
A Comparative Study of Sentiment Analysis 
Models for WhatsApp Chat Evaluation 

Abstract-Large amounts of conversational data that offer 
insights into user behavior, communication patterns, and 
emotions have been produced by the quick expansion of in­
stant messaging platforms. One of the most popular messag­
ing apps, WhatsApp, is a useful source of unstructured tex­
tual data. The goal of the WhatsApp Chat Evaluation project 
is to find significant communication patterns by extracting, 
processing, and analyzing chat logs. The system evaluates 
factors such user activity, word frequency, emoji usage, and 
sentiment distribution using text mining, sentiment analysis, 
and data visualization approaches. Word clouds, bar charts, 
and timelines are examples of visualization methods that 
clearly display the results. Emotional polarity in casual text 
including slang and emoticons is examined using the VADER 
sentiment model. The system offers an interactive and 
user-friendly interface and is implemented in Python using 
Streamlit. The system's capacity to recognize discussion 
patterns, active users, and sentiment changes over time is 
demonstrated via experimental evaluation on both group and 
individual WhatsApp chats, providing deeper insights into 
communication dynamics. 

Index Terms-Machine Learning, Classifiers, Evaluation, 
Sentiment Analysis 

I. INTRODUCTION

T
He quick advancement of digital communication has 

drastically changed how people communicate with 

one another. With over two billion users globally, What­

sApp has emerged as one of the most popular programs. 

Traditional communication techniques have been mostly 

displaced by instant messaging systems. WhatsApp offers 

a wealth of conversational data because it is widely 

used by people of many ages, occupations, and cultural 

backgrounds. But without regular methods, this data is 

usually unorganized and challenging to examine. 

This project presents a WhatsApp Chat Analyzer that can 

process exported chat data and transform it into insightful 

information. To find trends in user behavior, often used 

terms, emoji usage, and general sentiment, the system 

uses text mining, natural language processing (NLP), and 

sentiment analysis. Timelines, bar charts, and word clouds 

are examples of data visualization techniques that are used 

to display these findings in an understandable manner. 

Conversational data analysis can reveal important in­

formation about user behavior, communication patterns, 

and emotional expression. Market research, psychological 

studies, sociological research, and public opinion analysis 

are among the fields in which this kind of analysis finds 

use. The suggested system offers an organized frame­

work that combines preprocessing, sentiment analysis, 

and visualization despite obstacles including loud text, 

multilingual material, and privacy issues. Although rule­

based sentiment analysis (VADER) is used in the current 

implementation, it also lays the groundwork for future 

enhancements employing sophisticated machine learning 

models like BERT and other transformer-based architec­

tures. 

All things considered, the WhatsApp Chat Analyzer shows 

how unstructured conversational data may be converted 

into structured knowledge, facilitating a deeper compre­

hension of communication dynamics in both personal and 

professional settings. 

II. THEORY REVIEW 

Digital communication is crucial for social interaction, 

education, and professional collaboration. Analyzing on­

line interactions has become more important due to the 

quick development of social media and instant messaging 

systems. One of the most popular chat apps, WhatsApp 

Messenger has billions of users across all age groups 

and offers useful data for researching human behavior, 

emotions, and communication styles. 

WhatsApp chats are informal and context-based, in con­

trast to formal communications. They frequently include 

voice notes, photos, videos, stickers, emojis, and file 

sharing. Despite the fact that this multimedia content 

aids in the investigation of linguistic patterns and social 

interactions, the data is unstructured, necessitating the 

need of certain data processing and analysis techniques. 

A. Demonstration Study of WhatsApp Messenger Use and

Effects

WhatsApp has revolutionized communication by facil­

itating immediate communication over long distances. 

It makes communication more flexible and effective by 

enabling users to exchange messages, participate in group 

chats, make audio and video conversations, and share files, 

images, and videos. 

Through group conversations, file sharing, and prompt 

coordination, the platform facilitates communication in 
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the business and in school while also assisting individ­

uals in maintaining relationships with friends and family. 

However, its widespread use has psychological and social 

implications. Although technology facilitates quick infor­

mation sharing and fortifies emotional support systems, it 

can also lead to digital distractions, information overload, 

a decrease in in-person interactions, and the dissemination 

of false information. 

Analyzing WhatsApp chat data can reveal important in­

formation about how people communicate, express their 

emotions, use emojis, and have general conversations in 

daily encounters. 

B. Analysis of WhatsApp Conversation Content

WhatsApp conversations can be analyzed to provide 

insight into human interactions in real time. Because 

WhatsApp messages are often short, context-specific, and 

frequently contain voice notes and emojis, data from the 

app can be used to investigate linguistic and behavioral 

patterns in digital communication. The first stage is data 

preprocessing, which entails cleaning and arranging the 

chats because exported chats include text, timestamps, and 

sender information. Following preprocessing, a number of 

analytical techniques can be used: 

• Text mining and frequency analysis: Find fre­

quently used terms and phrases to identify subjects

of debate.

• Sentiment analysis: Use machine learning classifiers

or models like VADER to identify the emotional

tone.

• Emoji Analysis: Examine emoji usage trends to

comprehend how emotions are expressed.

• Temporal Analysis: Track communication trends

over time by using activity heatmaps and timelines.

• Network analysis: Determine important participants

and group chat interaction trends.

Word clouds, timelines, and bar charts are examples of 

visualization tools that make communication patterns and 

emotional tendencies easier to see. 

C. Broader Implications and Ethical Considerations

There are numerous uses for analyzing WhatsApp data. 

In education, it offers insights into student involvement 

and teamwork, while in psychology, it aids in the study 

of communication styles and emotional health. In cyberse­

curity, chat analysis can assist in identifying harassment, 

fraud, or false information. In business and marketing, 

companies can assess consumer interactions and prefer­

ences. 

However, research must adhere to strict ethical guidelines 

because WhatsApp discussions are private. Anonymiza­

tion, secure data storage, and privacy consent are crucial. 

Limitations including sentiment analysis bias, cultural 

variations in emoji usage, and context loss in brief texts 

must also be taken into account by researchers. 

III. RESEARCH AND METHODOLOGY

To efficiently evaluate chat data, the WhatsApp Chat 

Evaluation system uses a modular method. The first step in 

the procedure is data gathering, which involves exporting 

WhatsApp chat logs in plain text format. After that, the 

data is preprocessed to provide a clean dataset by elim­

inating stop words, media placeholders, and superfluous 

symbols. 

Key components including user activity, word frequency, 

emoji usage, and message length are then identified via 

feature extraction. The VADER model is used for senti­

ment analysis, categorizing messages as positive, neutral, 

or negative. In order to create word clouds, graphs, and 

activity timelines that help show discussion trends and 

user interaction, the analysis step combines Natural Lan­

guage Processing (NLP) with visuali zation techniques. 

The finished product offers insights about emotional tone 

and communication behavior. 

A. Preprocessing

Intput: A text file of a WhatsApp conversation. Proce­

dures: A. Line by line, read the chat file. B. Use regular 

expressions to extract the message text, sender name, 

and timestamp. C. Eliminate system notifications, such 

as "You created group" and "Messages are end-to-end 

encrypted." D. Text should be normalized (lowercase, 

punctuation, special symbols, and stop words removed). 

E. Structured dataset (date, time, sender, and message) is

the output.

B. Word Frequency

Word frequency analysis finds terms that are often used in 

discussions. To highlight important phrases, messages are 

tokenized into words and frequent stopwords like "the," 

"is," and "are" are eliminated. After that, each word's 

frequency is determined and recorded in a frequency 

dictionary. Ranked word lists and word clouds are used 

to illustrate the results, which aid in identifying recurrent 

themes and conversational patterns. 

C. Analysis for Sentiments

The system analyzes the emotional polarity of commu­

nications using the VADER (Valence Aware Dictionary 
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Fig. 1: Preprocessing Pipeline of WhatsApp Chat Ana­

lyzer 

for Sentiment Reasoning) model. Every communication 

is categorized as positive, neutral, or negative emotion 

based on its positive, negative, compound, and neutral 

ratings. VADER works well for social media discourse, 

but it might overlook context-dependent meanings or 

irony. Future research may incorporate advanced models 

like BERT or RoBERTa for better contextual sentiment 

recognition. 

• Compound score ;::: 0.5 indicates positive sentiment

• Compound score :::; -0.5 indicates negative senti­

ment

• Compound score between -0.5 and 0.5 indicates

neutral sentiment

D. Algorithm for Activity Analysis

Input: Chat timestamp information. 

Actions: 

1) Extract the time and date from every message.

2) Sort data by hour, month, or day.

3) Determine the number of messages in each group.

Output: Most active user, busiest day, and hour. 

REPROCESSING 

DATA 

TOKENISE 

MESSAGES 

INTO WORDS 

COUNT 

FREQUENCY OF 

WORDS 

STORE IN 

DICTIONARY OR 

ARRAY 

Fig. 2: Word Frequency Analysis 
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Fig. 3: Sentiment Analysis 

E. Emoji Interpretation

Emojis are studied as nonverbal emotional indications 

after being retrieved using Unicode patterns. Emojis 

that are often used are identified by frequency analysis, 

which then classifies them into emotional categories like 

happiness, sadness, or anger. By shedding light on the 

emotional dynamics of talks, this research enhances text­

based sentiment analysis. Emoji frequency rankings and 

visualizations are among the outcomes. 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 03 , March - 2026

IJERTV15IS030724 Page 3

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



Preprocec;c;ed chat Counter� 

�,; 

Higher counter value 

eads to most active use 

Fig. 4: User Activity Analysis 
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Fig. 5: Emoji Role 

• F. Models

Sentiment analysis employs many models to ascertain
the text's polarity. A lexicon and rule-based paradigm
called VADER (Valence Aware Dictionary and Sen­
timent Reasoner) was created for social media and
brief informal messages. It handles punctuation, cap­
italization, emojis, slang, and negation in addition to
assigning positive, negative, neutral, and compound
scores. It might have trouble with sarcasm and com­
plicated language, though.
Other methods include SCN (Sentic Computing Net­
work), a knowledge-based model that employs se­
mantic and affective ideas from SenticNet for deeper
sentiment recognition, and Hu-Liu04, a straightfor­
ward lexicon-based model that recognizes positive
and negative opinion words. In order to analyze
emotions, GI (General Inquirer) divides words into
semantic groups. When combined, these models offer
several methods for semantic comprehension and
sentiment classification.

• VADER (Valence Aware Dictionary and Senti­

ment Reasoner) A lexicon-and rule-based sentiment
analysis program called VADER was created es­
pecially for examining content from social media,
including Facebook posts, tweets, and brief online
reviews. In contrast to conventional machine learning
techniques, VADER assigns sentiment scores using
linguistic rules and a predetermined sentiment vo-

cabulary rather than training data. 
a) Score of Polarity:: The VADER lexicon's k(xi)
sentiment intensity score is allocated to each word in 
a text P that contains the terms x1, x2, ... , Wn. It is 
as follows: 

n 

Kraw = L k(xi) 
i=l 

b) Rule Adjustments:: Linguistic heuristics are used
to alter the raw score:

Negation: Decreases the polarity or inverts 
it when negative phrases (e.g., "no", "not") 
present. Intensifiers: Intensify the polarity words 
(such as "very" and "extremely") and increase 
their magnitude. 
Punctuation/Capitalization: Exclamation 
marks or ALL-CAPS increase emphasis. 
Emojis/Slang: Symbols such as ":)" or "lol" 
contribute to polarity. 

After applying these rules, the adjusted sentiment 
score is: 

K adj = f ( K raw, negations, intensifiers, punctuation, emojis)

c) Normalization:: Normalization of the adjusted
score to the range [-1, + 1]:

Kadj K 
norm = -----;======= 

JK;,dj + 'Y 

where 'Y is a normalization constant (default 'Y = 15). 
d) Classification:: Lastly, sentiment polarity is cal­
culated as follows:

{
Positive, if Knorm > 0.05 

Sentiment(P) = Negative, if Knorm < -0.05 
Neutral, otherwise 

e) Main Concept:: VADER is especially useful for
brief, informal texts like tweets, reviews, and chat
messages since it blends rule-based changes with
lexicon-based scoring.

• Hu-Liu04

The Hu Liu (2004) Opinion Lexicon (Hu-Liu04)
is a lexicon-based technique that counts the number
of positive and negative terms from a predefined
dictionary to identify the polarity of a text. There
are roughly 4,783 negative terms and 2,006 positive
words in the vocabulary.
f) Word Counts:: The counts of positive and neg­
ative words in a text P with the following words:
X1,X2, ... ,Xn 

n n 

Pas= L l(xi E Lpas), Neg= L l(xi E Lneg) 
g=l g=l 

in which: 
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The collection of positive terms in the lexicon 
is item L

pos • The collection of negative terms in 
the lexicon is item Lneg

· The indicator function 
is item 1 ( ·), which equals 1 if the condition is 
true and O otherwise. 

g) Rule of Decision:: By comparing the counts, the
text's sentiment polarity is ascertained:

{
Positive, 

Sentiment(P) = Negative, 
Neutral, 

if Pas> Neg 
if Neg> Pas 
if Pas= Neg 

h) Main Concept:: Compared to models like
VADER or SCN, this rule-based approach is less
accurate for informal social media writing because it
ignores context, negations, and intensifiers. However,
it is straightforward and computationally efficient.
Sentences like "I'm not feeling bad at all," for
instance, can be incorrectly categorized. It also has
trouble with irony and sarcasm, where the intended
meaning is not reflected in the literal words. Despite
these drawbacks, its ease of use makes it a valuable
baseline model and a suitable place to start when
learning more complex sentiment analysis methods.

• SCN

For sentiment analysis, a deep learning model called
the Semantic Compositional Network (SCN) records
the compositional semantics of utterances. SCN dy­
namically learns how words interact based on con­
text, in contrast to lexicon-based methods or fixed
composition functions in conventional RNNs.

i) Representation of Words: Every word has a dense
vector representation.:

where d is the embedding dimension. 
j) Function of Dynamic Composition: For two in­
termediate representations j1 and j2 , SCN composes
them using:

where: 
W(j1,j2) is a dynamic weight matrix, predicted 
by a parameter prediction network conditioned 
on h1 and h2, 
[j1; 32] denotes concatenation of vectors, 
f ( ·) is a non-linear activation function such as 
ReLU or tanh. 

k) Sentence Representation:: By recursively apply­
ing the composition function, a full sentence repre­
sentation is obtained:

Jsentence = SCN(w1, W2 , • • • , Wn ) 

l) Classification Layer:: The final sentence represen­
tation is passed through a softmax classifier to predict
sentiment:

fj = softmax(Wc • Jsentence + be) 

where fj is the probability distribution across senti­
ment classes (e.g., negative, neutral, positive), and 
We and be are classifier parameters. 
m) Main Concept:: Because of its dynamic param­
eterization, SCN outperforms static lexicon-based
models in capturing context-dependent sentiment ex­
pressions, such as handling negations like "not good."

• GI(General Inquirer)

One of the first lexicon-based sentiment analysis
models was the General Inquirer (GI), created by
Stone et al. at Harvard University in the 1960s.
More than 11,000 English words are categorized
into roughly 182 semantic categories by it, including
sentiment-oriented categories such as Positive Affect
(PosAff) and Negative Affect (NegAff). The GI model
counts the number of positive and negative words in
a given text to calculate the sentiment polarity.
Let a text P = {x1,x2, ... ,xn }, where each Xi is a
word token.

n 

Pas = L l(xi E L;j,;
s
) 

g=l 

n 

Neg= L l(xi E L�f
9

) 

g=l 

where L<;jfs and L�f
9 

represent the positive and 
negative lexicons of the GI dictionary. 
Lastly the final sentiment classification is give by: 

{
Positive, if Pas> Neg 

Sentiment(S) = Negative, if Neg> Pas 
Neutral, if Pas= Neg 

The GI model's extensive semantic categories and 
historical significance as a groundbreaking computa­
tional lexicon are its main advantages. Its drawbacks, 
however, are its antiquated lexicon, its inability to 
comprehend context (such as sarcasm or negation), 
and its poorer performance on contemporary informal 
material, including social media data. 

IV. CLASSIFIER PERFORMANCE EVALUATION

METRICS 

It is necessary to develop some performance metrics 
that may be utilized to assess the quality of any 
classifier under consideration in order to properly 
evaluate the performance of a model. The following 
measures are commonly used for evaluation. 
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Fig. 6: Models Used for Sentimental Analysis 

Fig. 7: Radar chart comparison of sentiment models 

TABLE I: Sentiment Model Performance Comparison by 

Metric and Sentiment Class 

V. RESULTS

The exported group chat was successfully analyzed 

by the WhatsApp Chat Evaluation system, which 

produced information on user behavior, engagement 

trends, and content distribution. According to the 

data, the most active participant contributed 5876 

messages, and the most active date was September 

19, 2024, with 252 messages. In order to distinguish 

between active and inactive users, the system also 

generated a ranked list of user activity based on 

message counts. Collllllon emojis that indicate the 

emotional tone of discussions were identified using 

emoji analysis. The word "happy" occurred most fre­

quently (492 times) in the word frequency analysis, 

and a word cloud was used to illustrate this. Addition­

ally, messages were classified as favorable, neutral, 

or negative using sentiment analysis with the VADER 

model. In total, 79 participants were captured by the 

system, which produced comprehensive data on their 

communication patterns and message activity. 

A. Chat Statistics

Metric Sentiment Class VADER Hu-Liu SCN General Inquirer 

Negative 0.80 0.72 0.67 0.72 
Precision Neutral 1.00 0.92 0.98 0.92 

Positive 0.55 0.92 0.69 0.92 

Negative 0.89 0.74 0.70 0.74 
Recall Neutral 0.91 0.98 0.95 0.98 

Positive 0.98 0.87 0.33 0.33 

Negative 0.84 0.73 0.69 0.73 
Fl-Score Neutral 0.95 0.95 0.96 0.95 

Positive 0.71 0.77 0.49 0.49 

TABLE II: Confusion Matrix Components 

Component Description 

True Positive (TP) Instances where the model correctly predicts 
the positive class. 

False Positive (FP) Instances where the model incorrectly pre-
diets a positive class for actually negative 
data. 

True Negative (TN) Instances where the model correctly predicts 
the negative class. 

False Negative (FN) Instances where the model incorrectly pre-
diets the negative class for actually positive 
data. 

TABLE III: Classifier Performance Evaluation Metrics 

Metric Formula Description 

The chat dataset is quantitatively analyzed by the 

Chat Statistics module. Key parameters including 

the overall number of participants, the total quan­

tity of messages exchanged, and the distribution of 

messages among users are sullllllarized. By rank­

ing users according to the messages they provide, 

it is possible to determine which members of the 

group are the most and least active as well as to 

comprehend patterns of participation. In order to 

identify collllllunication patterns and times of high 

activity, the module also maps messages across days, 

weeks, and months and examines message length and 

activity across time. These figures show differences 

in participation levels and communication strategies. 

In general, the module transforms unstructured con­

versation data into structured insights that facilitate 

additional research, including sentiment analysis and 

emoji usage trends. 

Accuracy '1 .r-+- 'N Measures the overall correctness of 
TP+TN+FP+FN 

the classifier. 
Precision ___J_£__ Indicates how many predicted pas-

TP+FP 
itive cases are actually correct. 

Recall (Sensitivity) ___J_£__ Measures the model's ability 
TP+FN 

to correctly identify positive Fig. 8: Monthly Messages 
instances. 

Fl-score = Harmonic mean of precision and 
P+R 

recall. 
Specificity ____j_£f__ Measures the model's ability 

TN+FP 
to correctly identify negative 
instances. 
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Fig. 9: Daily Messages 

Fig. 10: Most Active Days 

Fig. 11: Weekly Message Trends 

• B. Word Cloud And Emoji Analysis

The linguistic and emotional components of the con­

versation collection are the main focus of the Word 

Cloud and Emoji Analysis module. Word frequency 

analysis finds frequently used terms and displays 

them in a word cloud that highlights important 

themes and recurrent subjects by using word size 

to indicate usage frequency. The algorithm looks at 

emoji usage as nonverbal communication in addition 

to text analysis. Unicode patterns are used to extract 

emojis, and frequency distribution analysis is used to 

determine the emotional tone. When combined, word 

frequency and emoji analysis shed light on emotional 

expressions and group conversations. 

Figure 1: Word Cloud 

"'""_,. ... , 

· =

' -
�::====..___ 

, ' 

Figure 2: Common Words 

Figure 3: Emoji Analysis 

• C. Sentiment Analysis

Using the VADER sentiment model, the Sentiment 

Analysis module assesses the emotional polarity 

of messages in the WhatsApp chat dataset. Each 

message is assigned positive, negative, neutral, and 

compound scores; the compound score, which ranges 

from -1 to 1, indicates the overall sentiment inten­

sity. Based on these scores, messages are classified 

as positive, neutral, or negative. 

The majority of texts were classified as neutral, 

reflecting everyday informal talks. Greetings, en­

couraging remarks, and comedy were examples of 

positive sentiment, whereas negative sentiment was 

less common and typically associated with conflict 

or discontent. Bar charts and pie charts were used 

to depict the sentiment results, highlighting times of 

good or negative interaction and displaying shifts in 

emotional t 

Figure 1: Mood Analysis through Emojis 
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Figure 2: Mood Frequency 

VI. CONCLUSION

The WhatsApp Chat Evaluation system shows how 

unstructured conversational data may be turned into 

structured insights that emphasize communication 

patterns, emotional tone, and user involvement. The 

system finds important indicators including active 

users, conversation peaks, word frequency, sentiment 

distribution, and emoji usage using data preprocess­

ing, feature extraction, sentiment analysis (VADER), 

and visualization approaches. Nevertheless, there are 

limitations to the study. Context, sarcasm, and mul­

tilingual expressions may not be fully captured by 

the VADER model, and the analysis only looks 

at exported text data-voice notes, pictures, and 

videos are not included. Future research can incorpo­

rate multimodal analysis, real-time visualization, and 

transformer-based models like BERT or RoBERTa to 

increase accuracy. All things considered, the system 

offers a solid basis for applications including natu­

ral language processing, social media analytics, and 

communication research. 

A. Future Scope

Advanced NLP models like BERT and RoBERTa, 

which offer more context-aware sentiment analysis 

than rule-based models like VADER, can be incor­

porated into the WhatsApp Chat Evaluation system to 

further enhance it. In order to better understand user 

interactions, future study may potentially incorpo­

rate multimodal analysis by looking at photographs, 

videos, audio communications, and emoticons. The 

creation of real-time monitoring technologies to 

quickly identify sentiment shifts and conversation 

trends is another extension. Cyberbullying, harass­

ment, and poisonous language may also be detected 

by incorporating abuse detection algorithms (such as 

Detoxify or HateBERT). The system's accuracy, scal­

ability, and use for monitoring, research, and digital 

communication analysis would all be improved by 

these changes. 

VII. RELATED WORK

Due to the abundance of publicly accessible data, research 

on digital communication in social media platforms has 

been extensively undertaken, particularly on sites like 

Facebook, Instagram, and Twitter. Using methods like text 

mining, topic modeling, and data visualization, researchers 

can utilize this data to conduct sentiment analysis, trend 

analysis, and public opinion surveys in order to find 

patterns, themes, and user interactions. 

However, despite being widely used, instant messag­

ing apps like WhatsApp have gotten comparatively less 

academic attention than these platforms. More research 

is required to comprehend communication patterns and 

interaction trends inside WhatsApp, given the platform's 

significant significance in daily digital communication. 

A. Open Source Libraries and Tools

Community-developed tools for analyzing exported 

WhatsApp chat files include chatistics [1], whatstk 

[2], and chatilyzer [3]. These programs help users 

learn from their conversation histories by offering 

analytics pipelines, parsing tools, and visualizations. 

They extract important data, like message times­

tamps, sender information, message content, and 

media indicators (pictures, videos, or files), using 

text parsing algorithms. Because of these features, 

they might be a good place to start when developing 

dependable data intake pipelines and enabling more 

in-depth examination of communication patterns and 

trends in WhatsApp discussions. 

B. Tutorials And Community Dashboards

Users can upload exported WhatsApp chat files for 

examination on a number of community-developed 

dashboards, which are frequently constructed with 

Streamlit [4]-[7]. Word clouds, user activity rank­

ings, emoji frequency, and activity timelines are just 

a few of the statistics and visuals that these systems 

produce after processing the data. By using local or 

on-device processing, many of these apps also adhere 

to privacy-first design principles. 

C. Studies Conducted By Scholars And Practitioners

Methodological issues in WhatsApp analysis are 

examined in academic research: Sentiment analy­

sis: Research has contrasted deep learning tech­

niques with lexicon-based strategies like TextBlob 

and VADER [8], [9]. Slang, code-mixed text, and 

excessive use of emojis are examples of domain­

specific problems that are emphasized. Topic mod­

eling: To identify latent topics in WhatsApp group 

discussions, methods like LDA and BERTopic have 

been used [9]. Analysis of networks and interactions: 

Studies have used social network analysis to exam­

ine sender-recipient patterns, focusing on user roles, 

reciprocity, and centrality [10]. 
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