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Abstract:  
It's been a long time since the (COVID-19) engulfed the entire planet, upsetting normal schedules, destroying 

economies, and killing millions of people all over the world. The pandemic brought the entire world together in an 

endeavor to discover a cure and promote inoculation. The first round of vaccines began near the end of 2020, contrary 

to popular belief, and various nations began the inoculation drive very quickly while others kept it together fully 

expecting an effective preliminary. Web-based media is blocked with a wide scope of both positive and negative 

stories in the developing Covid conditions. Numerous individuals were anticipating the vaccination, while others were 

mindful about the side effects and the fear-inspired notions bringing about mixed emotions. This article performs 

sentiment analysis, which will be utilized in a choice emotionally supportive network in discovering the viability of 

COVID-19 vaccines among various nations. We have trained deep long short-term memory (LSTM) models to 

achieve state-of-the-art accuracy in estimating sentiment polarity and emotional state from extracted tweets. The 

proposed technique decides public sentiments towards COVID-19 vaccines assisting the healthcare authorities with 

breaking down their reaction. The results show the mentality of individuals towards various vaccine brands as for their 

various responses to the Covid-19 vaccines. 
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1. Introduction 
     The COVID-19 has spread fast across Europe and eventually around the world after the first 

patient was detected in Wuhan, China, in December 2019 [1]. Coronavirus is a virus that can cause severe 

respiratory disease [2]. More than 2.17 million people have died as a result of this. Since March 2020, an 

outbreak of this virus has also been growing. Beginning on March 22, 2021, the number of confirmed cases 

peaked at 4.3 million and 29.8 million, respectively. COVID-19 has claimed the lives of more than 3.99 

million people all across the world. As indicated in Figure 1, the worst affected nations in terms of cases 

and mortality are the United States, India, and Brazil [3]. 

Research article 
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Figure 1: COVID-19 cases and deaths reported country-wise 

 

       On December 14, 2020, UK experts informed the World Health Organization (WHO) about the Covid 

variations, and preliminary studies revealed that this variation might spread fast from person to person. 

According to scientists, the COVID-19 variant, which was originally first detected in the UK, is up to 100 

percent more hazardous than earlier strains [4]. Coronavirus crises have damaged individual psychological 

well-being because of tragedy in business, education, and employment, generating insecurity, passionate 

detachment, uncertainty, and sadness [5]. This pandemic circumstance switched the typical daily practice 

of individuals up the world, for example, academic exercises moved from physical to online mode, change 

in the way individuals cooperate every day, conduct business, or do shopping [6]. Even though it upset all 

the exercises, individuals from various societies didn't respond constantly to the pandemic similarly. This 

cultural gap has been highlighted about the Covid outbreak in some studies [7]. Using Twitter data from 

multiple nations across three continents, researchers looked into the feelings of people from various cultures 

about their governments' decisions to manage the Covid outbreak [8, 9]. Asia is represented by Pakistan 

and India, North America is represented by the Canada and United States, while Europe is represented by 

Sweden and Norway. The exploratory findings revealed a strong emotional connection between India and 

Pakistan [10, 11].        

Currently, the COVID19 vaccine is being used in several countries throughout the world to treat this deadly 

virus. As seen in Figure 2, Western countries are leading the way in COVID19 vaccination, while African 

countries lag. Margaret Keenan, a UK grandmother, will be the first person on the planet to get the COVID-

19 vaccination on December 8, 2020. Sandra Lindsay, a persona care worker who was shot in Toronto, was 

the first American to receive the vaccine at the Long Island Jewish Medical Center, followed by Anita 

Quidangen, also a personal care worker who was shot in Toronto, GunnBritt Johnsson from Sweden, and 

finally the 91-year-old. Manish Kumar, a clinic cleaner, is the first Indian to be vaccinated on January 16, 
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2021. Pakistan will begin immunization on February 2, 2021, with Rana Imran Sikander of the PIMS 

emergency clinic in Islamabad serving as the first person to get the vaccine. 

 

Figure 2: Covered population(7- 7-2021) 

 

According to Bloomberg's vaccination tracker [12], more than 468 million COVID-19 doses had been 

provided in 135 countries as of June 24, 2021. With approximately 128 million portions, the United States 

leads the pack, accounting for 19.7% of the population of the country. 4.2 million people in Canada have 

been immunized. In India, 50 million people have been vaccinated, but Pakistan has only injected 325,000 

doses. Inoculations have been given to 1.4 million people in Sweden and 771,000 persons in Norway. The 

negative effects of COVID-19 vaccines have been recorded in a few countries as well. Over 1200 side 

effect reports were reported to the Norwegian Medicine Agency on February 18, 2021 [13]. On 14 February 

2021, two Swedish districts [14] suspended vaccination after receiving side effect reports. Following 

Norway, Denmark, and other Nordic and central European countries stopped providing AstraZeneca 

vaccines to their citizens in early March because of deaths caused by blood clotting as a side effect. People 

are frequently ready to share such news and personal encounters on social networking sites and form views 

about what they observe [15, 16]. While doing so, many people would reply and show various feelings [17, 

18]. The study is inspired in such a way that such a tendency may spread quickly—social trends could 

convert into large meetings and rallies, which could eventually devolve into chaos, as seen in the Arab 

Spring. Sentiment analysis is an effective method for afterward inspecting opinions stated on social media, 

and timely study of public sentiment on social networking platforms could assist in averting such a situation 

[19, 20]. Deep neural networks, notably LSTM networks and their derivatives, have demonstrated 

promising results when used to extract sentiment polarity from the text [21]. Embedding pre-trained words 

like GloVe, FastText, and BERT improves task performance significantly. The creation and advancement 

of vaccines are critical to preventing the spread of COVID-19 and alleviating the huge clinical pressing 
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concern. COVID-19 vaccines are being developed at a rapid pace by many pharmaceutical companies and 

universities [22]. There have been over 260 possible COVID19 vaccines developed, but only a few have 

been authorized. Some are in the later stages of the test [23]. Pfizer is the first multinational pharmaceutical 

company to receive approval for its vaccine in many nations. Currently, the COVID-19 vaccine is only 

available in limited quantities, with just about 6% of the world's population receiving doses. 

The following are the two key questions we examine in this work about COVID-19 vaccinations, as well 

as our contributions to each question: 

Which COVID-19 vaccine brands/makers have gotten the most attention recently? Do individuals lean 

toward any brands? 

Concerning this, we investigated the sentiment of people situating in different countries towards various 

Coronavirus immunization brands. We physically resolved vaccine brands and relating keywords that are 

recently used mostly on the Twitter stage [24]. 

What individuals worry about the COVID-19 vaccination? 

In this case, we identified the COVID-19 vaccine as the key source of worry among locals. We explored 

the well-known points using the deep learning model from the perspectives of time series, country, and 

feelings, respectively. In this research, we integrate the sentiments and opinions of users towards different 

vaccines. Sentiments and opinions will clarify the public response helping the health care authorities to 

analyze and better understand the public attitude and concerns regarding the Covid vaccine. Following are 

the main contributions in this study: 

1) During the vaccination drive, two months of tweets on COVID-19 related hashtags were collected 

to examine sentiment polarity and feelings toward different vaccine brands. A classifier with a 

lexicon-based method is used to calculate the polarity of sentences/reviews. 

2) 2) Aspect-based sentiment analysis is compared to certain state-of-the-art techniques in the 

suggested model. 

The remaining part of the paper is laid out as follows: The previous investigations of sentiment analysis 

and decision support systems are described in Section 2. Section 3 depicts the proposed sentiment analysis 

conceptual paradigm. The experimental results, as well as a comparison to state-of-the-art procedures and 

a discussion, are presented in Section 4. Section 5 will include conclusions and recommendations for future 

work. 

2 Related Work 

Recent developments in sentiment analysis and sentiment computing will be considered 

text data for public opinion on financial markets [25], education [26,27], politics [28], etc. 
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To give just a few examples, various research studies also discuss people's reactions to it. 

Events are spoken on social media in general, especially on Twitter [29]. Event type 

Pandemics [30], protests [31], crime and terrorist attacks [32],  Health-related events [33], natural disasters 

[34], etc. [35,36]. Coronavirus disease 2019 (COVID-19), also known as the coronavirus or COVID, is an 

infectious disease caused by coronavirus 2 and characterized by severe acute respiratory syndrome (SARS-

CoV-2). In India, the immunization campaign to prevent COVID-19 started on January 16, 2021. Oxford-

Covishield AstraZeneca's and Bharat Biotech's Covaxin were two vaccines used in this campaign. The 

study found that while the majority of people have good attitudes concerning vaccinations, there are also 

negative attitudes associated with negative emotions such as sadness and anger [37]. Acceptance of the 

COVID-19 vaccination is vital to the virus's eradication. The main target group for immunization in 

Pakistan is health care workers (HCWs). Their research focused on HCWs' acknowledgment of the COVID-

19 vaccine and indicators of rejection. This is limited to 5,237 responses, but it can be modified to include 

more to increase its effectiveness [38]. The coronavirus disease (COVID-19) epidemic sparked widespread 

debate. Institutions, governments, and individuals can all benefit from understanding these debates as they 

try to navigate the pandemic. Data from Twitter was analyzed using machine learning techniques from the 

field of artificial intelligence.to April 2020, the study examined COVID-19 vaccines related discussions 

[39].  

  By crawling Twitter data with the terms 'Vaccine COVID-19,' Pristiyono et al. [40] do sentiment 

analysis using the Naive Bayes Algorithm. During the week, over 3.4 thousand negative tweets (56%) were 

measured, over 2.4 thousand positive tweets (39%) were measured, and the remaining 301 tweets (1%) 

were neutral. From April to August 2020, Garcia et al. [41] looked at Twitter posts in English and 

Portuguese, primarily from the United States and Brazil, in response to the COVID-19 pandemic. In both 

languages, 10 key subjects relevant to COVID-19 vaccinations were established, with seven topics being 

equivalent. One disadvantage of this method is the keywords used to gather content related to COVID-19. 

Negative vaccine attitudes, as well as concern or refusal to receive immunizations, are significant hurdles 

to properly managing the COVID-19 pandemic in the long run. Saiful Islam et al. [42] examine predictors 

of four aspects of unfavorable vaccine attitudes in a large sample of UK individuals to identify those who 

are most likely to be uncertain about and refuse to receive the COVID-19 vaccine. In all, 14% of 

respondents stated they would refuse to take the COVID-19 vaccine, while 23% said they were undecided. 

In Bangladesh, Garcia et al. [43] investigated local knowledge, attitudes, and opinions concerning COVID-

19 vaccines. The findings point to a lack of understanding but more favorable attitudes of the COVID-19 

immunization among Bangladesh's general populace. Before implementing a mass vaccination program, 

education initiatives should be implemented to increase information and promote quick well-being. 
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Between April 11 and April 16, 2020, 16,000 tweets were analyzed to discover their associated moods and 

emotions. This study looked into the feelings and sentiments associated with terms like "Chinese virus," 

"Wuhan virus," and "Chinese coronavirus." The use of slurs and foul words was common. It explains why 

there has been an uptick in online harassment on Twitter. According to the statistics, a substantial number 

of customers are tweeting with usually negative opinions against ethnic Asians.  

        Vaccines are a useful tool, but they must be used correctly and in conjunction with other evidence-

based public health programs, according to Jerome H. Kim et al., [46]. In addition to constant vaccination 

deployment, a complete preventative program, ongoing work on vaccine optimization, novel vaccines, 

correlates, long-term safety, and continued surveillance will be required. To understand the efficiency of 

herd immunity, systematic implementation of post-licensure research to determine the primary parameters 

surrounding herd immunity and the policies emerging from that information will be required. COVID-19 

vaccinations that are both safe and efficacious were created in about 11 months. Furthermore, new scientific 

questions about vaccinations, such as vaccination regimen optimization, booster doses, correlates of 

protection, vaccine effectiveness, safety, and increased surveillance, need to be solved to improve vaccine 

efficacy. If these post-efficacy actions are accomplished in a timely and coordinated manner, the pandemic 

will be effectively and efficiently ended. 

       The breakthroughs in vaccine research and development, according to Tri Wibawa et al., [47], give our 

societies hope that we will be able to deal with the COVID-19 pandemic. The immediate demand for 

vaccine research speed must be balanced against the inherent necessity for research subject protection, 

which is at the heart of the research ethical dilemma. The ethical difficulties in COVID-19 vaccine research 

and development are identified and discussed in this narrative review, which all stakeholders should be 

aware of and evaluate. 

3 Proposed Model 

This section details the collection of tweets about COVID-19 vaccines during the second wave of the 

coronavirus. The sentiment analysis process in tweets from Pakistan, India, Norway, Sweden, the United 

States, and Canada is also outlined here.  
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Figure 3: Proposed Methodology 

A. Data Set  

The data set [48] used in this study contains tweets from Twitter during the Covid-19's second intake 

for culturally diverse emotion recognition. For solid cross-cultural polarity measurement, six countries were 

chosen from three continents; two from each that share comparative culture. In Asia, India and Pakistan 

were chosen in Europe, Norway, Sweden, North America, Canada, and the United States. These six 

countries were chosen to look into the connection between the polarity shown during the first wave [49] 

and the second wave during the vaccination effort. 

B. Data Collection 

Tweepy, a Twitter Search API, was utilized to obtain the necessary data. We gathered data over time to 

investigate various people groups' viewpoints on COVID-19 immunization progress and the second wave. 

The terms were picked since they were directly relevant to the Covid-19 and have been trending on Twitter 

from the start. 

C. Data Cleaning 

The raw data collection was further processed to remove the emoji from the tweet text and clean it up. we 

extracted emoji from tweet text to help the sentiment analyzer produce correct findings. Emoji are a true 
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depiction of a user's reaction/emotions in any literary composition. After cleansing the data, we needed to 

put together a list of words with semantic significance. For this reason, we fostered a tokenization function. 

All the content in the dataset was changed over into lowercase letters. Presently in this tokenization work, 

we had likewise taken out the stop words. Stop words are essentially the words that happen as often as 

possible in the tweets and have no meaning to the tweet. So we need to dispose of such words.  

Eliminating these words also has the added benefit of speeding up the machine learning models. For the 

time being, our dataset was completely accurate and ready to be processed. Tweet id, date, language, 

cleaned text, emoticon, emotion score, subjectivity, polarity, userid, and country-code were all used to 

categorize each tweet. In the most recent informational gathering, there were 801,692 tweets from six 

countries. Table 1 shows the distribution of tweets by country. 

Table 1. Country-wise tweets distribution 

 
 

D. Tokenization & POS Tagging 

Python's NLTK library includes a powerful sentence tokenizer and POS tagger. Python has a local tokenizer, 

the .splitx() function, which you can pass a separator and it will part the string that the function is 

approached on that separately. The NLTK tokenizer is stronger. It tokenizes a sentence into words and 

punctuation as shown in Figure 4. 

 

Figure 4: Python code for Tokenization 

 

It will tokenize the sentence “Do you like this car?” as follows: 

[‘Do’, ‘you’, ‘like’, ‘this’, ‘car’, ‘?’] 

E. Classification Models 

Figure 4 depicts the suggested categorization framework's abstract model. Long Short-Term Memory 

(LSTM) Networks [53], CNN and DNNs are used by all three classifiers (A, B, and C). 

Table 2 shows the F1 and the precision scores on the test set - 10% of the dataset involving 160,000 tweets 

similarly partitioned into positive and negative polarities. The table presents the already best-announced 

precision and F1 score on the dataset, as reported in [54]. The model proposed in this article gives FastText 
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outflanks any remaining models, including beforehand best-detailed precision. Accordingly, we pick this 

model as our first stage classifier to arrange tweets in certain and negative polarities 

Table 2.  Scores Accuracy 

 

Our proposed model is written in Python, which is a very flexible language with a rich library ecosystem.  

 

Figure 5. Python Execution 

DNN (Deep Neural Network): The simplest sort of neural network is the DNN. It's a layered structure with 

an activation function that links all neurons on one layer to all neurons on the next. Although linked deep 

neural networks excel at processing text and other short sequences, their performance diminishes as the 

sequences grow longer. LSTM deep neural networks process current input while simultaneously 

maintaining prior states generated by earlier inputs to deal with lengthy sequences. LSTM can understand 

the word setting and hence outperforms DNN and other networks when processing extended sequences due 

to its capacity to remember earlier states. 

Convolution Neural Network: In a CNN deep neural network, convolution and pooling are two important 

functions. To create a feature map that may be utilized for classification, the convolution method is applied 

to an input text or image with many channels of varied sizes. The pooling activity is sliding a two-

dimensional filter across each channel of the convoluted feature guide, to sum up, features laying in sub-

regions of the picture or text. CNN is more suited to image processing in general, although it has recently 

shown enough promise in sequence processing as well. The classifier A is trained using LSTM with pre-

trained FastText [55] embedding on Sentximent140 [56], which comprises a total of 1.4 million tweets that 

are evenly transmitted between positive and negative sentiment polarity. Table 2 shows the findings of 
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various models on the Sentiment140 data set. The model based on LSTM and pre-trained FastText 

outperforms all other models. Figure 6 shows a summary of the LSTM + FastText model. 

 

Figure 6: Abstract model for tweet classification. 

 

F. Decision Support System 

The decision issues are generally mind-boggling as they include the evaluation of items characterized by a 

few clashing rules [59, 60]. The proposed DSS makes the decision process more explicit, judicious, and 

efficient. The proposed model utilized the force of angle-based sentiment analysis frameworks as client 

inclinations to expand the decision force of decision support system DSS module utility functions to change 

the upsides of the domain credits into numerical values that address the client's level of satisfaction, taking 

into account his/her inclinations. We have considered one attribute i.e., percentage. On account of percentile 

attribute, it doesn’t bother with any transformation, as they are now numbers. LSTM has the following 

features: 

i. Long short-term memory is a type of RNN architecture that is mostly utilized for NLP.  

ii. LSTM prioritizes feedback connections over feedforward connections, as opposed to normal 

feedforward neural networks. It analyses individual data points as well as data sequences as a whole.  

iii. The embedding layer is the first layer, and 150 is the vocabulary size. After this, an LSTM layer 

was added with 128 units, afterwards, we add a dropout layer with dropping the 60% neurons. The 

LSTM and dropout layers were repeated three times. Lastly, a fully connected layer with three 

neurons with the activation function 'softmax' for predicting multiclass was added in the last layer.  

iv. Categorical cross-entropy is the loss function used, and 'Adam' is the optimizer used, and we used 

5 epochs to train our model. 

     The DSS model helps in decision-making using combining sentiment analysis for aspects with rules 

mined from LSTM + FastText. To implement this method, we consider five primary steps as we can see in 
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Figure 5. First, the input is given as total tweets, total negative, positive and neutral were extracted. Second, 

their percentage is calculated for each country concerning each vaccine. Next, we will get the user 

satisfaction degree for each vaccine. Finally, we will compare the percentage and consider the highest. The 

results of the experiments prove the efficiency of our proposal regarding the accuracy and gained 

information. Using the below equation, consider Percentage as P, Total Tweets as TT, Positive Tweets as 

PT, Extracted Tweets as ET, Negative Tweets as NT, Neutral Tweets as NeT. 

 

𝑷𝟏 = 𝑷𝒕 ∗
𝟏𝟎𝟎

𝑻𝒕
        (1) 

 

𝑷𝟐 = 𝑵𝒕 ∗
𝟏𝟎𝟎

𝑻𝒕
        (2) 

 

𝑷𝟑 = 𝑵𝒆𝒕 ∗
𝟏𝟎𝟎

𝑻𝒕
      (3) 

 

 

Figure 7: Algorithm of the proposed DSS model 

4 Results and Discussion 

All six countries are seeing an increase in the number of tweets about certain vaccines. Sentiment analysis 

of tweets directed at vaccination brands is shown in the tables below. From left to right, the names of 

vaccine brands, the number of tweets about the associated brand, the number of favorable, neutral, and 

negative among all tweets of this brand, and a comparison of sentiments toward different vaccinations are 

listed in the columns. Figure 8 depicts vaccination brands from several countries, along with doses and 

storage times. 
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Figure 8: Comparison of different vaccine brands [33] 

 

        In Table 3. Sweden, we can see that the Pfizer brand has the highest number of tweets which is 1182 

where the positive, negative, and neutral tweets are 701, 258, and 223 respectively. On the other hand, 

Novavax has 96 total tweets where 74 are positive 10 are neutral and 12 are negative. In Table 3, our 

decision support system shows the highest positive percentage of this brand, but we will also consider the 

total tweets ratio because people have reacted to Pfizer lesser than Novavax. 

 

Table 3. Sweden 

,  

 

Table 4. Experimental results of DSS for Sweden 
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So, in Table 4. Experimental results of DSS for Sweden, positive sentiments about the Pfizer vaccine with 

the help of DSS is 59% positive and 12% negative rate. Most of the sentiments towards it were positive 

showing that people accept it more than other brands. Public about AstraZeneca also showed satisfactory 

sentiments having 63% positive sentiments and 7% negative sentiments. So, the healthcare authorities may 

consider both of them in Sweden. 

Table 5. Pakistan 

 

 

Table 6. Experimental results of DSS for Pakistan 

     

In Table 5. Pakistan we can see most people have tweeted about AstraZeneca in Pakistan. In Table 6, our 

Decision Support System shows a higher response of sentiments about AstraZeneca having 83% acceptance. 

The positive tweets towards it were highest showing that people prefer it more than other brands in Pakistan. 

SputnikV and Sinopharm have the highest percentages (approximately 93 percent and 94 percent, 
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respectively). But the total number of tweets was very smaller compared to AstraZeneca, so we can’t 

consider these. 

Table 7. Norway 

    

 

Table 8. Experimental results of DSS for Norway 

   

 

In Table 7, the public of Norway has tweeted most towards Pfizer having 52% positivity and 20% negativity 

and the remaining was neutral. As Pfizer has most positive sentiments than any other vaccine brand but on 

the other hand, we can also see that Pfizer has the highest negative sentiments as compared to others. But 

this ratio is very small for the 4535 tweets. Table 8 shows Sinopharm has the highest positive percentage 

but the tweets are very small in number same goes for the CureVac vaccine brand which has a 61% 

positivity ratio having a total of 9 tweets. So, we can’t consider these two brands of the vaccine because the 

tweets are very less in number as compared to Pfizer.    

Table 9. USA 
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Table 10. Experimental results of DSS in the USA 

 

 

In Table 9, people have tweeted the highest about Pfizer in the US country which is 444535. This is high 

in number as compared to other brands. In Table 10, we can observe that Pfizer has a 99% positivity ratio 

and a 0.6% negativity ratio, which is not a thing for a very high number of tweets. Johnson & Johnson has 

the 2nd highest number of tweets i.e., 42177 with 98% positivity and 0.1% negativity ratio respectively. So, 

from both tables, it can be concluded that both Pfizer and Johnson & Johnson can be considered because 

the public believes these two vaccines generally are safe to use. 

 

Table 11. Canada 

 

 

Table 12. Experimental results of DSS for Canada 
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Analyzing Table 11 and Table 12, Canadian people preferred AstraZeneca to have a 71666 total number of 

tweets which has a 99% positive ratio. Despite this, Canadians are eager to discuss immunization. The 

majority of Canadians have had no bad responses to vaccination and believe in it. As a result, citizens are 

concerned about government vaccination allotment, with the AstraZeneca brand receiving 99 percent 

approval and 0.2 percent rejection. 

Table 13. India 

 

 

 

Table 14. Experimental results of DSS for India 

 

 

Table 13 shows Indian people are very positive about the AstraZeneca vaccine brand. Due to the new variant 

of the coronavirus, people begin to express positive and negative emotions. AstraZeneca has the lowest 

negative tweets which means that it is accepted most among the other brands and the public is showing 

positive emotions towards it.  We can also see that negative tweet toward Sinovac is the highest in number, 

having a 35% negativity ratio which is high among other vaccine brands. 

     This research offers a far-reaching assessment of mentalities toward COVID-19 vaccination with the 

help of DSS, especially the job of vaccine credits, potential strategy mediations, and deception. A few past 

investigations have broken down the impacts of vaccination qualities on the ability to inoculate, yet the 

methodology is to measure readiness to acknowledge a nonexclusive COVID-19 vaccine.  



            

Page No.                                                                                                                                     Fujeas, Vol.1, Issue. 1 

      Several volumes of research show, nevertheless, that vaccine preference relies on explicit immunization 

attributes [57,58]. Ongoing exploration thinking about the impact of traits like adequacy, side effects, and 

country of origin move toward seeing what properties mean for people's aims to vaccinate, however, proof 

about the qualities of real vaccines, banters about how to advance vaccination inside the populace, and 

inquiries regarding the impact of deception have moved rapidly. On the theoretical side, we plan to make 

the system multi-lingual, so that it can analyze reviews in other languages. 

5 Conclusion 

We looked at people's comments on Twitter during the recent Coronavirus outbreak to determine how they 

felt about the COVID-19 vaccine. Using DSS, we examined individual attitudes toward COVID-19 

vaccination brands in various regions using a dataset of tweets. It was possible to conduct both qualitative 

and quantitative analysis. Public attitudes towards vaccines have greatly improved as a result of the rapid 

expansion of immunization in many countries, but a significant number of people are still opposed to them. 

It may be possible to improve the accuracy of the proposed model by using text processing techniques such 

as unique transformers and attention-based approaches. The use of contextual word embedding techniques 

like BERT, Elmo, and others should have been evaluated for their applicability to sentiment and emotion 

analysis in social media writing. Our study focused on tweets, but other social media sites like Facebook, 

Instagram, and others may also be investigated to find out more about people's opinions on COVID-19 and 

its inoculation cycle. According to the old saying, "a picture is worth a thousand words." With an updated 

expert system, processing photographs for extracting individuals' attitudes and feelings could be considered 

another aspect of this study in the future. 
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