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Abstract: This work presents a sentiment analysis system for the Assamese language, addressing the scarcity of Natural Language
Processing (NLP) resources for low-resource Indian languages. The proposed system aims to automatically classify Assamese text into positive
and negative sentiment categories using machine learning techniques. The framework applies VADER (Valence Aware Dictionary and
sEntiment Reasoner) and Naive Bayes classifiers from the NLTK (Natural Language Toolkit) library, with the Google Translator API
employed for text preprocessing and translation. The application is implemented using Streamlit to provide an interactive user interface and
Ngrok for secure web-based deployment.

The methodology involves translating Assamese text into English, followed by sentiment classification through VADER's lexicon-
based approach and Naive Bayes’ probabilistic model. VADER produces real-time sentiment scores—positive or negative, while Naive Bayes
enhances accuracy through supervised learning on labeled data.

Experimental evaluation demonstrates that VADER achieves rapid real-time performance, whereas Naive Bayes delivers higher classification
accuracy after sufficient training. The combined approach ensures robust sentiment detection across diverse domains, including social media
content, product reviews, and news articles. The system’s design emphasizes usability, accessibility, and reliability in multilingual sentiment

analysis.

This work contributes to the growing field of computational linguistics by providing a foundational sentiment analysis tool for
Assamese text. Future research will focus on developing native Assamese sentiment lexicons, integrating deep learning models, expanding
the training dataset, and incorporating contextual and domain-specific understanding to further improve performance.

Key Words: Sentiment Analysis; Assamese Language; Natural Language Processing (NLP); Low-Resource Languages; Machine Learning;
Text Classification; VADER; Naive Bayes.

I.INTRODUCTION

The AABEG Sentiment Analysis Project is developed to create an intelligent system capable of identifying and classifying
sentiments expressed in Assamese language text. Assamese, spoken by more than 15 million people primarily in the northeastern
state of Assam, India, is recognized as a low-resource language in Natural Language Processing (NLP) due to the scarcity of
annotated datasets, linguistic corpora, and computational tools [1]. This study aims to address this gap by building a system that
categorizes Assamese text into positive or negative sentiments using two distinct approaches—VADER and Naive Bayes—
implemented and evaluated separately.

The first approach employs VADER (Valence Aware Dictionary and sEntiment Reasoner), a lexicon and rule-based
sentiment analysis tool known for its effectiveness in processing social media and informal text [2]. VADER assigns sentiment
intensity scores across four metrics—positive, negative, neutral, and compound (ranging from —1 to +1)— allowing for nuanced
real-time sentiment evaluation.

The second approach utilizes the Naive Bayes classifier, a probabilistic machine learning algorithm that learns sentiment
categories from labeled datasets. Naive Bayes is valued for its simplicity, efficiency, and robustness in text classification tasks,
particularly when training data is limited or moderately sized.

To bridge the language barrier, the Google Translator API is used to translate Assamese text into English before analysis,
thereby enabling the application of existing English-language NLP tools. The system is implemented in Python, leveraging the
Natural Language Toolkit (NLTK) for text processing and model training. A user-friendly web interface is developed using
Streamlit, which allows users to input Assamese text and instantly view sentiment predictions. Ngrok is used to provide secure,
remote access to the deployed system.

The two techniques—VADER and Naive Bayes—were tested independently, and their outputs were compared in terms of
accuracy, speed, and usability. The results indicate that VADER performs efficiently for real-time sentiment scoring, while Naive
Bayes achieves higher accuracy after sufficient model training.

This project demonstrates the feasibility of performing sentiment analysis for a low-resource language using translation-
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based preprocessing and well-established NLP techniques. Its potential applications include social media monitoring, customer
opinion analysis, market research, and public opinion tracking among Assamese speakers. This study aligns with the broader
efforts highlighted by Joshi et al. (2020) [3] to expand computational linguistics resources for underrepresented Indian languages.

ILLITERATURE REVIEW
International:

The study of sentiment analysis has developed step by step over the years. In the late 1990s and early 2000s, researchers
focused on how computers could understand opinions in text. Hatzivassiloglou and McKeown (1997) studied how adjectives
express positive or negative meanings, forming the base of early sentiment work. Later, between 2004 and 2010, the focus moved
to building sentiment dictionaries and applying rule-based systems. Wilson, Wiebe, and Hoffmann (2005) worked on
understanding how words change their sentiment meaning depending on context. Bing Liu (2010) further expanded this area by
developing sentiment lexicons and aspect-based sentiment analysis.

With the growth of social media after 2010, new tools were needed to handle short and informal texts. Hutto and Gilbert
(2014) developed VADER, a popular rule-based model for analyzing social media sentiment. It uses a dictionary of words with
sentiment scores and handles punctuation, negations, and emojis effectively. Mohammad and Turney (2013) also created
sentiment dictionaries using crowdsourced human input, showing the value of large-scale manual labeling.

From 2015 onwards, machine learning and later deep learning methods became dominant. Simple algorithms like Naive
Bayes and Support Vector Machines were widely used because of their good accuracy and easy implementation (McCallum &
Nigam, 1998; Pang, Lee, & Vaithyanathan, 2002). Recently, multilingual and cross-lingual research has grown, as researchers aim
to extend sentiment analysis to low-resource languages around the world (Joshi et al., 2020).

National:

Sentiment analysis research in Indian languages has developed gradually, but challenges such as linguistic complexity,
lack of annotated datasets, and limited digital resources continue to slow progress. Early studies in this field were carried out for
major Indian languages including Bengali, Hindi, Telugu, and Punjabi. Das and Bandyopadhyay [4] created SentiWordNet for
Bangla, one of the earliest sentiment lexicons for an Indian language. For Hindi, Joshi et al. [5] proposed a fallback strategy for
sentiment classification using translation to English, which helped overcome the scarcity of native tools. In Telugu, Mukku and
Mamidi [6] applied machine learning methods such as Naive Bayes and Support Vector Machines for sentiment detection on social
media data. Similarly, Sharma et al. [7] built a machine learning—based sentiment system for Punjabi.

These studies show that translation-based methods and classical algorithms like Naive Bayes are widely used because they
perform well on small datasets and are easy to train [8-10]. The Naive Bayes classifier remains a reliable baseline for text
classification due to its simplicity and computational efficiency [8].

For Assamese, research in Natural Language Processing (NLP) is still in the early stages. Sharma et al. [11] worked on
part-of-speech tagging, while Sarma and Sarma [12] developed an Assamese text corpus useful for future sentiment analysis tasks.
Pathak et al. [13] explored statistical machine translation between Assamese and English, providing insights into language structure
and translation-based approaches. Translation has also been studied as a method for sentiment analysis in multilingual contexts
[14], although some studies show that translation may change sentiment accuracy [15].

Joshi et al. [16] identified Assamese as a “low-resource language” in NLP, emphasizing the need for more linguistic
resources and research in this field. This gap highlights the importance of developing sentiment analysis tools and datasets
specifically for Assamese using both lexicon-based and machine learning approaches.

1HLWORKING MECHANISM
VADER mechanism:

VADER’s core mechanism operates in several stages. First, the input text is tokenized, and each token (word or symbol)
is matched against a sentiment lexicon of approximately 7,500 lexical features, including words, emoticons, acronyms, and slang
terms. Unlike supervised machine learning models that require large labeled datasets, VADER relies
on a pre-built sentiment lexicon and a set of carefully crafted grammatical and syntactic rules to determine sentiment polarity and
intensity. Steps are:

Step Process Description / Function Example
Text is split into individual . “The movie was
1. Tokenization tokens (words, symbols, Prepares the text for lexical AWESOME!!!”
emoticons). matching. —  [‘The’,  ‘movie’,
‘was’,

‘AWESOME”, “!!!’]

2. Lexicon Lookup

Each token is matched with
entries in VADER’s

Each word/emoticon has a
valence score between —4

“awesome” — +3.1; “bad” — —

Application

scores using linguistic
rules.

, hegation, punctuation, and
context cues.

sentiment lexicon. and +4. 25
- . Handles “not good” — polarity reversed;
3. Heuristic Rules Adjustments are made to emphasis “VERY good” —> intensity

increased.
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. Recognizes social media Captures non-
) “ » oy g
4. S Ha_nIdIC|:n9 symbols, slang, and standard expressions that inchngse’ o‘s?(i\;e iﬁ't'ens;
pectal Lases emoticons. carry emotion. P .

Combines all word-level

5. Score Aggregation | scores to compute overall Sums weighted scores to

. Weighted sum of valence values.
produce total polarity.

sentiment.
6. Normalization & Final compound score is Used to classify text as Compound > 0.05 — Positive; <
Compound Score computed and normalized Positive, Negative, or —0.05 — Negative; otherwise —
Calculation between -1 and +1. Neutral. Neutral.

Naive Bayes Mechanism:

The Naive Bayes classifier is a probabilistic machine learning model based on Bayes’ theorem, commonly used for text
classification tasks such as sentiment analysis, spam detection, and document categorization. It assumes that all features (in this
case, words or tokens) in a text are conditionally independent given the class label. Despite this simplifying assumption, the model
performs remarkably well in practice, especially for large text datasets with high- dimensional feature spaces.

The foundation of Naive Bayes is Bayes’ theorem, expressed mathematically as:

P(X|C) x P(C)

P(C|X) = TS

Where:
e P(C|X) = Probability of a class C (e.g., positive, negative, or neutral sentiment)
given the observed features X (the words in a text).
e P(X]|C) = Likelihood — probability of observing the features given the class.
e P(C) = Prior probability of the class.
e P(X) = Probability of the features (a normalizing constant).

In text-based sentiment analysis, X represents the collection of words (tokens) in a document, and C represents sentiment
categories. Example steps are:

What Happens Example (Sentiment)
Step
Collect training data with labels “Good movie” — Positive, “Bad movie” — Negative
1
Clean the text (remove extra words, symbols) “I loved the movie!” — “loved movie”
Step What Happens Example (Sentiment)
2
Count how many times each word appears in each class “good” appears 10 times in Positive, 2 times in
3 Negative
Find the overall chance of each class (Positive, Negative) 60% Positive, 40% Negative
4
For a new text, check how likely its words belong to each “good story” — check “good” and “story” in both
5 class classes
Multiply the chances and pick the class with the higher Positive score > Negative score — Predict Positive
6 score

IV.FRAMEWORK DEVELOPMENT

Streamlit is an open-source Python framework designed to create data-driven web applications with minimal effort. It’s
especially popular among data scientists, machine learning engineers, and analysts who want to build interactive tools and
dashboards without needing extensive web development experience. It is a fastest way to build and share data apps. Streamlit
builds three simple principles, deploys instantly and is the next step for ML tools. It allows developers to build dynamic dashboards
and apps using familiar Python syntax, integrating seamlessly with libraries like Pandas and Matplotlib, and handling web
development complexities like HTML, CSS, and Javascript. It provides a live code editing experience, allowing for real-time
updates to the app as code is changed, accelerating the development and iteration process.

NLTK, or Natural Language Toolkit, is a comprehensive Python library designed for working with human language data.
It provides a wide array of tools and resources for various natural language processing (NLP) tasks. It provides access to numerous
collections of text and speech and lexical resources, including the widely used WordNet, which is a large lexical database of
English. NLTK serves as a robust and easy to use framework for text analysis and building initial NLP models.
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Ngrok is a tool that allows us to securely expose a local development server to the internet. In simple terms, it lets you
access your local web apps (e.g., a website we're building on localhost) from anywhere in the world using a public URL

— without deploying or configuring firewalls. It creates a secure tunnel from the internet to the local machine, making it
ideal for sharing web apps with clients or teammates, demonstrating a project without deploying and developing mobile apps that
need to connect to a local backend.

# Streamlit Application Development and Deployment using Ngrok for VADER:

%%writefile

sentiment_app.py import

streamlit as st

import nltk

from nltk.sentiment.vader import SentimentintensityAnalyzer
from googletrans import Translator
# Download lexicon (only first time)
nltk.download("'vader_lexicon™)

# Initialize VADER + Translator
sid=

SentimentintensityAnalyzer()
translator = Translator()

st.set_page_config(page_title="Assamese Sentiment Analyzer", page_icon=" ", layout="centered")
st.title(" Assamese — English Sentiment Analyzer")

# User input (Assamese text)

user_text = st.text_area("Enter Assamese text:"," D0 Da [0 000 CUOD 0000 |7)if
st.button("Analyze Sentiment"):

if user_text.strip():

# Translate Assamese — English

try:

translation = translator.translate(user_text,  dest="en")
translated_text = translation.text

except Exception as e:

st.error(f"A Translation failed: {e}")

translated_text = user_text

# Analyze sentiment in English

scores =  sid.polarity_scores(translated_text)

st.subheader(" Translated Text")

st.write(translated_text)

st.subheader(" Sentiment Scores™)

st.write(scores)

# Final interpretation

compound = scores['compound’]

if compound >=0.05:

st.success(" Positive Sentiment™)

elif compound <= -0.05:

st.error(" Negative Sentiment™)

else:

st.info(" Neutral Sentiment")

else:

st.warning("A\ Please enter some Assamese text above.™) 31 import
subprocess

from pyngrok import ngrok

# Pick a port

port = 8501

# Start

tunnel

public_url = ngrok.connect(port).public_url

print(" Your Streamlit app is live here:", public_url)

# Launch Streamlit

subprocess.Popen(["streamlit", "run", "sentiment_app.py", "--server.port", str(port)])
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# Assamese Sentiment Analyzer App Code
app_code = """
import streamlit as st
from textblob classifiers import NaiveBayesClassifier
train_data = [
("2 WS, "positive"),
("713 Ef\zl@ "negative"),
(=fGeIfet Y= ©Ie Af5ng", "positive"),
("9 @iﬂ" "positive”),
("I A= C=0", "negative"),
("313 3@ "positive"),
(=13 74", "negative”),
(" IEYN SRS BN BIER", "positive”),
("@1% = Fﬂ‘ﬁ't‘i", "negative")
1
cl = NaiveBayesClassifier(train_data)
st.title(” ;1 Assamese Sentiment Analyzer (TextBlob + NaiveBayes)")
st.write("# Write Assamese text and get sentiment prediction:"”)
text = st.text_area("Enter Assamese sentence here:")
if st.button("Analyze"):
if text._strip() =="":
st.warning("A WHT < T %W!")
else:
prediction = cl.classify(text)
prob = cl.prob_classify(text)

if prediction == "positive":
st.success(" -~ AP (Positive)")
else:

st.error(" > MY (Negative)”)

Streamlit Application Development and Deployment of Ngrok (NAIVE BAYES)

{prob._prob('negative'). 2f}")

with open("app.py", "w", encoding="utf-8") as f:
f.write(app_code)

from pyngrok import ngrok

from google.colab import userdata

ngrok_Kill()

# Authenticate ngrok

ngrok.set_auth_token(NGROK_AUTH_TOKEN)
public_url = ngrok.connect(8501)

print(" - = Public URL:", public_url)
Istreamlit run app.py --server.port 8501

# config.toml file for Streamlit

[server]

port = 8501

serverAddress = "0.0.0.0"

primaryColor = "#FF4B4B"
backgroundColor = "#FFFFFF"
secondaryBackgroundColor = "#F0F2F&6"
textColor = "#262730"

font = "sans serif"

st.write(f"Confidence — Positive: {prob_prob('positive’). 2f},

NGROK_AUTH_TOKEN = userdata.get(NGROK_AUTH_TOKEN")

Negative:
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V.DATA AND RESULT
Now test data are chosen and checked for both the two techniques.

Content Actual VADER Naive Bayes

Sentiment Sentiment | Sentiment
=N AT Negative Positive Positive
Exucl TR, (A=Y Negative Positive Positive
BT 591 3531 981 311 | Negative Positive Positive
o o9 s g+

T2 (fore =T 10
T

oot ~sfosrs Negative Positive Positive

Here, we notice that both Vader and Naive Bayes are showing wrong results. There is no scope to enhance efficiency of
Vader. No way we can make Vader to yield correct result. But for Nave Bayes, we can train it more to make it better. We have
trained it with more data within the code. Sample train data are like:

= ° I! python -m textblob.download_corpora

> eee Show hidden output

Ipip install streamlit textblob pyngrok -g

# Assamese Sentiment Analyzer App Code
app_code = """
import streamlit as st

from textblob.classifiers import NaiveBayesClassifier

train_data = [
("NE WHO", "positive"),
("ﬂi ‘IFW", “negative"),
(TGP YT ST S0 g”, "positive™),
(GG B ﬁiﬁ?ﬂ","positive"),
("= m= T=(]", "negative"),
(”ﬂ? iﬁﬂ”, "positive™),
("fE5SG FSHEF", "negative”),

Now when we test other data, it gives better results. Comparison of the results shown below:

Sl Content Actual VADER Confus | Naive More Confusion | More
- - ion Bavyes Trained matrix for | Traine
e Sentiment SSentime matrix Sentiment Naive Naive d
nt for Bayes Bayes confusi
VADE Sentiment on
R matrix
for
Naive
Baves
1. | =2ty =wrss, 57 17 | Neogative | Positive | FP Positive | Positive FP FP
ok o 1 [ |
2 = o1 56w A1t Negative Positive FP Positive | Positive FP FP
3 |SreT IFFTSIA | ' | Negative | Positive | FP Positive | Negative | FP TN
193
4 Gl m"]@m ﬁ Negative Positive FP Positive | Negative FP TN
TR, AN AR
5 | =raf= =ifores Negative | Positive | FP Positive | Negative | FP TN
] E‘mﬂ TR, A=A Negative Positive EP Positive | Positive FP FP
7 I 5ro1r fSsar aBr | Negative Positive FP Positive | Negative FP ™
ENN SHfopIss T
Rl ] B EY
oTrs FHAT 491
8 | fosncaSe o Negative | Positive | FP Positive | Negative | FP TP
9 'ﬁﬁiﬂ HIT | Negative Positive FP Positive | Negative - 22 22 TN
TR coTaICeT
FrosTs
10 | T 33 =515, | Negative | Positive | FP Positive | Negative | FP TN
AN T8
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1 ﬁgﬁgmm Positive Negative | FN Positive | Positive | TP TP
12| F<FP —W\, Negative | Positive | FP Positive | Negative | FP TN

WA FfoFET

13 @Qqﬁ:@mm Positive | Negative | FN | Positive | Positive | TP TP
14 | GRIZTBIT NI ™ITY | Positive | Negative [ FN | Positive | Positive | TP TP

15 | f5r=f® ST ST® (| Positive | Negative | FN Positive | Positive | TP TP
15 =gy!

16 | cIfOST ©OT2 SN ST | Positive | Negative | FN Positive | Positive | TP TP
ABTAN BN

17 | yfeamaI<ig Positive | Negative | FN Positive | Positive | TP TP
fowsfatg - o w2
bk

18 [CIS LI E B I D IRGY RUE] Positive | Negative | FN Positive | Positive | TP TP
(Ol G (Ol

19 Froq o5 *fgs | Positive | Negative [ FN Positive | Positive | TP TP
(4]

20 SN SYITET B AT Positive | Negative | FN Positive | Positive | TP e

So it shows that more trained Naive Bayes performs better in comparison to Vader and less trained Naive Bayes. Many test

cases, like Content 7 (?l‘TF{ fror fdar @1 ) turned to be correct for more trained Naive Bayes. It was because, train
data included data that was labeled properly like-

( “f5Mas SfosEs" 5 "n‘egat ive")

And we got test result properly like:

Content Actual VADER | Confus | Naive More Confusion | More
Sentiment | Sentime | " Bayes Trained matrix for | Traine
matrix | Sentiment | Naive Naive d
nt for Bayes Bayes confusi
VADE Sentiment on
R matrix
for
Naive
Baves

I 71 f&ar qbr| Negative | Positive |FP | Positive | Negative | FP N
W

The model learnt that sentence that includes the word “PTOBII tends to be Negative. This learning flexibility was
absent in Vader.
Streamlit and Ngrock powered front end ---
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matic-catarina.ngrok-free.dev

‘sl Assamese Sentiment Analyzer
(TextBlob + NaiveBayes)

#£. Write Assamese text and get sentiment prediction:
Enter Assamese sentence here:

IS S1R ST ST SIS 0N

Analyze
L 4T3 (Positive)
Confidence » Positive: 0.74, Negative: 0.26

Confusion Matrices:

VADER

; Less Trained Naive Bayes
HRE L0 Acc: 0.45
FN
o 0
T —
§ :
. -4 N
- 0
Predicted 1
Predicted

More Trained Naive Bayes
Acc: 0.85

FN

Actual

Predicted
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Performance matrices comparison:

Performance Metrics Comparison

Precision
Recall
Accuracy
F1

1.0 4

0.6

Score

0.2 4

VADER Less Trained Naive Bayes More Trained Naive Bayes
Models

VI.CONCLUSION

The findings of this study highlight the superior performance of the machine learning—based Naive Bayes classifier
compared to the lexicon-based VADER approach, demonstrating that models trained on relevant data can achieve more accurate
sentiment classification results. Furthermore, despite certain challenges encountered during language translation, the results
confirm that translation-based sentiment analysis is a viable approach for processing Assamese text, thereby opening avenues for
future research in multilingual sentiment analysis and regional language processing.

The corresponding findings provide a replicable framework for developing sentiment analysis systems in other low-
resource languages, demonstrating that satisfactory performance can be attained even in the absence of extensive linguistic or
computational resources. The developed system enables Assamese- speaking enterprises and organizations to effectively apply
sentiment analysis for customer feedback evaluation, social media monitoring, and opinion mining, thereby contributing to greater
digital inclusivity. Furthermore, the limitations and error patterns identified in this study offer clear directions for future research,
including the creation of Assamese-specific sentiment lexicons, the adoption of advanced neural architectures, and the
incorporation of cultural and contextual nuances to enhance analytical precision.

REFERENCES

1. Das, A., & Bandyopadhyay, S. (2010). SentiWordNet for Indian languages. Proceedings of the 8th International Conference on Natural
Language Processing (ICON)

2. Hutto, C., & Gilbert, E. (2014). VADER: A parsimonious rule-based model for sentiment analysis of social media text. Proceedings of
the 8th International AAAI Conference on Weblogs and Social Media (ICWSM).

3. Joshi, P., Santy, S., Budhiraja, A., Bali, K., & Choudhury, M. (2020). The state and fate of linguistic diversity and inclusion in the NLP
world.Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (ACL).

4. A. Das and S. Bandyopadhyay, “SentiWordNet for Bangla,” Proc. 8th Workshop on Asian Language Resources (Coling 2010), Beijing,
China, pp. 5663, 2010.

5. A. Joshi, A. R. Balamurali, and P. Bhattacharyya, “A fall-back strategy for sentiment analysis in Hindi: A case study,” Proc. 8th
ICON: International Conference on Natural Language Processing, pp. 149-153, 2010.

6. S. Mukku and R. Mamidi, “Sentiment analysis on Telugu tweets using machine learning approaches,” Proc. 14th Int. Conf. on Natural
Language Processing (ICON-2017), pp. 211-216, 2017.

7. D. Sharma, P. Kaur, and M. Singh, “Machine learning-based sentiment analysis for Punjabi text,” International Journal of Computer
Applications, vol. 179, no. 3, pp. 1-5, 2018.

8. A. McCallum and K. Nigam, “A comparison of event models for Naive Bayes text classification,” AAAI-98 Workshop on Learning
for Text Categorization, pp. 41-48, 1998.

9. B. Pang, L. Lee, and S. Vaithyanathan, “Thumbs up? Sentiment classification using machine learning techniques,” Proc. ACL-02 Conf. on
Empirical Methods in Natural Language Processing, pp. 79-86, 2002.

10. A. Kirbriya, X. Li, and W. W. Cohen, “An empirical comparison of supervised learning algorithms for text categorization,” Proc. 22nd Int.
Conf. on Machine Learning (ICML-04), pp. 163-170, 2004.

11. A. Sharma, J. Deka, and M. Das, “Part-of-speech tagging for Assamese using Hidden Markov Model,” Proc. 3rd Workshop on South and
Southeast Asian Natural Language Processing (SANLP 2012), pp. 95-102, 2012.

12. R. Sarma and S. Sarma, “Building Assamese corpus for NLP applications,” International Journal on Natural Language Computing, vol. 5,
no. 2,pp. 1-10, 2016.

13. A. Pathak, R. Sarma, and P. Barman, “Statistical machine translation between Assamese and English,” International Journal of
Computer Applications, vol. 180, no. 28, pp. 19-24, 2018.

14. A. Balahur and M. Turchi, “Comparative experiments using supervised learning and machine translation for multilingual sentiment
analysis,”Computer Speech & Language, vol. 28, no. 1, pp. 56-75, 2014.

15. P. Lohar, A. Jha, and A. Mishra, “Impact of machine translation on sentiment classification,” Procedia Computer Science, vol. 122, pp. 839—
846, 2017.

16. P. Joshi, S. Santy, A. Budhiraja, K. Bali, and M. Choudhury, “The state and fate of linguistic diversity and inclusion in the NLP world,” Proc.
58th Annual Meeting of the Association for Computational Linguistics, pp. 6282—-6293, 2020.

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 211|Page



	I.INTRODUCTION
	II.LITERATURE REVIEW
	International:
	National:
	III.WORKING MECHANISM
	VADER mechanism:
	Naive Bayes Mechanism:

	IV.FRAMEWORK DEVELOPMENT

