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Abstract - Sentiment analysis of WhatsApp chat data is
becoming increasingly significant in understanding the
emotional tone of digital conversations. This study explores
the application of sentiment analysis to WhatsApp chat
messages to uncover patterns of communication and
emotional contexts within social interactions. The research
begins by outlining the importance of natural language
processing (NLP) techniques in sentiment analysis and
emphasizing their utility in analyzing unstructured text data
such as chat logs. The introduction details the various methods
used, including machine learning models such as Naive Bayes
and Support Vector Machines (SVM), as well as deep learning
approaches such as Recurrent Neural Networks (RNNs) and
transformers.

The study utilized a dataset of WhatsApp conversations,
categorizing messages into positive, negative, and neutral
sentiments. Results indicate that machine learning-based
models outperform traditional rule-based methods in terms of
accuracy, with the highest success rates observed in deep
learning models, particularly those employing bidirectional
LSTM (Long Short-Term Memory) networks. The discussion
highlights the challenges of contextual ambiguity and sarcasm
in interpreting sentiments, especially in informal
communication settings, such as WhatsApp.

Keywords: WhatsApp chat files, visualization, Sentiment
Analysis, Emoji Analysis, Natural Language Processing ,
Feature Engineering.

1.INTRODUCTION

Sentiment analysis, also known as opinion mining, is a
computational study of emotions, opinions, and attitudes
expressed in a text. Over the last few decades, sentiment
analysis has become a prominent field in natural language
processing (NLP), particularly for analyzing data from digital
communication platforms. WhatsApp, with over two billion
active users globally (Statista, 2024), represents a rich
source of conversational data, reflecting a variety of
emotional and social exchanges. Given the increasing
reliance on WhatsApp for personal, educational, and
business communications, sentiment analysis of WhatsApp
chat data is of great interest for understanding user
sentiment, social behavior, and even market trends.
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The evolution of sentiment analysis has progressed from
rule-based systems to machine learning approaches, and
more recently, to deep learning methodologies. Initial
models relied heavily on predefined lexicons and
dictionaries for sentiment classification (Turney,2002). As
machine learning gained traction, supervised algorithms
such as Naive Bayes and Support Vector Machines (SVM)
became prevalent, although these models often encountered
difficulties with the casual and colloquial language typical of
chat-based interactions (Pang & Lee, 2008). In recent years,
deep learning models, including Recurrent Neural Networks
(RNNs) and transformers, have demonstrated greater
potential in grasping context and subtleties in conversational
text (Vaswani et al., 2017).

Current research demonstrates successful implementations
of sentiment analysis across various domains, including
social media monitoring (Liu, 2012), consumer feedback
analysis (Cambria et al., 2017), and mental health screening
(Coppersmith et al., 2018). However, challenges persist in

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 266



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 12 Issue: 03 | Mar 2025

www.irjet.net

p-ISSN: 2395-0072

analyzing informal texts, particularly those found in
WhatsApp conversations, which frequently contain
colloquialisms, emojis, abbreviations, and sarcasm.
Moreover, concerns regarding data privacy, ethical usage of
personal messages, and handling multilingual conversations
continue to pose significant challenges.

This research aims to adapt and implement sentiment
analysis techniques specifically for WhatsApp chat data, with
the objective of not only discerning emotional tones butalso
identifying patterns in communication styles, mood
fluctuations, and social interactions. The goal is to address
the limitations of current methods, particularly by improving
the accuracy of sentiment classification in informal text and
addressing privacy-related ethical issues. The study
endeavors to develop a more sophisticated and context-
sensitive sentiment analysis model that can be utilized
across various WhatsApp conversations, offering potential
applications in fields such as marketing, social sciences, and
behavioral research.

2. LITERATURE REVIEW
2.1 Overview of Sentiment Analysis

Sentiment analysis of WhatsApp messages has gained
significant attention due to the platform's extensive use for
personal and group interactions. WhatsApp texts are often
informal, filled with slang, abbreviations, and emojis, which
complicates traditional sentiment analysis methods. These
challenges include understanding sarcasm, interpreting
context-specific phrases, and managing multilingual content.
As a result, more advanced models are required to address
the complexities of WhatsApp's conversational nature.

2.2 Techniques of Sentiment Analysis

Techniques such as machine learning models, including
support vector machines (SVM) and deep learning networks
like long short-term memory (LSTM) networks, have proven
effective in sentiment classification tasks. These models are
particularly adept at capturing context and sentiment across
multiple exchanges. Additionally, hybrid approaches that
combine machine learning with lexicon-based methods have
been explored to improve the accuracy of sentiment
detection, especially when dealing with informal language
and emojis. Moreover, transformer-based models like BERT
have enhanced sentiment analysis, offering deeper insights
by recognizing nuanced language patterns and context
(Devlin et al,, 2019).

2.3 Challenges in Analyzing Sentiment in
WhatsApp Chats

Despite the potential of sentiment analysis on WhatsApp
chat data, there are several challenges. The short and
informal nature of WhatsApp messages often leads to
ambiguities, making it difficult to detect nuances such as

sarcasm, irony, or humor in text-based communication.
Additionally, the inclusion of emojis, stickers, and GIFs adds
further complexity to sentiment detection. Although some
models attempt to integrate these elements, the task remains
challenging. Lastly, the analysis of WhatsApp data raises
ethical concerns, as users may not be fully aware that their
conversations are being examined for sentiment analysis,
raising privacy issues.

2.4 Application of Sentiment Analysis

Beyond text-based analysis, multimodal sentiment
analysis—incorporating emojis, images, and voice
messages—has emerged as an effective way to refine
sentiment detection in WhatsApp messages. Despite these
challenges, sentiment analysis on WhatsApp holds great
potential in areas such as customer service, marketing, and
social media monitoring, offering valuable insights into
consumer emotions and opinions (Giatsoglou et al., 2020).

3. PROPOSED METHODOLOGY

Creating a WhatsApp chat sentiment analyzer necessitates
various data resources and tools for effective data handling
and model assessment. The core data materials consist of
WhatsApp chat logs, typically in .txt or .csv formats,
encompassing message timestamps, sender information, and
content from both individual and group conversations. To
maintain confidentiality, it's crucial to eliminate any
personally identifiable information (PII), while media files
may be incorporated if pertinent to the analysis.

The software toolkit revolves around Python, offering an
array of libraries for natural language processing (NLP) and
machine learning. Text preprocessing employs NLTK and
spaCy for tasks like tokenization and lemmatization, while
TextBlob and VADER facilitate sentiment analysis. Machine
learning models are constructed using Scikit-learn for
conventional algorithms such as Naive Bayes and SVM,
alongside deep learning frameworks like TensorFlow, Keras,
and PyTorch for more sophisticated models including RNNs,
LSTMs, and transformers. Data manipulation is executed
with Pandas, and visualizations are created using Matplotlib,
Seaborn, and WordCloud.

Text cleaning utilizes Regular Expressions (Regex) to
remove unwanted elements, while langdetect aids in
identifying message languages in multilingual datasets.
Emojis and colloquial expressions are interpreted using the
Emojilibrary and custom dictionaries to enhance sentiment
analysis. Pretrained models like BERT and Word2Vec
capture semantic relationships between words, improving
classification. Model accuracy is evaluated using metrics
such as precision, recall, and F1-scores.

Adhering to ethical standards, informed consent forms are
required to obtain permission for data usage, and
anonymization tools ensure Pll removal. Large datasets and
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model checkpoints are stored using Pandas DataFrames,
with optional database systems like MySQL, MongoDB, or
SQLite for extensive storage. Documentation and reporting
leverage Markdown in Jupyter Notebooks and LaTeX for
formal research papers. Advanced visualization tools such as
Tableau and Power BI generate interactive dashboards for
analyzing sentiment trends over time.

4. TOOLS AND TECHNOLOGY
4.1 Machine Learning Libraries

The analysis of sentiment in WhatsApp conversations is
largely dependent on Natural Language Processing (NLP), a
technology that allows machines to comprehend and process
textual data. Common NLP methods, including tokenization,
lemmatization, and part-of-speech tagging, are employed to
dissect conversations into more manageable components.
Software packages such as NLTK and spaCy play a crucial
role in text preprocessing by eliminating stopwords,
performing stemming, and converting words to their root
forms (Bird et al., 2009). These NLP procedures prepare the
data for subsequent analysis and enhance the model's ability
to accurately interpret the context of chat messages (Hutto &
Gilbert, 2014).

4.2 machine learning algorithms

After preprocessing, sentiment analysis models categorize
messages into positive, negative, or neutral sentiments.
Various machine learning algorithms, including Support
Vector Machines (SVM), Naive Bayes, and deep learning
methods such as Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN), are utilized to train
models on annotated datasets. These models learn to
identify sentiment by recognizing patterns within the data
(Pang & Lee, 2008). State-of-the-art models like BERT
(Bidirectional Encoder Representations from Transformers)
have become increasingly popular due to their ability to
understand context and enhance sentiment classification
accuracy (Devlin et al.,, 2019).

4.3 Data Cleaning

Preprocessing data is a crucial step in the process, as
WhatsApp chat information is typically unstructured and
contains noise. This stage involves text cleaning by
eliminating punctuation, special characters, and extraneous
information. Emojis, which convey emotional contentin chat
conversations, are handled with care. Python's regular
expressions (regex) are commonly employed for data
cleaning purposes (Schiitze et al., 2008). The preprocessing
step ensures that raw data is converted into a suitable
format for applying sentiment analysis models and
extracting meaningful patterns.

4.4 Data Variable Engineering

Feature extraction plays a vital role in sentiment analysis.
Textual data must be transformed into a numerical format
that machine learning algorithms can process. Common
techniques for extracting features from text include Bag of
Words (BoW), Term Frequency-Inverse Document
Frequency (TF-IDF), and word embeddings such as
Word2Vec and GloVe (Mikolov et al, 2013). Word
embeddings are particularly valuable as they represent
words as dense vectors, capturing their semantic meaning
and enabling a more nuanced understanding of sentiment.

4.5 Text Classification

Sentiment analysis relies heavily on text classification
algorithms to categorize messages based on their emotional
tone. While traditional models such as SVM and Random
Forest are still used, more advanced deep learning
techniques like Long Short-Term Memory (LSTM) networks
have shown great promise in capturing complex textual
relationships (Hochreiter & Schmidhuber, 1997). These
sophisticated models significantly improve the precision of
sentiment classification, especially when analyzing large
datasets of conversational text, such as WhatsApp messages.

4.6 Emotion Detection

Another crucial component of sentiment analysis is emotion
detection, which adds depth to the analysis by identifying
specific emotions within messages. This process utilizes
emotion lexicons or cutting-edge methods like affective
computing to recognize emotions such as joy, anger, or
surprise in text (Ekman, 1992). By integrating sentiment
classification with emotion detection, researchers can obtain
a more comprehensive understanding of the emotional
dynamics in WhatsApp conversations, moving beyond
simple positive or negative categorizations.

4.7 Visualization Tools

To present the results of sentiment and emotion analysis,
researchers employ visualization tools such as Python's
Matplotlib and Seaborn, or Tableau. These applications
generate visual representations like charts and graphs,
making it easier to observe sentiment trends over time or
identify the prevalence of various emotions in chat messages
(Hunter, 2007). Visualization not only aids in the
interpretation of results but also facilitates effective
communication of findings to researchers and stakeholders
alike.

5. OBJECTIVE OF STUDY

In our sentiment analysis study, we gathered WhatsApp
conversation data from both one-on-one and group chats.
The information, exported as .txt or .csv files, encompassed
chat messages with their corresponding timestamps, sender
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identifications, and message contents. We cleaned the
dataset by eliminating extraneous metadata, including
timestamps and sender names, as well as removing URLs,
emojis, and special characters. The text data underwent
preprocessing, which involved tokenization, lemmatization,
and the removal of stop words. We utilized automated
sentiment analysis tools, such as TextBlob and VADER
(Valence Aware Dictionary and sEntiment Reasoner), to
categorize the messages into positive, negative, or neutral
sentiments. The dataset was then divided into training and
testing subsets, allocating 80% for training and reserving
20% for evaluation.

We implemented various machine learning models for
sentiment analysis, including Naive Bayes, Support Vector
Machine (SVM), Logistic Regression, and a deep learning
model called Long Short-Term Memory (LSTM). The LSTM
model demonstrated superior performance compared to
traditional machine learning approaches due to its capacity
to capture sequential dependencies in text data. This
capability is particularly crucial for conversational data,
where the context of preceding messages significantly
influences the interpretation of subsequent ones. While the
SVM model achieved an accuracy of 82%, it was surpassed
by the LSTM model. These findings underscore the
advantages of deep learning models like LSTM, which
process text data with temporal dependencies and context,
making them more suitable for sentiment analysis in
conversational environments (Vaswani et al., 2017).

6. RESULTS AND ANALYSIS

Analysis of the dataset's sentiment distribution revealed that
45% of messages were categorized as positive, 35% as
negative, and 20% as neutral. This indicates a prevalence of
strong emotional content, with positive and negative
sentiments being dominant.
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The smaller neutral category suggests users tend to express
more emotionally charged content in their interactions.
These findings are in line with research by Pang and Lee

(2008), who observed that sentiment analysis of
conversational data often yields higher proportions of
positive and negative sentiments, particularly on platforms
facilitating informal discussions.
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A notable pattern emerged in the temporal variation of
sentiment. Weekends saw an increase in positive sentiments,
likely due to casual social interactions with friends and
family. Conversely, negative sentiments were more
prominent during workdays, possibly reflecting work-
related stress or frustration. This temporal shift aligns with
studies on sentiment trends in communication platforms
(Liu, 2012). A time-based visualization of sentiment
distribution demonstrated heightened positivity during
holidays and weekends, with increased negativity on
weekdays, reinforcing the influence of context and time on
conversational sentiment
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The analysis faced several obstacles and constraints. The
informal language and slang common in WhatsApp messages
presented difficulties for conventional sentiment analysis
tools.
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7. LIMITATIONS

While VADER and TextBlob proved useful, they struggled to
accurately interpret emojis and slang in certain contexts. For
instance, the meaning of specific emojis could vary based on
context, leading to sentiment misclassification. Another
hurdle was the multilingual nature of WhatsApp
conversations, where users frequently switch between
languages, such as English and Hindi. This complicated
sentiment analysis, as many tools are optimized for specific
languages. Although multilingual models like mBERT and
tools like langdetect can address some of these issues, they
still face challenges with code-switching. Additionally, the
text-based models used in this study were limited in their
ability to capture sentiment conveyed through visual
elements like emojis, GIFs, and multimedia content.
Incorporating multimedia sentiment analysis could enhance
the overall accuracy of sentiment detection.

8. CONCLUSIONS

This study's WhatsApp chat sentiment analyzer effectively
showcased the capabilities of natural language processing
(NLP) and machine learning in extracting and categorizing
sentiment from WhatsApp chatlogs, which are characterized
by informal, multilingual, and context-rich communication.
The research aimed to examine sentiment in WhatsApp
messages and compare the performance of various models,
including traditional machine learning algorithms such as
Naive Bayes and SVM, as well as more sophisticated deep
learning models like LSTM. The findings indicated that deep
learning models, particularly LSTM, surpassed traditional
models in accuracy, precision, and recall. This underscores
the significance of sequential models for chat-based data,
where message order and context are vital for accurate
sentiment interpretation.

The applications of this analysis are extensive. In the realm
of customer service, companies could employ such tools to
evaluate customer feedback, grievances, or contentment in
real-time, offering valuable insights for enhancing service
quality. Furthermore, sentiment analysis of WhatsApp
conversations could be utilized in monitoring mental health
by identifying indicators of emotional distress through
patterns of negative or anxious sentiment. In the field of
market research, brands and marketers can use sentiment
analysis to gain a better understanding of consumer
attitudes towards their offerings. The ability to assess
emotional tone could also prove beneficial in social media
analytics, particularly for monitoring sentiment related to
public events or social movements.

9. FUTURE SCOPE

Despite the model's strong performance, there are areas for
potential improvement. A key recommendation is to enhance
multilingual support to handle code-switching and
conversations in multiple languages, which are prevalentin

WhatsApp chats. Moreover, given the significant role of
emojis and multimedia content in online communication,
incorporating these elements into sentiment analysis could
substantially improve the accuracy of sentiment detection.
Future models could also benefit from integrating more
advanced techniques such as contextual embeddings (like
BERT) to capture the broader context of conversations,
leading to more reliable sentiment predictions, especially for
longer and more complex dialogues. Personalizing sentiment
analysis models to account for individual communication
styles could further enhance the results. In conclusion, while
the WhatsApp chat sentiment analyzer provides valuable
insights into conversational sentiment, there is room for
advancement, particularly in handling informal language,
multilingual content, and multimedia elements, setting the
stage for more sophisticated and precise sentiment analysis
models in the future.

Our findings align with previous research on sentiment
analysis for social media and communication data. Studies by
Gimpel et al. (2011) and Pang & Lee (2008) demonstrated
that sentiment analysis models perform better with
structured data and formal language. Our analysis of
WhatsApp chat logs, which contain informal language and
diverse linguistic features, underscores the need for more
advanced tools capable of addressing these challenges. The
informal nature of the language, multilingual content, and
reliance on text-based models for sentiment analysis
highlight the necessity for more sophisticated approaches to
handle the nuances present in conversational data.

REFERENCES

[1] Pang,B., &Lee, L.(2008). Opinion mining and sentiment
analysis. Foundations and Trends in Information
Retrieval, 2(1-2).

[21 Zhao, ], & Mao, L. (2017). Sentiment analysis for
informal online text: a survey. Journal of Computer
Science and Technology, 32(1).

[3] Cambria, E.,, Schuller, B., Xia, Y., & Havasi, C. (2017). New
avenues in opinion mining and sentiment analysis. IEEE
Intelligent Systems.

[4] Coppersmith, G., Dredze, M. & Harman, C. (2018).
Quantifying mental health signals in Twitter.

[5] Liu, B. (2012). Sentiment analysis and opinion mining.
Synthesis Lectures on Human Language Technologies.

[6] Statista. (2024). Number of monthly active WhatsApp
users worldwide from 2013 to 2024.

[71 Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, |., Jones,
L., Gomez, A, Kaiser, L., Polosukhin, I. (2017). Attention
is all you need. Advances in Neural Information
Processing Systems.

© 2025,IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page270



’,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056
JET Volume: 12 Issue: 03 | Mar 2025 www.irjet.net p-ISSN: 2395-0072

[8] Gimpel, K, Schneider,]., 0’Connor, B., Das, D., & Smith, N.
A. (2011). Part-of-Speech Tagging for Twitter:
Annotation, Features, and Experiments.

[9] Bird, S., Klein, E., & Loper, E. (2009). Natural Language
Processing with Python. O'Reilly Media.

[10] Devlin, ], Chang, M. W,, Lee, K., & Toutanova, K. (2019).
BERT: Pre-training of deep bidirectional transformers
for language understanding

[11] Ekman, P. (1992). An argument for basic emotions.
Cognition & Emotion.

[12] Hochreiter, S., & Schmidhuber, J. (1997). Long short-
term memory. Neural Computation, 9(8), 1735-1780.

[13] Hutto, C. ], & Gilbert, E. E. (2014). VADER: A
Parsimonious Rule-based Model for Sentiment Analysis
of Social Media Text.

[14] Hunter, J. D. (2007). Matplotlib: A 2D graphics
environment. Computing in Science & Engineering

[15] Mikolov, T., Chen, K., Corrado, G., & Dean, J. (2013).
Efficient estimation of word representations in vector
space

[16] Schiitze, H., et al. (2008). Foundations of Statistical
Natural Language Processing. MIT Press.

© 2025,IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Page 271



