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An NLP Technique on Sentiment Analysis 
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Abstract: We need to structure the data provided by Twitter 

social media for accurate analysis and derive meaningful insights 

from it. We will analyse the sentiment behind a user's comment 

on Twitter to determine the meaning of the text. To identify the 

negative emotions expressed in the text, we will utilise various 

algorithms to discern the underlying intention. To address this 

kind of issue, estimation investigation and deep learning methods 

are two complementary approaches. We are using Naive Bayes 

algorithms, SVM (Support Vector Machine) and other 

classification algorithms to get our required output [1]. These are 

known as deep learning or machine learning methods for 

extracting emotions from sentences. At the end of the process, we 

will obtain the desired output and verify its accuracy accordingly. 

Keyword: Support Vector Machine, Deep Learning /Machine 

Learning, social media 

I. INTRODUCTION

Twitter, a well-known social media platform, enables

users to post tweets with a message length of up to 140 

characters. Estimation investigation may be a procedure that 

extricates the user’s supposition and opinion from tweets. 

It’s the least demanding way to recover client insights and 

conclusions, compared to surveys or studies. There are 

considers on computerized extraction. For illustration, Throb 

and Lee have utilized motion picture survey spaces to 

explore ML procedures (Naïve Bayes, most classification) or 

Support Vector Machine algorithm to use in the 

classification, Throb and Lee brought the procedure of 

negligible cuts in charts prior than opinion category the 

utilize of framework learning strategy so that least 

complicated subjective parcel of the reports is used for 

printed substance Categorization, instead of machine-level 

techniques. NLP characterises the assumption utterance of a 

particular, and classifies the extremity of opinion 

vocabularies. This method can distinguish the content part 

from the subject and estimation dictionaries to carry out 

estimation classification, rather than categorising the entire 

content. It finished prevalent result calculation, precision up 

to 85% for tweets, 87~90% of precision for looking into 

common news articles [2] [3].  
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This development centred on common substance, 

clarifying a couple of troublesome cases to yield more well-

formed sentences that were previously unclear or indefinite. 

Machine Learning and NLP in the past considered estimation 

examination for content, which is probably not a reasonable 

assumption for Twitter tweets, because the structure and 

content of Twitter tweets are unique. Three fundamental 

contrasts were observed in the middle of estimation 

examination in Twitter tweets and past research on content, 

which showed that the average size of tweets is 20 words and 

the average duration of a sentence is 78 characters. 

Estimation examination of Twitter tweets and content is 

diverse. Within the viewpoint of content opinion 

investigation, centred on mixed emotions with different 

emoticons, tweets are shorter. The size of information varies 

between Twitter tweets and ordinary content. In a supervised 

classification algorithm using machine learning techniques, 

overseen by “String and Lee”, up to 15,000 tweets were 

gathered for Twitter estimation examination research. 

However, with the use of the ‘Twitter API’, we can collect 

thousands and billions of Twitter tweets for preparation 

purposes. Most of these highlights influence the precision of 

investigation preparation as they are not legitimate content 

that can be found in the lexicon, or examined and extracted 

by a machine. A few strategies ought to be categorize out, as 

the system cannot handle the casual dialects [4-8]. 

By the study of the “Blenn”, a machine that laboured 

across a mixture of grammar evaluation with conventional 

Frequency analysis. Linguistic investigation examined the 

way of content, and related the assumption vocabularies with 

subject by recognizing the partnership wagered Past 

‘machine learning’ technique and ‘NLP’ technique considers 

in assumption examination for content may not be 

appropriate for opinion investigation for twitter tweets, as the 

structure in the middle of the twitter tweets and content is 

diverse. Three primary contrasts in the middle estimation 

investigation in tweets and past inquiries between emotion 

terminology and subject. A noteworthy advancement in 

estimation examination for brief content, as past approaches 

did not achieve high location precision. It did not require any 

additional preparation, but was overseen to improve the 

accuracy of past work by 62%. Investigate, a framework is 

proposed to take out the opinion examination on tweets 

based on a particular subject. The leftover portion of the 

kagaz is organised as follows: it portrays the system, 

Including Preparation methods and materials for testing. 

II. OVERVIEW OF FRAMEWORK

Most Twitter tweets have positive, negative and neutral 

names. This type of tweet was used to evaluate the 

performance of the desired method using criteria such as the 

accuracy and precision of the forward-looking results.  
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Reprocessing enables tweets to be edited in a native, 

machine-readable, and recognisable format. After 

reprocessing, the views of the tweets can be determined by 

considering the distribution. Classify the content to ascertain 

if tweets are content 

 

 
Affiliation to discover the estimation vocabularies that 

partners use about the subject. The assumption 

categorisation anticipated the Twitter tweets as being of a 

positive, negative, or neutral emotion by rectifying the 

assumption of the vocabulary. 

A. Sample Data: 

In total, 11,113 tweets were removed from Twitter and 

manually tagged. The required framework analysed Twitter 

Tweets to get the prescient opinion. For the standard, 11113 

tweets were analysed utilising the Speculative Chemistry 

API and Weka. The speculative chemistry API applies NLP 

methods in estimation examinations, whereas Weka is an 

apparatus that employs machine learning for data mining. 

The chosen machine learning algorithms are Credulous 

Bayes, Decision Tree (J48), and Support Vector Machines 

(i.e., Support Vector Machine). In Weka, the extraction 

calculation is connected. Prescient comes from the 

Theoretical Chemistry API. Weka machines were organised 

and competent to analyse the named Twitter tweets to find 

exactness, precision, accuracy, and the ‘F-measure’. 

B. Approach Machine: Underneath appear the steps of 

the planning process, from pre-deployment to final 

distribution. Area 1 defines the steps taken before 

processing, and Area 2 represents the distribution of 

uncertainty. 

 

 

Figure 1: Flow Chart of Pre-Process a 

B. Before processing: 

Before processing points to prepare and display, since 

most tweets are surrounded by unstructured content, 

organise the tweets naturally and let the machine extract the 

content. To avoid confusion, hashtags have been removed 

from the content, as content with hashtags may not 

accurately relate to the subject. Unseen images have been 

replaced with words to avoid confusion in the content 

preparation, such as "less" instead of "<", and “not equal” 

instead of "||". The problem with the Modified Prediction 

control for Emoji is that the Twitter look comes out way 

better than the Emoji look. Hence, emoticons are evacuated 

from Twitter tweets. Unorganised Twitter tweets are 

restructured by removing redundant words, condensing 

lengthy characters to a standard form, for example, `Noice ` 

to `nice`. The compression, shortened forms are extended as 

well [9-11]. 

C. Sentiment Classification: 

a. Subjectivity Classification 

These separate the Twitter tweets into personalised. The 

framework checks Twitter tweets for characters exceeding a 

specific limit and looks for suspicious words. Other things. 

Else, it'll be objective, which is too impartial—the primary 

Tweets without comments with hypothetical scores. In the 

circle of friends, "old" can be a word with an ending. 

III. PROPOSED METHODOLOGY 

Initiative: 1-  

Twitter has attracted a large number of users and is the 

most popular social network among diverse groups, 

including politicians, film stars, and influencers. There are 

four types of Tweets on Twitter: Retweets, Commented 

Tweets, Reply Tweets, and  

Unique Tweets. 

 

 

https://doi.org/10.35940/ijitee.H9679.13030224
https://doi.org/10.35940/ijitee.H9679.13030224
http://www.ijitee.org/


International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075 (Online), Volume-13 Issue-3, February 2024  

                                        30 

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 
© Copyright: All rights reserved. 

Retrieval Number: 100.1/ijitee.H96790712823 

DOI: 10.35940/ijitee.H9679.13030224 

Journal Website: www.ijitee.org 
 

Initiative 2.  

Google Decipher is a multilingual translation engine created 

by Google to translate content from one language to another. 

In this illustration, we are utilising the “Google Translate 

API” to translate the archive into a preferred language. 

Programmed dialect choice in this module translates to 

English as it were. 

Table 1: Confusion Matrix of RNN 

  Positive Negative Neutral Accuracy 

Positive 1120 20 50 95.5 

Negative 40 1130 30 93.3 

Neutral 2 8 1190 97.23 

        95.34% 

 

Initiative 3. 

Before processing tweets, the consumer's needs become 

unclear. The partial sentence is another crucial step in the 

consensus module (hypothesis constraint). We utilise a web 

generator to enhance the effectiveness of the extraction 

process. Different subtraction strategies can be employed to 

identify key highlights. Our system performs the merging 

process in two stages temporarily to eliminate the critical 

points. 

Initiative 4. 

Apply Classification Algorithms: NB Classification 

algorithms: • Naive Bayes (NB) The Relative Bayes classifier 

is the simplest to use and known. As 

for the classification of words within the record, to begin 

with, of all 

IV. IMPLEMENTATION 

Initially, we collect data that is publicly available on the 

internet. We then use sample data from Twitter tweets on 

social media. We used the CSV to utilise the data according 

to our needs. Before that, we needed to create a Twitter 

developer app client ID, which would provide four types of 

keys. We will need to insert all four developers’ keys into our 

program so that we can use it properly. The data collected is 

rough and does not yield any class results. Correlative Navy 

Bayesian Showcases Work Ready to Subtract BOW 

equations. There are specific rules for certifying emoji and 

enthusiastic content, including the number of positive and 

negative keywords, as well as positive and negative hashtags. 

Table 2: Confusion Matrix of Naive Bayes 
 

  Positive Negative Neutral Accuracy 

Positive 949 121 95 79.15 

Negative 120 930 110 77.5 

Neutral 40 80 900 75.00 

        77.21% 

 

The Google Translate API is used when processing 

documents in multiple languages. This library is rich in 

conversational tools and information, and we hope it will 

follow the guidelines. Extraction takes place after the 

processing step. The most suitable vectors are selected for use 

as input to the classifier. 

▪ Naïve Bayes (NB) algorithm: To extract information from 

data, probabilistic studies are employed within the 

framework of vector spaces. Admittedly, these points are 

good preparation for the Naive Bayes Classifier demo. 

V. RESULT 

Twitter has recovered and is now able to interface with the 

Twitter API. Engineers are required to agree to the terms and 

conditions of the Twitter platform, which has been provided, 

to obtain authorisation to use the information. The result from 

this process will be stored in the frame of a JSON record. 

Additionally, JSON is simple for machines to parse. 

Addressing security issues related to information, a few 

aspects will be outlined in an ID frame, such as a string ID. 

Tweets from the JSON record will be assigned the esteem of each 

word by matching it with the vocabulary word reference. Due 

to the restriction of words, vocabulary word references cannot 

allot esteem to each word, but as a specific dialect of Python, 

which can dissect each tweet to obtain a result. 

 

 
 

As shown in the Figure, the pie chart represents the 

percentage of positive, negative, and null sentiment hashtags 

in different colours. 

VI. CONCLUSION 

In this research paper, we have created a sentiment analysis 

model that can process a real-time streaming feed from the 

Twitter API. Our model accurately classifies the polarity of 

tweets, providing valuable insights for various industries and 

users. Additionally, our classifier can be employed as a data 

analysis tool in NLTK. Overall, our proposed technique for 

sentiment analysis can be applied to analyse the sentiment of 

any device, public figure, or sports team, surpassing the 

performance of existing models with high accuracy. 
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