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Abstract-  

The primary issue with the prior strategy is that it uses sparse values, which increases classification noise 
and increases the likelihood of false positives. The proposed approach places considerable emphasis on 
efficient feature weighting using an attention mechanism and an XG Boost classifier. We will be using the 
sentiment database, which contains three classes: negative, positive, and neutral, to train using XG-Boost 
and grey wolf optimization. In the world today, we have grown accustomed to a continuous flow of data. 
Major social media platforms such as Twitter, Facebook, and Instagram confront a significant challenge 
because of spam accounts. Such accounts are used to trick unwary legitimate users into clicking on 
continuing repeated posts via bots. This can have a significant impact on the user experience on these sites. 
Much time and effort has been invested in developing effective methods for detecting different sentiment of 
tweets. This issue is effectively resolved through tweet sentiment analysis or classification. In this paper we 
have develop a methodology to reduce features dimension and extract only efficient features and reduce 
problem of features noise because of high dimension which increases the overlapping of features. In this 
paper reducing the  noise of features because  of quantity of features and reduce error  in detection of 
sentiments.The results reveal an improvement in accuracy of 4-5%, recall of 3-4%, and precision of 2-
3% over previous classifiers and approaches.  
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                                      I. INTRODUCTION 
 
Sentiment analysis is a study of people's 
attitudes, beliefs, and behaviours in relation to 
specific events or happenings depending on the 
formal text that is accessible. Due to rapid 
growing of disciplines like machine and deep 
learning as well as the integration of these fields 
with the historically utilised statistical 
techniques of natural language processing 
(NLP), it has been one of the most active fields of 
research. The emergence of sentiment analysis 
coincides with the growing use of social media 
like feedback of various topics and artistic 
works, forum discussions about controversial 
blogs and microblogs, and topics about opinions 
and sharing of information, Twitter and social 
networking sites discuss something that is 
currently trending locally or 
globally. Organizations and people can gather 
the information they need from user sentiments 
and opinions as a result of the increase in people 
embracing digital media to express and 
communicate themselves [4-6]. Twitter [9-13] 
enables brands to engage a bigger market and 

communicate directly with clients, without the 
need for intermediaries, owing to its more than 
321 million active users who send 500 million 
tweets every day. Throughout the event of a 
constraint, marketers may swallow 
unfavourable news more readily, and if it 
becomes viral, they may face an unwarranted 
public relations problem. It is one of the reasons 
why social media statistics — the study of social 
network postings and comments — has become 
such an important tool for promoting social 
networking. Firms that monitor Twitter must be 
aware of their clients, stay current on the 
conversation surrounding their products and 
those of their competitors, and spot emerging 
market trends. Are customers expressing 
favourable or negative opinions about a 
product? Yes, the sentiment analysis clearly 
supports that. Sentiment Analysis Grade: A 
Machine learning-based Twitter sentiment 
studies can assist businesses understand what 
their customers think of their goods. Twitter is 
able to foster healthy conversations, uncover 
information that would be most relevant to all 
users, and increase engagement thanks to 
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machine learning. However, deep learning 
methods typically investigate the answers 
significantly more thoroughly [1-3,16,17]. We 
can extract the text's subjective awareness using 
deep learning approaches and natural language 
processing, and then attempt to categorise it 
according to its polarity as neutral, negative, or 
positive. This is a good tool since, theoretically, 
we can ascertain the general opinion of a sales 
product or forecast the financial markets for a 
specific company, for example, if more people 
think it's pleasant, perhaps stock prices will rise, 
and so on [6–8]. The ability to estimate the 
sentiment in textual data has improved with the 
development of deep and machine learning. 
These algorithms have made it feasible to 
accurately predict attitudes in social media 
posts. 

1.1 Twitter Sentiment Analysis 

 

               Figure 1: Twitter Sentiment 
Analysis 
 

a. Dataset 

The Twitter Messages Data for SA comprises 
32,000 tweets, among which 2,000 are 
unfavourable. This dataset's target variable is 
label, that translates negative tweets to 1 and 
everything else to 0. The image given here is a 
sample of the data. 

 

b.  Text Processing [14]: The fundamental phases 
in text processing are as follows: 

 Purification of Raw Data: It consists of 
reducing case, removing mentions, 
removing special characters, removing 
stop words, removing hyperlinks, 

removing digits, and removing 
whitespaces. 

 Tokenization: Tokenization is the 
division of text into discrete units known 
as tokens. Every token serves both an 
input and a feature for the ML algorithm. 
For tokenizing data, NLTK (Natural 
Language Toolkit) offers a useful 
function. 

 Stemming: The method of separating and 
substituting suffixes out of a token in 
order to acquire the root version of the 
word is known as stemming. This is 
referred to as a 'stem.' The stem of a 
words ‘satisfaction,' 'satisfying,' and 
‘satisfied’, for instance, is 'satisfy,' but all 
of these appear to suggest the same 
emotion. 

 
                Figure 2: Processing of Twitter Text 

c. Text processing techniques: Text 
processing [19,20] can be accomplished using 
the following methods: 
 Bag of Words 
 TF-IDF 
 Word2Vec 

a. Bag of Words: To use a dictionary of 
uncommon terms, it converts the document into 
a vector in a straightforward manner. There are 
only two steps involved, which are listed below: 

 Dictionary construction: All unique 
words found in the data corpus should be 
entered into a vector-based lexicon. Let 
the number of possible unique words 
inside the corpus be 'd'. Therefore, each 
word constitutes a dimension, making 
this dictionary vector a d-dimensional 
representation of space. 

 Construction of Vectors: For every 
document, denoted rᵢ, we generate a 
vector, denoted vᵢ. This d-dimensional vᵢ 
can be created in two different ways: 
1. For each text document, the vᵢ is 

generated in line with the dictionary 
so that each word is represented by 
the number of times it appears in the 
document. 

2. The vᵢ is created for every document 
in line with the dictionary, 
reproducing each word as follows: 
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1 if the word is present in the 
document, or 
0 if the word is absent from the 
document. 

b. TF-IDF: There seem to be three components: 
the word, the document, and the corpus. Term 
Frequency — Inverse Document Frequency, or 
TF-IDF, employs this connection to turn text data 
into vectors. 
c. Word2Vec: In TF-IDF and Bag of Words, 
sentences are transformed into vectors. In 
contrast, Word2Vec converts words into 
vectors. 
 

1.2 TSA Utilizing Machine and Deep Learning 
 

1.2.1 Methodology and procedure 

a. Pre-processing: Twitter scraped for raw tweets 
typically produces a noisy database. This is 
owing to the informal associated with social 
media usage. Tweets feature unique 
characteristics, like emoticons, retweets, user 
mentions, etc., that must be retrieved 
appropriately. Thus, raw Twitter data must be 
normalized to build a dataset from which 
multiple classifiers may easily train [5,15-19]. 

 URL: Twitter users frequently include 
links to other websites in their tweets. 
Any specific URL is irrelevant for text 
classification because it would result in 
relatively few characteristics. Thus, we 
reposition all URLs in tweets that 
contain the word URL. 
((www.[S]+)|(https?://[S]+) seems to 
be the regular expression utilised to 
match URLs. 

 User Mention: There is a handle 
connected with every Twitter user. 
Users frequently mention other users by 
@handle in their tweets. We substitute 
all mentions of the user with the string 
USER MENTION. @[S]+ is the regular 
expression being used match user 
reference. 

 Emoticon: Users frequently include 
many emoticons in their tweets to 
represent various moods. It is hard to 
thoroughly match all of the emoticons 
using in social media, as their number 
continues to grow. Yet, we match a few 
of emoticons that are often used. One 
can substitute the matched emoticons 
with EMO NEG or EMO POS, dependent 

on whether the emotion being conveyed 
is negative or positive. 

 Hashtag: Hashtags are phrases 
preceded by the hash symbol (#) that 
are often used by Twitter users to 
reference popular topics. We replace 
each hashtag with a term containing the 
hash sign. For instance, #hello becomes 
hello. #(S+) is the regular expression 
being used match hashtags. 

 Retweet: Retweets are tweets that have 
already been posted by someone else 
that are shared by many other users. RT 
is the abbreviation for retweets. We 
delete RT from the tweets, as it is not a 
significant feature for text 
categorization. brtb is the matching 
regular expression for retweets. 

 

b. Feature Extraction: Both bigrams and 
unigrams are types of features. 

 Unigrams: The existence of single tokens 
or words within a text is likely the 
easiest and most frequently employed 
criterion for text classification. One can 
extract individual words from training 
data and generate their frequency 
distribution. 

 Bigrams: Bigrams are consecutive word 
pairs in the database that appear in the 
corpus. These characteristics are useful 
for modelling negation in natural 
language, such as in the statement "This 
is not excellent." 
 

c. Feature Representation: Based on the 
classification approach, we describe every tweet 
as a feature vector after extracting the bigrams 
and unigrams in either a sparse vector form or a 
dense vector representation. 

 Sparse Vector Representation: The sparse 
representation of every tweet is either 
15000 (when examining only unigrams) 
or 25000 (dependent on whether we are 
utilising bigram features) (when 
considering bigrams and unigrams). 
According on its rank, every unigram 
(and bigram) is assigned a different 
index. The feature vector for a tweet is 
sparse because it is affirmative at the 
indices of a unigrams (and bigrams) that 
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are contained in that tweet and 0 
everywhere. 

 Dense Vector Representation: One can 
utilise the top 90000 words throughout 
the database, or a vocabulary of 
unigrams with a size of 90000, for this. 
Every word can be given an integer index 
based on its rank (beginning at 1), 
meaning that the word with the highest 
frequency is given the number 1, the 
word with the next highest frequency is 
given the number 2, and so on. A dense 
vector made up of a set of these indices 
is then used to describe each tweet. 

1.3 Classifiers 

 Naive Bayes: It is indeed a 
straightforward model that may be used 
to classify text. 

 Maximum Entropy: The primary idea is 
to select one of most consistent 
probabilistic framework models that 
maximises entropy, given certain 
limitations. It does not presume that 
features are conditionally independent 
of one another, unlike Naive Bayes. 
Therefore, developers can add features 
such as bigrams without concern for 
feature overlapping. 

 Random Forest: Based on the combined 
judgement of those DTs, it generates a 
large number of classification decision 
trees. Bagging repeatedly chooses a 
random sample (Xb, Yb) with 
replacement for a set of tweets x1, x2, . . . 
xn and their corresponding sentiment 
labels y1, y2, . . .yn. A separate random 
sample (Xb, Yb) is used to train each 
classification tree (fb), where b is a 
number between 1 and B. Finally, the 
forecasts of these B trees are put to a 
vote. 

 Decision Tree: These are classifier 
models where every other tree node 
denotes a test on an attribute of a data 
set and its descendants stand in for the 
results. The final classifications of the 
sample points are represented by the 
leaf nodes. A decision tree is created 
from data with known labels using a 
supervised classification model, which 
will then be deployed to testing set. 

 XGBoost: The gradient boosting 
approach known as Xgboost creates an 
ensemble of weak prediction decision 
trees as a prediction model. 

 SVM: This is a binary linear classifier that 
is not probabilistic. It facilitates 
regression and classification both on 
nonlinear and linear kind of data. 

 Convolutional Neural Networks: CNNs 
are a sort of neural network with layers 
known as convolution layers that can 
understand unique data. A convolution 
layer has a set of kernels or filters that it 
learns using to extract particular kinds of 
data features. 

 Recurrent Neural Networks: This is a 
network of nodes resembling neurons, 
each of which has a directed 
(unidirectional) connection to every 
node. In RNN, the hidden state 
designated by ht serves as the network's 
memory and acquires contextual 
information that is essential for natural 
language classification. 
 

II. RELATED WORK 
 

Rodrigues, et.al [1] design a system capable of 
determining if a tweet is "spam" or "ham" and 
assessing the message's sentiment. For spam 
identification, the extracted features from pre-
processed tweets are categorised using a variety 
of classifiers, including DT, LR, SVM, multinomial 
NB, RF, and Bernoulli NB. Sentiment analysis 
employs stochastic gradient descent, SVM, RF, 
LR, NB, and DL approaches, namely the simple 
RNN model, BiLSTM model, LSTM model, and 1D 
CNN model. The effectiveness of every classifier 
is evaluated. The classification findings 
demonstrated that the extracted features from 
the tweets may be used effectively to determine 
if a tweet is spam or not and to develop a 
learning model that associates tweets with a 
specific sentiment. Gupta, et.al [2] presented 
deep learning strategies for TSA. Using RNN and 
CNN, the researchers trained the model to obtain 
accurate findings. Pandian, et.al [3] show a 
variety of models that use a mixture of automatic 
extraction and manual separation of 
characteristics, as well as a group of analyses 
that were trained accordingly. In addition, a DL 
approach is proposed for assessing the 
performance of combined task. Six data sets are 
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utilised in relation to two social websites from 
distinct domains. A statistical analysis is 
conducted to evaluate which information 
derived from many analyses and features is 
sufficient to outperform sentiment 
categorization. The suggested work covers the 
fundamental framework necessary to 
characterise the existing sentiment analysis 
based on standard research approaches with 
respect to DL techniques. The study also shows 
that the performance of the suggested work is 
significantly superior to that of existing 
methodologies. Carvalho & Plastino [4] 
provide complete evaluation of features using 
various supervised learning algorithms. Not only 
do researchers analyse a large number of meta-
features investigated in state-of-the-art studies, 
and also a substantial number of pre-trained 
word embedding models. In addition, the 
researcher’s study and analyse the effect of 
mixing these unique sorts of features in order to 
determine which combination could provide 
essential information for the polarity detection 
process in TSA. Priyanka [5] addresses the 
problem of Twitter sentiment classification. 
Several ML and DL techniques were utilised to 
do sentiment analysis. Using a majority vote 
ensemble approach with 5 of best models, the 
classification accuracy was improved to 8.358% 
mostly on Kaggle public leader board. It 
considered various sentiment analysis 
techniques for tweets. Chandra and Jana [6] 
gathered tweets data, which was subsequently 
processed by ML classifiers. After already being 
classified by individual classifiers, a voted 
classification procedure was utilised to 
determine the tweet’s categorization and 
confidence level. A polarity classification 
algorithm was also employed to determine the 
proportion of negative and positive tweets. DL 
Models have indeed been indicated for tweet 
classification. The tweets have been classified 
using models such as RNN, LSTM, and CNNRNN. 
Lim et al. [7] illustrated how vectorized location 
data could be coupled with word embeddings to 
create a hybrid formulation, which improved the 
classification of tweet sentiment. The additional 
context given by the geo-tagged tweets proved 
useful for the classification of sentiments. The 
studied tweets contained geo-tagged tweets. The 
word embeddings of such tweets were coupled 
with the vectorized location data of geo-tagged 
tweets to create a set of sentiment features for 
geo-tagged tweets. Roy & Ojha [8] evaluate the 

classification of tweet sentiment using attention-
based Bidirectional LSTM, Google BERT, and 
CNNs. The final models are trained using the 
Twitter database SemEval-2016, during which 
the embeddings are further fine-tuned. In 
contrast to machine learning techniques, these 
models proved to be remarkably successful and 
precise in the analysis of emotions. Zahoor and 
Rohilla [9] gathered tweets for a variety of 
events, analysed them with machine learning 
methods such as NB, RF, and SVM classifier, and 
LSTM, and results were compared. Krouska et al. 
[10] classified the polarity of large numbers of 
tweets using a DL approach and four sources 
pre-trained word vectors: Stanford's Crawl 
GloVe, Google's Word2Vec, Facebook's FastText, 
and Stanford's Twitter GloVe. The classification 
of tweets using DL exceeds standard machine 
learning methods, which is a key conclusion. 
Yasir et al. [11] implement a DL model for the 
precise forecasting of the UK, China, 
Turkey, Mexico, and Hong Kong, interest rates. 
For this reason, daily interests’ rate and 
currency rate data from January 2010 to October 
2019 are used for each of the countries listed. 
Naseem, et al. [12] present a DICET transformer-
based technique for sentiment classification that 
encrypts depiction from a transformer and 
appears to apply deep intelligent context - 
specific embedding to enhance the performance 
of tweets by noise removal and take into account 
word sentiments, syntax, polysemy, and 
semantic information. The bidirectional short-
and long- term memory network is also utilised 
by researchers to identify the emotion of a tweet. 
 

III. THE PROPOSED METHOD 
 
3.1 Proposed Methodology 

THE PROPOSED APPROACH 
In this section  given description of proposed 
approach and stepwise explain figure 1 and figure 
1 steps explain in elobarted way in  different steps 
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       Fig. 1. Workflow diagram of the proposed 
method 

 
The first stage involves with the collection of 
tweets in a different event-based period by using 
query-based REST API. Tweets are fed into the 
proposed model as a series of words: 
[ ], with every word selected from a 

vocabulary V. Distributional vectors w , 

which are looked up in a word embedding 
matrix W , are used to describe words. The 
embeddings of all the words in V are 
concatenated to create this matrix. Words are 
usually mapped to indices 1,,…., in W for 
simplicity and comfort of lookup 
procedures[15]. One can create a sentence 
matrix S for every input tweet s, in which 
each column i indicates a word embedding  at 
the corresponding point i in a sentence as shown 
in Fig 2. 
 
 

   (1) 

The second and third stage is executing a 
sequence of modifications to an input sentence 
matrix S via pooling, convolution processes, and 
nonlinearity, the NN learns how and where to 
gather and integrate features of specific words in 
a sentence. from simplified forms of word 
embeddings into broader semantic ideas.  

 
 

Fig. 2. The sentiment categorization framework 
of DL [15]. 
 
                                 IV. RESULTS  

4.1 Dataset 

The twitter API was used to retrieve 1,600,000 
tweets for this study. Sentiment analysis is 
performed using the tweets that have been 
annotated (0 indicates negative, 1 indicates 
neutral, and 3 indicates positive). The sources 
from which this information was gathered 
are:https://www.kaggle.com/datasets/kazanov
a/sentiment140 retrieved on 21st of March 
2022. 

4.2 Results  

Fig 3 and Table 1 illustrate the comparison of 
various approaches in terms of accuracy, 
precision, recall, and F-score. 

Table 1. Comparison with different approaches 

 

Approach 
Accur

acy  
Precis

ion 
Rec
all 

F-
scor

e 

CNN 67.23 70.12 
71.2

3 
71.3

4 
CNN-

Attention 71.34 75.34 
78.3

4 
76.2

3 
CNN-

Attention-XG 86.23 82.12 
84.3

2 84 
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Fig. 3. Comparison with the existing classifier 
 
 

 Particularly in comparison to CNN-Attention and 
other CNN approaches, CNN-Attention-XG 
significantly outperforms with the highest values. 
 
         Table 2. Comparison with different 
approaches 
 

 
   

 

Fig. 4. Comparison with the existing classifier 
 

Fig 4 and Table 2 show the comparison of various 
approaches in terms of accuracy, precision, recall, 
and F-score. Particularly in comparison to BERT, 
BI-LSTM and CNN-LSTM approaches, CNN-
Attention-XG significantly outperforms with the 
highest values. 

 

Observation From Results 

 The proposed approach employs an Attention 
Mechanism in conjunction with CNN and XG-
Boost to improve feature weighting for learning, 
thereby reducing sparse features and increasing 
learning efficiency. 

 In proposed choosing an attention layer 
mechanism because each iteration of CNN 
improves the feature weights. 

 When compared to existing classifiers and 
approaches, the results show an improvement of 
4-5% in accuracy, 3-4% in recall, and 2-3% in 
precision. Its concluding proposed method 
enhances learning. 

 By enhancing classifier utilization through a 
GWO-based semantic optimization approach, 
the proposed approach increases model 
reliability and validation. 

 The proposed approach's results have been 
validated against those of recently developed 
approaches such as BERT and Bi-LSTM, which 
show an improvement of 4-5 %. 
 

IV CONCLUSION 
 
This paper has presented an integrated method 
to reduce features dimension, extract only 
efficient features and reduce problem of noise 
which increases the overlapping of features, the 
study provided a deep learning model for text 
categorization by combining the CNN-based 
attention mechanisms architecture with optimal 
XG-Boost learning via GWO, in which the 
integration with custom embedding technique 
surpasses the Attention layer's built-in classifier. 
Activating the four layers rather than the final 
layer also shows to be extremely beneficial in 
enhancing accuracy (improvements of 4 percent 
and 4-5% on the leader board accuracy and 
validation set accuracy, respectively). The 
results show that the proposed method 
performs well in comparisons to other existing 
deep Learning methods on 160k datasets in 
terms of precision, recall and accuracy. The 
proposed method is efficient, practical and can 
be easily implemented for sentiment 
classification. Furthermore, this will also 
improve memory by 4% and precision by 2-3% 
that seems to show that it provides the 
classifier's crucial data.  

 

Approach Accuracy  Precision Recall F-score 

BERT[43] 73.23 72.33 70.12 73.22 

BI-LSTM[44] 78.23 73.45 76.33 76.33 

CNN-LSTM[45] 75.63 72.34 78.23 78.22 
CNN-Attention-

XG 86.23 82.12 84.32 84 
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