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Abstract— The people of our Society are busy in social media.The post their comments on different topics.We analysed them
using different model. This worked applied machine learning model for sentiment analysis on tweets. The propsed medel shown

good result. LSTM gives the 91% accuracy.
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1. INTRODUCTION

Twitter sentiment analysis is the process of machine
learning.It identify and classify opinions, emotion and
attitudes (like — positive,negative,neutral ) expressed in

tweets. When applied to Twitter, it analyzes tweets to
understand how people feel about a topic, brand, event,<or Nam
public figure. We are putting different comments ,opinion on Publis |\ e of
social media. We make different network.Sames minded V}\}z?k 1341;3 Strength Weekness Finding
people are make a network called homophily [1].we analysed el
the opinion, tweets and sentiment.There are severalsmodels
for analysed the sentiments [2].In this worked we applied
genetic algorithms for analysis the sentimentsy[3]:In this SS:E 2;;?:1 Prone to Achieved consistent
worked we used hybrid model for analysis the tweets related LST | dependencies | Y2nishing | performance across
] A Ref. 7 M fFocti gradient, datasets,robust
to the COVID-19 pandemic[4)¢The study discussed/ about ’v:ithefig: requires more across different
modified Firely algorithm and “application, on “Sentiment series data, | frang time. domains.
analysis [5].This study proposed a hybrid model using -
. ssumes
XAILThis model shows) the better confidence than other . Performed
Naiv Fast, feature moderately, less
related model[6]. Ref 8 e interpretable, | independence accurate than SVM
Baye | performs well , weak on  logisti
s on small data. complex or Jog1stic
2. RELATED WORK language. regression.
. . . . . Robust to Sensitive t
With the explosion of social ‘tmedia platforms, Twitter has overfitting, e;rznll‘éfero Outperformed Naive
become one of the most prominent sources of real-time data | p.pq | SV | effectivein nl:ning slow | Bavesand Decision
reflecting public “opinions on various topics. The M _ high with large Tree in sentiment
. . . g - .. dimensional classification.
microblogging nature of Twitter, with its 280-character limit, space. data.
allows)\users, to express views on news, products, politics, Very Prone ¢
. . . rone to
entertainment, jand more creating a valuable corpus for interpretable, overfitting.un
sentiment analysis.Traditional algorithms such as Naive ha‘?dlzs steable with
. o e . mix
Bayes;, Support Vector Machines (SVM), and Logistic Ref | Dec feamies small changes Useful for
Regression were widely used initially. Later, deep learning 10 sion 4 bes,useful to. explainability and
Tree ? data,typically quick prototyping.
models such as CNN, LSTM, and recently transformer-based for lower
models like BERT have been introduced for improved explainability | o han
. abd rule y
performance.Table 1. shown the summary of previous study. extraction ensembles.

Table 1: Summary of Previous Study
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3. METHODOLOGY

A. Working Flowchart
Figure 1. shown the working flowchart.

Robust,reduc
es,overfitting Slower to
Rand . .
vs single train ,less It often outperforms
Ref. om . . .
trees,handles interpretable | single trees on social
11 Fore . . .
o high than single media text.
dimensional trees.
forest.
K- Slmple,pon- Prediction
Near parametic,go slow on large
od when o It can work well
Ref. est data,sensitive R
. dense when using dense
12 Neig to ;
features . embeddings.
hbou scaling,irrelev
represent text
r ant features.
well.

Table 2. showed the previous experimental worked.

Table 2. Previous Experimental Work

DATA COLLECTION

~

DATA PREPROCESSING

N

FEATURE EXTRACTION

N

MODEL TRAINING

~

MODEL EVALUATION

[

SENTIMENT

CLASSIFICATION

Publushed | Name of The Dataset Result
Work Model Details
Kaggle Fast and simple,works well on
. Twitter small text data. Struggles with
Ref. 8 Naive Bayes Sentiment sarcasm or negation. 80-83 %
Dataset accuracy.
Support . Excellent for high dimensional
Twitter
Ref 9 Vector Sentiment text,robust accuracy, slower
' Machine 140 for huge datasets.87-89%
(SVM) accuracy.
N Twitter Simple and 1nterpretfible, but
Ref. 10 Decision Sentiment tends to oyerfit, not ideal for:
’ Tree 140 large datasets.75-79%
accuracy.
More robust than Dicision
Ref 11 Random Amazon Tree handles noise well,
’ Forest Reviews training time is higher.83-85%
accuracy.
Twitter Easy to implement but slow
Ref 12 K-Nearest Sentiment, for large datasets, accuracy
’ Neighbors Movie depends on data scaling.78-
Reviews 81% accuracy.

This, review discussed on university students physiological
parameters[13].Financial sentiment analysis discussed
here[14].This work used BERT,NB and LR model for
sentiment analysis[15].A recommend system proposed in this
work[16].This works developed a software system for drug-
related tweets analysis[17].This study discussed on the hotel
reviews [18].In this work we analysed the health related
comments. Patients can put their comments after receiving
any health related service[19].This study presents an Al-
powered medication recommendation system[20].
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Figure 1: Working Flowchart

B. Data Collection and Preprocessing

Source: The dataset is collected from Kaggle, which provides
cleaned and labeled Twitter sentiment datasets such as
Sentiment140 and Twitter US Airline Sentiment.

Data Composition: Each record contains the tweet text,
sentiment label, and metadata .

Size: The dataset typically consists of 1.6 million tweets
(Sentiment140).

Format: CSV format with columns such as:

tweet id , sentiment (0 = negative, 1 = neutral, 2 =
positive),tweet_text.

Figure 2. showed the outflow of machine learning framework.
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Figure 2. Machine learning worlflow

4. RESULTS AND DISCUSSION

Figure 3. demonstrate the comparison with each machine
learning models.

o Accuracy Comparison of Machine Learning Models on Twitter Sentiment Analysis
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Figure 3. Accuracy Comparison
Table 3. showed the result of different models.

Table 3. Comparison Table

Name of the Model Accuracy
LSTM (Long Short-Term Memory) 91%
SVM (Support Vector Machine) 88%
Random Forest 85%
Naive Bayes 82%
K-Nearest Neighbors (KNN) 80%
Decision, Tree 78%

Sentiment analysis on Twitter data faces many difficulties
because of how people write tweets and how machine
learning models work.

i.  Messy and informal tweets

Tweets often include emojis, hashtags , abbreviations,
spelling mistakes, and slang.This makes it hard for the
computer to understand the true meaning of the text.

ii.  Short length of tweets

Tweets are very short (only up to 280 characters).Models
don’t get enough context or information to understand the
user’s feeling correctly.
iii.  Sarcasm and irony

People often say the opposite of what they mean (for
example, “Great, my phone just died!”). Modéels get. confused
and give wrong sentiment labels.

iv. Unbalanced data

Most datasets have more positive tweets than negative onecs.
Models perform well for the positive class but, poorly, for the
negative one.

v.  Different topics

A model trained on tweets about movies, may‘not work well
on tweets about polities or spertsiAecuracy drops when the
topic changes.

5. CONCLUSION AND FUTURE SCOPE

In our work we used, different machine learning model. We
also used.deep learning model.Our worked showed that deep
learning “model achieved better result.There are some
limitations \ \also like noisy data, sarcasm detection,
unbalanced. ‘datasets. In future we applied our model on
Multimodal dataset.
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