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ABSTRACT 
 
The new reality of our modern life is social media. Modern science has given 
people a better civilization, increased the standard of living, but has taken away 
all the emotions of life. Social media has become an essential part of our modern 
lives. It significantly affects how people communicate, work, and interact with 
each other. Social media offers many benefits, such as increased connectivity and 
information sharing, but excessive use has led to growing concerns about 
addiction, which can negatively impact on mental health, productivity, and 
relationships. Our goal is to predict social media addiction and evaluate its 
impact on professional and personal life using machine learning algorithm. We 
used six machine learning classifiers like Random Forest, Extra Tree Classifier, 
Linear Discriminant Analysis (LDA), Gaussian Naive Bayes, and ensemble 
approaches including Stacking and AdaBoost to analyze a dataset of 522 samples 
that collected via structured questionnaires. Which included data from students 
and employed people. Outperforming the other models, Stacking Ensemble 
model achieved the highest accuracy of 91.71% in classifying social media 
addiction behaviors. This study not only provides valuable insights into 
identifying addiction behaviors, but it also proposes a practical solution in the 
form of a mobile application based on a superior predictive model.  The goal of 
this application is to help people increase their consciousness and encourage 
people to adopt good social media practices. 
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Chapter 1 
 

Introduction 
 

This chapter discusses in detail the importance of social media, its positive and 
negative effects, and the objectives and methodology of our research. It analyzes 
the addiction to social media use and its effects and provides practical solutions 
for raising awareness through a user-friendly mobile application. The chapter 
emphasizes the main motivation, objectives, and application of the research 
findings in real life. 
 

1.1 Introduction 
 
Social media has become a vital part of modern life. It has a significant impact 
on the way people live their lives [1]. People can't spend a single day without 
using it. In Bangladesh the total number of social media users was 44.70 million 
in January 2023 [2].  In January 2024, the total number of social media users in 
Bangladesh was 52.90 million which represents an increase of 18.37% [3]. The 
increase in frequency use of social media platforms has risen from a mere 36 
million users in 2020 showing a 47.22% growth rate [4]. These results depict 
that, there was progressive increase in the frequency use of the social media 
platforms. 
Social media has provided people with new ways to connect with other people on 
the internet. People use social media, like online groups, to make their own 
material and connect with other users [5]. These platforms are made to help 
people connect with each other and share thoughts, pictures, videos, and other 
material in a digital setting. It has become an important part of modern 
communication and has changed how people connect with each other. Businesses 
use social apps to sell and promote their goods and keep track of what customers 
are saying about them. The goal of social networking sites, which are online 
platforms, is to create and sustain relationships between users. Social 
networking sites come in a variety of forms, each with unique features and 
objectives. However, in this study, we highlight a few social media platforms that 
are mostly user-friendly, including Facebook, YouTube, Instagram, TikTok, Imo, 
Telegram, WhatsApp, Twitter, and Linkin. 
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1.2 Motivation 
 

whole digitally developed era. It is essentially a tool for communication and 
exchange of information and for gaining knowledge. But its uncontrolled and 
excessive utilization leads to detrimental impacts on individual, society and work 
domain which includes, but not limited to stress, decreased work efficiency and 
addiction. Although relevant studies have discussed various aspects of the 
impact of social media, most of them have been limited to certain platforms or 
only positive or negative aspects. In addition, a lack of practical solutions has 
been observed for analyzing user behavior. The main objective of this study is to 
analyze both positive and negative effects of social media and to measure and 
increase awareness of users' addiction through a user-friendly mobile 
application. Through this study, we are not only enriching theoretical 
knowledge, but also providing a practical solution for users, which will be helpful 
in improving their social media usage habits. To this end, the inspiration for our 
research comes from the desire to reduce the negative effects of excessive use of 
social media and increase users' awareness. 

 
1.3 Objectives 

 
Our objective is to develop a machine learning model for analyzing and predicting 
the social media addiction with the deployment of model into mobile application.  
Identify whether social media affects his/her professional or personal life. 
Comprehensively examine both the positive and negative effects of social media 
usage on daily life, incorporating insights into user awareness and responses. And 
combine real statistical data with quantitative and qualitative findings. 
 

1.4 Methodology 
 
In order to predict and analysis social media addiction, we used a machine learning-
based methodology in this study. Initially, 522 sample datasets were collected, 
including information from employee and students. Data was collected using Google 
Forms, where questions were constructed using 14 features. Less significant 
characteristics were eliminated from the dataset during the data preparation stage, 
and categorical data was transformed into numeric-based data using label encoding. 
After processing, the dataset was ready for various model training. The study used 
five machine learning models: Gaussian Naïve Bayes, Random Forest, Linear 
Discriminant Analysis (LDA), Extra Trees, and two ensemble techniques called 
Stacking and Adabost. Each model's performance was assessed using appropriate 
measures, including F1-score, recall, accuracy, and precision. The stacking ensemble 
model had the highest accuracy of 91.71% and outperformed the other models. This 
model was integrated into an Android application that allows users to enter their 
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data and receive addiction forecasts. The program uses a Flask API to process data 
and make predictions. This method has resulted in a successful blend of research 
and real-world applications, as well as a solid foundation for recognizing social media 
addiction. 
 

1.5 Project Outcome 
 
Our study will try to develop a machine learning model for the prediction of social 
media addiction and determine how far it may affect the professional and personal 
lives of people. We will analyze comprehensively the positive and negative impacts 
of social media upon daily life, and we will also incorporate real statistical data with 
quantitative and qualitative findings. Also deploy the machine learning model into 
a mobile application. The approach will help us understand how social media affects 
our lives with greater clarity. 

1.6 Organization of the Report 
 
This report outlines the development and deployment of a machine learning-
based system for analyzing and predicting social media addiction, aiming to 
provide practical solutions and raise awareness about healthy social media usage 
habits. The report is organized into six chapters. The first chapter introduces the 
study, highlighting its motivation, objectives, and the methodology employed. 
The second chapter provides a comprehensive background, including a literature 
review and a gap analysis, to establish the need for this research. In the third 
chapter, we detail the methodology and the deployment process, covering data 
collection, preprocessing, model development, and the integration of the machine 
learning model into an Android application for real-world usage. Chapter four 
discusses the implementation and results, focusing on the performance 
evaluation of the predictive models and the insights derived from the analysis. 
Chapter five explores engineering standards, societal impacts, and design 
challenges, addressing compliance with standards, sustainability, and complex 
engineering problem-solving methodologies. Finally, chapter six concludes the 
report by summarizing the findings, discussing the limitations, and providing 
directions for future work. 

 
 
. 
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Chapter 2 
 

Background 
 

This chapter presents the impact of social media, its positive and negative 
aspects, and a review of relevant research. The chapter analyzes the impact of 
social media addiction and its related problems such as mental health, 
productivity, and relationships through various studies. In addition, a gap 
analysis identifies the limitations of previous research and suggests ways to 
overcome those limitations through our research. 
 

2.1 Introduction 
 
Social media is a digital platform that enables people to connect, share 
information and create all sorts of content. It is now very much indispensable in 
modern life and has had a considerable impact on individuals, society and 
businesses. Nevertheless, excessive or out of control usage has brought some 
problems such as addiction, mental health, productivity, and relationships. 
Machine learning is a kind of data-based decision-making method that can 
predict target based on data. So, we can use machine learning to predict the 
effect of people's lives on social media.  

 
2.2 Literature Review 

 
Akram, et al. [6] presented A Study on Positive and Negative Effects of Social 
Media on Society. Social media acts as a medium for enhancing public discussion 

understanding about its true impacts. In this study they find positive sides of 
social networks as significant resources for professionals, showing of skills, 
provide access to business opportunities, and help with effective networking. 
Conversely, the internet carries inherent risks tied to online communities, such 
as cyberbullying a form of harassment perpetrated using electronic technology. 

Facebook and YouTube have become sources of addiction for Moghavvemi, S. et 
al. [7
of Facebook and YouTube among Malaysian students, focusing on the potential 
for internet addiction and its impact on their social and academic lives. Using 
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YouTube were surveyed for the study. According to the research, 22% of YouTube 
viewers and 18% of Facebook users are addicted, using these platforms for more 
than two hours every day. 

A Survey on Facebook Addiction Level Among Selected Nigerian University 
Undergraduates was given by Alabi, O. F. [8]. The study examines the alarming 
issue of excessive Internet usage and its effects, which is commonly known as 
Internet Spectrum Addiction Disorder. The study concentrates specifically on 
Facebook Addiction as a possible manifestation of this disorder, with a particular 
emphasis on young adults in Nigeria. The purpose of this study is to determine 
the prevalence of Facebook addiction among selected Nigerian undergraduates. 
One thousand undergraduates from four universities in southwest Nigeria 
constituted the research sample. According to the study, there is a low 
prevalence of addiction (1.6%), especially among undergraduate students who 
attend private universities. 

Gonzalez-Padilla, et al. [9] study the Social media influence ´ in the COVID-19 
Pandemic. The COVID-19 pandemic has showcased the unprecedented speed of 
communication through social media platforms, playing a vital role in 
disseminating information. This study discussed the advantages and 
disadvantages of using social media during a pandemic. Also, the study suggests 
adhering to guidelines for sharing accurate and verified information. 

The Impact of Social Media on Children, Adolescents, and Families was 
0]. The widespread use of social media among 

platforms serve as way for entertainment and communication for young 
individuals, leading to significant growth in their popularity. Hence, it becomes 
crucial for parents to understand the nature of these sites, as not all of them 
provide a healthy environment for children and teenagers. 

Hajli, M., et al. [11] work on a study of the impact of social media on consumers. 
The study investigates how consumers use social media for online interaction 
and content creation, benefiting businesses. It validates a model using SEM-
PLS, showing how social media transforms e-commerce into social commerce. 
Survey data reveals that social media enhances consumer interaction, building 
trust and purchasing intent. Trust and perceived website usefulness directly 
influence purchase intent. The paper concludes with discussions on results, 
implications, limitations, and future research directions. 

Time Spent Using Social Media Impacts Mental Health: An Eight-Year 
Longitudinal Study, presented by Coyne, S. M., et al. [12]. Prior research has 
shown a connection between social media usage and mental health issues, but it 
is restricted by its cross-sectional design and absence of individual change 
analysis. Surprisingly, an 8-year study of 500 teenagers that followed their use 
of social media and mental health from age 13 to age 20 found no association 
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between social media usage and mental health problems. This refutes the idea 
that increased usage causes issues and promotes a wider perspective in mental 
health research that goes beyond screen time. 

The work of Jafarkarimi, H., et al. [13] examines Facebook addiction in students 
from Malaysia. The study analyzed Facebook addiction among 441 Universiti 
Technologi Malaysia students using the Bergen Facebook Addiction Scale. 
Approximately 47% of participants showed addiction tendencies, which were 
consistent across postgraduates, undergraduates, and Malaysian and non-
Malaysian students. Factors like religion, income, ego strength, and locus of 

ch indicates a higher 
likelihood of addiction as Facebook usage increases. 

Social media presents both benefits and challenges, according to Kaplan, A. M. 
et al. [14]. Social Media has emerged as an area of priority for organizations that 
wish to capitalize on sites like Wikipedia, YouTube, Face book and Tweeter for 
business gains. Nonetheless, its definition is still unclear and that is why this 
article exists to explain what Social Media is and how it is different from Web 
2.0 and User Generated Content. It divides Social Media into six categories 
namely collaborative projects, blogs, content communities, social networking 
sites, virtual game worlds and virtual social worlds and provides ten guidelines 
to firms implementing Social Media. 

Carr, C. et al. [15] discusses the absence of a clear definition of Social Media 
within communication scholarship and introduces a clear but versatile definition 
from numerous disciplines. It is informed by the growing trends in the 
pervasiveness and role of social media features, uses and users as it exposes 
theoretical hurdles in the future advancement of communication theories. The 
article focuses on how isolating and experimenting through the use of the social 
media benefits the understanding of both the Human-Computer Interface as well 
as the Human-Human interface and presents the framework for the future 
communication research. 

Schober, M. F et al. [16] discusses if the information extracted from the social 
media messages can be used in addition to or as a replacement for survey data 
and discusses issues regarding reliability of such data for statistical purposes. It 
highlights the difference between survey researchers and data scientists in 
terms of sample representation, participant understanding and data validity. 
Hence, although social media content may not have the conventional population 
coverage, the success rate of predicting social phenomena is relative to the 
characteristics of the research problem, population under study, and/or the mode 
of analysis. Thus, close cooperation of these fields is necessary to overcome these 
problems. 

Nti, I. K., Akyeramfo-Sam et al. [17] presented a study on Prediction of social 

Algorithms (MLAs). The study investigated the relationship between students' 
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academic performance and the type of social networking site they use, how often 
they use it, how they use it in class, and how much exposure they have to it. They 
use Decision Tree (DT) and Random Forest (RF) machine learning algorithms to 
predicted the st
highly affect their academic performance; of the 100 participants, only 14.42% 
use SNSs for academic work, while 73.27% use SNSs for socialization (chatting). 
The study's conclusion demonstrates that students' academic performance is 
somewhat impacted by the frequency of social networking site use and its 
application in the classroom.  

 
Table 2.1: Comparative Analysis 

SL. Year Author Objects 
(deal with) 

Problem 
Domain 

Size of 
Data 

Algorithm Best 
Accuracy 

1 2022 Akter, 
M., Ritu, 
K. F. et 
al. [18] 

Social 
Media 
Addiction  

Prediction 504 Logistic 
Regression 94.05% 

2 2019 Al 
Mamun, 
M. A., el 
al. [19] 

Facebook 
addiction 

Prediction 300 Regression 
analysis 39.7% 

3 2024 Mim, M. 
N., Firoz 
et al. [20] 

Social 
Media 
Addiction 

Analysis 1417 Random 
Forest 82% 

4 2020 Rahardjo, 
W., et al. 
[21] 

Instagram 
addiction 

Perception 434(Total) 
259(Dtype) 

Snowball 
sampling 
and 
regression 
techniques 

56.9% 
(affected) 

5 2022 Savci, M., 
Tekin, A. 
et al. [22] 

Problematic 
social 
media 

Prediction 309 SVM 

63%  

6 2024 This 
Work 

Social 
Media 
Addiction 

Prediction 
and 
Analysis 

522 Random 
Forest 
Extra Trees 
LDA 
AdaBoosting 
Gaussian 
NB 
Stacking 

91.71% 
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Chapter 2.   Background 2.3.  Gap Analysis 
 

2.3 Gap Analysis 
 
Many studies have examined the impact of social media addiction and how it can 
be analyzed and quantified, but there are notable gaps in the literature. 
Meanwhile, the vast majority of the existing studies have been focused on some 
specific social media platforms, e.g., Facebook or YouTube. Also, some studies 
only worked on either positive impact or negative impact. Furthermore, there is 
a lack of practical applicability, since most studies have been conducted at the 
theoretical level, with no useful tools or apps produced for users. To mitigate 
these gaps, our study considers nine social media platforms and talks about both 
the positive and negative impact of them. Also analyzed user behavior or daily 
activities based on data. In addition, a user-friendly mobile application has been 
developed, which collects data and provides addiction prediction. Our work 
overcomes previous limitations by using a diverse dataset and provides practical 
solutions.  

 

2.4 Summary 
 
Social media has a significant role in modern life, influencing people, society, and 
businesses in significant ways. Although excessive use has resulted in issues like 
addiction, mental health issues, and decreased productivity, it has also expanded 
chances for communication and information sharing. Prior research has typically 
been biased in its analysis of positive or negative effects and has been limited to 
particular social media sites. The majority of research has stayed theoretical in 
nature and has not produced any practical tools or apps for users. By examining 
nine platforms and evaluating both their advantages and disadvantages, our 
analysis gets over these restrictions. The daily behavior of users has been 
examined using a variety of datasets. Additionally, an easy-to-use mobile 
application that gathers information and offers addiction predictions, leading to 
practical solutions.  
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Chapter 3 
 

Research Methodology 
 
This chapter goes into detail on the research approach, framework, and 
procedure. A step-by-step presentation of the data collection, pre-processing, 
model selection, training, and evaluation processes is provided. The usefulness 
of several machine learning algorithms and ensemble techniques is explained, 
which contributed significantly to the research's accuracy and efficiency. 
Through the Flask API and Android application integration, users are provided 
with a useful tool that helps analyze social media addiction. The results of this 
research will help users increase awareness and develop healthy digital habits.  

 
3.1 Methodology/Requirement Analysis & Design 

Specifi cation 

3.1.1 Overview 
 
The steps involved in our study approach are highlighted in the following figure, 
Figure. 3.1. First of all, we have collected data through the Google form. 
Subsequently, we perform data preprocessing in consideration of several 
techniques, such as removing the features that bear low impacts on the dataset 
and employing encoding techniques to our dataset. Finally, the dataset is ready 
to fit the model. After that, RandomForestClassifier, ExtraTreesClassifier, 
LinearDiscrimantAnalysis, GaussianNB and models are established and 
trained. Since then, we attempted to enhance the model's performance through 
the use of Ensemble method. The Chosen models were selected based on higher 
accuracy. Across the whole process, the RandomForestClassifier, 
ExtraTreesClassifier, LinearDiscriminantAnalysis, GaussianNB and Ensemble 
learning model were being used.  
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3.1.2 Proposed Methodology/ System Design

Figure 3.1: Execution Process
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Chapter 3.  Research Methodology 3.2. Detailed Methodology and Design

3.1.3 UI Design

Figure 3.2: UI of Mobile Application

3.2 Detailed Methodology and Design

3.2.1 Dataset Description

In this study, we are concerned with the effects of social media on students and 
employees. We are collecting 522 data points. Two types of data are found in this 
dataset: numeric and string. We are students, so we can reach the student easily 
that's why most of the responses were generated from students, while an 
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additional few were from employees. Data was collected via a Google Form that 
was created to elicit as much information as possible that would be useful in the 
study. To ensure a thorough and representative dataset, we created a 
questionnaire comprising 14 questions. These questions were carefully chosen 
from published article and credible websites including SurveyMonkey, 
QuestionPro and Jotform. This approach helped to use the common formats of 
questions and guarantee the reliability and validity of the data.  
 

Table 3.1: Description of Dataset 
 

Age 13 - 19 5.75% 
20 - 30 80.27% 
30+ 13.98% 

Gender Male 56.13% 
Female 43.87% 

Profession Student 78.16% 
Employee 21.84% 

 0 - 2 8.81% 

 2 - 4 14.18% 

Time spends on 
profession 

4 - 6 23.75% 

6 - 8 25.48% 

 8+ 27.78% 

Social network site 
use 

Facebook 
YouTube 
Instagram 
TikTok 
Imo 
Telegram 
WhatsApp 
Twitter (X) 
LinkedIn 
Others 

79.31% of 100% 
73.95% of 100% 
45.02% of 100% 
26.25% of 100% 
29.89% of 100% 
42.15% of 100% 
62.07% of 100% 
17.62% of 100% 
20.69% of 100% 
0.19% of 100% 

 1 - 2 14.18% 

 3 - 4 33.52% 

Time spends on site 4 - 5 22.61% 

5 - 6 15.52% 

 6+ 14.18% 

 1 - 2 32.18% 

 3 - 4 24.52% 

Time spends with 
family 

4 - 5 19.16% 

5 - 6 9.77% 

 6+ 14.37% 

Why use these social 
networking sites 

keep up with news/gossip/ trends 
contact and connect with friends/ family 
interact with new people 
to find employment 
organize events 
raise awareness 

55.8% of 100% 
73.4% of 100% 
32.5% of 100% 
25.3% of 100% 
21.4% of 100% 
21.9% of 100% 
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to watch videos 
as a profession 
Others 

57.6% of 100% 
14.7% of 100% 
2.1% of 100% 

Personal benefits of 
using social 

networking sites 

help with studies 
staying connected with people 
learn new skills 
entertainment 
sharing common interests 
digital reputation 
Others 

42.2% of 100% 
69.3% of 100% 
49% of 100% 
72.9% of 100% 
27.8% of 100% 
17.2% of 100% 
1.7% of 100% 

When access social 
media websites 

during my free time 
while at school/university/work 
during social occasions 
during meal times 
any spare time 

76.5% of 100% 
46% of 100% 
31.8% of 100% 
38.4% of 100% 
28.7% of 100% 

 Strongly disagree 5.75% 

 Disagree 8.62% 

Privacy policies are 
effective 

Neutral 32.38% 

Agree 39.85% 

 Strongly agree 13.41% 

Advertising influences 
the purchase 

Strongly disagree 
Disagree  
Neutral 
Agree  
Strongly agree 

4.60% 
6.32% 
28.35% 
39.85% 
20.88% 

Forget about time 
Yes 
No 
Sometimes 

41% 
29.89% 
29.11% 

Addicted 
Yes 42.91% 
No 33.14% 
Not Sure 23.95% 

 
 

3.2.2 Preprocessing 
 
In order to prepare raw data for model training, data preprocessing is an 
essential step in the machine learning workflow for building reliable, accurate, 
and efficient machine learning systems. It is necessary to appropriately 
preprocess the target dataset before any valuable information can be found [23]. 

dataset. We applied Encoding technique that convert the categorical variables 
nderstand without numerical 

Therefore, One-hot encoding is appropriate but this encoding in such cases 
results into very high dimensional vector representation which can pose a 
challenge to the storage and computations of machine learning models [24]. For 
this reason, Label Encoding is more appropriate than others to complete our 
task.  
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3.2.2.1     Label Encoding 
 

Label encoding is the conversion of categorical data sets into a set of numbers. 
This transformation is particularly important when using a machine learning 
model because most of the algorithms accept only number inputs [25]. In label 
encoding, the specific column transforms it into numerical elements. 
The label encoding assigns each category a unique integer: 

 

 

 

The encoding might be: 

no 0 

not sure 1 

yes 2 

 

3.2.3 Model Description 

3.2.3.1 Random Forest 
 
The random forest is a type of ensemble learning method using decision trees. It 
is one of the most powerful and popular machine learning algorithms for 
classification and regression tasks. Random Forests help to overcome some of the 
limitations of single decision trees and tend to result in higher predictive 
accuracy and robustness [26]. 
To use for Regression problems solving using Random Forest, then we can use 
mean squared error (MSE). 

 

Were, 
N - the number of points 
fi - The value returned by the model. 
yi - the actual value of the data point i 

It helps determine which branch is best for the forest by calculating each node's 
distance from the expected real value. where fi is the result that the decision tree 
returns and yi is the value of the data point that you are testing at a certain node. 

If we are solving Classification problems using Random Forest, then Gini Index, 
or the Equation used to find how a node of a Decision Tree should branch out.  
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Were, 

Gini impurity/Gini index/Gini coefficient: A measure of impurity or disorder 
that is used by decision tree algorithms, especially in classification problems. 
c is the number of unique classes or categories in the response variable. 
Pi is the fraction of examples of class i in a node or a group of nodes. 

This formula determines the Gini of each branch on a node and determines which 
branch is most likely to occur by using the class and probability. where c is the 
number of classes in the dataset and pi is the relative frequency of the class you 
are examining.  

3.2.3.2  Extra Trees  
 
ExtraTreesClassifier is an ensemble of learning that has its roots in decision tree 
learning. Extra-Trees Classifier is used for classification problems because of its 
great strength. This model is further bolstered by the Gorilla Troops Optimizer 
(GTO) and Reptile Search Algorithm (RSA), as are modern techniques used for 
optimizing decisions and increasing the accuracy of predictions [27]. These 
improvements allow the model to search for parameters spaces extensively and 
effectively in order to get the best parameter tuning. Thus, it outperforms a host 
of traditional tree-based classifiers across the varying dataset.  

 
Were, 

Tm(x) is the prediction of the m-th tree for input x. 
M is the total number of trees. 
mode represents the majority vote across all tree predictions. 

 

Were, 
S is the dataset at a node. 
C is the number of classes. 
Pi is the proportion of class i in s. 

The split reduces impurity by maximizing the information gain: 

 

Were, SL and SR are the left and right child nodes after the split.  

3.2.3.3 Linear Discrimination Analysis 
 
LDA is simple linear classifier that allows us to reduce the dimensions of the 
data by projecting a dataset onto a lower-dimensional space through maximizing 
the class separability. An optimal discrimination projection matrix is defined as 
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the equitation (2) [28].  

 

Were, 
Dopt is optimal projection matrix. 
SB is between class scatter matrix. 
SW is within class scatter matrix. 

Class-dependent and class-independent LDA techniques are the two categories 
of LDA techniques used to deal with classes. Each class has its own lower 
dimensional space that is computed for the purpose of projecting its data in the 
class-dependent LDA. In contrast, each class will be viewed as distinct from the 
others in the class-independent LDA. All classes can project their data onto a 
single lower-dimensional space of this type [29].  

3.2.3.4 Gaussian NB 
 
Gaussian NB is based on the Bayes theorem that supports continuous data 
derived from Gaussian normal distribution. NB is based on the assumption of 
independence among features. Assuming a normal distribution of data, this 
classifier is one of the simplest and more easily implementable supervised 
machine learning classification technique. The Bayes theorem is based on the 
assumption that each selected feature contributes to the decision equally and 
independently, which leads to multiply the likelihood and prior by the evidence. 
It assumes that the contribution of each feature to relevance is independent of 
its contributions to the others. Given that another event has already happened, 
the GNB is the probability of a particular occurring [30]. 

The Bayes Theorem: 

 

Were, 
P(A) is the probability of a certain event happening without considering any 
additional information. 
P(B|A) represents the probability of observing some evidence given that the 
event has occurred. 
P(B) is the overall probability of observing the evidence, regardless of whether 
the event has occurred or not. 

3.2.3.5 Ensemble Technique 
 
Ensemble approaches enhance prediction accuracy when compared to single 
classifiers on a dataset. In this study, we used two ensemble methods to increase 
the performance of classification algorithms. Machine learning classifiers 
findings are combined using the two most prominent ensemble techniques: 
Boosting (AdaBoosting classifier) and Stacking classifier.  
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3.2.3.5.1 Boosting Classifier 
 
Another widely used ensemble methods is boosting classifier. It is used to 
develop a group of classifiers. In boosting methods, a set of classifiers is learned 
sequentially where the classifiers fit data and then examine the mistakes. 
Decision trees are pruned sequentially to fit from the data and with the aim to 
achieve better accuracy in every stage [31]. Boosting is used to transform weak 
classifiers into robust models.  

3.2.3.5.2 Stacking Classifier 
 
To increase prediction accuracy, the stacking ensemble model includes base 
classifiers and a meta-classifier, which uses a variety of learning methods such 
as SVMs, neural networks, and decision trees. The meta-classifier is trained 
using the predictions of the base classifiers, improve their combination. Stacking 
is commonly used in a variety of applications, ensuring diversity and superior 
performance [32].  

3.2.4 Performance Matrix 

3.2.4.1 Confusion Matrix 
 
Confusion matrix is one of several evaluation metrics that measure the 
performance of classification models. N X N is a confusion matrix, where N is the 
number of predicted classes. It is a table that outlines the quantity of ground 
truth instances of a certain class in relation to the quantity of expected class 
instances [33]. The predicted labels are classified in one of four categories: a true 
positive (TP) identifies correctly identified positives, a true negative (TN) defines 
correctly identified negatives, a false positive (FP) is a negative which was 
incorrectly found as a positive and finally the same definition can apply to false 
negative (FN), where the instance which is actually positive being determined as 
negative [34]. There are several performance metrics which we can compute 
directly from the confusion matrix such as accuracy, precision, recall and f1-score 
etc. 

3.2.4.2 Accuracy 
 
Accuracy represented the percentage of accurately categorized instances in the 
collection of all instances [34].  The accuracy is expressed as follows in equation 
(8).  
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3.2.4.3 Precision 
 
The percentage of true positives among all positive cases is determined by 
precision [35]. The precision is expressed as follows in equation (9). 

 

3.2.4.4 Recall 
 
Recall evaluates when an instance is actually positive, how often it predicts 
positive [36]. The recall is expressed as follows in equation (10). 

 

3.2.4.5 F1-Score 
 
Through the combination of precision and recall value, it evaluates the model's 
total efficacy [35]. In case of a classification problem, the F1-Score is nothing but 
the harmonic mean of precision and recall values. The recall is expressed as 
follows in equation (11). 

 

3.2.5 Explainable AI (XAI) 
 
Some of the XAI methods are SHAP (Shapley Additive Explanations), LIME (Local 
Interpretable Model Agnostic Explanations), Grad-CAM (Gradient-weighted Class 
Activation Mapping), and Grad-CAM++. But we only significantly applied the LIME 
technique in our study. LIME constructs models that are closest to the local one for 
giving explanations to particular cases. These following ways help it contribute to 
XAI: feature importance, local explanation, and visualization. 

3.2.5.1   Lime 
 
LIME (Local Interpretable Model Agnostic Explanations) is the method of 
providing explanation in the context of the decision made by interpreter model 
in context of individual samples. LIME approximates the local behavior of a 
complex model around a specific instance by training a simpler, interpretable 
model [37]. LIME identifies the most influential features for a given prediction, 
which gives a better understanding of the model's decision-making process. 
 

3.3 Deployment 
The deployment of our machine learning model focuses on integrating the 
finalized solution into a production environment, making it accessible for 
practical use. In the context of analyzing and predicting social media addiction, 
the primary objective is to provide an accessible and user-friendly tool that 
empowers individuals to assess their social media usage patterns effectively. 

This study deploys an end-to-end system that integrates the predictive model 
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with a functional Android application. The model, trained using ensemble 
stacking for optimal accuracy, was prepared for deployment by saving it in Pickle 
(.pkl) format. This conversion ensures lightweight and seamless integration with 
other platforms. 

3.3.1  Backend System Development 

A Flask API was developed to serve as the backend for the system. There are 
total 13 input parameters received by the API, which are features derived from 
our dataset, the model then processes this input through trained model and 
predicts whether the person is addicted to social media or not. The API is 
deployed on cPanel which can be accessed securely and can scale easily. 

3.3.2 Android Application Integration 

This Android application was created as a main user interaction interface. It 
contains a form with 13 questions corresponding to the features used in model 
training. Users feed their response, and this response is sent to deployed Flask 
API for analysis in real-time. The result of the API response on the app that 
represent the probability of social media addictive behavior. Our open access 
mobile application is available for download on our GitHub repository [38]. 

3.3.3 Technical Implementation 

The frontend of the Android application was built in XML, and the backend 
functionality for the input was developed in Java. The application makes HTTP 
requests to the Flask API in order to communicate with it for data processing 
and exchange. The mobile application's user interface and real-time prediction 
are shown in Figure 3.2. 

3.3.4 Benefits and Impact 

The deployment framework creates a bridge between machine learning research 
and the real world, enabling people to gain meaningful insights from their social 
media behavior. Such a process could raise awareness about social media 
addiction and help users practice healthy digital habits. 
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3.4 Task Allocation 

Table 3.2: Task Allocation 
 

Tasks 
 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 
Improve the 
accuracy 

                 
                 

Finalize the 
model and 
Prepare 
Mobile 
Application 

                 
                 

Prepare 
detailed 
documentation 

                 
                 

 
Estimated Work Period  
Actual Work Period  

 
 
3.5 Summary 

 
This chapter discusses the methodology and framework used for the research. 
Described every single step in the process: from data collection to the pre-process, 
then we explained how we trained the model. The performance of several 
machine learning models, including Random Forest, Extra Trees, Linear 
Discriminant Analysis, Gaussian NB, and ensemble techniques, is emphasized. 
Also discuss a variety of evaluation metrics such as precision, accuracy, recall, 
F1-score, and more, focusing on combined methods compatible with one another 
in order to optimize the model's effectiveness. In addition, the use of Explainable 
AI methods, especially LIME, has made the research decision process more 
transparent. Through the Flask API and Android application integration, users 
are provided with a useful tool that helps analyze social media addiction. The 
results of this research will help users increase awareness and develop healthy 
digital habits 
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Chapter 4 
 

Implementation and Results 
 
This chapter analyzes the implementation process of our research and its related 
results. The environment setup, data processing, model training and their 
performance evaluation as well as the use of social media and its impact are 
discussed in detail. 

4.1 Environment Setup 
 
To perform our implementation, we use a PC with the Windows 10 operating 
system, an AMD Ryzen 5 5600G processor, and 16 GB of RAM. We execute the 
model using the open-source platform Jupyter Notebook. The Scikit-Learn 
framework is utilized to put the model into action (refer to Table Y). 

Table 4.1: Experimental Setup. 

Process Name S.N. Action 
Input 1 Collected 522 samples based on daily activities from 

the social media user, including 3 classes. 
Environment 2 Jupyter Notebook. 

3 Import all necessary libraries and packages. 
4 Load the dataset. 

Splitting dataset 5 Split data training (70%) and testing (30%). 
Training and 
Testing 

6 Regression and Classification models are used for 
training on the train dataset. later, unseen data is 
given to predicts. 

7 For improving the predicts accuracy used Ensemble 
learning techniques. 

Performance 
Evaluation 

8  
9 Generate classification reports. 
10 Generate confusion matrices. 

Prediction 11 Load best model 
12 Load random sample 
13 Predict the classes 
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4.2 Testing and Evaluation/Performance/ 

Comparative Analysis 

In our study, we applied six machine learning models to analyze and predict the 
impact of social media on daily life. The models are Random Forest, Extra Trees 
Classifier, Linear Discriminant Analysis (LDA), Gaussian Naive Bayes, 

ost and Stacking. We used key metrics such as 
accuracy, precision, recall, and F1-score to evaluate the performance of these 
models. Confusion matrices Fig 4.1 and classification reports Table 4.2 for each 
model helped to analyze the performance of the models. 

Table 4.2: Classification report of all model. 

Model Name Precision Recall F1-Score Overall Accuracy 

Random Forest 0.90 0.90 0.90 0.90 
Extra Trees 0.91 0.90 0.90 0.90 
LDA 0.91 0.90 0.90 0.90 
Gaussian NB 0.89 0.89 0.89 0.89 

AdaBoost 0.92 0.91 0.91 0.91 
Stacking 0.92 0.92 0.92 0.92 

 

 
Figure 4.1(a): Confusion Matrix of 

Gaussian NB 

 
Figure 4.1(b): Confusion Matrix of 

LDA 

 
Figure 4.1(c): Confusion Matrix of 

Random Forest 

 
Figure 4.1(d): Confusion Matrix of 

Extra Trees 
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Figure 4.1(e): Confusion Matrix of 

AdaBoost 

 
Figure 4.1(f): Confusion Matrix of 

Stacking 

Figure 4.1: Confusion Matrix of all Model 

The Gaussian NB model achieved 89.17% accuracy. Figure 4.1(a) represents the 
confusion matrix of the model. Among 157 test data. It correctly predicts 56 data 
as no, 32 data as not sure and 52 data as yes. And misclassified 17 data with 
each other. On the other hand, Linear Discriminant Analysis (LDA) model 
achieved 90.44% accuracy on the same dataset. In Figure 4.1(b) we can see that, 
how well it identifies the classes. In class no, the number of data occurrence is 
57. It predicts 56 data correctly and incorrectly classified 1 data as not sure. In 
not sure class, the number of data occurrence is 43. It predicts 34 data correctly 
and misclassified 9 data with no and yes. In class yes, the number of data 
occurrence is 57. It correctly predicts 52 data. And misclassified 3 data with no 
and not sure. 

Random Forest, Extra Trees Classifier and AdaBoost models achieved the same 
accuracy that is 91.08%.  But there has some difference in class identification. 
Figure 4.1(c) represent the confusion matrix of Random Forest. The Random 
Forest model performed well in analyzing complex data relationships, and its 
ensemble method helped prevent overfitting. However, it made some 
misclassifications in certain classes. Where in class no, the number of data 
occurrence is 58. It predicts 56 data correctly and incorrectly classified 2 data as 
not sure. In not sure class, the number of data occurrence is 39. It predicts 32 
data correctly and misclassified 7 data with no and yes. In class yes, the number 
of data occurrence is 60. It correctly predicts 53 data. And misclassified 7 data 
with no and not sure. While Figure 4.1(d) represent the confusion matrix of Extra 
Trees Classifier. In no class, among 57 data, the model correctly identifies 56 
data and misclassified 1 data with not sure. In not sure class, it predicts 33 data 
correctly and misclassified 8 data with no and yes. In yes class, it predicts 53 
correctly and misclassified 6 data with no and not sure class. On the other hand, 
Figure 4.1(e) represent the confusion matrix of AdaBoost. We can see that, how 
well it identifies the classes. in class no, the number of data occurrence is 57. It 
predicts 56 data correctly and incorrectly classified 1 data as not sure. In not 
sure class, the number of data occurrence is 46. It predicts 36 data correctly and 
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misclassified 10 data with no and yes. In class yes, the number of data occurrence 
is 54. It correctly predicts 51 data. And misclassified 3 data with no and not sure. 

Among each model, the stacking ensemble technique performed best. Which 
achieved 91.71% accuracy. Stacking combined the predictions of the base models 
to take advantage of their complementary features. The meta model used in the 
stacking framework was able to analyze different patterns well, resulting in the 
highest accuracy and classification index. In Figure 4.1(f) highlights confusion 
matrix. Were in no class, it correctly classifies 56 data as no and misclassified 1 
data with not sure. In class not sure, it predicts 35 data correctly and incorrectly 
classified 8 data with no and yes. In class yes, it identifies 53 data correctly. And 
misclassified 4 data with no and not sure. 

Figure 4.2 shows the Overall performance of these model. Where stacking 
achieved the highest accuracy, which was 91.71%, and it was 91.08% better than 
the best individual model. And Gaussian NB achieved the low accuracy, that is 
89.17%. 

 
Figure 4.2: Model Comparison 

4.3 Results and Discussion 
There is no doubt that social media has quite a large contribution in today's 
society, which was primarily invented to help the people in society. On the other 
hand, recent studies have shown that social media abuse has grown to be a 
significant social problem. Its overuse and abuse can lead to detrimental effects 
on individuals' well-being and daily activities. Although it provides a number of 
benefits, like improved communication and information sharing. 

Social media has completely changed the way we share, communicate, and 
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interact. It has enhanced our capacity to communicate with loved ones, have 
access to a plethora of knowledge, and interact with groups of people who share 

their careers. Its reach for marketing and consumer involvement benefits 
businesses. Social media is essential for fostering social activity and increasing 
public awareness of social concerns. Additionally, it creates cross- cultural 
interactions, offers educational possibilities, and gives a feeling of support and 
belonging [39]. Social media, when utilized wisely, has the potential to have 
significant beneficial societal, personal, and professional effects. 

Social media has a number of adverse effects in addition to its numerous positive 
impacts. Overuse can negatively affect relationships, productivity, and mental 
health. Particularly when users engage in excessive comparison or encounter 
cyberbullying, it may add to feelings of loneliness, anxiety, and despair. There 
are many privacy issues and data breaches, which raises concerns about the 
protection of personal data [40]. Furthermore, social media has the potential to 
be addicting, resulting in excessive screen time and decreased productivity. 

 

Figure 4.3: Time Spent on Social Media Across Gender 

In Figure 4.3, the daily time spent on social media is shown by gender in various 
ranges. Males dominate a significant percentage of 3-4 hours users, 21.8%. It is 
an indicator of their proclivity for excessive use. Likewise, females show a 
slightly higher percentage in the 4-5 hours category compared to male 
counterparts, 12.5% and 10.2%, respectively, proving again that females have 
more mid-level engagement. Both genders have a similar distribution in the 5-6 
hours range; however, the involvement of a large number of the population in 
the 6+ hours range may suggest overuse in both genders. These trends highlight 
the gender specificity in social media usage, with males preferring more intense 
but brief usage while females preferring longer-lasting sessions with the site. 
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Figure 4.4: Social Media Uses Engagement 

Figure 4.4 shows active social media platform use by 522 participants from the 
survey data where more than one social media platform could be chosen. 
Platform is indicated along the x-axis while respondent count is indicated along 
the y-axis. Two categories are visualized: Total Population, which remained the 
same for all the platforms, being 522, and Users, who referred to those who were 
actively using the various platforms. It is observed that the social media that has 
received more engagement from the users is Facebook, YouTube, and WhatsApp, 
while a lesser number of people actively use the media including Twitter, 
LinkedIn, TikTok, and other similar media. Such variation is due to the 

evels within 
the survey audience. Such constancy of the total population value aids in 
uniformity across various platforms, which provides a proper framework for 
analysis of the use and preference for social media platforms. In particular, this 
visualizati
engagement trends. 

 
Figure 4.5: Reason for Using Social Media 
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The Figure 4.5 shows the reasons why people use social media, based on survey 
responses in which participants could select several options. The most common 
reason, chosen by 24.7% of participants, is to contact and connect with friends 
and family, demonstrating the importance of social media in maintaining 
relationships. This is followed by getting up to date on news, gossip, and trends 
(19.3%) and watching videos (19.2%), emphasizing its dual role as an information 
and entertainment provider. Interacting with new people (10.1%) and increasing 
awareness (8.3%) indicate that social media is also useful for extending social 
circles and advocacy. Professional usage, such as job seeking (7.2%), organizing 
events (6.3%), and professional use of social media (4.8%), are less common, 
indicating the platform's predominantly personal and recreational nature. While 
social media serves multiple purposes, its primary interest is in connecting 
people and providing entertainment. 

4.4 Summary 
In this chapter, the implementation and results of our research are analyzed. 
The chapter initially discusses the process of setting up the environment and 
using the dataset. Then, the performance of different machine learning models 
is analyzed where the stacking method performed best. Next, the use of social 
media and its impact are discussed in detail, where the behavior of users, daily 
time spent, and platform usage trends are analyzed.
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Chapter 5 
 

Engineering Standards and 
Design Challenges 

 

This chapter discusses in detail the engineering criteria used in the project, the 
design challenges, and the impact of the project on society and the environment. 
The project uses software and hardware that meets international standards, and 
ethics, social development, and environmental aspects are given special 
importance. 

5.1 Compliance with the Standards 

5.1.1 Software Standards 

Common industry standards have been followed to ensure the quality and 
functionality of the software systems used in our project. Scikit-Learn and 
TensorFlow libraries have been used for machine learning models, which are 
well-known for their stability and efficiency. Flask has been used for API 
development, which is reliable for data processing and client-server 
communication. Android SDK and Java have been used for mobile application 
development, which are proven and compatible for the Android platform. 

5.1.2 Hardware Standards 

The hardware used follows well-known standards to ensure maximum 
performance and reliability. A desktop with an AMD Ryzen 5 5600G processor 
and 16GB RAM was used for training and testing. Such hardware is powerful 
enough for research and model training. The cPanel used for API hosting 
provides reliable and scalable services, suitable for small to large data sets. 

5.2 Impact on Society, Environment and 
Sustainability 

5.2.1 Impact on Life 

Our project can have a positive impact on people's daily lives. Our mobile 
application for assessing social media addiction will make users aware of their 
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usage patterns. This will help protect their mental health and improve digital 
time management skills. Furthermore, it will help maintain a balance between 
personal and professional life, which can improve people's quality of life in the 
long run. 

5.2.2 Impact on Society & Environment 

Our project will play an important role in raising awareness in society. By raising 
awareness about social media addiction, it will help individuals and society 
develop healthy digital habits. It will have an impact on increasing the 
effectiveness of workers and students. Environmentally, the project provides a 
completely software-based solution without using any physical resources, which 
is environmentally friendly. 

5.2.3 Ethical Aspects 

Ethical aspects have been given special importance in this project. Complete 
confidentiality and data security have been ensured while collecting and 
processing user data. Transparency and fairness have been maintained in the 
use of data. Furthermore, the project in no way encourages users to use excessive 
technology, but rather encourages them to develop healthy digital habits by 
raising their awareness. 

 

5.3 Project Management and Financial Analysis 
 

Table 5.1: Financial Analysis. 

SN Components Estimated Cost (BDT) 

01. Computer 120000-130000 

02. Collecting Data 500-1000 

05. Software 5000-6000 

06. Documentation and Report Writing 500-1000 

07. Contingency (10%of total) 1500-2000 

Total Estimated Cost 128500-140000 
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Chapter 5.   Engineering Standards and Design Challe5n.4g.esComplex Engineering 
Problem 

 

5.4 Complex Engineering Problem 

This section outlines how the project satisfies complex engineering problems 
(EPs) and their corresponding Knowledge Profiles (K) and Engineering Activities 
(EA). The mappings for each EP are defined below, followed by a description. 

5.4.1 Complex Problem Solving 
 

Table 5.2: Mapping with complex problem solving. 

EP1 
Dept of 
Knowled
ge 

EP2 
Range 
Of 
Conflicting 
Requireme
nts 

EP3 
Depth 
of 
Analys
is 

EP4 
Familiari
ty of 
Issues 

EP5 
Extent 
of 
Applica
ble 
Codes 

EP6 
Extent 
Of Stake- 
holder 
Involvem
ent 

EP7 
Interdepende
nce 

     

5.4.1.1    Mapping with Knowledge Profile for EP1 

The project required a deep understanding of machine learning fundamentals, 
ensemble techniques, and app deployment. Literature reviews enriched the 
foundation of specialist knowledge applied. 
This table 5.3) is designed to map the EP1 to the Knowledge Profile. 

Table 5.3: Mapping with knowledge Profile. 

K3 
Engineering 
Fundamentals 

K4 
Specialist 
Knowledge 

K5 
Engineering 
Design 

K6 
Engineering 
Practice 

K8 
Research 
Literature 

   

 
K3 (Engineering Fundamentals): The project required fundamental knowledge 
of machine learning algorithms, including Random Forest, Extra Trees, and 
ensemble models like AdaBoost and Stacking. 
 
K4 (Specialist Knowledge): Advanced understanding of ensemble learning and 
Explainable AI techniques (LIME) was used to interpret model behavior. 
 
K8 (Research Literature): Conducted a detailed literature review to identify gaps 
in previous studies on social media addiction and integrate insights. 

 

5.4.1.2    Mapping with Knowledge Profile for EP2 

Balancing accuracy, runtime performance, and user-friendliness posed 
conflicting requirements, resolved by optimizing the model and ensuring 
lightweight API responses. 
This table 5.4) is designed to map the EP2 to the Knowledge Profile. 
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Table 5.4: Mapping with knowledge Profile. 

K3 
Engineering 
Fundamentals 

K4 
Specialist 
Knowledge 

K5 
Engineering 
Design 

K6 
Engineering 
Practice 

K8 
Research 
Literature 

     

 
K3 (Engineering Fundamentals): Balancing model accuracy (91.71% for 
Stacking) with computational efficiency and ensuring real-time response for app 
users. 
 
K5 (Engineering Design): Designing a user-friendly Android application while 
ensuring data security and fast API response times. 
 
K6 (Engineering Practice): Resolving trade-offs between prediction accuracy and 
system complexity to deploy the solution in a real-world environment. 

5.4.1.3    Mapping with Knowledge Profile for EP3 

Comprehensive analysis was performed by testing six models, fine-tuning 
hyperparameters, and employing advanced evaluation techniques. 
This table 5.5) is designed to map the EP3 to the Knowledge Profile. 

Table 5.5: Mapping with knowledge Profile. 

K3 
Engineering 
Fundamentals 

K4 
Specialist 
Knowledge 

K5 
Engineering 
Design 

K6 
Engineering 
Practice 

K8 
Research 
Literature 

     

 
K3 (Engineering Fundamentals): Applied preprocessing techniques such as label 
encoding and feature selection to prepare the dataset. 
 
K4 (Specialist Knowledge): Evaluated six machine learning models on metrics 
like accuracy, precision, recall, and F1-score. 
 
K8 (Research Literature): Used prior research to validate the methodology and 
justify the selection of ensemble techniques. 

5.4.1.4    Mapping with Knowledge Profile for EP6 

Stakeholders (students, employees) contributed through data collection, 
influencing the development of the predictive model. 

This table 5.6) is designed to map the EP6 to the Knowledge Profile. 

Table 5.6: Mapping with knowledge Profile. 

K3 
Engineering 
Fundamentals 

K4 
Specialist 
Knowledge 

K5 
Engineering 
Design 

K6 
Engineering 
Practice 

K8 
Research 
Literature 

     

 
K6 (Engineering Practice): Collected data from stakeholders (students and 
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employees) via structured questionnaires, ensuring their input shaped the final 
model. 

5.4.1.5    Mapping with Knowledge Profile for EP7 

This interdisciplinary project combined data science, machine learning, and 
mobile app development to create a holistic solution. 
This table 5.7) is designed to map the EP7 to the Knowledge Profile. 

Table 5.7: Mapping with knowledge Profile. 

K3 
Engineering 
Fundamentals 

K4 
Specialist 
Knowledge 

K5 
Engineering 
Design 

K6 
Engineering 
Practice 

K8 
Research 
Literature 

     

 
K5 (Engineering Design): Combined machine learning and software engineering 
to develop an end-to-end solution. 
 
K6 (Engineering Practice): Integrated machine learning predictions with a 
functional mobile app to bridge research and practical application. 

 
5.4.2 Engineering Activities 

Table 5.8: Mapping with complex engineering activities. 

 
5.4.2.1    EA1 Range of resource 

Utilized Scikit-learn, TensorFlow, Flask, and Android Studio for model training, 
API development, and mobile application integration. 

5.4.2.2    EA2 Level of Interaction 

Engaged stakeholders (students and employees) for data collection and 
collaborated with supervisors to refine methodology. 

5.4.2.3    EA4 Consequences for society and environment 

Raised awareness of social media addiction, promoting healthier digital habits. 
Provided an environmentally friendly solution through a software-only 
approach. 

5.4.2.4    EA5 Familiarity 

Leveraged existing machine learning techniques while introducing a novel 
deployment framework to address familiar issues in a new way. 

 

EA1 
Range of
 re- 
sources 

EA2 
Level of 
Interaction 

EA3 
Innovation 

EA4 
Consequences 
for society and 
environment 

EA5 
Familiarity 
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Chapter 5.   Engineering Standards and Design Challenges 5.5.  Summary 
 

5.5 Summary 

The chapter discusses the engineering standards and design challenges of the 
project. Quality has been ensured through the use of software and hardware 
following international standards. The project has had a positive impact on 
raising awareness in the society and improving digital health and has been 
implemented in an environmentally friendly manner. Data security and privacy 
have been ensured while maintaining ethics. Complex engineering problems 
have been solved through machine learning and app development, where an 
effective solution has been created through advanced algorithms and 
stakeholder participation. 
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Chapter 6 
 

Conclusion 
 

6.1 Summary 
 
As technology advances, social media has become a fundamental part of everyday 
life. Social media's rapid growth has had significant effects on numerous areas 
of human life, including behavior, communication, productivity, and mental 
health. This study used machine learning techniques, specifically the 
StackingClassifier model, to look at and predict these impacts based on patterns 
of user engagement, sentiment, and activity. The findings demonstrate how 
machine learning models can effectively classify and predict the results of social 
media use, providing foundations for developing data-driven solutions to reduce 
negative outcomes. This study further demonstrates the significance of moral 
issues in handling user data and ensuring accurate model predictions. The future 
research needs to focus on expanding datasets that include a variety of 
demographic information, updating algorithms for more accuracy, and 
evaluating the long-term social media societal effects. In brief, social media 
persists as an effective tool for creation and connection, but its impact on day-to-
day life needs to be carefully considered and controlled. Society may more 
effectively use machine learning's advantages while solving its weaknesses by 
using it with interdisciplinary approaches. 

6.2 Limitation 
 
One of the weaknesses of this study is that it collected a small amount of data 
for analysis. This study mainly focuses on students with fewer employed people 
and other groups included in the study, thus limiting the external validity of the 
results. Emphasis on only 9 well-known social networks does not include 
relatively new social platforms or local platforms that can have different effects. 
Using Google Forms to capture self-report data often has disadvantages such as 
social desirability bias and recall bias. 
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6.3 Future Work 
 
By acquiring a wider and more diverse dataset, future research should try to 
overcome these limitations and ensure more representation across a range of 
populations, such as professionals and other minority groups. A more 
comprehensive understanding of the impact of social media will be possible if the 
focus goes beyond the 14 well-known social networks to include a variety of area 
various platforms. Biases like social desirability and recall bias can be reduced 
by using more reliable data gathering techniques, such as observational research 
or app-based tracking. 
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