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Abstract: Sentiment Analysis (SA) is a study of people's opinions on products, services, organizations, 

disastrous events etc. The biggest challenge in SA is the text and the context in which it is written or said, for 

sentiments vary with context. Recently, existing studies have proposed different ML and DL models to 

classify the data. However, there are still challenges in dealing with unstructured text, classification; 

preprocessing, and good accuracy measures are ongoing problems. Researchers in the fields of psychology 

and sociology have focused a lot on deciphering people's emotional expressions during the pandemic. In this 

paper, we analyse the people's sentiments posted during the COVID-19 pandemic; a real scenario has been 

used to validate the effectiveness of the proposed work. The proposed approach uses different feature sets and 

classifiers to analyse the collected tweets and classify them into positive, negative, neutral, extremely positive, 

and extremely negative sentiments. The proposed model was trained and tested using ML and DL algorithms 

like Naive Bayes (NB), Random Forest (RF), Multilayer Perceptron (MLP), Passive Aggressive Classifier 

(PAC), Support Vector Classifier (SVC), Logistic Regression (LR), Recurrent Neural Network (RNN) and 

Long Short-Term Memory (LSTM) for SA.  

We use evaluation measures (like accuracy, precision, recall, and F1-score) to rate the success of machine 

learning (ML) and deep learning (DL) classifiers.  To measure the performance, the data set was split in the 

ratio of 70:30, 80:20 and 90:10 for training and testing the model and observed that LSTM outperforms with 

the highest 88% accuracy, 88% precision, 87% recall, and 87% F-1 score. According to the results, the 

proposed model could detect people’s sentiments and allow domain practitioners to analyze sentiments 

efficiently in decision-making for public health communication strategies. 
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1. INTRODUCTION 

Sentiment analysis is a study of people's opinions posted on the internet using different web platforms 

like Twitter, Blogs, Websites, Applications etc. The rise of Web 2.0 tools like blogs, forums, and social 

networks has made it possible for people to talk and share about anything to express their thoughts online [1]. 

On the internet, social media platform is most widely used by people to share their opinion [2]. SA is used to 

analyze these opinions like climate change, immigration, pandemic, healthcare etc. This can help researchers to 

understand public opinion and inform policy decisions. SA incorporates text mining, Natural Language 

Processing (NLP), and data mining [3] which makes it an interdisciplinary area and typically performs at the 

word, sentence, document, and aspect levels [4, 5].  

The problem of automatic SA is an expanding field of study. It’s a significant field that has different 

real-world applications; however, it is not a simple task and has some challenges related to NLP. The biggest 

challenge in SA is that sentiments are different in one context and change in another context. Sentiments may 

include misspellings, slang, grammatical mistakes, and other things that make it hard to figure out how people 

feel. Users also do sentence framing in different ways, which makes it difficult to read and understand the text. 

There may be a lot of uncertainty about how keywords are defined. This means that words may have different 

meanings depending on how they are used and in what context they are used. It has been observed that text 

emotions can be affected by the message's syntax and semantics. If the SA method doesn’t pay attention to these 

things, we might misclassify the message. This shows; how hard and time-consuming it is to include emotions 
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and study them. Hence, SA continues to confront theoretical and technological challenges, which reduce the 

overall accuracy of identifying the polarity [6, 7]. 

A sophisticated SA method could help to make SA a simpler problem. Existing studies exhibit that 

many ML approaches have been used to study how people feel [8]. ML and DL techniques are advanced 

methods that can be used to do SA; these help to fill the gap between humans and machines to make SA more 

convenient with structured and unstructured data. In this paper, we incorporated the baseline algorithms of both 

ML and DL techniques to train and test the proposed model, such as deep Naive Bayes, Random Forest, MLP 

Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic Regression, RNN and LSTM to identify the 

sentiment polarity. The performance of the model was validated using accuracy, precision, recall, and F-1 score 

which are described in the result section of the paper. This work is the latest study which compares the 

performance of baseline algorithms of ML and DL. The outcomes of the study suggest that classifying the 

sentiments ML and DL techniques may give the best result. So, the researchers and readers can directly apply 

the suggested ML and DL techniques to the related dataset and may get appropriate results without wasting 

time. 

The main goal of this paper was to analyze the state of mind of people when a disease spreads?, the 

study will be effective in determining people’s mental well-being if such kind of conditions occur and will also 

be useful in devising appropriate strategies to manage the situation in the future. 

 

2. RELATED WORK 

After the declaration of COVID-19 as a pandemic, different studies were conducted in SA to analyse 

the people's sentiments posted on social media sites on COVID-19 disease[9, 10]. The perspectives to do the SA 

include trend analysis, modelling [11], the mindset of the people on social distancing, vaccination [12], and 

disease surveillance [13, 14]. In [15], the researchers proposed a novel LSTM–CNN-GS model for SA. CNN, 

LSTM, NN, K-NN, and CNN–LSTM were used to evaluate the model performance using Amazon reviews and 

IMDB datasets taken from Kaggle. The findings of the study describe that hyperparameter tuning using Grid 

Search (GS) leads to improvement with 96% accuracy. 

In [16], the SentiStrength tool and SVM Classifier were used to perform SA. The study reveals that the 

performance evaluation of the SVM algorithm resulted in 87% accuracy. Hence, SVM performs well and may 

be employed to classify the sentiments.  

In [17], the researchers proposed an attention-emotion enhanced AE-LSTM method to classify the 

sentiments for SA. The proposed hybrid DL model performs well with 89% accuracy.  

In [18], the findings of this analysis were based on a survey conducted for SA using ML and DL 

techniques. The study revealed that the performance measures of DL techniques performed better than ML 

techniques like SVM. 

In [19], SA on Twitter data was performed during the COVID-19 pandemic. The main objective of this 

research was to study the psychological effects of COVID-19 on people. The outcomes of the study reveal that 

positive tweets were more which shows the positive attitude of the people during the COVID-19 pandemic.  

In [20], the main focus of this work was to analyse sentiments on multiple aspects towards a certain 

entity; the paper demonstrated the use of the proposed hybrid CNN-GRU (Gated Recurrent Networks) model for 

SA to the Chinese online reviews of hotels and cars data. It has been identified that CNN retrieved local features 

and GRU's long-term dependency. The robustness of the model was demonstrated through the experimental 

study of mentioned datasets. The AUC values for subtasks were recoded as 83.06% and 83.17% on the hotel 

dataset and 86.93% and 77.42% on the car dataset.  

In [21], proposed a novel aspect-gated graph convolutional network (AGGCN) for Aspect-Based 

Sentiment Analysis (ABSA). The model uses both syntactical and sentiment information. The experimental 

analysis has been carried out using SemEval datasets namely SemEval-2014, SemEval-2015, and SemEval-

2016, and compared the performance with different ABSA models to validate the proposed model. The 

experimental results demonstrate that the proposed model outperforms the existing state-of-the-art ABSA 

models on three benchmark datasets. 

In [22], this work focuses on the task of ABSA, which identifies the aspects or features of a product or 

service that are being referred to in a given text and determines the sentiment associated with each aspect. The 
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proposed approach to ABSA comprises extracting explicit aspects from the text using some set of rules and 

combining these rules to obtain optimal performance. 

In [23], this work presents a study on Twitter SA using a Bidirectional Representation for Transformers 

(BERT) based pipeline. The proposed pipeline included pre-processing, feature extraction, and classification of 

Italian tweets. The importance of pre-processing is highlighted as cleaning and normalizing the text data to 

remove noise and irrelevant information. The feature extraction techniques, including bag-of-words, n-grams, 

and word embedding were discussed. It has been identified that BERT can be a promising approach for SA due 

to its ability to capture the context and meaning of words. The results of the study show that the proposed 

pipeline achieves high accuracy to the F1-score of 80% for the binary classification (positive vs. negative) and 

60% for the multi-class classification (positive, negative, or neutral).  

In [24], in this paper, ABSA was performed using a neural network (NN) model. To evaluate the 

performance of the model; it was trained on the datasets Rest14, Rest15, and Rest16. Experimental results 

demonstrate that the proposed model outperforms as compared to existing ABSA models in terms of accuracy, 

F1 score, and other evaluation metrics. The paper highlighted that the proposed work has the potential to be 

used in different domains such as e-commerce, social media analysis, and customer feedback analysis. 

In [25], this work presents a novel DL framework for SA that combines CNNs, RNNs, and attention 

mechanisms. To conduct the study, three Twitter datasets were taken into consideration. The results suggest that 

the proposed model outperforms existing methods and has the potential to improve SA in different areas. 

However, further research is needed to evaluate the performance of the proposed approach on larger and more 

diverse datasets.   

In [26], this paper presents a novel approach for SA of Tweets using refined neutrosophic sets. The 

approach has the potential to overcome some of the limitations of traditional SA techniques and achieve higher 

accuracy.  

In [27], the authors proposed a framework for SA on IMDB, Yelp, and Twitter review datasets using 

CNN, LSTM, and BERT. The study classified sentiments into two parts: binary and multi-class sentiment 

classification. For the binary sentiment classification, the performance of CNNs, LSTMs, and BERT on the 

IMDB dataset was compared and it has been observed that BERT outperforms with an accuracy of 94.2%. For 

the multi-class sentiment classification, again comparison was performed on the same models on both the Yelp 

and the Twitter datasets. The results show that BERT again outperforms both datasets with accuracies of 67.2% 

and 66.1%, respectively. 

In [28], this work demonstrates DL techniques for SA, which have gained popularity due to their ability 

to automatically learn features from raw data. The paper includes a detailed overview of different types of DL 

models, including CNNs, RNNs, and LSTM networks. The study demonstrated that DL techniques are best 

fitted to analyse people's emotions. 

In continuation with this, the following table summarises SA approaches based on some existing 

research specific to COVID-19 sentiments along with benefits and limitations. 

 

Table 1: SA methodologies based on existing studies 

Author’s Year Proposed 

work 

Dataset Benefits Limitation 

[29]  2020 SA  for 

COVID-19 

Twitter API Provided a real-time 

perspective on the 

concerns of users such 

as economic impact, 

mental health, 

misinformation, and 

healthcare. 

The tweets were 

limited to a short 

period and contextual 

information. 
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[30]  2020 SA  for 

COVID-19 

Twitter API France, Switzerland, 

the Netherland, and the 

US show signs of anger 

and distrust on a bigger 

scale. 

The study was 

confined to specific 

countries like 

Australia, China, 

India, and USA. 

[31] 2020 SA  for 

COVID-19 

Twitter API India has succeeded in 

controlling the 

COVID-19. Positivity 

was higher and 

concerns of passengers, 

and quarantine people 

were recorded. 

The tweets were 

limited to a short 

period i.e. 25th to 

28th March 2020. 

[32] 2020 COVID-19 

Outbreak 

Analysis in 

Europe 

Data collected 

from the 

European Centre 

for  

Disease 

Prevention and 

Control 

Air travel was certainly 

not the only 

determinant of the 

outbreak dynamics, 

mobility was a strong 

contributor to the 

global spreading of 

COVID-19 

The study was 

confined to Europe 

specifically. 

[33] 2020 Forecast of 

COVID-19 

spreading in 

China, Italy 

and France 

Data collected 

from Johns 

Hopkins 

University 

A comparative analysis 

of transmission 

dynamics, growth 

rates, and peak periods 

and forecast of the 

spreading of COVID-

19 in China, Italy, and 

France.  

Data was limited to a 

short period i.e. 

22/02/2020 − 

15/03/2020. 

[34] 2020 SA on online 

education 

during 

COVID-19 

in the 

Philippines 

Survey data from 

Pangasinan State 

University 

students 

Shows the emotions of 

students and aids the   

faculty members in 

what intervention 

should be used in 

instructional delivery 

The  study was 

limited  to the  BS  

Business 

Administration  and  

BS  Public  

Administration 

students     of     

Pangasinan     State     

University, Lingayen 

Campus 

[35] 2020 COVID-19 

impacts on 

university 

students, in 

Bangladesh 

Survey data from 

public and private 

universities, in 

Bangladesh 

Anxiety and depression 

symptoms were 

prevalent among 

students during the 

outbreak. 

The respondent's size 

was limited. 
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[36] 2021 SA for 

COVID-19 

Vaccination 

in India 

Twitter API The majority of the 

tweets were positive 

for vaccines but some 

of them were negative 

such as fear and anger. 

Sample size, 

geographical 

representation. 

[37] 2021 SA for 

COVID-19 

Vaccination 

All COVID-19 

Vaccines Tweets 

from Kaggle 

The study gives a 

direction to understand 

the sentiments of 

people regarding the 

vaccination process. 

RNN and LSTM 

approaches were used 

for analysis; ML and 

other DL approaches 

may be employed to 

compare the results. 

[38] 2021 SA for 

COVID-19 

Vaccination 

in India 

Twitter API Pandemics cause 

vulnerability and 

anxiety. 

The BERT model 

was used to evaluate 

the performance; 

other models may 

also be employed to 

compare the results in 

a better way. 

[39] 2021 SA for 

COVID-19 

Twitter API Optimistic, annoyed 

and joking tweets 

generally dominate the 

tweets with a much 

lower portion of 

negative sentiments. 

Sample size, 

geographical 

representation. 

[40] 2021 SA for 

COVID-19 

Twitter API The study showed 

predictable sentiments 

of anger, desperation, 

and hope. 

Studies showed 

predictable 

sentiments of anger, 

desperation, and 

hope. 

[41] 2021 SA for 

COVID-19 

Twitter API Effectiveness of 

different supervised 

machine learning 

models in accurately 

determining sentiments 

from COVID-19-

related tweets. 

Sentiments were not 

elaborated. 

[42] 2022 SA for 

COVID-19 

COVID-19 tweets The study addresses the 

growing significance of 

comprehending public 

sentiment during the 

pandemic.  

Noisy features may 

affect the 

classification.  

[43] 2022 SA for 

COVID-19 

Twitter and 

Weibo 

An automated tool 

helps to recognise 

emotional well-being, 

timely monitoring and 

decision-making. 

Macro nature of the 

study. 
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[44] 2022 SA for 

COVID-19 

Twitter data To identify public 

opinion through tweets 

automatically. 

The study is validated 

using the BERT-Bi-

LSTM ensemble 

method only. Other 

methods may also be 

employed. 

 

[45] 2023 SA for 

COVID-19 

Twitter data To understand the 

varying emotional 

responses and 

experiences of African 

Americans during this 

challenging time. 

The study is limited 

to African-American 

community 

sentiments. 

[46] 2023 SA for 

COVID-19 

Survey data  The study focuses on 

multidisciplinary 

application areas of 

sentiment analysis. 

Research gaps along 

with possible 

solutions may be 

incorporated. 

 

3. METHODOLOGY 

This section describes the overall methodology of the study. The study mainly consists of data 

collection, data preprocessing, and feature extraction, data splitting into training and testing sets with the ratio of 

70:30, 80:20, and 90:10 respectively. A model was proposed; trained, tested and validated using Naive Bayes, 

Random Forest, MLP Classifier, Passive Aggressive, SVC Algorithm, Logistic Regression, RNN and LSTM for 

sentiment classification. The classification models were validated using certain evaluation parameters like 

accuracy, precision, recall, and F-1 score. The overall methodology of the proposed work is as follows: 

 

3.1 Dataset – the dataset of COVID-19 sentiments was considered for the conduction of this study. The 

data set was collected from the Kaggle stored on Google Drive 

(https://drive.google.com/drive/folders/1dtu1aYYyvgxKLiUBlGg0hnHIjQDhI-qH?usp=sharing) and processed. 

Table 2 shows an outline of the sentiment categories that were used to conduct this study. 

 

Table 2: Sentiments categories in the dataset 

Positive               11422 

Negative                9917 

Neutral                 7713 

Extremely Positive      6624 

Extremely Negative      5481 

Total 41157 

 

This dataset contains a total of 41157 records of which 11422 were positive & 6624 extremely positive, 

9917 were negative & 5481 extremely negative and 7713 were neutral tweets. Figure 1 shows the sentiment 

categories in graphical form to understand them well.  
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Figure 1: Sentiments Classification 

 

 

 
Figure 2: Transformation of original Tweets into sentiment polarity and labelled 
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The data set was divided into training and test data. The data set was explored to determine the 

relationship between data variables, the structure of the dataset, the presence of outliers, and the data value 

distribution. After transformation, the performance was measured on a different machine and deep learning 

algorithms. 

 

3.2 Data preprocessing – data preprocessing is a significant approach to preparing the dataset before 

actual is used.  Data cleaning refers to the removal of noises from the data and making the text in a standard 

form that is predictable and analyzable for the machine and significant results can be obtained. In our dataset, 

we convert raw messages into vectors. To do this, we often started by removing web links, numbers, 

punctuations, and stopwords and converting text to lowercase, which is useful later while parsing. After this; we 

returned with a list of clean words. In line with this, we did tokenize a text which entails separating characters 

into tokens and deleting punctuation and stopwords at the same time. The stemming and lemmatization 

processes are then performed. 

 

3.3 Feature extraction - Following tokenisation, we perform a Term Frequency-Inverse Document 

Frequency (Tfidf) Vectorizer for feature extraction. TFIDF is a method of transforming textual data to numeric 

form and Vectorization is the process of turning words into numbers. 

The relative term frequency can be calculated for each term within each document as – 

 

 

Inverse Document Frequency quantifies how significant a word is to distinguish each document. We 

can derive this using the below-mentioned formula – 

 

IDF(t,D) = log( 
total no of document(D) 

) 
number of documents with the term(t) in it 

 
 

 

Overall, TFIDF is calculated as: 

 
Where ti, wj is the frequency of word wj appears in document i [37]. 

 

3.4  Applying machine and deep learning algorithms – after feature extraction, we did text 

classification using ML and DL classification models and the performance on different parameters was 

evaluated. A brief description of deep learning RNN and LSTM approaches is as –  

LSTM - Long Short-Term Memory Networks, also known as "LSTMs" are a type of RNN that can 

learn about long-term dependencies. LSTMs are made to avoid the problem of long-term dependencies. They 

are almost always good at remembering things for a long time. When you make an artificial intelligence system, 

it will always be made up of the same parts of a neural network that repeat. There will be only one tanh layer in 

standard RNNs for this repeating module. 

LSTM is a kind of neural network that repeats itself. In RNN, the yield from the last phase is used as an 

input for the next phase. Hochreiter and Schmidhuber came up with the idea for LSTM [19, 22]. An RNN can't 

predict what words are in its long-term memory. However, this is an effective approach to predicting the data 

with more accuracy. RNN can no longer do a good job if the gap length grows. In this case, LSTM can be 

considered as a better approach because this can have the data for a long time. It is used to make, classify, and 

predict things based on time series data. LSTM is composed of four distinct neural networks and a specialized 

form of memory storage unit known as a cell. These cells are in charge of storing information, while gates are in 

charge of changing the way the memory works. The Forget gate ensures that information that is no longer 

TF(t,d) = 
number of the times term(t) appears in the document(d) 

total number of terms in the document(d) 
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helpful is deleted from the cell by ensuring that it is no longer present. With the input gate, you can enter 

information that will be valuable to the cell later on. It is employed to obtain useful information from cells. 

Recurrent Neural Networks - “A recurrent neural network (RNN) is a type of artificial neural 

network where connections between nodes form a directed graph that moves in a certain way over time”. This 

allows it to change its behaviour over time [24]. The main job of an RNN is to process information that comes 

in a sequence based on the internal memory that the directed cycles build up. Unlike traditional neural networks, 

RNNs can keep track of how much information they've already worked with and apply it to the next input in the 

sequence.  

 

 
Figure 3: Recurrent Neural Networks [36] 

 

When an RNN is made, a special type called long short-term memory (LSTM) is used. This type of 

RNN can use long memory as input for activation functions in the hidden layer. The figure below shows the 

architecture of the LSTM architecture. To make the embedding matrix, input data is first reshaped. Here, LSTM 

is the next layer, and the final layer is a fully connected layer that may be used to categorise text in a variety of 

ways [27]. 

 

3.5 Proposed model of the study – the following figure describes the model of the proposed work. 

 

Figure 4: Model of the proposed work 
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Figure 4 represents the process flow of the proposed model. The collected text data was prepared and 

preprocessed for the model building. The preprocessing of data includes the removal of numbers, conversion of 

text into lower case, removal of web links and punctuations, stopwords removal, and splitting of text into 

smaller units by lemmatization & tokenization. After text preprocessing and preparation; data transformation 

begins using Tfidf (Term frequency-inverse document frequency) text vectorizer. Term frequency (TF) refers to 

the frequency or number of times a certain word appears in a document. It quantifies the significance of a 

particular word in a document. TF encodes each text in the dataset as a matrix, where the rows reflect the 

number of documents and the columns represent the number of unique phrases found in all the documents. 

Inverse document frequency (IDF) is a measure of the significance of a term. It seeks to diminish the importance 

of a phrase if the term's occurrences are scattered throughout documents. 

In line with this, in the next step data was split into training and test datasets. The trained data was 

validated using machine and deep learning approaches like Naive Bayes, Random Forest, MLP Classifier, 

Passive Aggressive, SVC Algorithm, Logistic Algorithm, RNN, and LSTM algorithms. In the next step, the 

proposed model was validated using accuracy, precision, recall, and F-1 score. 

 

3.6 Evaluating the model - the dataset was split into training and testing set on three different ratios; 

70:30,80:20 and 90:10 and the performance of the model was evaluated. The training dataset was used for 

building up the model, and a test dataset was used to validate it. The evaluation parameters considered for the 

study were accuracy, precision, recall, and F-1 score. 

 

4. Experimental results and discussion 

The performance evaluation of Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive, 

SVC Algorithm, Logistic Algorithm, RNN, and LSTM algorithms have been considered with evaluation 

parameters like accuracy, precision, recall, and F-1 score. The performance evaluation of the model with 70:30, 

80:20 and 90:10 were described in Table 3, Table 4, and Table 5 respectively.  

 

Table 3: Performance evaluation on Run 1 of the model with 70 % testing and 30 % test data 

Models Accuracy Precision Recall  F-1 Score 

Naive Bayes 67% 73% 67% 69% 

Random Forest 69% 71% 69% 70% 

MLP Classifier 71% 71% 71% 71% 

Passive Aggressive Classifier 74% 74% 74% 74% 

SVC Algorithm 76% 77% 76% 76% 

Logistic Algorithm 77% 78% 77% 77% 

RNN 81% 82% 80% 81% 

LSTM 86% 88% 85% 86% 

 

From Table 3, it has been observed that the performance measures for the Naive Bayes were; accuracy 

67%, precision 73%, recall 67%, and F-1 score 69%. For the Random Forest, the accuracy was 69%; precision 

71%, recall 69% and F-1 score 70%. MLP Classifier was better performed as compared to Random Forest with 

71% accuracy, precision, recall and F-1 score values. In comparison with Random Forest &MLP Classifier; the 

performance evolution for the Passive-Aggressive exhibits a better performance with 74% accuracy, precision, 

recall and F-1 score values. The performance evaluation for the Support Vector Classifier (SVC) exhibits better 

than Passive Aggressive Classifier; for the SVC, the accuracy was 76%, precision 77%, recall 76% and F-1 

score 76%. 

Performance measures for the logistic regression classification were observed with 77% accuracy, 78% 

precision, 77% recall and 77% F-1 score. The performance evolution for the Logistic regression classification is 
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better than the Support Vector Classifier. From the table, it has been observed that the Recurring Neural 

Network (RNN) outperform with 81% accuracy, 82% precision, 80% recall and 81% F-1 score. The 

performance evolution for the RNN classification was recorded better than Logistic Regression. The highest 

accuracy 86%, precision 88%, recall 85%, and F-1 score value 86% was recorded for the LSTM classifier.  

Hence, it is stated that the performance evaluation for the LSTM technique exhibits greater than 

the Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic 

Algorithm, and RNN. 

 

 
Figure 5: Model accuracy on Run 1 of the model 

 

The graphical representation of the outcome in Figure 5 is showing that the performance evaluation of 

LSTM on evaluation parameters like accuracy, precision, recall and F-1 score was higher while Naive Bayes 

observed with least accuracy, precision, recall and F-1 score.    

 

Table 4: Performance evaluation on Run 2 of the model with 80 % testing and 20 % test data 

Models Accuracy Precision Recall  F-1 Score 

Naive Bayes 66% 68% 66% 72% 

Random Forest 69% 71% 69% 70% 

MLP Classifier 72% 73% 72% 72% 

Passive Aggressive Classifier 74% 74% 74% 74% 

SVC Algorithm 76% 77% 76% 76% 

Logistic Algorithm 77% 78% 77% 77% 

RNN 80.90% 82% 79% 81% 

LSTM 87.30% 89% 86% 87% 

 

Table 4 is showing the outcomes of the second run of the model with 80% testing and 20% testing. It 

has been observed that the performance measures for the Naive Bayes were; accuracy 66%, precision 68%, 

recall 66%, F-1 score 72%. For the Random Forest, the accuracy was 69%; precision 71%, recall 69% and F-1 

score 70%. MLP Classifier was better performed as compared to Random Forest with 72% accuracy, 73% 

precision, 72% recall and 72% F-1 score. In comparison with Random Forest & MLP Classifier; the 

performance evolution for the Passive-Aggressive exhibits a better performance with 74% accuracy, precision, 

recall and F-1 score values.  
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The performance evaluation for the Support Vector Classifier (SVC) exhibits better than Passive Aggressive 

Classifier; for the SVC, the accuracy was 76%, precision 77%, recall 76% and F-1 score 76%. Performance 

measures for the Logistic Regression classification were observed with 77% accuracy, 78% precision, 77% 

recall and 77% F-1 score. The performance evolution for the Logistic regression classification is better than the 

Support Vector Classifier. From the table, it has been observed that the Recurring Neural Network (RNN) 

outperform with 81% accuracy, 82% precision, 79% recall and 81% F-1 score. The performance evolution for 

the RNN classification was recorded better than Logistic Regression. The highest accuracy of 87.3%, precision 

of 89%, recall of 86%, and F-1 score of 87% were recorded for the LSTM classifier.  

Hence, it is stated that the performance evaluation for the LSTM technique exhibits greater than 

the Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic 

Algorithm, and RNN. 

 

 
Figure 6: Model accuracy on Run 2 of the model 

 

Figure 6 demonstrates the results when the model was run with 80% testing and 20% test dataset.  It 

has been observed that the performance evaluation of LSTM on evaluation parameters like accuracy, precision, 

recall and F-1 score was higher while Naive Bayes observed with least accuracy, precision, recall and F-1 score. 

The accuracy rate on Run 2 of the model has increased as compared to Run 1.   

 

Table 5: Performance evaluation on Run 3 of the model with 90 % testing and 10 % test data 

Models Accuracy Precision Recall  F-1 Score 

Naive Bayes 66% 72% 66% 68% 

Random Forest 68% 70% 68% 69% 

MLP Classifier 74% 74% 74% 74% 

Passive Aggressive Classifier 76% 76% 76% 76% 

SVC Algorithm 76% 77% 76% 76% 

Logistic Algorithm 78% 78% 77% 77% 

RNN 82% 84% 80% 82% 

LSTM 88% 88% 87% 87% 
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Table 5 shows the outcome of the third run of the model with 90% testing and 10% test data. It has 

been observed that the performance measures for the Naive Bayes were; accuracy 66%, precision 72%, recall 

66%, F-1 score 68%. For the Random Forest, the accuracy was 68%; precision 70%, recall 68% and F-1 score 

69%. MLP Classifier was better performed as compared to Random Forest with 74% accuracy, precision, recall 

and F-1 score values. In comparison with Random Forest & MLP Classifier; the performance evolution for the 

Passive-Aggressive exhibits a better performance with 76% accuracy, precision, recall and F-1 score values.  

The performance evaluation for the Support Vector Classifier (SVC) exhibits better than the Passive 

Aggressive Classifier on precision value with an increment of 1%; for the SVC, the accuracy was 76%, 

precision 77%, recall 76% and F-1 score 76%. Performance measures for the Logistic Regression classification 

were observed with 78% accuracy, 78% precision, 77% recall and 77% F-1 score. The performance evolution 

for the Logistic Regression classification is better than the Support Vector Classifier. From the table, it has been 

observed that the Recurring Neural Network (RNN) outperform with 82% accuracy, 84% precision, 80% recall 

and 82% F-1 score. The performance evolution for the RNN classification was recorded better than Logistic 

Regression. The highest accuracy of 88%, precision of 88%, recall of 87%, and F-1 score of 87% were 

recorded for the LSTM classifier.  

Hence, it is stated that the performance evaluation for the LSTM technique exhibits greater than 

the Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic 

Algorithm, and RNN. 

 

 
Figure 7: Model accuracy on Run 3 of the model 

 

The graphical representation of Run 3 of the model is shown in Figure 7. Figure 7 demonstrates the 

results when the model was run with 90% testing and 10% test dataset. The performance evaluation of LSTM on 

evaluation parameters like accuracy, precision, recall and F-1 score was recorded as higher values while Naive 

Bayes observed with least accuracy, precision, recall and F-1 score. The accuracy rate on Run 3 of the model 

was better than Run 2 of the model.  

Hence, the performance evaluation for the LSTM exhibits better than the other models. The reason is 

that LSTM is specifically designed to capture and process sequential information. Traditional RNNs struggle 

with learning long-term dependencies due to the vanishing gradient problem; LSTMs overcome this issue by 

gating mechanism that allows the network to selectively remember or forget information over long periods. 

LSTMs use gates (input, forget, and output gates) to control the flow of information through the network. These 

gates enable LSTMs to selectively update and discard information, allowing them to focus on important aspects 

of the input sequence while ignoring irrelevant details. This makes them more effective at capturing semantic 

relationships over extended sequences. Sentences and text data have a natural sequential structure where the 

meaning of a word often depends on the context of the preceding words. LSTMs can handle sequences of 
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different lengths without the need for fixed-size input. This adaptability is crucial for processing text data where 

the length of sentences can vary significantly. 

LSTMs have a memory cell that enables the network to store and retrieve information over long 

periods. The cell state can carry relevant information across multiple time steps, helping the model retain 

context and make better predictions for sentiment analysis. LSTMs can be combined with pre-trained word 

embeddings (e.g., Word2Vec, GloVe) to initialize the network with meaningful word representations. This helps 

the model capture semantic relationships between words and provides a good starting point for learning 

sentiment-related patterns. 

 

DISCUSSION 

The main goal of this research work was to examine people’s opinions during an unfavorable situation 

like lockdown, pandemic, competitive anxiety etc. Furthermore, the proposed framework may have compared 

different ML and DL models to see which ones performed better in analyzing and classifying the sentiment on 

COVID-19. Hence, the research work could contribute to understanding public sentiments, concerns, and 

attitudes during the pandemic or unfavourable conditions, which could have implications for public health 

communication strategies and policy-making. 

 

CONCLUSION  

The outcomes of the study reveal that when we ran the model with 70% testing and 30% test data; the 

LSTM performed well with 86%, accuracy, 88% precision, 85% recall, and 86% F-1 score in comparison with 

Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic 

Regression and RNN. When we apply Run 2 on the proposed model with 80% testing and 20% test data; again, 

LSTM performed well with 87.3% accuracy, 89% precision, 86% recall, and 87% F-1 score in comparison with 

Naive Bayes, Random Forest, MLP Classifier, Passive Aggressive Classifier, SVC Algorithm, Logistic 

Regression and RNN. From the second run of the model, it was observed the performance measures on the 

mentioned parameters were increased. During Run 3 of the proposed model with 90% testing and 10% test data; 

again, LSTM performed well with 88% accuracy, 88% precision, 87% recall, and 87% F-1 score. It has been 

recorded that on Run 3 of the model, the performance measures on the mentioned parameters were increased.  

The results of the proposed model indicate that the performance of the model was increased during the 

second and third run respectively.  Overall, the LSTM approach is found to be efficient for sentiment analysis 

on text data and can be easily implemented for sentiment classification of COVID-19 or related reviews. This 

study has both theoretical and practical implications. In terms of theoretical implications, this study employs 

machine and deep learning approaches for sentiment analysis on COVID-19 sentiments. The implications of this 

study are especially visible in recent COVID-19 cases when sentiments communicated on social media have 

influenced public mood [47]. 

The future work aligns with the parameter tuning on the LSTM technique to enhance the performance 

and validate the results. The LSTM technique can also be extended to sentiment classification to overcome 

decision-making problems in different industries dealing with text reviews or sentiments; including marketing, 

government, service, and academia. This study demonstrates that the proposed deep learning approach can be 

used and adapted to achieve a high degree of accuracy, especially when considering the intricacies involved in 

textual analysis. 
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