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Abstract: 
           Background: Previous studies on screen time and its health impacts have primarily focused on specific age groups, 
such as children or adults, and observed only a single health outcome, such as obesity or sleep disorders, by finding a 
direct correlation between increased screen exposure and higher BMI. The primary goal of this project is to analyse the 
relationship between screen time and its physical, mental, emotional, social, and academic side effects across all age 
groups. By creating a unique dataset that links screen time with health indicators, the project aims to develop a machine 
learning model to predict and mitigate the risks associated with excessive screen time. Methods: The dataset consists of 
999 records (rows) and 16 columns, with 8 input features and 8 output features. The input features capture digital usage 
behaviours such as social media, gaming, and streaming, while the output features represent health impacts like anxiety, 
sleep disruption, and physical pain. This size allows for a strong analysis of the relationship between screen time and 
health outcomes across different age groups. Result: By clustering algorithms such as Self-Organizing Maps (SOM), K-
Means, and Fuzzy C Means, we were able to categorize individuals based on their screen time patterns and associated 
health risks. The Heatmaps were applied to visualize the clustering results of Self-Organizing Maps (SOM). These 
Clustering diagrams effectively display the distances between nodes, indicating areas of higher similarity. The darker 
regions represent clusters with minimal distances, signifying greater user similarity. Conclusion: This project used 
advanced machine learning techniques (SOM, K-Means, Fuzzy C-Means) to analyse screen time's impact on health, 
revealing strong links between excessive digital device usage and issues. The SOM algorithm achieved 96.23% accuracy 
in predicting health risks, while clustering methods helped categorize users by risk levels, enabling proactive screen time 
management. 
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------------------------------------------************************-----------------------------------------------
INTRODUCTION 

A worldwide change in lifestyle brought about by the 
COVID-19 epidemic has made digital platforms the 
main means of employment, education, and 
communication. People started using digital gadgets for 
nearly every part of their lives as lockdowns and social 
distancing became the norm, which resulted in an 
increase in screen time. Virtual learning became popular 
in schools and colleges, companies started allowing 
employees to work from home, and social connections 
shifted to online chats and video conversations. 
Although these adjustments made education and 
employment more consistent, they also led to a greater 

reliance on digital screens, which had long-term effects 
on mental and physical health. 

A study by Rosen et al. (2014) investigated the 
relationship between screen time and sleep quality in 
adolescents, and he found that increased screen time was 
associated with poor quality of sleep. However, this 
study did not explore the broader range of health impacts, 
it doesn't focus on other impacts such as mental health or 
social skill development.  

Screen media usage (SMU), in particular, has exerted 
a great influence on children and adolescents’ everyday 
lives during the last decades. In this sense, the competing 
effect between health and SMU has been widely 
discussed. While there are authors who support that 
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SMU, especially its constant use, displaces opportunities 
among young people, there are others who have found 
little or no evidence about this competing mechanism.  

Considering that more screen usage effects lifestyles 
and     some studies have focused their attention on how 
both behaviors correlate between them separately for 
boys and girls and how it varies in a single health issue. 
For example, A study by LeBlanc et al. (2017) examined 
the link between screen time and obesity in children, but 
it did not consider the impact of different types of screen 
activities, such as social media usage, gaming or on 
health outcomes. In this research we found lack of 
analysis of behavioral patterns associated with excessive 
screen time. Another limitation of previous research is 
the lack of an effective dataset that includes both screen 
time data and a wide range of health indicators. 

Most studies have been based on self-reported data, 
which can be subject to bias and inaccuracies. For 
instance, a study by Twenge and Campbell (2018) used 
self-reported data to examine the relationship between 
screen time and mental health in adolescents. While the 
study found a correlation between increased screen time 
and higher rates of depression and anxiety, the research 
based on self-reported data limits the reliability of the 
findings. Additionally, many studies have focused on a 
single geographic region or demographic group, which 
limits the generalizability of the results. 

Another study on Impact of Mobile Phone Screen 
Exposure on Adolescents Cognitive Health by Cristina 
Po Monicaujol, et al. (2022), The study investigates the 
impact of mobile phone screen exposure on cognitive 
health in adolescents, focusing on attention, working 
memory, and fluid intelligence by using different 
methodologies such as multivariable linear regression 
models to analyze the associations between mobile 
phone screen exposure and cognitive outcomes. In this 
study we observe a result of Higher screen exposure is 
associated with increased inattentiveness, but no 
significant impact was observed on fluid intelligence or 
working memory with the limitations of casualty of data 
and simplicity of data. 

Tassia K. Oswald, et al, (2020) researched on 
psychological impacts of “screen time” and “green time” 
for children and adolescents. Here the author examines 
the relation between the amount of time spent with 
electronic devices (screen time) and the amount of time 
spent with nature i.e., green time. We observed that they 
use K-means Clustering, Support Vector Machines 
(SVM) as a main methodology and found Excessive 

screen time is associated with adverse psychological 
outcomes in children and adolescents, while green time 
exposure is linked to positive mental health benefits with 
the Limited causal inference and self-reported data. 

As many authors researched on different aspects of 
health consequences and different age groups, author 
Jinghui Hou, et al. (2019) researched on Reading on 
Paper and Screen among Senior Adults (60+) either by 
electronic devices or offline. this study investigates how 
reading on screens versus paper affects senior adults, 
focusing on cognitive map formation and technophobia. 
As a result, he observed that the study found that 
cognitive map formation significantly impacts reading 
comprehension, fatigue, and enjoyment among seniors, 
with technophobia further hindering the reading 
experience on screens. Most of the studies are happening 
based on Data complexity and more Recruitment cost for 
data collection and others. Ayesha M Bilal, et al.(2021) 
predicting prenatal health outcomes using smartphone-
based digital phenotyping in which author developed the 
predictive models for perinatal depression and preterm 
birth, enabling earlier interventions for at-risk women by 
using some machine learning models such as 
Convolutional Neural Networks (CNNs) or Recurrent 
Neural Networks (RNNs). In which we observed some 
limitations that are Limited causal inference, self-
reported data and diverse methodologies.  

By observing the previous studies, we collect dataset 
manually and by providing survey forms and implement 
our model by using machine learning algorithms, we can 
analyze this dataset to identify patterns and correlations 
between different types of screen activities and various 
health outcomes. This approach allows us to move 
beyond the narrow focus of previous studies and explore 
the multi-faceted impact of screen time on health across 
different age groups. By using objective data collection 
methods, such as tracking app usage and screen time, we 
can reduce the bias associated with self-reported data. 
The literature survey highlights the need for a more 
comprehensive and narrow understanding of the impact 
of screen time on health.  

Previous studies have provided valuable insights into 
specific aspects of this relationship, but they have been 
limited by their narrow focus, reliance on self-reported 
data, and lack of a comprehensive dataset. Our project 
addresses these limitations by developing a unique 
dataset and using advanced machine learning models to 
predict and mitigate the risks associated with excessive 
screen time. By this, we aim to provide a perfect 
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understanding of the impact of screen time on health and 
offer a framework for managing screen exposure to 
promote healthy outcomes for individuals of all age 
groups. 

Our project aims to overcome these limitations by 
Utilizing a perfect dataset that includes digital  

 
consumption of apps and their corresponding health 
effects and by Implementing advanced clustering 
algorithms such as Self Organizing Maps (SOM), Fuzzy 
C-Means, and K-Means to categorize individuals based 
on risk factors and Addressing the multi-faceted 
consequences of excessive screen time, considering 
physical, mental, and psychological health aspects along 
and Providing predictive insights that allow users to take 
control measures in managing their screen exposure. 

 

I.     METHODS 

Participants 
 The dataset consists of 999 records (rows) and 16 

columns, with 8 input features and 8 output features. The 
input features capture digital usage behaviors such as 
social media, gaming, and streaming, while the output 
features represent health impacts like anxiety, sleep 
disruption, and physical pain. This size allows for a 
strong analysis of the relationship between screen time 
and health outcomes across different age groups.   

       Data Analysis 
The dataset was collected through a survey form and 

by a manual process (by approaching person), and 
gathered data on digital usage patterns and 
corresponding health impacts from individuals across 
different age groups. The survey form was designed to 
capture both the frequency of digital activities (e.g., 
social media, gaming, streaming) and the associated 

health issues (e.g., anxiety, sleep disruption, physical 
pain) as shown in the below. This dataset provides a 
balanced representation of individuals from different age 
groups, addressing both physical and mental health 
impacts. This dataset is used to analyze the relationship 
between digital usage patterns and health impacts across 
different age groups. It serves as the foundation for 
applying machine learning algorithms (e.g., K-Means 
Clustering, Fuzzy C-Means Clustering, Self-Organizing 
Maps) to identify patterns and correlations between 
screen time and health outcomes. 

This dataset is used to train machine learning models 
(e.g., K-Means Clustering, Fuzzy C-Means Clustering, 
Self-Organizing Maps) to predict public health risks. It 
provides insights into how different digital usage 
patterns affect various health outcomes. By 
understanding the relationships between screen time and 
health issues, the dataset helps in creating early warning 
systems for users at risk by further implementation of 
model. It is a core model, it supports health professionals 
in monitoring and addressing screen time-related 
problems effectively. 

 Previous studies often focused on specific age groups 
(e.g., children or adults) or single health issues (e.g., 
obesity or sleep disorders). They also relied heavily on 
self-reported data, which can be biased or inaccurate. We 
created a unique dataset that includes data from all age 
groups (children, adolescents, adults, and seniors) and 
covers a wide range of health indicators (physical, 
mental, emotional, and social). This allows for a more 
comprehensive analysis of the effects of screen time 
across different demographics. And many studies relied 
on self-reported data, which can lead to errors. We used 
a structured survey form to collect data, ensuring that the 
information is more objective and consistent. The survey 
was designed to capture both digital usage patterns and 
health impacts, reducing the bias associated with self-
reported data. Previous studies often used simple 
statistical methods or focused on a single health outcome, 
limiting their ability to identify complex patterns. We are 
using advanced clustering algorithms such as Self 
Organizing Maps (SOM), Fuzzy C-Means Clustering, 
and K-Means Clustering to analyze the dataset. These 
algorithms allow us to categorize individuals based on 
risk factors and identify correlations between different 
types of screen activities and health outcomes. Many 
studies focused on a single aspect of health (e.g., obesity 
or sleep disorders) and did not consider the multiple 
consequences of excessive screen time. Our dataset and 

Figure 1 Proposed Model 
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methodology allow us to explore the multiple impact of 
screen time, considering physical, mental, and 
psychological health aspects. This provides a complete 
understanding of the risks associated with excessive 
screen time. 

 
In this we considering unsupervised learning 

algorithms. These are tasked with finding patterns and 
relationships within the data without any prior 
knowledge of the data’s meaning. Unsupervised 
machine learning algorithms find hidden patterns and 
data without any human intervention, i.e., we don’t give 
output to our model. The training model has only input 
parameter values and discovers the groups or patterns on 
its own. Unsupervised learning is a type of machine 
learning where the algorithm analyses unlabeled data to 
find patterns or groupings. It helps identify clusters, 
anomalies, or hidden structures without predefined 
categories. 

 
The above Figure illustrates the framework of the 

proposed model designed to detect public health 
consequences caused by excessive screen time. The 
model uses a screen time dataset that includes individual 
app usage patterns, call duration, and weekly averages. 
The process starts with data collection, where personal 
screen time data is gathered and stored. In the 
preprocessing phase, the data is normalized, missing 
values are handled, and outliers are removed to ensure 
data quality. The pre-processed data is then fed into 
machine learning models for analysis. The model uses 
clustering techniques such as Self-Organizing Maps 
(SOM), K-Means, and Fuzzy-C Means to group 
individuals based on their screen time patterns. This 
clustering helps identify trends related to potential health 
risks. The model's performance is evaluated using 
accuracy, precision, recall, F1-score, and AUC to ensure 
effective validation. The results are interpreted and 
analyzed, generating statistical reports. These reports 
offer insights into screen time patterns and their impact 
on health. Finally, the knowledge discovery phase helps 
experts identify meaningful trends, enabling them to 
develop preventive strategies and promote healthier 
digital habits. 

 
Figure 2 Flow Analysis 

Self-Organizing Map (or Kohonen Map or SOM) is a 
type of Artificial Neural Network which is also inspired 
by biological models of neural systems from the 1970s. 
It follows an unsupervised learning approach and trained 
its network through a competitive learning algorithm. 
SOM is used for clustering and mapping (or 
dimensionality reduction) techniques to map 
multidimensional data onto lower-dimensional which 
allows people to reduce complex problems for easy 
interpretation. SOM has two layers; one is the Input layer 
and the other one is the Output layer. 

In our project, Principal Component Analysis (PCA) 
is used to simplify the dataset by reducing the number of 
dimensions while preserving essential information. With 
many features, such as app usage and health indicators, 
PCA helps by eliminating redundancy and focusing on 
the most significant patterns in the data. By reducing the 
complexity, PCA makes it easier to visualize and 
interpret the relationships between different features, 
allowing for better insights. It also enhances clustering 
and machine learning model performance by removing 
irrelevant information and minimizing noise. PCA 
transforms correlated features into uncorrelated 
components, helping to prevent issues like 
multicollinearity and overfitting. This not only improves 
the accuracy of the models but also speeds up the 
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computation process, making the analysis more efficient. 
By focusing on the most important features, PCA aids in 
effective data analysis, allowing you to identify key 
patterns related to the health impacts of screen time, 
ultimately contributing to more meaningful predictions 
and actionable insights in our project. Additionally, PCA 
allows for better data exploration, as it helps in 
uncovering hidden patterns that may not be visible in the 
original high-dimensional space. It supports better 
decision-making by providing clearer results and 
highlights which features contribute most to the overall 
variance. Furthermore, PCA is especially valuable when 
dealing with large datasets with many variables, as it 
reduces the complexity and makes it easier to build 
models that are both accurate and interpretable. It also 
helps in overcoming challenges such as data imbalance 
and enhances the ability to visualize clusters through 
techniques like t-SNE. PCA's role in dimensionality 
reduction contributes significantly to the overall 
efficiency and effectiveness of your analysis. 

 
Initialization: A grid of neurons (or nodes) is 

initialized, where each neuron has a weight vector 𝑤𝑖 of 
the same dimensionality as the input data x. The weight 
vectors are usually initialized randomly.  

Competition:  For each input vector 𝑥, compute the 
Euclidean distance between 𝑥 and the weight vector of 
each neuron wi: 
𝐷i = ||𝑥i – 𝜔i ||     for each 𝑖 
The neuron with the smallest distance 𝐷min is called 

the best matching unit (BMU), and it is selected as the 
winning neuron. Update The weights of the neurons are 
updated to move closer to the input vector 𝑥. The update 
rule for the weight vectors is given by: 

 
𝜔i(t+1)= 𝜔i (t) +𝛼(t) . hij(t) ⋅ (𝑥x– wj(t)) 
Where:  
𝜔i(𝑡) is the weight of neuron 𝑖 at time 𝑡.  
𝛼(𝑡) is the learning rate at time 𝑡.  
ℎij(𝑡) is the neighborhood function that controls how much the 

neighboring neurons are updated.  
Typically, the function is Gaussian: 
ℎij(𝑡) = exp (− 𝑑2ij /2𝜎2(𝑡) ) 
Where 𝑑2ij  is the distance between the BMU and neuron 𝑖 and 

𝜎(𝑡) is the neighborhood size (which decreases over time).  
Formula for BMU Selection and Update:  
Best Matching Unit (BMU) Selection: 
WBMU= 𝑎𝑟𝑔 𝑚𝑖𝑛 ||𝑥 – 𝜔i || 
Weight Update:  
Wi(t+1)= wi(t)+ 𝛼(t) ⋅ hij(t) ⋅ (x - wi(t)) 
 where the update is applied to both the BMU and its neighbors. 
 

 For the comparative analysis we implement three 
models in  that SOM outperforms both K-means and 
Fuzzy C-means, achieving the highest accuracy of 
96.58%. K-means follows with 78.92% accuracy, while 
Fuzzy C-means records a slightly lower accuracy of 
77.98%. This indicates that SOM is the most precise 
model for clustering screen time behaviors and 
predicting health consequences. 

 

II. PAGE STYLE 

This study successfully demonstrated the use of 
machine learning to predict and reduce public health risks 
associated with excessive screen time. In this project, we 
effectively identify and understand how different types of 
app usage (e.g., social media, video sharing, streaming, 
gaming) correlate with specific physical, mental, 
emotional, social, and academic side effects using self-
organizing maps, k-means and fuzzy C-means clustering. 
By training and testing the data, we achieved a test 
accuracy of 96.58% by using self-organizing maps, which 
demonstrated the model's capability to classify health 
consequences with good accuracy.  

The results define significant correlations between 
excessive screen time and various health issues, validating 
the results that are derived from the literature survey. we 
use clustering algorithms to group similar data points into 
clusters, to make data analysis, anomaly detection, and 
identifying patterns for further machine learning model 
development. By clustering algorithms such as Self-
Organizing Maps (SOM), K-Means, and Fuzzy C Means, 
we were able to categorize individuals based on their 
screen time patterns and associated health risks. These 
algorithms help to find that more screen exposure causes 
different issues such as eye strain, sleep disturbances, 
anxiety, depression across different age groups. Our 
predictive models successfully identified risk factors and 
group the users into distinct clusters, allowing for the early 
detection of potential health risks. The project holds 
advanced  

clustering algorithms and additional techniques to 
ensure accurate predictions, achieving an impressive 
accuracy of 96% 

There are so many visualization techniques used in this 
project to represent the data in a simple manner. Heatmaps 
were applied to visualize the clustering results of Self-
Organizing Maps (SOM). These diagrams effectively 
display the distances between nodes, indicating areas of 
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higher similarity. The darker regions represent clusters 
with minimal distances, signifying greater user similarity 

There are so many visualization techniques used in this 
project to represent the data in a simple manner. Heatmaps 
were applied to visualize the clustering results of Self-
Organizing Maps (SOM). These diagrams effectively 
display the distances between nodes, indicating areas of 
higher similarity. The darker regions represent clusters 
with minimal distances, signifying greater user similarity 

The SOM Distance Map Figure 7 shows how different 
groups in the data are spread across the grid. Each square 
represents a neuron, and its color shows how similar it is 
to its neighbors. Darker colors mean the neurons are close 
(similar patterns), while lighter colors show more 
difference (possible cluster boundaries). This helps 
identify groups of users with similar app usage behaviors. 
It’s a visual way to understand how your data is clustered 
after training the SOM model. 

This Figure 1 represents how social media usage is 
distributed across the neurons in the Self-Organizing Map 
(SOM). The red regions indicate neurons where social 
media usage has a high influence, suggesting clusters of 
users with heavy social media activity. Conversely, the 
blue regions represent areas with low or minimal usage. 
The varying shades across the map show that social media 
engagement differs among user groups, and the SOM has 
successfully learned these patterns. This visualization 
helps in identifying which clusters may be more prone to 
screen-time-related health issues driven by excessive 
social media use. 

This Figure 2 shows the Video Sharing Usage across 
different user groups using SOM. The red regions indicate 
higher usage of video-sharing apps, while the blue areas 
represent lower usage. It helps identify clusters of users 
who are more engaged with video content, like short 
videos or vlogs. This insight is useful for understanding 
digital behavior patterns.  

This Figure 3 visualizes Streaming Usage among users 
based on SOM weights. Red zones indicate areas with 

higher streaming activity, while blue regions reflect lower 
engagement. This helps identify user groups who spend 
more time on platforms like Netflix or YouTube. It 
supports behavior-based clustering for personalized 
recommendations or interventions. 

This Figure 4 represents Gaming Usage across the 
SOM neurons. Red regions show users with high gaming 
activity, while blue areas indicate low engagement. It 
highlights groups that spend significant time on gaming 
platforms, helping to identify clusters of users at risk for 
health issues associated with excessive gaming apps 
Usage across the SOM neurons. 

This Figure 4 illustrates News Usage across the SOM 
map. Red areas indicate users who spend more time-
consuming news, while blue regions show lower 
engagement with news apps. This visualization helps 
identify user groups with varying levels of interest in news 
consumption, which can be linked to information-seeking 
behaviors and digital health impacts.  

 
This Figure 5 shows Messaging Usage across the SOM 

neurons. Red regions represent users with high messaging 
activity, while blue areas indicate those with lower usage. 
It helps identify clusters of users who are more engaged 
in communication, providing insights into social 
interaction patterns and potential health effects related to 
excessive screen time. 

This above figure demonstrate the clustering outcomes 
of the K-Means and Fuzzy C-Means algorithms, scatter 
plots were used. Different colors were applied to represent 
different clusters, allowing easy identification of patterns 
and groupings within the data. Data points (users) were 
plotted in 2D/3D space, colored by cluster labels. This 
visualization represents a t- Page No 48 SNE (t-
Distributed Stochastic Neighbor Embedding) clustering 
plot. t-SNE is a dimensionality reduction technique used 
to visualize high-dimensional data in a two-dimensional 
or three-dimensional space.  
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This figure represents the Proportion of Different 
Health Issues associated with screen time usage, as 
identified in this project. Each segment shows the 
percentage of users' specific health problems, 
making it a useful tool for understanding the impact 
of screen time on health. This chart categorizes 
health concerns into eight major issues: Eye Strain, 
Depression, Anxiety and Stress, Addiction, 
Radiation Exposure, Hearing Issues, Sleep 
Disruption, and Neck and Back Pain. The percentage 
values indicate the prevalence of each health issue 
among users. For instance, Sleep Disruption (13.1%) 
and Hearing Issues (13.0%) are the most frequently 
reported problems, indicating that excessive screen 
time may contribute significantly to these concerns. 
While some categories, such as Depression (11.9%) 
and Addiction (11.9%), have lower proportions, their 
presence is still considerable. This suggests a wide 
range of health effects, both physical and 
psychological. 

 
The final results of the project determine a strong 

correlation between excessive screen time and 

various health issues, validating the initial 
hypotheses. The models successfully identified 
different clusters of individuals based on their digital 
usage patterns and associated health risks. For 
instance, one cluster might consist of individuals 
with high social media usage and elevated levels of 
anxiety, while another cluster might include heavy 
gamers experiencing sleep disruption and neck pain. 
By analyzing these data along with health issues 
using SOM model we had got 96.23% overall 
accuracy across all age groups with respect to their 
consequences. This accuracy of 96.23% indicates 
that the models are highly reliable, but it is also 
important to consider the differences behind this 
figure. The visualizations and clustering models 
provide actionable insights for personalized screen 
time management across different age groups. The 
precision and recall metrics further validate the 
models' performance.  

 
 

 
 

Figure4   SOM Map 
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Figure 5   Scatter Platter Visualization 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6 Pie-Chart Visualization  
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III. CONCLUSIONS 

The increase of digital devices along with increase 
in  screen time, particularly increased by the 
COVID-19 pandemic, have raised significant 
concerns about their impact on physical, mental, 
and social well-being. This project successfully 
analyzed the impact of screen time on public health 
by providing advanced machine learning 
techniques. The primary objective was to identify 
and understand how different categories of app 
usage correlate with physical, mental, emotional 
and social side effects. By using clustering 
algorithms like Self-Organizing Maps (SOM), K-
Means, and Fuzzy C Means, the study effectively 
categorized individuals based on their digital 
behavior patterns and associated health risks. 
 

The results revealed significant correlations 
between excessive screen time and various health 
issues, confirming the hypotheses established 
during the study. The SOM algorithm, in particular, 
achieved an impressive accuracy of 96.23%, 
demonstrating its reliability in identifying patterns 
and predicting health risks. Determining its 
capability to classify and predict potential health 
consequences. High screen time users exhibited 
elevated risks of anxiety, sleep disturbances, 
depression, and eye strain, especially among 
younger peoples. Visualizations further validated 
these patterns, provides understanding into the 
clustering results. Moreover, the application of 
Fuzzy C-Means facilitated a brief understanding of 
individuals with overlapping symptoms, while K-
Means effectively categorized users into distinct 
risk groups. By identifying users at a high risk of 
experiencing health issues, the project offers a 
proactive approach to managing screen time and 
reduces its negative effects. 
 

The project aimed to bridge the research gap 
by examining a comprehensive dataset that 
included individuals from diverse age groups. 
Unlike previous studies focusing on specific 
populations, this research considered a wider 
range of digital activities and their associated 
health Page No 54 impacts. By creating a unique 
dataset that combined digital consumption 

patterns with health indicators, the study provided 
a complete understanding of how different types 
of screen activities affect physical, mental, and 
emotional health. The clustering algorithms 
enabled the discovery of patterns that would have 
been difficult to detect using traditional statistical 
methods. 

 
Future studies can build upon these findings 

by designing real-time monitoring through mobile 
applications or wearable devices to capture 
continuous data. Integrating machine learning 
algorithms could enhance model accuracy and 
discover more complex relationships. 
Additionally, expanding the dataset to include a 
larger and more diverse population would increase 
the more findings. Further research could also 
explore the long-term effects of screen time and 
estimate the effectiveness of personalized 
involvement. Developing AI driven applications 
to recommend personalized screen time 
management strategies based on real-time 
behavioral data could significantly contribute to 
public health initiatives. 
  The insights derived from this project 
hold important intimations for healthcare 
providers, policymakers, and technology 
companies. Healthcare professionals can utilize 
these findings to offer modified recommendations 
for individuals at risk, while policymakers can 
implement rules to promote digital wellness. 
Additionally, app developers and companies can 
introduce features                                    that 
encourage responsible screen time usage. To 
reduce the different effects of excessive screen 
time, it is essential to improve digital literacy and 
promote balanced technology use. Raising public 
awareness about the potential health risks and 
encouraging users to adopt healthy screen time 
habits is critical. Schools and organizations can 
implement programs focused on digital well-being, 
while technology companies can introduce tools 
for tracking and managing screen time. In 
conclusion, this project provides a valuable 
foundation for understanding the relationship 
between screen time and health consequences. By 
applying machine learning to discover hidden 
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patterns, it offers actionable insights that can 
contribute to creating healthier digital habit. 
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