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Social media has become a fundamental element of contemporary life,
providing countless benefits but also posing substantial concerns. While
technology improves connectedness and information exchange, excessive
use raises issues about social and personal well-being. The emergence of
social media addiction emphasizes its influence on everyday routines and
mental health, with many people favoring online activities above vital tasks,
resulting in real repercussions. Twitter, Facebook, and Snapchat have a
significant impact on emotional well-being, adding to global rates of despair
and anxiety. To measure the frequency of social media reliance, we studied
data from 1,417 individuals using machine learning methods such as
decision tree (DT) classifier, random forest (RF) classifier, support vector
classifier (SVC), k-nearest neighbors (K-NN), and multinomial naive Bayes
(NB). Understanding the behavioral patterns that drive addiction allows us to
create tailored therapies to encourage healthy digital behaviors. This study
highlights the critical necessity to address social media addiction as a

complicated societal issue. Our major goal is to determine the amount of
people who are addicted to social media.
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1. INTRODUCTION

Social media is now seen as a common way to pass the time. People get frustrated, depressed, and
suffer from various ailments as a result of spending too much time on social media [1]. Identifying those who
are underrepresented in the multitude of people who express their frustration on social media is simply too
difficult. The perspectives of these people will be contingent and progressive [2]. Social media posts,
outreach, comments, and criticism will all reveal their mental health [3].

The internet has expanded throughout the world. It is feasible to interact across the globe using
social media, and social media is luring individuals to communicate from one end of their internet domain to
another [4]. It will become much more widespread in the near future. It will gradually broaden people's
emotions, thoughts, sentiments, and ambitions [5], and these social media platforms will be the sole method
of expressing or sharing people's emotions, feelings, aspirations, wants, and thoughts [6]. Currently, social
media functions as an addiction [7]. Eventually, this addiction brings people to the stage of suicide [8] and
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enables sensitive individuals in society commit themselves [9]. It should be important before being impacted
by a psychiatric disorder [10].

Social media addiction was particularly prominent among school, college, and university
students [11], [12]. In addition to social media addiction, the terms social media dependency, problematic
network use, compulsive network use, effective social media addiction, ineffective social media use, and
emotional uses of social media, are all closely connected to social media [13]. The most popular messaging
platforms on social media include Messenger, WhatsApp, Telegram, and others [14]. In today's digital world,
young people are surrounded by the internet, smartphones, computers, video games, television, and other
devices, which have become habits for them [15]. Today's youth believe it is usual to utilize all social media
sites [16]. Young individuals might be at risk when using social media [17]. It can be extremely frustrating
for them [18], while also increasing their addiction [19]-[22]. Machine learning algorithms are frequently
used to generate prospective features as instructions. Sadness, happiness, despair, frustration, emotion, worry,
and pain [23], [24], are all linked to the mental state [25], [26] in all networks. Excessive social media use
causes melancholy, frustration, and anxiety [27]. After assessing the intensity of depression and advanced
indicators, there is a risk of suicide with cardiovascular disease [28].

This paper tries to identify the social media addiction of Bangladeshi people in advance using
sentiment analysis then we will get another result using machine learning algorithm. Many Bangladeshi people
waste time by misusing social media, and from there we take the initiative of this research. The main purpose of
our research is to find out a proof that the people of Bangladesh are actually addicted to social media. We are
the first for this research, collect some data from 1,418 people of Bangladesh, through survey form and
manually. Then before using the machine learning algorithm from the collected data by performing sentiment
analysis pie chart of the results, we get is added in the results section and this is the first step of our research.
After this, from our collected full data set we applied the machine learning algorithm on 30% of the data we get
more results whose observation table and graphical representation is also added to the result section.

In this research [29] discuss the fundamental challenges of validity and validation, which should be
regarded as a way to develop social media text mining (SMTM) for personality evaluation and, more broadly,
personality assessment approaches using machine learning. On the validity of the tests and the validation of
the construct. This research raises important problems about validity that have gotten little scholarly
consideration. Rani and Kumar [30] employed three machine learning algorithms, including naive Bayes
(NB), J48, and support vector machines (SVM). This suggested approach has been tried on platforms such as
Facebook, Twitter, and LinkedIn. SVM outperformed other classifiers, with 68% accuracy for social reviews
and 82% for tweets. Wang et al. [31] in this research they worked on SVM modeling, statistics, support
vector classifier (SVC) models and support vector regression (SVR) models for other classifications. They
were mounting neuroimaging studies that have significantly understanding the neurobiological mechanism
underlying internet addiction. Pratama et al. [32] In this research have been investigated in 2019, the most
social media platform, of which 130 million users come and they find that statistics on media and gadget
usage not only have positive impacts, also negative impacts such as behavioral mental problems. In the
survey, they used several techniques such as data science, partial least squares and structural equation
modelling. Kim et al. [33] used this approach to examine how to employ machine learning in social media
datasets. Kikin et al. [34] extract features from convolutional neural network pictures using ImageNet's pre-
trained autoencoder. Convolutional neural network (CNN) were calculated and compared to each other on
this dataset, and they conducted a study of a standard dataset taken from online social media, with detection
based on a machine-learning method. It focuses on people's depressive mode, which may be used to prevent
mental illness and suicide. Investigated in 2019 the largest social media platform 130 million useless of them
come from Indonesia. Savci et al. [35] looked at fifteen predictor factors to Prediction of problematic social
media use (PSU), including social media usage behaviors. Ahmad et al. [36] their proposed methodology is
useful to overcome the above problems in feature coding, data acquisition pre-processing, feature selection,
and they find average accuracy results from 89 to 91 with the perceptron neural network. Farjana et al. [37]
in this article, there were two types of assessment course-based assessment and gender-based assessment also
to determine the best accuracy using these assessments, provide a mental disorder detection system that
provides online social extraction. Their proposed methodology is helpful in overcoming the above-mentioned
issues in feature encoding, data pre-processing, data acquisition, feature selection, and classification. In these
papers, there are two types of evaluation courses based evaluation and gender-based evaluation also to find
out the best accuracy using these evaluations. Losada et al. [8] every year almost 25% of people in the United
Kingdom suffer from mental disorders. 350 million people suffer from mental illness across society.

In that sense, our future work of research will have to analyze the addiction to social networking
sites and help to fix the problems of the next generation. Our paper's major goal is to gather views from the
public by conducting surveys and learning from the data using machine learning algorithms to determine the
prevalence of social media addiction.
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The paper is arranged as follows: section 1 includes an introduction and a brief literature review.
Section 2 provides a brief discussion of the study methodology. Section 3 describes the outcome and debate.
Section 4 includes the conclusion.

2. METHOD

Gaining personal information through an interview is one of the most direct and effective ways to
gain a respondent's trust and cooperation while gathering survey data. An online survey approach is
essentially one of the most often used survey formats. We chose this approach because, when it comes to
social media-related themes, individuals can connect with online means more readily and we receive speedier
replies. Although we nearly had 1,418 respondents to our survey, several of them provided valuable
information that aided in our efforts. The six most widely used methods are ultimately included in our
dataset: random forest (RF) classifier, SVC, k-nearest neighbors (K-NN) classifier, decision tree (DT)
classifier, and multinomial NB. We defined each survey’s questions very carefully which is described below.

2.1. Data collection

Through an online survey, we got 1,417 responses from people who shared a lot of information that
we converted into our dataset to find out a final output that defines how many people are actually addicted to
social media. First of all, we thought of a huge variety of questions for the survey that helped attract people to
give their information, and then finally, we fixed almost 23 questions. Specifically, each question is very
effective and more efficient for reading the person’s hidden mind.

2.2. Selected features

Before doing the data survey, we read and analyzed different kinds of papers and reports. Then we
find out some points that helped us short out the socially addicted people. In this paper, we mark the points as
features. There are 23 features we got from many research analyses, which are given in Table 1.

Table 1. Selected features for the machine learning algorithms in this research

Features Citation Features Citation

In the era of social media, enjoy reading books [35] Open the internet for the sake of time, but it will take  [17], [22]
much longer than that

Due to its huge effect on contemporary society, [5] The internet still gives chase to offline or imagine [51, [91,

living without the internet would undoubtedly be that you are online [17]

dull

Rather than hanging out with friends, spend time [15] Attempting to spend a few more minutes on the  [14], [20]

on the internet internet after work, necessity, or reply to someone
else's call

Think about social media making unsocial [71, [35] Spend on the internet, trying to keep it a secret from [6], [26]
others

More internet uses [22] Try to limit time spent on the internet. However, in  [35], [37]
actuality, it is impossible

Try to hide internet uses [11],[18] Depressed or upset without the internet [14], [35]

Send more time on internet rather than other work [8],[36] Family and acquaintances remark about the amount  [8], [28]
of time spent online

Spend time with the internet till late at night [2],[19]  Be envious of other people's allegedly luxurious lives  [3], [16]
on social media

Create new relationships in the virtual world [2],[33], Excited or irritated when someone makes a [2], [22],
[35] humiliating comment [35]

ignoring uninteresting ideas from reality and [29] Felt alone after utilizing social media [11]

focusing on the internet

Internet attraction greater than that of your loved [81, [9], Social media addiction changes your personality [8], [37]

one 11

Using social media create negative effect on  [11], [25]
personal relationships

2.3. Data preprocessing

Data processing is the manipulation of data by a computer. However, data processing may be defined
as the collection and transformation of information into a useful format. Data preprocessing is a subset of data
preprocessing that refers to any type of processing performed on raw data in order to prepare it for another data
processing approach. It has always been an important initial step in the data mining process. The researcher
have performed seven stages of preprocessing on the data. To begin, we use web sources to obtain raw data on
diabetic patients. After the data have been collected, they need to be cleaned, nulls need to be removed, noise
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needs to be removed, and any missing values need to be solved before the final preprocessing result can be
obtained by labelling the data. Which may be seen in the flowchart shown in Figure 1.

2.4. Proposed work

The major purpose of this study is to analyze social media addiction among Bangladeshis using a
machine learning algorithm. Firstly, use sentiment analysis in initial prediction the use 5 algorithm such as
DT classifier, RF classifier, SVC, K-NN classifier, and multinomial NB prediction technique is implemented
in the proposed work. A workflow has been created for the social media addicted Bangladeshi person
identification.

Collect Raw Data

v

Pre-Processing

v
Data Labeling

v

Final Data

TR

Figure 1. Data pre-processing

Description steps of Figure 1 are mentioned as: i) data collection from student, Job holder,
Businessman through google form and manually; ii) at the end of data collection, we preprocess the data like
Null value remove; iii) after pre-processing, we process the data by labeling that to train the matching
learning algorithm; and iv) then train 5 matching learning algorithms on the pressed data to get the final
prediction result.

A workflow framework for machine learning categorization is shown in Figure 2. Before analysis
can begin, the data set must first go through data pre-processing. When the data is processed, it undergoes
additional refinement and organization after undergoing preprocessing. These classifiers, which include DT,
RF, SVC, k-neighbors classifiers, and multinomial NB, are trained on the processed data using the sklearn
package. A positive (Yes) or negative (No) result is then obtained depending on the input data by using the
trained models for detection or prediction. Several classifiers are trained and evaluated in a methodical
manner for best results, thanks to this methodology.

Data Set Data Pre-Pressing Data Processing

Decision tree classifier
\ Yes
T Random forest classifier
Prediction/Detection sVC Train(sklearn)
K-Neigbhors classifier
No
Multinomial NB

Figure 2. Workflow structure
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2.5. Classifier description

A classifier is a machine learning system that automatically organizes or categorizes data into one or
more "classes”. To reduce the volume of data in a way that makes it easy to recognize similarities and
differences. Thus, millions of figures may be grouped into a few classes that share characteristics.

2.5.1. Decision tree classifier

A DT is a flowchart-like structure in which each interior node assesses a feature and the leaf nodes
represent class labels. Branches indicate the combination of traits that leads to various classifications. It
visualizes potential solutions depending on certain variables to facilitate decision-making. In classification,
each node seeks to categorize data by establishing conditions that optimize class purity. This iterative
approach will continue until the dataset is completely separated. Thus, DT provide a comprehensive
representation of prospective options, allowing for detailed analysis and educated decision-making across a
wide range of domains.

Gini (D)=1— S, p?

2.5.2. Random forest classifier

RF, a prominent machine-learning approach, leverages ensemble learning to solve classification and
regression problems by mixing many DT. It is well-known for its simplicity and adaptability, and while
hyper-parameter adjustment is not always necessary, it produces good results. It is widely used in a variety of
domains and stands out for its capacity to efficiently handle both classification and regression problems,
making it a popular option among data scientists and machine learning practitioners.

error (M;)=%%_, w; x err( X;)

2.5.3. Support vector classifier

SVC, a statistical clustering algorithm, performs well in low-dimensional information without
making assumptions about cluster features. However, in high-dimensional data circumstances, preprocessing
such as incorrectly performing principal component analysis may be required. In transmission applications,
SVC manages grid voltage by using thyristor-controlled reactors to absorb VARs and potentially lower
system voltage if both the algorithm and the SVC are capacitive.

A.B=|A| cosbx|B]

2.5.4. K-nearest neighbors classifier

The K-NN classifier determines the five nearest neighbors by explicitly using geometric distance to
measure closeness. K-NN calculates the distance between a query and all samples in the dataset, selects the K
closest instances, and then determines the most frequent label or average labels. This method allows for
efficient categorization by prioritizing local neighborhood information, which aids in tasks like as pattern
recognition and grouping based on the properties of surrounding data points.

Sl — yi)De

2.5.5. Multinomial naive Bayes

The multinomial NB classifier is appropriate for different alternatives and incomplete counts,
including term frequency-inverse document frequency (TF-IDF). It normally requires feature counts,
although it can also handle incomplete counts. The alpha float parameter, which has a default value of one, is
utilized in the multinomial distribution.

P(A|B)=P(A)xP(BJA)/P(B)

In order to ascertain if different categorization algorithms were effective in forecasting our objective
variable, we conducted an evaluation of their performance. The RF, DT, SVC, K-NN, and multinomial NB
classifiers were among the techniques evaluated. To guarantee comparability, the same dataset was used for
training and testing each method. Table 2 provides a summary of the evaluation's findings. Each algorithm's
testing and training scores are shown in the table, giving a clear picture of how effectively each model
generalizes to new data.
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Table 2. Train and test score for diffirent classifications
Algorithms Train  Test

DT classifier 096 0.77
RF classifier 096 0.82
SvC 0.87 0.81

K-NN classifier 085 081
Multinomial NB  0.73  0.74

2.5.6. Classifier performance

Important measures including accuracy, precision, recall, and F1 score are utilized to assess a
classifier's efficacy. By comparing the number of samples properly categorized to the total number of
samples, accuracy calculates the classifier's overall correctness. By determining the percentage of genuine
positives among all positive forecasts, precision evaluates the accuracy of positive predictions. By calculating
the percentage of true positives among all real positives, recall assesses the classifier's capacity to recognize
positive examples. Combining recall and accuracy into a single metric, the F1 score offers a balanced
assessment that is particularly helpful when class distributions are unbalanced. When combined, these
indicators provide a thorough understanding of the classifier's effectiveness.

No. of correctly classified samples

—. 0,

Accuracy No.of tested samples x 100%
.. TP
Precision= X 100%
TP+FP

TP

Recall= %X 100%
TP+FN

F1$COT‘e — 2 Xprecision Xrecall 1

precision+recall

The basic goal of this study is to generate a classifier report that contains precision, recall, f1-score,
support, accuracy, macro average, and weighted averages. Additionally, Table 3 displays the classifier report
for each and every classifier.

Table 3. Classifier report for five algorithms

RF classifier DT classifier
Precision  Recall Fl-score  Support Precision  Recall Fl-score  Support
0 0.81 0.83 0.82 179 0 0.74 0.81 0.78 179
1 0.83 0.81 0.82 180 1 0.79 0.72 0.76 180
Accuracy 0.82 359 Accuracy 0.77 359
Macro avg 0.82 0.82 0.82 359 Macro avg 0.77 0.77 0.77 359
Weighted avg 0.82 0.82 0.82 359 Weighted avg 0.77 0.77 0.77 359
svC K-NN classifier
Precision  Recall Fl-score  Support Precision  Recall Fl-score  Support
0 0.74 0.82 0.78 179 0 0.79 0.82 0.80 179
1 0.80 0.72 0.76 180 1 0.81 0.78 0.80 180
Accuracy 0.77 359 Accuracy 0.80 359
Macro avg 0.77 0.77 0.77 359 Macro avg 0.80 0.80 0.80 359
Weighted avg 0.77 0.77 0.77 359 Weighted avg 0.80 0.80 0.80 359
Multinomial NB
Precision  Recall Fl-score  Support

0 0.73 0.72 0.72 179

1 0.72 0.74 0.73 180

Accuracy 0.73 359

Macro avg 0.73 0.73 0.73 359

Weighted avg 0.73 0.73 0.73 359

The performance of a classifier may be judged by how near its output curve is to the top left corner.
Points on the diagonal (false positive rate (FPR)=true positive rate (TPR)) are the minimum acceptable
output from a random classifier. The lower the test's accuracy, the closer the curve is to the receiver operating
characteristics (ROC) space's 45-degree diagonal. Figure 3 should also include a depiction of the ROC curve
for each of the classifiers.
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Receiver Operating Characteristic (ROC) Curve
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e
o

True Positive Rate
o
s

0.2 -
- — Random Forest (AUC = 0.89)
-7 Decision Tree (AUC = 0.77)
. —— SVM (AUC = 0.88)
—— KNN (AUC = 0,85)
- —— Naive Bayes (AUC = 0.82)

0.0 === Random

0.0 0.z 0.4 0.6 0.8 10
False Positive Rate

Figure 3. ROC curve plot

3. RESULTS AND DISCUSSION

In this study, we analysed the data using five distinct types of algorithms, and the results showed
that the scores and accuracy can vary significantly. When compared to other classifiers, the RF classifier has
the highest accuracy, coming in at 82%. Following that, the K-NN classifier has an accuracy of 80%, making
it the second most accurate method.

3.1. Comparative analysis

Many times, people are unaware of topics that they may learn about via social media. Furthermore,
depending on how often a person uses the internet, social media may either enhance or diminish a person's
personality at any one time. When individuals utilize the internet for good purposes, it may be highly
beneficial to them; yet, when people use it for malicious purposes, it can be quite harmful. However, those
who use the internet more excessively are frequently those who shouldn't be using it. People are becoming
more and more negative every day due to internet addiction.

The table labeled "Table 4. Classification performance of the five algorithms used" compares
several algorithms employed in various research studies focusing on social media and internet-related
problems. It comprises information about the publishing year, work content, problem domain, and algorithm
utilized. The table shows the highest accuracy attained by each algorithm. For example, in 2023, a RF
algorithm was employed for social media analysis with an accuracy of 82%, but in 2021, a hybrid suggested
algorithm reached an accuracy of 92%. Other algorithms discussed include SVC, Mixed, ANN, SVM, and
TSVM, each having its own accuracies and distinct metrics for predicting eRisk, such as the average number
of days or words submitted.

Table 4. Classification performance of the five algorithms used

Work done  Year  Content of work  Problem domain Algorithm Best accuracy
Ourwork 2023  Social media Analysis RF 82
[1] 2021 - - Hybrid proposed 92
[30] 2019  Social media Sentiment analysis SVC 82
[34] 2020  Social media Detection Mixedd Analytical result
[35] 2020  Social media Prediction ANN 62
SVM 63
[8] 2017  Internet eRisk predection Avg num. of days from first to last submission 608.31
Avg num. words per submission 26.9
[38] 2017  Social media Detection TSVM 84.2

Using survey data, table 5 compares the identification of social media addiction by age and gender.
Responses are divided into three age groups: under 18, between 18 and 30 years old, and above 30. The table
displays the overall proportion of replies for each age group along with the percentages of "Yes" and "No"
responses for men and women. A comparison column that shows whether "Yes" replies outweigh "No"
responses is also included. According to the statistics, a greater proportion of men and women across all age
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categories ("Yes" replies) than those who did not ("No" responses) reported being addicted to social media,
with the largest difference shown in the under-18 age group.

Table 5. Comparison of age and gender for social media addiction detection through survey data
Female Male

Age Total response (%) Yes (%) No (%) Compare Yes (%)  No (%) Compare
Less than 18 8 81 19 Yes>No 97 3 Yes>No
18-30 89 63 37 Yes>No 59 41 Yes>No
More than 30 3 100 0 Yes 100 0 Yes>No

4. CONCLUSION

Like an all-pervasive force, social media has spread across almost every facet of our lives. From
having our first cup of morning coffee to traveling across the world, everything can be done or at least
experienced through social media and its many aspects. It is almost as if these days, we are just as much
social media beings as we are social beings. Having known all that, it should not come as a surprise to
anyone that social media addiction is a major problem for many out there. Through the implementation of
features such as news feed scrolling and sharing, anybody who spends enough time online cannot help but
associate every part of their lives with social media. Therefore, addiction to these often mindless and
pointless activities on social media platforms has become inevitable. Also, another factor that is worsening
this eventual addiction is the sheer number of social media platforms available online these days. Their
variety and usage alone will be enough to compel one to spend hours scouring through them and learning all
about their mind-numbingly addictive features. As more and more people keep flocking to these platforms,
their owners eventually make enough money to keep optimizing their performance and inventing new
features to keep the users addicted to their app or website. This, in the process, is only making it more
difficult for long-term users to quit social media and focus on more productive activities. It has gotten to the
point where this never-ending loop of feeding off of website traffic and using it to generate more users has
become a sort of vicious cycle with some truly vicious consequences that risk-taking away a person's focus,
mental drive, and freedom. If we do not become aware of this pandemic now, it might soon become too late
for us to even save our future generations from the nefarious clutches of social media addiction. This work
has open up several questions that need of further investigation. Further work needs to be done to establish
whether as limitations such as need investigated more deeply and compared with other works. It is advised
that further research be done in the following areas: better model construction and increased data collecting.
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