into making the forecast, such as how long a 

person uses their smartphone each day, how often they 

check their notifications, what apps they use, how much 

power they use, how stressed out they are, how old they 

are, and what gender they are. In order to distinguish 

between those whose smartphone use is unhealthy and 

those whose is healthy, the trained machine learning 

models were able to detect significant patterns of 

behaviour.  

 

Because they can capture complicated nonlinear 

interactions among behavioural characteristics, models 

based on ensembles and neural networks often provide 

better prediction performance, according to comparative 

studies. Multi-Layer Perceptron (MLP) trained using the 

Adam optimiser successfully represents complicated 

interactions among psychological and behavioural factors, 

whereas Random Forest benefits from ensemble learning 

by mixing many decision trees to increase classification 

robustness. Despite having less complex learning 

processes, Decision Tree and Logistic Regression are both 

applicable to behavioural analysis because they provide 

interpretable classification rules and, respectively, assess 

the likelihood of addiction via statistical modelling.  

 

An interactive interface allows users to obtain quick 

prediction results after responding to the behavioural 

questionnaire, further demonstrating the created prediction 

system's practical application. The algorithm sorts people 

into three addiction categories—Not Addicted, Possibly 

Addicted, and Addicted—based on the patterns of 

behaviour it has learnt. Early behavioural evaluation is 

made possible by this computerised prediction, which 

allows healthcare providers, counsellors, and educational 

institutions to intervene in a timely manner.  

 

The results of the experiments show that machine learning 

is a good computational method for predicting smartphone 

addiction. In an effort to promote better smartphone use 

habits and improve psychological well-being, the 

suggested framework effectively analyses behavioural 

survey data, predicts addiction tendencies, and helps 

intelligent decision-making. 

 

VI. FUTURE ENHANCEMENT 
 

Several improvements may further improve the accuracy, 

scalability, and real-world application of the proposed 

machine learning system, even if it shows promising 

performance in predicting smartphone addiction. Future 

study may concentrate on gathering bigger and more 

varied datasets that include people from various age 

groups, educational levels, jobs, and geographical areas. 

http://www.ijnrefm.com/


 

International Journal for Novel Research in Economics , Finance and Management  

www.ijnrefm.com 

ISSN:3048-7722 

Volume 4, Issue 4, July-Aug-2026, PP: 01-6 
 

 Page-5 

  

To enhance their capacity to generalise across various 

populations, prediction models would benefit from a larger 

dataset that would allow them to learn more general 

behavioural patterns.  

 

Rather than depending just on data collected via 

questionnaires, another significant step is to include real-

time data on smartphone use straight from mobile devices. 

Features such as screen-on time, application use length, 

notification frequency, battery consumption, typing habit, 

sleep patterns, and social media activity may enable 

continuous behavioral monitoring, enabling more precise 

and individualised addiction prediction. Prediction 

accuracy and reliance on self-reported survey results might 

both be enhanced by means of such automated data 

collecting.  

 

To further understand the patterns of smartphone use over 

time, future research may look into more complex Deep 

Learning architectures such as LSTM networks, RNNs, 

Transformer-based models, and hybrid deep learning 

methods. Early detection of behavioural changes 

suggesting addiction risk and improved prediction 

accuracy might be achieved by combining these models 

with typical machine learning methods.  

 

Additional features may be added to the suggested 

architecture by using cloud computing, mobile healthcare 

apps, and Internet of Things (IoT) technology. Such 

integration would facilitate continuous behavioral 

assessment, remote monitoring, and personalized 

intervention strategies. Healthcare professionals could 

receive automated alerts whenever users exhibit high-risk 

addiction patterns, enabling timely counseling and 

preventive treatment. In addition, XAI techniques can be 

used to provide clear explanations for predictions, which 

boosts user confidence and helps with clinical decision-

making.  

 

Together, these planned upgrades might make smartphone 

addiction prediction into an all-encompassing smart 

healthcare system that encourages better digital lives by 

constant monitoring, tailored suggestions, and proactive 

behavioural intervention. 

 

VII. CONCLUSION 
 

This research introduced a clever Smartphone Addiction 

Prediction Framework that uses Machine Learning to spot 

people who behave in ways that are typical of those who 

use their phones too much. Applying a structured dataset 

with 21 predictive features derived from around 500 

survey replies, the suggested approach examines 

demographic data, smartphone use behaviour, and 

psychological aspects. In order to detect smartphone 

addiction tendencies, many machine learning algorithms 

were studied. These included Decision Tree, Random 

Forest, Logistic Regression, Multi-Layer Perceptron 

(MLP), and Adaptive Moment Estimation (Adam). The 

goal was to construct trustworthy prediction models.  

 

In order to enhance learning efficiency and prediction 

performance, the acquired data was preprocessed before to 

model creation. This included managing missing values, 

encoding labels, and normalising features. Research has 

shown that factors like how often you check your 

notifications, how long you use your phone, how much 

stress you're under, your gender, and your age all have a 

role in predicting whether you'll become addicted. 

Machine learning algorithms reliably and efficiently detect 

complicated behavioural patterns linked to smartphone 

addiction, according to comparative studies.  

 

Healthcare providers, schools, counsellors, and app 

developers may all reap some practical advantages from 

the suggested prediction framework. Timely behavioural 

interventions, tailored counselling, and awareness 

campaigns that promote better smartphone use habits are 

made possible by early risk assessment. In addition, the 

created prediction engine helps with data-driven healthcare 

preventative decision-making by shedding light on the 

correlation between personality traits and smartphone 

dependence.  

 

Finally, by integrating behavioural research with 

sophisticated classification methods, the suggested 

machine learning framework shows that smart prediction 

models may successfully bolster smartphone addiction 

evaluation. This research lays the groundwork for smart 

healthcare apps of the future that will promote digital 

wellness and lessen the harmful effects of smartphone 

addiction by combining machine learning, mobile 

technology, and behavioural analytics. 

 

REFERENCES 

 
1. K. Demir and E. Akpınar, “The effect of mobile 

learning applications on students’ academic 

achievement and attitudes toward mobile learning,” 

Malaysian Online Journal of Educational Technology, 

vol. 6, no. 2, pp. 48–59, 2018. 

2. F. Abadiyan, M. Hadadnezhad, Z. Khosrokiani, A. 

Letafatkar, and H. Akhshik, “Effects of a smartphone 

application combined with global postural re-

education on neck pain, posture, and quality of life: A 

randomized controlled trial,” Trials, vol. 22, no. 1, p. 

274, 2021. 

3. C. Osorio-Molina et al., “Smartphone addiction among 

nursing students: A systematic review and meta-

analysis,” Nurse Education Today, vol. 98, p. 104741, 

2021. 

4. A. B. Osailan, “Association between smartphone screen 

time and hand-grip and pinch-grip strength among 

young adults,” BMC Musculoskeletal Disorders, vol. 

22, no. 1, p. 186, 2021. 

5. E. Hitti, D. Hadid, J. Melki, R. Kaddoura, and M. 

Alameddine, “Prevalence, use, and attitudes of mobile 

http://www.ijnrefm.com/


 

International Journal for Novel Research in Economics , Finance and Management  

www.ijnrefm.com 

ISSN:3048-7722 

Volume 4, Issue 4, July-Aug-2026, PP: 01-6 
 

 Page-6 

  

device use among emergency department healthcare 

personnel,” Scientific Reports, vol. 11, no. 1, p. 1917, 

2021. 

6. M. Shaygan and A. Jaberi, “Effect of a smartphone-

based pain management application on quality of life 

among adolescents with chronic pain,” Scientific 

Reports, vol. 11, no. 1, p. 6588, 2021. 

7. S. Y. Sohn, L. Krasnoff, P. Rees, N. J. Kalk, and B. 

Carter, “The association between smartphone 

addiction and sleep among young adults,” Frontiers in 

Psychiatry, vol. 12, p. 629407, 2021. 

8. G. B. Wilkerson et al., “Wellness survey responses and 

smartphone app response efficiency: Associations 

with remote history of sport-related concussion,” 

Perceptual and Motor Skills, vol. 128, no. 2, pp. 714–

730, 2021. 

9. L. Thornton et al., “Development and usability 

evaluation of the Health4Life smartphone application 

for adolescents,” JMIR Formative Research, vol. 5, 

no. 9, p. e25513, 2021. 

10. E. Joo, A. Kononova, S. Kanthawala, W. Peng, and S. 

Cotten, “Smartphone users’ persuasion knowledge in 

consumer mobile health applications: A qualitative 

study,” JMIR mHealth and uHealth, vol. 9, no. 4, p. 

e16518, 2021. 

11. T. Hastie, R. Tibshirani, and J. Friedman, The 

Elements of Statistical Learning, 2nd ed. New York, 

NY, USA: Springer, 2009. 

12. C. M. Bishop, Pattern Recognition and Machine 

Learning. New York, NY, USA: Springer, 2006. 

13. L. Breiman, “Random forests,” Machine Learning, 

vol. 45, no. 1, pp. 5–32, 2001. 

14. J. R. Quinlan, C4.5: Programs for Machine Learning. 

San Francisco, CA, USA: Morgan Kaufmann, 1993. 

15. D. W. Hosmer, S. Lemeshow, and R. X. Sturdivant, 

Applied Logistic Regression, 3rd ed. Hoboken, NJ, 

USA: Wiley, 2013. 

16. S. Haykin, Neural Networks and Learning Machines, 

3rd ed. Upper Saddle River, NJ, USA: Pearson, 2009. 

17. D. P. Kingma and J. Ba, “Adam: A method for 

stochastic optimization,” in Proc. International 

Conference on Learning Representations (ICLR), 

2015. 

18. I. Goodfellow, Y. Bengio, and A. Courville, Deep 

Learning. Cambridge, MA, USA: MIT Press, 2016. 

19. F. Pedregosa et al., “Scikit-learn: Machine learning in 

Python,” Journal of Machine Learning Research, vol. 

12, pp. 2825–2830, 2011. 

20. M. Abadi et al., “TensorFlow: Large-scale machine 

learning on heterogeneous systems,” 2016. 

21. A. Géron, Hands-On Machine Learning with Scikit-

Learn, Keras, and TensorFlow, 3rd ed. Sebastopol, 

CA, USA: O’Reilly Media, 2022. 

22. J. Brownlee, Machine Learning Mastery with Python. 

Melbourne, Australia: Machine Learning Mastery, 

2016. 

 

 

 

 

 

 

 

http://www.ijnrefm.com/

