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Abstract: Abstraction: One of the key psychological conditions that causes us to experience mental or bodily pain is stress. Stress
can cause both emotional and physical health problems if we are unable to manage it. Owing to the lengthy history of social isolation,
lockdown, fear, mistrust, etc., almost everyone entered the stressed period. In the last three years, online gaming has gained
popularity as a substitute for physical activity. Anything that people see in their personal lives can be posted online. On social
media, it's customary to analyze, judge, inspire, or identify emotions. Investigating sentiment from social media messages and
identifying anxiousness in a group of people based on what they share on their profiles are the goals of this study. This work is
divided into two sections: detection using machine learning and data extraction using NLP techniques. The four main stages in this
framework are text mining, stress detection, auto summarization, and gathering content from social media. An internet user's mental
stress or overload may be lessened by the new paradigm. The new model has employed several types of machine learning algorithms
in contrast to earlier approaches. Positive outcomes from the SVM model include a 90% recall rate, 94% precision, and an F1 score
that is getting close to 92%. In terms of early stress detection, the new paradigm would benefit society.

Keywords: Stress Recognition, NLP Techniques, ML Methods, ICON Conference 2022, WNLPe-Health Workshop 2022

I.INTRODUCTION

Regardless of age, gender, or race, stress is widely recognized as a common emotion that everyone experiences. What matters
most is our response to anxiety, which could be significant or minor [1]. Stress can be either positive or detrimental, particularly
during the time of the epidemic [2, 3]. To mention a few, we have created a voting system for the beauty festival, political campaigns,
product analysis, and advertising promotion. These media are extensively utilized in all sectors. It is necessary to model and analyze
such networks. As the tech industry continues to evolve rapidly, newer innovations are emerging.

Advanced machinery made of textual resources. To efficiently manage aspects of social media like duration, noise, and volatility,
text mining techniques become essential. The vast volume of data in the social network makes it necessary to automate data
distribution and retrieval within a predetermined timeframe. Interestingly, social media platforms make these enormous records sets
accessible to researchers who wish to mine large amounts of data using statistics mining equipment. In the end, these researchers
are the best candidates to mine statistics using statistics mining equipment. Statistics mining methods are designed to process large
data sets in a variety of statistical styles. We can conclude that statistics mining, or more specifically, web mining, gives social
networks the intelligence it needs to develop and operate in a more human-centered and adaptive manner. The growing need for
human-computer interaction has made automated stress recognition a rapidly appealing area of study. Researchers have developed
multiple methods for evaluating physiological data from sensors affixed to human bodies to identify stress and classify emotions.
Only a small number of research, nonetheless, have focused on examining social media postings to assess the stress levels of internet
users. We have attempted to identify patterns of online user behavior on major social media platforms, or even employ social media
logs for additional research. Our ML models aim to deliver precise and trustworthy findings in the early identification of stress
experienced by internet users. In this article, we outline a technique for identifying psychological discomfort from textual data
found online. The goal of this project is to create machine learning and NLP methods that can identify anxiety while also examining
the subject of conversation in a particular social media message to look into further mental illnesses. This apparatus, along with
sentiment analysis, would be helpful for analyzing and classifying the opinions of customers on other unique subjects. This enables
us to get important information about the different relationships linking social engagement to fear or dread experienced by internet
users. relationships between social interactions and the anxiety or dread experienced by internet users. The following highlight the
key contributions of the paper: * Information is extracted from the comment using natural language processing techniques; * Papers
on particular themes are analyzed and separated; and * Finally, a suitable strategy for the most accurate detection of stress is chosen.
Five distinct sections make up the remainder of the paper. Reword Similar tasks and methods are covered under Section 2 in the
literature review, current research is covered in Section 3, and findings and discussion are covered in Section 4. In the end, we
brought the paper to a close by talking about the potential advancements described in Section 5 of the project.
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Social media has expanded tremendously over the past 10 years, bringing both benefits and drawbacks. Direct communication

across cultural and economic barriers is now possible because of the rapid rise of internet and social media networking. While social
media offers many benefits [6, 7], it also presents challenges that can negatively influence society.

www.jetir.org (ISSN-2349-5162)

In the research community, hateful, provocative, and stress-related comments are not uncommon. Even though many
studies exist in the field, stress identification is not a newly introduced research topic [8, 9, 5, 10, 7, 7]. Lately, the presence of hate
speech and digital hostility has increased significantly [12, 13, 15, 15]. Using offensive and disparaging language through online
platforms typically qualifies as hate speech. This might be a reference towards individuals or a group sharing a common goal. In
this post, we present our approach to combat harmful language and have drastically curbed it. At present, many individuals use
social media to vent their fury and indignation, which is detrimental to other people's feelings. It might have hurt their caste, creed,
privacy, faith, and ethnicity, and could potentially be deeply damaging to them. Some comments may be deemed hate speech
because of their obscenity, even if they are not intended to offend anyone. In order to determine the most accurate machine learning
model to use based on accuracy, the authors [16] first thoroughly examined natural language processing before evaluating a range
of machine learning techniques. It is essential that we connect and retrieve facts in everyday scenarios. One of the most popular
internet data sources is database systems. The data volume continues to increase, and modern database tools are advancing and
having a major influence. Databases are used by almost all online applications for saving and accessing data. The main goal is to
provide an easier and more effective way to handle database queries and generate results. Connecting with a diverse audience is
made easy by social platforms. These have increased the exposure of the public to atmospheric radiation [17]. Language data
obtained through NLP and the results from this media are used by researchers at the Measurement Data Center (ADC). Natural
Language Processing (NLP). Depression is the leading cause of impairment and a significant risk factor for suicide. In recent years,
social platforms have become primary online information exchange channels. Most people share their ideas, hypotheses, as well as
personal thoughts through digital media. The language individuals use on these platforms demonstrates how depression affects
communication. As awareness of mental well-being has grown, it has become crucial to understand mental disorders. In the study,
the scientists searched Twitter users' tweets to find signs of depression [18]. They used NLP and text analysis methods to accomplish
this task. Their CNN and LSTM-based approach allowed them to achieve a 92 percent accuracy rate. Additionally, they examined
their model in comparison to logistic regression classifiers. TF-IDF. Some of the latest developments have been compiled here ([19,
20, 21, 22, 23, 24, 9,) 9]. Table 1 lists 251 contributors with prior work in stress detection and compares our current model with
their assessments of the literature, methods, and tasks. The use of physiological indicators to identify weariness has been the subject
of much research. Analyses of physiological data from electrocardiograms, skin conductance responses, and muscle activity signals
were conducted in nearly all earlier research. These approaches relied on traditional machine learning algorithms to examine
physiological signals in order to identify stress.

Table 1
Comparison table for recently published paper with proposed system based on Stress detection
Source Measurement Techniques Task
Subhani et al T test, Distance Logistic regression, Support Mental stress detec-
[19] vector machine, Naive bayes tion
Elzeiny and Electroencephalogram, Hibert- K-Nearest Neighbor Workplace stress de-

Qaraqge [20]
Papini et al. [21]

Jadhav et al. [22]

Dubey et al. [23]

Jebelli et al. [24]
Das et al. [9]
Zhang et al. [25]
Yousefi et al. [26]

Our proposed sys-
tem

Huanf Transform

Medical and demographic fea-
tures

Textual data, facial expression

Assisted reproductive technol-
ogy

Electroencephalogram
Electroencephalogram
Magnetoencephalography,
Electoencephalogram
Pupildiameter, electrodermal

activity

Textual data

Logistic regression

Bidirectional Long Short-
Term Memory

Support vector machine

Online Multi-Task Learning
(OMTL) algorithms
Backpropagation
Network

Support vector machine

Neural

Linear discriminant analysis

MNatural language process-
ing with Support vector ma-
chine.

tection
Posttraumatic stress
detection

Text based stress de-
tection from social
media.

Human spermatozoa
detection under ox-
idativestress

Stress recognition
framework

Cognitive load detec-
tion

Posttraumatic stress
detection

Stress detection
using eye tracking
dataset

Text based stress de-
tection from Twitter.

1. METHODOLOGY

We go into further detail about the dataset collecting and annotation processes in this section. The procedure of gathering

the dataset is covered in the first subsection, and the suggested method is explored in the second.

Dataset Collection and Labelling:

The Tweepy API from Twitter, a popular platform for online interaction, was utilized to get our dataset. Specific were identified
based on their potential vulnerability to stress, and tweets were first filtered using keywords. For our case study, we then collected
tweets from the previous three months. A total of 2978 tweets were chosen for examination after 58 users were identified. The
responses of people under stress are illustrated by the instances shown in Figure 1. Similarly, important tweets from our dataset
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pertaining to stress are displayed in Figure 2. Physical stress is clearly visible, as shown in Figures 1 and 2. It is evident but
underlined that the output result is given in English and retains a standard tone of voice. The work is more difficult because online
consumers are typically more implicit. Then, with the help of our staff, we manually classified the tweets as either high-stress or
low-stress. of two postgraduate students and five undergraduates. The tweets were independently assigned by each of the seven
students. Lastly, we used the majority voting approach to consider the final label. Figure 3 displays the detailed distribution of the
various stress class data.

(b) High Stressed

Figure 1: Example of physical images of stress

V. PROPOSED APPROACH

In this part, we explain how we carried out our approach step by step for stress detection, which combines techniques from both
ML and NLP. Text mining plays a critical role in the analysis and processing of non-structured information, which accounts for
over 80% of global data. The majority of institutions and organizations currently gather and store vast amounts of data in cloud
platforms and data warehouses, and as new data comes in from all directions, this data is growing exponentially every minute. Our
suggested study, which uses NLP and ML-based methods to determine stress levels on social media platforms, is illustrated in
figure 4. Our framework is divided into four main phases: the first is for gathering social media datasets; the second is for
automatically summarizing all posts from a single user, demonstrated in figure 5; the third is for text mining depicted in figure 6;
and the fourth is for stress detection, illustrated in figure 7.

.\ “I wish..l wish | were dead Q Piers Morgan
e

"And what use would that be to anyone”

I K. Rowding, Harry Potter and the Deathly Hallows | want to dle

(a) Low Stressed Comments from Twitter

"
DeswntGinn g o e

Fottmee

. Dr. Sobriety Awasthi
a day off to deal with the s

My oD was giving me anxietly 50 | took short term
disablity for a momth and then guit the day before
I was supposed 10 comea back

Dian’t go to clean out my desk or anything and

blocked coworkers on Linkedin 50 they wouldan't
know where | woas working next

(b) High Stressed Comments from Twitter

Figure 2: Sample Tweets Reflecting Signs of Stress
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Positive Vs Negative

Polarity

Figure 3: Distribution of stress data Overview of How Stress Levels Are Spread Across the Data
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(Figure 2) (Figure 3) (Figure 5)

Figure 4: A Glimpse into Our Suggested Approach

DotRnene Preprocessing Feature Extraction Feature Selection
Module (word embedding) (WO0A)
Sequence-to-  «——  Eyaluation of
Summary Sequence Model — Parameters
(LST™)

Figure 5: Automatically Generated Summary of User Comments
AUTOSUMMARIZATION:

As illustrated in figure 5, automatic summarization is the process of employing computer techniques to reduce a large dataset
into a more manageable portion successfully conveys the key concepts or details included within the original content.All of the
comments that the same person has left on the online platform are collected in this section. Not every comment is equally significant
for stress detection, according to the core notion of the summary. The technique presented here creates segments from main text
using k-means clustering. The length the supplied text determines how many clusters there are. On a larger scale, though, having
too few clusters might be troublesome because they can totally change the parent text's intended meaning. A comparable amount
of clusters might suggest that the resulting text is too detailed, which runs counter to the summary goal.

TEXT MINING:

We applied text mining (refer to Figure 6) to pull relevant insights from the users comments. The text was initially broken down
tokens. Then, using normalization as a strategy, we employed lemmatization and stemming approaches to improve our
comprehension of the base form of each token. Furthermore, we have developed a distinct feature set that highlights terms strongly
associated with stress by using entity recognition to indentify and extract them. NER is the most commonly used data pre-processing
activity. It involves identifying key features within the content and organizing them according to a preset set of criteria.In a book,
an entity is a recurring concept or topic that is frequently mentioned or referred to. Comments with were distinguished from highly
stressed ones using the data fed into the machine learning classifier. A component of artificial intelligence known NLP converts
unstructured text from databases and raw documents into well-structured formats that can be examined or fed into machine learning
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algorithms. The proposed text mining structure is illustrated in Figure 6. Among the key approaches to managing nearly 80% of the
world's data text mining—an essential technique used to interpret and processing unstructured data.After gathering the required
data, we have finally given them the labels of low stress and high stress. Various classifiers have been tested using this information.
In this instance, we have set aside 20% of the samples for testing and 80% for training. Count-vectorizer along with term frequency-
inverse document frequency (TF-1DF) vectorizers are the two approaches we have experimented with to transform our text input
into a format that is appropriate for our classifier. We opted for the count-vector for the latter stage after learning that tf-idf

performed remarkably well. For the implementation, our work relied on scikit-learn2 package and the nltk libraryl.

Summarized Lexical Analysis > Normalized > Entity
Comments (Tokenization) Document Identification

Important Information |
Extracted N

Extracted <
Information Stored

Figure 6: Proposed Text Mining Model

Labelling
—>

Extractacted information High Stressed

from the tweets I
3 Classification ~ —

Low Stressed

Feature selection and
extraction

Figure 7: Suggested Approach for Text Detection
V. RESULT AND DISCUSSION

We discussed our observations and experimental outcomeson highlighting experimentation in in this part of the study,while also
recognizing its limitations. This research offers automated approach for detecting stress in individuals through analysis of social
media content collected through the Twitter API, applying natural language processing, and implementing various machine learning
models to help prevent individuals from experiencing stress-related health issues. Additionally, we experimented with basic
preprocessing techniques such as deleting stop words, deleting URLSs, lowering the capitalization, etc. We have specifically worked
with five classification algorithms: logistic regression, naive Bayes, decision tree, random forest, and support vector machines
(SVM). To get the input ready for the classifier, we used a TF-IDF (term frequency—inverse document frequency) vectorizer.
Metrics such as accuracy, precision, recall, and f1-score as the performance indicators to evaluate the efficacy of our system.
Classifier performance is depicted in Table 2, showing that both random forest and support vector machine classifiers achieved
higher accuracy compared to the others.

Table 2

Performance of Proposed Framework
Classifier Accuracy Precision Recall F1-Score
Support Vector Machine  0.90 0.94 090 092
Logistic Regression 0.89 0.92 0.88 0.89
Naive Bayes 0.82 0.86 0.83 0.84
Decision Tree 0.78 0.81 0.76 0.79
Random Forest 0.91 0.93 0.87 0.90
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Because there aren't enough examples, we haven't attempted use of neural network-based methods. Additionally, when selecting
the tweets for the dataset, we did not take into account those that contained words in languages other than English or had various
data modalities.

VI. CONCLUSION AND FUTURE SCOPE

It is not uncommon for individuals to experience stress on a regular basis. However, extreme stress or chronic stress might interfere
with our daily routines and endanger our health. Early identification of mental stress can help prevent various stress-related health
issues. By social media posts shared during stressful events, this study seeks to improve the accuracy of stress identification. it
possible to use prediction models that users language on social media to identify individua anxiety and depression illnesses.It might
improve on traditional screening techniques. Predictive ML techniques could allow diagnose symptoms early, perhaps before they
worsen and have more significant psycho-social repercussions. Although we only used a small amount of data for our trials in this
study, we believe this method could be extended to handle bigger data sets, which will help us better understand the stress that
internet users face.

The ability to experiment with posts in many languages and formats, such as photos, memes, music, and video—all of which are
quite prevalent in India—as well as social media elements is another potential area of future development for our work.
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