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The sentiment analysis is the opinion mining approach which use NLP for the 

categorization. The sentiment analysis can be performed on various social media data. 

The machine learning is the approach which are applied for the classification. In the 

previous research work, tokenization technique is applied for the sentiment analysis 

which is less efficient as compared to machine learning.  

In this research work machine learning algorithms are applied for the sentiment 

analysis on live twitter data.  Diverse stages are executed to analyze the sentiments in 

which the data is pre-processed, attributes are extracted and the data is classified. The 

hybrid optimization algorithm is proposed in this research work for the feature 

extraction.  

The hybrid optimization algorithm is the combination of genetic and gray wolf 

algorithm. The voting classification model is the used for the classification which is the 

combination of KNN, SVM and decision tree. The performance of proposed model is 

tested in terms of accuracy, precision and recall. It is analysed that proposed model 

achieves 98.89 percent accuracy for the sentiment analysis. 

Keywords: Sentiment Analysis; Hybrid Optimization; Genetic Algorithm; Voting  

Classification; Gray Wolf.    
  

 

INTRODUCTION 

Social media platforms like Twitter serve as forums where users share thoughts, opinions, and engage with topics 

through short posts known as tweets, which can include text, images, and videos. Users interact via features like likes, 

comments, and retweets. According to Twitter, the platform boasted over 206 million daily active users in 2022, 

defined as logged accounts where ads can be displayed. As social media participation grows, analysing online 

information offers insights into changes in people's perceptions, behaviours [1][2], and psychology. Consequently, 

using Twitter data for sentiment analysis has gained popularity. This rising interest in social media analysis has 

underscored the importance of Natural Language Processing (NLP) and Artificial Intelligence (AI) technologies in 

text analysis, facilitating the assessment of sentiments and attitudes within specific target groups. Text analysis 

enables the identification of sentiments and attitudes within specific target groups.  

While much of the existing literature predominantly examines texts in English, there is a growing interest in 

multilingual analysis. This form of analysis involves extracting subjective comments related to various topics and 

categorizing them into sentiments such as Positive, Negative, and Neutral [3][4]. Collecting and analysing tweets 

from diverse users on specific topics is a common practice for many companies and organizations. This specialized 

analysis is known as “sentiment analysis” which involves computationally identifying people's opinions about 

particular subjects from their social media posts. Sentiment analysis, especially on platforms like Twitter, has been a 
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highly researched area for years. The internet's expansion and the rapid growth of online content, coupled with 

widespread social media use, have made sentiment analysis crucial for companies and organizations. This surge is 

driven by the vast volume of user-generated data that includes personal opinions on various subjects and topics 

[5][6]. Companies, in particular, find value in performing sentiment analysis on such data to gauge the opinions of 

their average customers. This approach is effective because platforms like e-commerce stores or dedicated movie 

review sites tend to attract feedback from individuals who are either highly satisfied or dissatisfied, making the data 

polarized and insightful for business decisions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Sentiment Analysis/Opinion Mining from twitter data 

Collecting labelled datasets is one of the crucial challenges in Twitter's sentiment analysis. The Twitter API is used to 

collect a collection of text posts. Then, these tweet posts are combined together to construct a dataset of three classes 

[9]: positive emotions, negative emotions, and a group of objective texts (no emotion). A significant drawback of 

using datasets from Twitter is the inherent noise in the data. Tweets can consist of plain text, user mentions (@user), 

and references to URLs or hashtags (#). In this step, the Twitter data undergoes pre-processing to prepare it for 

feature extraction and classification. Several steps are taken to remove noise from the dataset, such as eliminating 

retweets, duplicates, special characters [7][8], tweets in other languages, and tweets containing only a URL. These 

noisy elements do not enhance data classification accuracy and are thus removed. In the pre-processing step of 

sentiment or opinion analysis, various natural language processing (NLP) techniques can be utilized, including 

sentence splitting, tokenization, Part-of-speech (POS) tagging, stop word removal, stemming, and lemmatization. 

However, the applicability of these techniques may be limited in lower-density languages due to the requirement of 

pre-trained language models and linguistic resources [9][10]. In cases where linguistic resources are unavailable, 

researchers often rely on pre-trained models in high-density languages like English and employ translation or parallel 

corpora to perform cross-language sentiment classification.  The Twitter language model includes several distinctive 

features designed to reduce the feature space. Initially, the process begins by extracting all unigrams and bigrams 

from the corpus that exceed a specified frequency threshold. For instance, all unigrams and bigrams occurring more 

than 5 times are selected as candidate features. Typically, unigrams and bigrams are utilized in sentiment analysis at 

the word or phrase level. Additionally, the model can be extended to include trigrams. Subsequently, for each tweet, 

the frequency of each identified candidate feature within it is computed. Researchers in sentiment analysis typically 

operate under the assumption that each document expresses a consistent sentiment polarity from a single source 

towards an object [11][12].  
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This assumption holds true in cases like product reviews where opinions are clear and singular. Given the brevity of 

tweets, this assumption also applies effectively to tweet data, as users generally convey straightforward sentiments 

due to the platform's concise nature. The effectiveness of pre-processing techniques on sentiment classification is 

evaluated using one of three strategies: lexicon-based approaches, machine learning methods, or rule-based 

approaches. Lexicon-based approach employs pre-existing dictionaries containing tagged words. The text is first 

tokenized to break it down into individual tokens. These tokens are then matched against entries in the dictionary. If 

a token matches a positive entry, its score is added to the cumulative score for the entire text. For instance, if the 

word "dramatic" is positively tagged in the dictionary, it contributes positively to the overall sentiment score. 

Conversely, if it matches a negative entry, the score is either reduced or the word is tagged as negative. Despite its 

straightforward nature, this approach can yield effective results. Lexicon-based classification algorithms determine 

the sentiment of a document based on key components such as words or phrases. Common strategies include majority 

voting, document scoring with thresholds, and simple word counts [13][14]. Within lexicon-based approaches, two 

primary categories exist: dictionary-based approach and corpus-based approaches. Dictionary-based approaches use 

lexicon dictionaries to identify positive and negative opinion words. They may utilize resources like WordNet to 

expand initial sets of words. However, words identified by these approaches tend to be contextually and domain-

independent. On the other hand, Corpus-based techniques leverage large datasets (corpora) to identify opinion words 

based on their syntactic patterns within specific contexts. By doing so, they address challenges associated with 

identifying contextually nuanced opinion words.  

Machine learning (ML) is a subset of artificial intelligence (AI) focused on algorithms that enable computers to learn 

from data. In essence, an algorithm is presented with a dataset and derives insights about its properties, which in 

turn allows it to predict future data encounters. Most non-random data inherently contain patterns that aid machines 

in generalizing from the observed information. To achieve this generalization, models are trained to discern 

significant features within the data. Various machine learning algorithms, whether supervised or unsupervised, are 

applied in sentiment analysis to extract meaningful insights from both structured and unstructured textual data, 

aiding decision-making processes. Supervised algorithms, known for their efficiency in determining emotional 

polarity, require substantial amounts of labelled data, which can be challenging to acquire. In contrast, unsupervised 

algorithms, while less precise, offer utility by operating without labelled data [15][16]. 

 Commonly utilized machine learning algorithms for sentiment analysis include Naive Bayes, Support Vector 

Machines, and Random Forests, among others. In a rule-based classifier, the data space is structured using a set of 

rules. Each rule consists of a condition on the feature set, typically expressed in normal form on the left, and a 

corresponding class label on the right. The rules often focus on the presence of specific words, as the absence of terms 

is less informative, especially in sparse data scenarios. During the training phase, rules are generated based on various 

criteria. Two commonly used criteria are support and confidence. Support refers to the absolute number of examples 

in the training dataset that satisfy a rule, while confidence represents the conditional probability that the class label 

is correct given that the conditions of the rule are met. VADER is a prominent example of a rule-based model that 

incorporates multiple lexical features. It is designed for sentiment analysis in micro-blog data, such as tweets, and is 

known for providing robust and comprehensive results compared to other conventional models. 

The sentiment analysis is the key area of research is machine learning. The various authors proposed various 

solutions to address issue of sentiment analysis effectively and efficiently. The authors follow various steps for the 

sentiment analysis which include pre-processing, feature extraction and classification. It is analysed from the 

previous studies that authors are unable to achieve good accuracy due to various reasons which include tokenization 

issue, feature extraction issue and due to misclassification. In some studies, it is analysed that authors are unable to 

tokenize data efficiently which directly affect classification results. When the features are not extracted effectively it 

is difficult to establish relation between attribute set and classes. In this research work feature extraction issue is 

addressed to improve accuracy for the classification.  In the second section of the paper literature survey is presented 

which address key finding of various authors for the sentiment analysis. In the third section of the paper proposed 

methodology is presented along with flowchart and pseudo codes. In the fourth section of the paper results of 

proposed model is presented and also discussed while comparing with existing models. In the last conclusion of the 

study is presented with key finding and future possibilities are addressed.   
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LITERATURE SURVEY 

L. Wang et al. (2020) initially examined sentiment diffusion by exploring a phenomenon named sentiment reversal, 

discovering fascinating characteristics of such reversals [17]. To forecast sentiment polarities in Twitter messages, 

they introduced a continuous approach called SentiDiff, examining inter-relationships among textual information in 

Twitter messages. This pioneering work was the first to use sentiment diffusion patterns to enhance sentiment 

analysis on Twitter, a widely acknowledged contribution. Extensive experiments on real-world datasets illustrated 

that the proposed algorithm achieved improvements of about 5.09% and 8.38% in PR-AUC compared to the latest 

sentiment analysis algorithms based on Twitter's textual information for sentiment classification tasks. 

A. Mahmood et al. (2020) presented a statistical model for detecting users and social bots who disseminate distorted 

content via tweets on Twitter [18]. They utilized an interpreted Twitter dataset for their experiments and examined 

the impacts of biased users at both micro and macro levels, comparing sentiment analysis with and without biased 

tweets. The results demonstrated that their algorithm effectively distinguishes biased users and bots from authentic 

users, proving to be highly productive. 

A. Feizollah et al. (2019) described the evaluation of Twitter sentiment on specific topics, focusing on two halal 

products: halal tourism and halal cosmetics [19]. They utilized the Twitter search function to gather data spanning a 

decade, followed by a preprocessing approach to clean the data. Their experiments employed deep learning 

algorithms for sentiment analysis of tweets, including convolutional neural networks (CNN), long short-term 

memory (LSTM), and recurrent neural networks (RNN). The LSTM approach combined with Word2vec feature 

extraction achieved the highest accuracy of 93.78%, demonstrating superior performance among the results. 

M. Bibi et al. (2020) investigated the potential of hierarchical clustering for Twitter sentiment analysis [20]. They 

analyzed three hierarchical clustering strategies: single linkage (SL), complete linkage (CL), and average linkage (AL). 

They developed a collaborative structure of SL, CL, and AL to select the best clusters for tweets using majority voting. 

They compared hierarchical clustering methods with K-means and two classifiers (SVM and Naïve Bayes) in terms 

of accuracy and time efficiency. Experimental results showed that collaborative clustering provided robust clustering 

with a trade-off of time efficiency. 

M. Bibi et al. (2019) proposed an imputation algorithm (CAARIA) based on attribute relevancy to reduce the size of 

Twitter data, introducing a preprocessing method named class association [21]. CAARIA achieved its goal of 

dimensionality reduction by grouping tweets associated with the same class, while retaining meaningful data. They 

compared the performance of two classifiers (Naïve Bayes and support vector machines) using three Twitter datasets, 

contrasting CAARIA with two widely used dimensionality reduction strategies: information gain (IG) and Pearson's 

correlation (PC). CAARIA outperformed IG and PC in terms of classification accuracy and time efficiency, 

highlighting its robustness as a data preprocessing technique for classification tasks. 

S. E. Saad et al. (2019) aimed to perform detailed sentiment analysis of tweets using machine learning methodologies, 

focusing on ordinal regression [22]. They proposed an efficient feature extraction method and conducted 

preprocessing of tweets. The study employed Multinomial logistic regression (Soft Max), Support Vector Regression 

(SVR), Decision Trees (DTs), and Random Forest (RF) algorithms for sentiment analysis categorization. 

Experimental results demonstrated that their model achieved accurate ordinal regression, with Decision Trees 

outperforming other approaches. 

L. Chaudhary et al. (2024) provided insights into quality preprocessing methods and various word embeddings for 

data preparation, outlining a taxonomy of DL-based algorithms [23]. They emphasized computational metrics for 

performance evaluation, availability of resources in the public domain for sentiment analysis tasks, and experimental 

applications in domain-specific contexts. The study concluded with future research directions and highlighted several 

research issues for further investigation. 

A. Sanjay et al. (2021) collected Twitter data on farmers' protests to understand global sentiment, analyzing around 

20,000 tweets on the topic [24]. They classified sentiments using Bag of Words and TF-IDF methods, finding Bag of 

Words to perform better than TF-IDF. They evaluated classifiers including Naive Bayes, Decision Trees, Random 

Forests, and Support Vector Machines, with Random Forest achieving the highest accuracy. Their study revealed that 
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29% of users expressed positive sentiments favoring farmers, while 17% used negative language in discussions about 

the protests. 

V. Mahalakshmi et al. (2024) introduced a conditional generative adversarial network (GAN) for Twitter sentiment 

analysis, utilizing a convolutional neural network (CNN) for feature extraction from Twitter data [25]. Their research 

demonstrated superior performance in accuracy, recall, clarity, and F1 score compared to existing studies, achieving 

a categorization accuracy of 93.33%. The integration of LSTM in the GAN discriminator and CNN in the GAN 

generator was a key innovation. They highlighted the importance of setting hyperparameters, such as learning rate, 

to optimize sentiment analysis models based on neural networks. 

S. Jabalameli et al. (2022) investigated geographic distribution of topics, recurring themes in discussions, and public 

sentiments during the pandemic using Twitter data [26]. They employed Natural Language Processing with the LDA 

method to identify 11 topics and 8 sub-topics in Twitter data. Temporal analysis of topics revealed the sensitivity of 

online discourse to major state news and local government responses to the pandemic. The study's findings can 

inform public sentiment analysis, tracking public demands, responses to local authorities' policies, and future 

pandemic management strategies. 

METHODS 

The Sentiment classification models will help us to identify type of Sentiments. The sentiment classification models 

have various steps which include data set pre-processing, feature extraction, classification and performance analysis. 

The various schemes are proposed in the past years for the efficient sentiment classification. The existing schemes 

has various drawbacks which we need to entertain in the research work. The dataset is very large in size due to which 

existing schemes are unable to establish relation of each attribute with target set. In this research work, the novel 

scheme will be proposed which can extract features of the dataset for the efficient classification. The hybrid 

classification models will be proposed which will improve performance for the sentiment classification.  The 

motivation of this research work is to increase accuracy and methodology is described below: - 

3.1.  Data set input and Pre-processing 

The initial stage is the dataset input in which data gathered from the genuine source named twitter is utilized for 

input. The dataset of twitter is collected using the twippy API. The dataset is clean and donot have any missing or 

redundant values. The dataset is divided into training and test which has 60 percent is utilized as training and rest 

as test set. 

3.2.  Feature Extraction 

The feature extraction is the important phases in which relationship between attribute set and target set is 

established. The hybrid optimization algorithm is the combination of genetic and PSO algorithm. The proposed 

flowchart is the hybrid version of Genetic and PSO algorithm. This algorithm is useful to select the optimization 

attributes and encoding an effective solution for an issue into an individual. In fact, every individual is considered as 

an entity supporting features of chromosomes. A number of individuals collectively creates a population. The major 

task is to generate a population of chromosomes randomly and surround it with variables of problem prior to deploy 

Genetic Algorithm (GA). The next phase emphasizes on assessing the created data chromosomes. The chromosomes, 

which are capable of clearly demonstrating an optimal method for tackling the issue, are useful for building other 

chromosomes. The population is defined as the primary set of random solutions available in this algorithm. A 

chromosome is utilized for illustrating every member of the population in order to perform coding for a solution for 

dealing with the issue.  The decoding formula is expressed as: 

𝑋 = 𝑋𝑚𝑖𝑛 +
𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

2𝑁𝑥 − 1
∑ 𝑏𝑛

𝑋2𝑛

𝑁𝑥−1

𝑛=0

                                                                                             (1) 

In which, 𝑏0
𝑋, … . . , 𝑏𝑁𝑥−1

𝑋  denote the binary representations of X’s. Various iterations called generations are exploited 

for creating the chromosomes. In every generation, a number of fitness indicators are executed for evaluating the 

fitness value of the chromosomes. The pack is consisted of 4 kinds of wolves and the ranks are assigned to them from 
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highest to lowest in the social hierarchy such as α, β, δ, and ω wolf. This algorithm is also depending upon the social 

hierarchy of grey wolves and their hunting behaviour. The particular mathematical models of Grey Wolf Optimization 

discussed below.  While hunting, for surrounding the prey, computing the distance amid the current grey wolf and 

the prey and updating its position later on in accordance with the distance, is an essential task. The behaviour of grey 

wolves in hunting is expressed as: 

𝑋(𝑡 + 1) = 𝑋𝑃(𝑡) − 𝐴 × 𝐷                                                                                                                        (2) 

𝐷 = |𝐶 × 𝑋𝑃(𝑡) − 𝑋(𝑡)|                                                                                                                              (3) 

The equ. 14 denotes the updating formula of the position of grey wolf, and equ. 15 defines the calculating formula. t 

denotes the current iteration number, 𝑋𝑃(𝑡) is used to represent the current position vectors of the prey and 𝑋(𝑡) 

illustrates the grey wolf at iteration t. The coefficient vector (CV) obtained in first formula is denoted with A, and CV 

of second is depicted with C [12]. 

𝐴 = 2 × 𝑎 × 𝑟1 − 𝑎                                                                                                                                      (4) 

𝐶 = 2 × 𝑟2                                                                                                                                                       (5) 

And 

𝑎 = 2 − 2 ×
𝑡

𝑡𝑚𝑎𝑥

                                                                                                                                           (6)   

In this, 𝑎 illustrates the convergence factor, and its value is linearly diminished from 2 to 0 due to the maximization 

of number of iterations. 𝑟1 and 𝑟2 signify the random vectors in [0, 1]. Moreover, 𝑡𝑚𝑎𝑥 is the maximum number of 

iterations.  

3.2.1 Hunting 

The hunting behaviour of grey wolves is simulated by assuming that α, β, and δ wolves can understand the potential 

location of prey more effectively. α wolf illustrates the optimal solution, β wolf is used for the suboptimal solution, 

and δ wolf for the third optimal solution. The α, β, and δ wolves are considered to update the position of other gray 

wolves, and the computation formulas are expressed as: 

           𝐷𝛼 = |𝐶1 × 𝑋𝛼 − 𝑋(𝑡)| 

          𝐷𝛽 = |𝐶2 × 𝑋𝛽 − 𝑋(𝑡)| 

𝐷𝛿 = |𝐶3 × 𝑋𝛿 − 𝑋(𝑡)|                                                                                                                               (7) 

            𝑋1 = |𝑋𝛼 × 𝐴1 − 𝐷𝛼| 

            𝑋2 = |𝑋𝛽 × 𝐴2 − 𝐷𝛽|      

 𝑋3 = |𝑋𝛿 × 𝐴3 − 𝐷𝛿|                                                                                                                                     (8) 

And  

𝑋(𝑡 + 1) = (𝑋1 + 𝑋2 + 𝑋3)/3                                                                                                                     (9) 

In this, 𝐷𝛼  is used to show the distance amid the current grey wolf and 𝛼 wolf; 𝐷𝛽  is the distance amid the current 

grey wolf and 𝛽 wolf; the distance amid the current grey wolf and 𝛿 wolf is illustrated with 𝐷𝛿; the position vectors of 

𝛼 wolf is represented with𝑋𝛼, 𝛽 wolf with 𝑋𝛽, and 𝛿 wolf with 𝑋𝛿. 𝑋(𝑡) is used to depict the present position of the 

grey wolf. The random vectors measured in Formula (6) are defined with 𝐶1, 𝐶2, and 𝐶3. Formula 7 computes 𝐴1, 𝐴2, 

and 𝐴3. The step length and direction of grey wolf individuals to α, β, and δ wolves are represented using Formula 

(8).  Formula (9) is used to show the position-updating formula of grey wolf individuals. Figure 1 shows the algorithm 

flow chart of GWO as described earlier. 
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Figure 2. Proposed Feature Extraction Model 

3.3.  Classification 

The voting classification method is applied for the sentiment classification. The input features for the classification 

can be computed effectively using feature vectors. A key strategy for addressing classification-related problems is 

controlled learning. When the classification system is trained, the anonymous data can be anticipated. KNN, SVM, 

and decision trees will be used in this research project's voting process for sentiment classification. A voting 

classification algorithm refers to an ML framework which works effectively when it is trained on ensemble of various 

frameworks, and assists in predicting the output with respect to the class having higher probability of being the 

output. It merely accumulates the outcomes obtained from every algorithm that undergoes the voting algorithm and 

forecasts the output class according to the vote with the highest majority. The concept is that rather than building 

individual, specialized frameworks and to verify the accuracy for every algorithm, we build a framework which is 

trained through multiple algorithms and forecasts approach that relies on their aggregate majority of votes for every 

output variable.  
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Figure 3. Proposed Calssification Model 

3.3.1. Hybrid Model for Feature Extraction 

Input F: Input Data 

N: Size of population 

D: Dimension of feature 

Output S: Selected features 

For each particle 1 to N 

 Initialize particle 

End for 

While (Max iteration is not reached) 

Do 

For each particle 1 to N in D 

 Calculate fitness value 

if the fitness value is better than the best fitness value (gBest) in history 

Update current value as the new gBest 

End for 

Choose the particle with best fitness value of all the global Best 

For each wolf 

 Calculate wolf velocity 

   START 

Input the dataset and pre-process to 

remove missing and redundant values 

Apply proposed hybrid optimization 

algorithm for feature extraction  

Divide dataset input training and testing  

Apply Voting Classification    Test Set 

Performance Analysis in terms of accuracy, 
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use gBset and velocity to update wolf data 

End for 

               End while   

 

3.3.2. Voting classifier algorithm 

Input: A Stream of pairs (x,y), 

 Parameter β∈ (0,1) 

Output: A Stream of prediction 𝑦̂ for each x 

1. Initialize experts 𝐶1 … . 𝐶𝑛 with weight 𝜔𝑖 = 1 𝑁⁄  each 

2. for each x in stream 

    do Collect Predictions  𝐶1(𝑥) … 𝐶𝑁(𝑥) 

     𝑃 ← ∑ 𝜔𝑖 ∙ 𝐶𝑖(𝑥)𝑖  

     𝑦̂ ← 𝑆𝑖𝑔𝑛 (𝑃 −
1

2
) 

 

for 𝑖 ∈ 1 … 𝑁 

    do if (𝐶𝑖(𝑥) ≠ 𝑦) then 

 𝜔𝑖 ← 𝛽 ∙ 𝜔𝑖  

               𝑆 ← ∑ 𝜔𝑖𝑖  

for 𝑖 ∈ 1 … . . 𝑁 

               do 𝜔𝑖 ← 𝜔𝑖 𝑠⁄  

RESULTS 

In this research work, model is proposed for the sentiment analysis of twitter data. The proposed model has various 

phases which include pre-processing, feature extraction and classification. The hybrid optimization algorithm is 

proposed for the feature extraction which is the combination of genetic algorithm and gray wolf algorithm. The voting 

classifier model is the applied for the classification which is the combination of SVM, KNN and decision tree model. 

The performance of proposed model is analysed in terms of accuracy, precision and recall.  

4.1.  Dataset Discription 

Twitter is a famous microblogging platform. The personal profile pages of the users of this microblogging site are in 

the millions. This page contains personal data of customers. Customers can follow each other in order to get 

connected and obtain the content of other users in a simple way. As per a survey, 50 Billion tweets were posted every 

day. Twitter posts have millions of opinions. Thus, Twitter has received a lot of attention in the research area for 

opinion mining as it is linked to a range of online applications. 

4.2.  Performance Analysis 

In this section performance analysis metric are presented. The details of the metrics are presented below: - 

Accuracy: - Accuracy is used to measure the performance in the evidence domain recovery and processing of the data. 

The fraction of the results that are successfully classified can be represented by equation as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
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Precision: - Precision is a performance assessment that measures the ratio of correctly identified positives and the 

total number of identified positives. This can be seen as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall: - The recall is also referred to as the sensitivity, which is the ratio of connected instances retrieved over the 

total number of retrieved instances and can be seen as follows: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

4.3. Outcomes 

The proposed model is implemented on the authentic dataset for the sentiment analysis. The proposed model is 

compared with existing models like KNN, Naïve Bayes, Decision tree and Random Forest 

Table 1. Performance Analysis 

Model Accuracy Precision Recall 

KNN 97.05 97 97 

Naïve Bayes 89.21 89 89 

Decision Tree 96.07 96 96 

Random Forest 96 86 96 

Proposed 98.89 98 98 

 

 

Figure 4. Performance Analysis 

As shown in figure 4, the performance of proposed model is compared with other models like KNN, Naïve Bayes, 

Decision tree and Random Forest. It is analyzed from the results that proposed model achieves approx.99 percent 

accuracy for the sentiment analysis. 

DISCUSSION 

This research work presents novel model for the sentiment analysis which is based on the feature extraction and 

optimization. The various authors address issue that when features are not extracted efficiently it direct affect 

accuracy of the model for sentiment analysis. The hybrid optimization algorithm is presented which the combination 

of genetic and gray wolf optimization algorithms. The proposed model extract feature efficiently and which will be 
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given as input to voting classifier for the classification. The proposed model is compared with various exsting 

classification models like KNN, Naïve bayes, Decision tree and random forest.  

Due to efficent feature extraction proposed model give high accuracy. As it is analysed from the results that proposed 

model has maximum accuracy, precision and recall which is approximate 98 percentage as compared to KNN, Naïve 

bayes, Decision tree and random forest. The KNN, Naïve bayes, Decision tree, Random forest achieves accuracy, 

precision, recall values 97 percent, 89 percent, 96 percent and 96 percent respectively. It is analysed that proposed 

model achieves between 1 to 2 percentage higher accuracy as compared to KNN classifier which is the dominating 

classifier amoung all existing classifiers.  

CONCLUSION 

The feature extraction process establishes the connection between the attribute and the target suite. The last level of 

classification is concerned with the implementation of a classification scheme which can classify data into three 

groups: positive, negative and neutral. The existing strategy put on a hybrid classifier architecture for predicting the 

sentiment of posted tweets, but still, the accuracy and precision are not satisfactory. In this work, a voting 

classification methodology is developed by integrated KNN, SVM and decision tree classifiers to analyze sentiments 

in posted tweets. This work validates the performance of the formulated architecture with reference to three 

performance measures (accuracy, recall, precision).  The features of the proposed model are extracted using hybrid 

optimization algorithm which is the combination of genetic algorithm and gray wolf algorithm. The voting 

classification model is applied for the classification and it is analyzed that proposed model achieves accuracy of 98.89 

percent which is approximate 4 percent higher than the existing machine learning models. 
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