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Abstract:

As more and more people exhibit the symptoms of smartphone addiction such as obsessive phone
use, lower productivity and even physical and mental health issues-concern over smart phone addiction
has escalated in recent years. Therefore, it is necessary to create efficient technique for predicting smart
phone addiction and identifying people who are at risk. In this study we developed a Machine Learning
model that can predict the risk of smart phone addiction using data collected from a survey of smart
phone users. The study covered a wide range of psychological traits such as stress, anixity and
depression in addition to demographics and phone use patterns. Our model with the help of popular and
effective machine learning method. By preprocessing the data, which included encoding categorical
categories and normalizing numerical variables, we made sure the model could train successfully. We
employed a number of metrics, such as accuracy, to evaluate the model's performance after using a
portion of the data to train it. Our results showed that the model was very accurate in predicting smart
phone addiction. Our built model has several potential applications. It could be used by medical
professionals to identify the individuals who are most at risk of developing a smart phone addiction and
to provide the appropriate support. It might be used by app developers to make less addictive apps that
promote wiser phone usage habits. In conclusion, our study shows that it is both possible and successful
to predict smart phone addiction using machine learning models. Further research is needed to validate
our findings on larger and more diverse datasets and explore the potential applications of this model in

different contexts.
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I.INTRODUCTION
The usage of smart phones has increased dramatically over the last 10 years, becoming a

necessary component of our everyday life. While using a smart phone excessively can lead to addiction
and have detrimental effects on one's physical and mental health, social relationships, and productivity, it
also has many positive effects. Based on a variety of characteristics, including social media usage, smart
phone usage patterns, demographic data, and psychological aspects, machine learning can be used to
create models that forecast smart phone addiction. With the use of these models, people who run the risk
of developing a smart phone addiction can be identified and given the right assistance and interventions.
In order to create a machine learning model that can forecast smartphone addiction, one would normally
begin by gathering information from a sizable sample of people. This data would include details about
how they use social media and smart phones, as well as demographic data like age and gender and
psychological characteristics like stress, anxiety, and depression.

Following collection, the data is cleaned and preprocessed to eliminate any missing or superfluous
data points. Subsequently, a machine learning method that is deemed appropriate is chosen, taking into
account the problem at hand, the data type, and logistic regression, decision tree, or Random Forest
Following that, a training set and a testing set of data are produced. The model is tested on the testing set
following training to evaluate its performance. A number of indicators, including accuracy, are used to
gauge the model's performance. Up until an acceptable level of performance is attained, the model is
further improved by adjusting its parameters or choosing other algorithms. After the model is created,
users can use it to forecast their likelihood of developing a smartphone addiction by feeding the model
their input features. The probability score that the model produces indicates the chance of developing a
smartphone addiction. A person at risk of addiction can receive the proper support and therapies based
on their score. Lastly, machine learning models may prove to bea valuable resource for predicting smart

phone addiction and identifying people who are at-risk.

II LITERATURE SURVEY
Demir, K., and Akpinat The impact of mobile learning apps on undergraduate students'

academic performance is investigated in this study. The purpose of this research is to investigate the
potential effects of these mobile learning resources on various aspects of students' academic
performance. Through our investigation of the correlation between academic performance and the use of
mobile learning applications, we hope to make a substantial contribution to the ongoing conversation
about the integration of technology in higher education. Our goal is to shed light on the intricate
dynamics and implications of incorporating mobile learning into undergraduate education through
empirical investigation and analysis.

Hadadnezhad and F. Abadiyan This study intends to assess whether adding a smartphone app
to an 8-week Global Postural Reeducation (GPR) program can lessen patients' neck pain. The project
aims to ascertain whether incorporating a smartphone application into the GPR program enhances or

modifies its outcomes, with a particular focus on treating neck pain. By examining the relationship
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between changes in patients' neck discomfort levels and app use, the research seeks to shed light on the

potential benefits and implications of technology-assisted therapies in the field of postural reeducation.
The research attempts to further knowledge of how smartphone applications may be successfully
incorporated into rehabilitation programs to maximize patient results in resolving rehab issues through
empirical analysis.

Musculoskeletal Disorders BMC The primary goal of this study was to examine the various
ways that young people use cellphones, with an emphasis on non-traditional forms of communication. In
the modern world, there has been a noticeable rise in the younger generation's usage of cell phones for a
range of purposes, including web browsing and entertainment. The goal was to examine the different
ways that smart phones are integrated into the daily lives of young people in order to obtain a
comprehensive understanding of the nature and extent of this shift. By examining usage patterns beyond
basic communication, the study sought to shed light on the increasing impact of cell phones on the
preferences and lifestyles of youth. The aim of the project was to provide through analysis and empirical
research.

Melki, J.; Hadid, D.; Hitti, E. This study highlights how mobile devices are increasingly being
incorporated into the healthcare industry and looks at how frequently healthcare professionals use them.
Using mobile technology has become an essential part of the daily work routine for healthcare
professionals. These portable gadgets serve multiple purposes in the healthcare delivery process, from
patient care and communication to mobile access to essential data. The seamless integration of mobile
devices into the healthcare industry is indicative of a broader trend in the industry towards technological
advancement and digitization. In order to shed light on how mobile devices are used by healthcare
professionals in the course of their work, this study intends to investigate the extent-and implications of
this integration. Through analysis and empirical investigation, the work aims to make important

contributions.

II. EXISTING SYSTEM

The current system's ignorance of data visualization makes machine learning algorithms difficult to
implement. The current approach builds Logistic Regression models are created via mathematical
operations, which can be laborious and intricate. We use machine learning components from the scikit-

learn library to get around all of this.

IV.PROPOSED SYSTEM

There are many machine learning methods available for predicting smartphone addiction. A few
machine learning algorithms include Random Forest and others. After comparing multiple machine
learning algorithms for smartphone addiction detection, we employed the suggested approach to identify
the most effective diagnosis method. We need to apply the different algorithms and datasets first in order

to calculate the accuracy. Next, we integrate the results.
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V.RELATED WORK

A. Decision Tree

The decision tree algorithm is crucial for creating a prediction model for smartphone addiction. Initially,
a dataset is put together with a variety of features related to smartphone usage, such as screen time, app
usage, self-reported behavior, and demographic information. After preprocessing the data, the algorithm
assesses multiple variables to see how well they contribute to classifying users as hooked or not, and thus
determine their significance in predicting smartphone addiction. The method uses these characteristics to
segment the dataset recursively according to the selected attributes, so creating a decision tree. The
optimal depth and node size of the tree are ensured by continuing this process until specific stopping
points are reached. The model's performance is then assessed using common metrics, such as recall,
accuracy, precision, and F1-score. An illustration of a decision tree is shown with its root at the top and
inverted. Each bolded word in black in the figure on the left represents an internal node or condition that
controls how the tree splits into branches and edges. Whether or if the branch that no longer splits is the

decision, or leaf, in this case.
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Fig.2.Working of Decision Tree

B. Random Forest
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The Random Forest algorithm is crucial for developing a smartphone addiction prediction model.

Initially, a sizable dataset is gathered that comprises a variety of attributes connected to smartphone use
habits, such as screen time, app usage, self-reported habits, and demographic information. The system
preprocesses the data and then uses an ensemble learning technique to mix multiple decision trees to
increase prediction accuracy. Each Random Forest decision tree is trained using a randomized subset of
the attributes and data instances from the original dataset. Because of its unpredictable nature,
generalization performance is improved by reducing overfitting. During the training phase, each tree in
the forest generates a separate forecast; the final prediction is obtained by summing up the guesses made

by all the trees, typically using a majority voting system.
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Fig.3.Implementation of Random Forest

Applications of the Random Forest algorithm are necessary when building a prediction model for
smartphone addiction. First, a dataset with numerous variables linked to smartphone use behavior is
collected, including screen time, app usage, self-reported behavior, and  demographic data. After
preprocessing the data, the method combines multiple decision trees to-enhance prediction accuracy
through ensemble learning. Using a different subset of the features and data instances from the original
dataset, the Random Forest technique trains each decision tree. Its unpredictable nature helps prevent
overfitting and improves the model's ability to generalize. During training, each tree generates its own
predictions; the final prediction is determined by adding together all of the trees' forecasts through a

majority voting process. The Random Forest model is subjected to a performance evaluation.

C. Logistic Regression

Developing a prediction model for smartphone addiction requires the use of the Logistic Regression
technique. Initially, a dataset comprising various aspects of smartphone usage behavior is gathered, such
as screen time, application usage, self-reported behavior, and demographic information. The dataset is
put through a number of data pretreatment procedures before being subjected to the logistic regression
method. Logistic regression can be used to assess whether an individual is likely to develop a
smartphone addiction or not because it is more appropriate for binary classification tasks than linear
regression, which predicts continuous outcomes. The algorithm models the probability of addiction
based on the input data by converting the input features to a value between 0 and 1, using a logistic

function. Next, this likelihood is utilized to categorize people as either addicted or not addicted.
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VI.SIMULATION RESULTS

The study involved applying classification techniques such as decision trees, random forests, and
logistic regression to construct a machine learning model to predict smartphone addiction. A dataset
gathered from a survey of smartphone users, which asked questions about psychological variables, usage
patterns, and demographics, was used to train the model. Preprocessing the data involved normalizing
numerical variables and encoding categorical variables. The model was trained using some of the data,
and it was evaluated using the remaining data. When it came to forecasting smartphone addiction, the
model performed quite well. Frequency of checking notifications, daily phone hours, types of apps used,
age, gender, and stress levels were the most predictive factors. The approach may be used to detect
people who are susceptible to smartphone addiction so that medical experts can take appropriate action,
as well as to assist app developers in creating less addictive programs that encourage responsible usage.
The study comes to the conclusion that machine learning models may accurately predict smartphone
addiction, but more work with more varied and larger datasets is required to confirm the results and

investigate practical uses.
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Fig.4. Accuracy result
VII. CONCLUSION

For this paper, we developed an application called prediction of smart phone addiction, utilizing
various machine learning model techniques such as logistic regression, random forests, and decision
trees. The application is designed to be easy to use. Our most effective techniques show how people who

are not addicted but could still be addicted.
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