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Common social media platforms like Twitter are important as up-to-date information sources for several monitoring 

purposes, including instant public health monitoring. In this sense, large volumes of health-related social media posts 

(such as tweets on the COVID-19 pandemic) have been produced recently, and are ready to be analyzed to facilitate health-

related decision making. In this paper, joint stance detection and sentiment analysis on tweets about the COVID-19 

vaccination was performed, in order to showcase the contribution of different machine learning and deep learning 

techniques equipped with data augmentation. Training and test tweet datasets are compiled and annotated for both stance 

and sentiment analysis and next, the training dataset is extended using an automatic data augmentation technique to increase 

its size. Experiments with different classifiers are performed for automated stance and sentiment analyses, using this 

extended dataset during training. The data augmentation technique adopted in this study to cope with data scarcity problems 

in machine learning research leads to better performance rates in this domain of health-related social media analysis. 

Comparative evaluations are also performed using a publicly-available sentiment analysis tool. The extended dataset and the 

test dataset, along with the approaches, and evaluation results are significant for health informatics, because, they facilitate 

joint estimation of instant community stance and sentiment towards COVID-19 vaccination which has been an important 

public health concern. Therefore, public health decision-makers can extensively and readily benefit from the findings and 
resources of the current study. 
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Introduction 

Public health monitoring and surveillance are 

usually performed with electronic health records of 

hospitals, as these records are formal sources of health 

information. Surveys have also been used commonly 

to collect common health-related data. But, 

conducting surveys is a labor-intensive and requires 

considerable time to obtain the results. Analyzing 

social media posts is another plausible choice, which 

enables automatic collection and monitoring of 

health-related data.
1
 But this analysis should be 

conducted cautiously to avoid misinformation and 

disinformation that can quickly spread via social 

media.
2
 

Especially after the global COVID-19 pandemic, 

many studies target COVID-19-related social media 

posts. For instance, some studies publish large 

datasets including COVID-19-related posts.
3,4

 By 

analyzing these texts, researchers aim to extract the 

opinions of the populations about the pandemic and 

other related topics.
5
 These related topics include 

COVID-19 vaccines and drugs, using face masks, in 

addition to lockdowns and quarantines to prevent the 

spread of the disease. 

Some studies perform sentiment analysis and 

emotion recognition on the collected COVID-19 
related social media texts. Generally, sentiment 
analysis (opinion mining) aims to classify input text 
as positive, negative, or none.

6,7
 In emotion 

recognition, the emotion expressed in the text is 
explored, like joy, fear, sadness, anger, etc.

8
 Other 

related studies perform stance analysis (stance 
detection) towards controversial issues (vaccination, 
quarantines, etc.) related to the pandemic. In stance 
detection, the position (as favor, against, and none 
(or, neither)) of the text author towards a particular 
target or a set of targets is determined.

9,10
 

This study aims to apply joint stance detection and 
sentiment analysis on tweets about COVID-19 
vaccination, to showcase the contribution of different 
machine learning techniques equipped with data 
augmentation, to extract affective information from 
health-related social media posts automatically.  

Current study started by downloading a tweet 

dataset about this target topic and annotating the 
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dataset with sentiment and stance labels, COVID-19 

vaccination being the stance target. A back-

translation based data augmentation technique was 

used in this study to double the size of the annotated 

dataset automatically. Finally, both stance detection 

and sentiment analysis was performed using SVM and 

logistic regression models in addition to bagging and 

random forest algorithms, where the latter two are 

ensemble models. The performance of a deep learning 

model, namely Long Short-Term Memory (LSTM) 

was tested. The performance rates of these machine 

and deep learning models were presented and the 

sentiment analysis results of this study were compared 

with the results of a publicly-available sentiment 

analyzer for social media.  

The main contributions of this paper are as below: 

1) Social media analysis for health-related 
information extraction is an important research 

topic. Related research results may have practical 
contributions to the decision-making procedures 
during pandemics such as the current one. The 
topic of this paper, namely COVID-19 
vaccination, is a controversial public health issue. 
Applying stance detection and sentiment analysis 

on social media posts about COVID-19 
vaccination may contribute to a better 
understanding of the concerns and attitudes of 
people related to this recent and important public 
health issue by public health professionals. 

2) Stance detection and sentiment analysis are 

important and popular problems of natural 
language processing, particularly on social media. 
These significant social media analysis techniques 
can readily be used to discover or estimate the 
public opinions and positions/stances of citizens, 
which can be analyzed for improved public health 

decision-making. 
3) Data scarcity is the lack of (mostly annotated) 

data to be used by learning algorithms, and data 
augmentation is an important attempt to cope 
with data scarcity. It is increasingly used in 
several research domains related to natural 

language, speech, and image processing. This 
study used a translation-based data augmentation 
technique, called back-translation, to automatically 
extend the initial annotated tweet dataset. 

4) This study have employed and tested four 

machine learning models and a deep learning 

model during experiments. The performance of 

these models was compared and the results were 

discussed. For the sentiment analysis task, the 

performance of a publicly available sentiment 

analyzer was tested and its results were compared 

with that of the five learning models used. 

5) Although sentiment analysis is well-studied, 

stance detection is a new research area, especially 

for low-resource languages like Turkish. This 

study is significant for its jointly performing 

sentiment analysis and stance detection on health-

related social media posts. Another contribution 

of the study is its creation of linguistic resources 

for Turkish since related resources for the Turkish 

language are still limited compared to languages 

like English, Spanish etc. The training and test 

datasets in Turkish that are annotated for stance 

and sentiment analysis can help increase the 

breadth and depth of related future studies. 
 

Related Work  

Beginning with the outbreak of the COVID-19 

pandemic, several related social media analysis 

studies have been performed. An important share of 

these studies is on datasets of social media posts 

related to COVID-19. Monolingual or multilingual 

tweet datasets about the COVID-19 pandemic are 

described in several studies.
3,4,11,12

 

Apart from the studies that present COVID-19-

related datasets, there are recent studies on sentiment, 

stance, and/or emotion analysis on COVID-19-related 

social media posts, such as the recent relevant study.
13

 

Since the current paper focuses on sentiment and 

stance analysis towards COVID-19 vaccination, these 

studies are particularly considered and reviewed in the 

rest of this section. 

Sentiment analysis results on Twitter and Facebook 

posts on COVID-19 vaccines (from the UK and US) 

are presented in related studies where sentiment 

analysis is performed using BERT (Bidirectional 

Encoder Representations from Transformers) 

language model.
5,14

 A project that aims to monitor 

Twitter and Facebook posts related to COVID-19 

vaccines in Italy is described.
15

 The concept drift 

problem in machine learning algorithms to determine 

vaccine sentiment during the pandemic is addressed.
16

 

A sentiment analysis approach on COVID-19-related 

tweets using BERT is described.
17

 Topic modeling, 

sentiment and emotion analysis are performed to 

detect public perceptions of Twitter users towards 

COVID-19 vaccines.
18

 English and Italian tweets on 

COVID-19 vaccines are analyzed to determine 

community perceptions of COVID-19 vaccine 

campaigns.
19
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The focus of another related study is rumor stance 

detection on tweets about COVID-19 to determine the 

spread of misinformation on Twitter.
20

 Rumor stance 

detection is a problem related to two issues: stance 

detection and rumor detection. Given a piece of text 

and a rumor as input, the position in the input text 

towards the input rumor is expected at the end of the 

rumor stance detection procedure.
9
 Therefore, the 

rumor classes (endorse, deny, question, and neutral) 

usually differ from the generic stance classes.
20

 

The sentiments of Australian Twitter users towards 
COVID-19 vaccination are analyzed, in addition to 
topic modeling and emotion analysis on the same 
tweet dataset.

21
 Sentiment analysis and topic 

modeling are applied to tweets about COVID-19 

vaccines in another related study.
22

 Social media 
analysis is utilized to determine the attitudes and 
behaviors of people related to COVID-19 vaccine 
trials.

23
 A tweet analysis process is performed to 

determine the opinions and sentiments of the Japanese 
population towards COVID-19 vaccination.

24
 Another 

related study aims to determine the evolution of 
Twitter threads regarding influenza vaccination 
during the pandemic.

25
 The authors of a related work 

perform k-means clustering during opinion mining on 
Twitter about COVID-19 vaccination.

26
 Topic 

modeling is used to characterize tweets regarding 

COVID-19 vaccines in the US.
27

 Similarly, sentiment 
analysis is applied to tweets from the US about the 
COVID-19 vaccines in several studies.

28,29
 

A systematic review of studies concerning public 
attitudes on social media platforms towards COVID-
19 vaccination has recently been presented.

30
 It is 

concluded that Twitter is used as the social media 
source in a vast percentage of the related studies and 
that social media can be a critical means to prevent 
related public health issues such as vaccine 
hesitancy.

30
 Another related literature survey covers 

those studies that perform sentiment, emotion, and 

stance analysis on tweets about COVID-19 
vaccination.

31
 It is similarly emphasized that the 

findings of the relevant papers can help health-related 
policymakers improve public health during 
pandemics.

31
 

Different traditional machine learning algorithms 

are evaluated for sentiment analysis on tweets about 
COVID-19 vaccines.

32
 Linear SVC (a support vector 

classification model) with features based on TF-IDF 
is reported to be the best-performing learning model 
for determining sentiment (positive, negative, neutral) 
on this dataset.

32
 

Tweets published in India about the side effects of 

COVID-19 vaccines are collected and the sentiments 

of the tweet producers are determined using the 

TextBlob sentiment analyzer.
33

 The results reveal that 

more than 78% of the tweets are either positive or 

neutral, which can be considered a favorable outcome 

to address related issues such as vaccine hesitancy in 

India.
33

 

Tweets about COVID-19 vaccines are analyzed for 

sentiment using the publicly-available VADER rule-

based sentiment analysis tool.
34,35

 Almost 47% of the 

tweets are classified as positive or highly positive, 

24% as negative or highly negative, and 29% as 

neutral. While the tweets with positive sentiments are 

more about getting vaccination, those with negative 

sentiments are mostly on vaccine hesitancy and its 

side effects.
35

 Sentiment analysis is applied to a 

Kaggle dataset of tweets about COVID-19 

vaccination from different countries, again with the 

VADER sentiment analyzer.
36

 The results of this 

study indicate that positive sentiment is more 

prevalent in the analyzed tweets than neutral and 

negative sentiments.
36

 

To sum up, there are recent papers regarding 

(commonly) sentiment analysis and (rarely) stance 

detection of social media posts about COVID-19 

vaccination/vaccines. Most of the related work is 

performed on Twitter, and targeting a single text 

analytics problem at a time (such as sentiment 

analysis), only. 

The current study contributes to the related work 

with the compiled health-related datasets comprising 

stance and sentiment-annotated tweets, by jointly 

performing sentiment analysis and stance detection 

using different machine learning models, and by 

employing a plausible data augmentation technique to 

deal with the data scarcity problem that leads to 

improved performance rates for both problems. 

 

Approaches and Datasets 

Proposed Approach 

The flowchart demonstrating the approach for data 

augmentation and subsequent stance and sentiment 

analysis experiments on tweets about COVID-19 

vaccination is given in Fig. 1. 

Since the details of the phases given in this 

flowchart are included in the upcoming subsections of 

the paper, a summary of the overall procedure is 

given as follows:  
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 This study started by downloading tweets using 

the Twitter API, and then applying data cleaning 

to filter out duplicate tweets, tweets in other 

languages, and retweets. The first part of the data 

collection phase includes the annotation of 600 

tweets (training dataset) using stance and 

sentiment labels. This study performed stance and 

sentiment experiments using a special set of 

machine learning models on this initial dataset 

with 10-fold cross-validation.  

 Then, data augmentation technique based on 

back-translation was applied to automatically 

double the size of this annotated dataset and 

obtain the augmented dataset. Similarly, machine 

learning experiments were carried on the 

augmented dataset with 10-fold cross-validation. 

 On the other hand, similarly another dataset of 

300 tweets about COVID-19 vaccination was 

compiled, cleaned, and annotated, to be used as 

an independent test dataset. The learning models 

were tested on this new test dataset after training. 

 The commonly available VADER sentiment 

analyzer was also evaluated on the test dataset, to 

compare its performance with the sentiment 

analysis performance of the learning models 

employed.  

 Finally evaluation results of this study were 

compared under these different settings and the 

obtained findings were discussed. 
 

Initial Tweet Dataset on COVID-19 Vaccination 

First 600 tweets in Turkish on COVID-19 

vaccination were collected through the Twitter API 

(https://developer.twitter.com/en/docs/twitter-api/tweets/ 

search/introduction) where Tweepy (https://www. 

tweepy.org/) open-source Python library is utilized to 

access the API. To ensure the balance of opinions, 

each of the two halves (300 tweets each) of the tweets 

belongs to different dates. There is a period of more 

than six months between the dates of the two halves 

of the dataset.  

The word cloud of the tweets in this initial dataset 
based on highly-frequent words in the tweets is 
provided in Fig. 2. 

The most frequent (top-3) words in the dataset are 
―aşı‖ (meaning ―vaccine‖), ―saglikbakanligi‖ 
(hashtag-like use of ―SağlıkBakanlığı‖ (meaning 
―Ministry of Health‖), and ―drfahrettinkoca‖ (Twitter 
username of Turkish Minister of Health). 

These tweets are first annotated with stance classes 
(favor, against, and none) using COVID-19 vaccines 
as the stance target. Then, they are also annotated 
with the sentiment class labels of positive, negative, 
and none. Regarding stance; 259 tweets are marked as 
favor, 245 as against, and 96 as none. In terms of 
sentiment; 44 tweets are marked as positive, 285 as 
negative, and 271 as none.  

The distribution of these class labels for sentiment 
analysis and stance detection/classification is also 
shown in Fig. 3. This preliminary work presents the 
dataset of this study and some machine learning tests 
were carried out on this dataset.

37
 

The annotations are carried out following the 

stance and sentiment annotation guidelines.
10

 

Considering the result of stance annotations, the 

numbers of tweets marked as favor and against are 

 
 

Fig. 1 — The flowchart of the proposed approach 
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almost equal, and are more frequent than those tweets 

marked as none. 
 

Yet, with respect to sentiment annotations on the 

dataset, the numbers of tweets marked as negative or 

as none are more frequent and quite close to each 

other while the number of tweets marked as positive is 

very low. This lack of positive opinions in the  

dataset can be attributed to the controversial nature of 

the ―COVID-19 vaccination‖ topic: when using 

Twitter, both the proponents and the opponents of 

vaccination avoid a positive attitude when publishing 

their ideas on vaccines, through social media 

platforms. 
 

Data Augmentation 

Data augmentation techniques are used to 

automatically increase the annotated instances in 

datasets (to be used by learning algorithms). That is, 

data augmentation can help address the data scarcity 

problem in machine learning and deep learning 

research. 

Data augmentation techniques include two-phase 

translation of sentences to obtain paraphrased 

sentences.
38

 For example, a sentence in English is first 

translated into French and then back to English.
38

  

This data augmentation technique is also known as 

back-translation and a concrete example is shown in 

Fig. 4. 

Other basic techniques, such as random swap and 

synonym replacement, are used for text classification 

tasks.
39

 Data augmentation has also been employed to 

improve sentiment analysis as well as stance 

detection.
40,41

 

To extend the initial dataset of this study described 

previously, the machine translation-based data 

augmentation technique (as also demonstrated in  

Fig. 4) was used.
39

 All of the tweets in the  

dataset were translated into English, and then back 

into Turkish, using Google Translate (https:// 

translate.google.com/) as the machine translation tool. 

At the end of this process, an annotated dataset of 

 
 

Fig. 3 — The distribution of stance and sentiment class labels in 

the first dataset 
 

 
 

Fig. 4 — An example showcasing the back-translation data 

augmentation technique (https://amitness.com/2020/02/back-

translation-in-googlesheets/) 
 

 
 

Fig. 2 — Word cloud of the first tweet dataset 

 

https://amitness.com/2020/02/back-translation-in-googlesheets/
https://amitness.com/2020/02/back-translation-in-googlesheets/
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1,200 tweets were obtained, where 600 new items are 

paraphrased (translated and then back-translated) 

versions of the original 600 tweets. 
 

Second Tweet Dataset on COVID-19 Vaccination 

In order to employ it during experiments as an 

independent test dataset, another brand-new tweet 

dataset on COVID-19 vaccination was compiled and 

annotated. This test dataset includes 300 tweets 

(published on a different date) and the word cloud of 

these tweets is displayed in Fig. 5. The most common 

three words in this test dataset are ―aşı‖ (meaning 

―vaccine‖), ―zorunlu‖ (meaning ―compulsory‖), and 

―yok‖ (meaning ―does not exist‖).  

This second dataset is also annotated with stance 

and sentiment classes, and at the end of the annotation 

process, there are 108 tweets marked as favor, 121 

labeled as against, and 71 labeled as none (in terms of 

stance). There are 32 tweets marked as positive, 167 

marked as negative, and 101 marked as none (in terms 

of sentiment). The percentages of the class labels in 

this second dataset are displayed in Fig. 6. 

Similar to the previous observation on the extended 

dataset, the number of tweets with positive sentiment 

is also relatively low in this dataset. Again, after 

examining the tweets in this dataset, it can be claimed 

that both the proponents and the opponents of 

COVID-19 vaccination tend to use negative or neutral 

language instead of positive one. 
 

Evaluation Results 
 

Metrics 

Precision, Recall, and F-score (also known as  

F1-score or F-measure) are among the most common 

evaluation metrics used in sentiment analysis and 

stance detection studies. The formulae used to 

calculate Precision, Recall, and eventually (their 

harmonic mean) F-score are provided below. Due to 

its widespread employment in the related literature as 

a single metric calculated from precision and recall, 

the F-score metric was utilized during the stance and 

sentiment analysis experiments. 
 

Precision  % =  
True Positives

True Positives + False Positives
×  100 

Recall  % =  
True Positives

True Positives + False Negatives
 ×  100 

 

F − Score  % =  
2 x Precision x Recall

Precision + Recall 
 ×  100 

 

Employed Learning Approaches 

The following five machine learning algorithms 

were used during the stance and sentiment analysis 

experiments on the health-related tweet datasets 

compiled and extended (all from the Weka learning 

toolkit):
42

 

 Bagging belongs to the category of ensemble 

learners which utilize more than one classifier 

and combine the results of these classifiers to 

produce a better output. Although it uses more 

than one classifier, all of the classifiers belong to 

 
 

Fig. 5 — Word cloud of the second tweet dataset 

 
 

Fig. 6 — The distribution of stance and sentiment class labels in 

the second dataset 
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the same category in the bagging ensemble 

classifier, and in this case, bagging uses a 

decision tree classifier. Hence, this ensemble 

classifier is also referred to as bagged decision 

trees in the related literature. 

 Logistic Regression is referred to as a statistical 

classification model that can be used to predict a 

categorial outcome, which has been reported 

achieve high performance for text processing 

tasks including stance detection.
9
 Logistic 

regression differs from linear regression which 

predicts a continuous outcome, as the former one 

is a supervised classification model that outputs 

categorial labels. 

 SVM is a traditional machine learning algorithm 

based on the concept of optimized hyperplane 

separation and it has widespread use in different 

application domains including various text 

analysis tasks such as stance detection and 

sentiment analysis. During the experiments, 

polynomial kernel is used by the employed SVM 

implementation. 

 Random Forest is another ensemble learning model, 

similar to the bagging model described above. 

Random forest also aggregates the results of 

individual decision tree classifiers in order to output 

the final class labels. It differs from bagged decision 

trees mainly in that random subsets of data and 

attributes are used to determine the split points of 

the underlying decision trees. 

 LSTM is a neural network-based deep learning 

model and is an instance of recurrent neural 

networks (RNNs).
43

 LSTMs are known to learn 

long-range patterns successfully, as an advantage 

over RNNs. LSTMs have been applied to 

different natural language processing tasks and 

hence, the current settings have employed the 

LSTM model for stance and sentiment analysis by 

using the WekaDeeplearning4j package installed 

on Weka learning toolkit.
44

 

Stance and Sentiment Analysis Experiments 

In the preliminary work, stance and sentiment 

analysis was performed using SVM and random forest 

classifiers.
37

 Unigrams, the existence of hashtags, and 

the existence of emoticons were used as the features 

of these classifiers. Tests were conducted by 

performing 10-fold cross-validation on the initial 

dataset (of 600 tweets) only. The performance rates of 

SVM classifiers were reported to be higher than that 

of random forest classifiers.
37

 
As pointed out in the previous sections, extending 

this initial dataset by data augmentation, compiling 
and annotating another tweet dataset for testing 
purposes, and performing experiments with three new 
learning models (bagging, logistic regression, and 
LSTM) are among the novel aspects of the current 
paper. Another novel aspect is using sentiment classes 
as an additional feature during stance analysis, and 
similarly, using stance classes as an additional feature 
during sentiment analysis. 

This study performed various stance and sentiment 
analysis experiments using the five classifiers 
described in the previous subsection, under different 
settings. The experiments are carried on a MacOS 
computer with 8GB of RAM and an ARM-based M1 
chip, using the Weka learning toolkit (version 
3.8.6).

(42)
 

First of all, the stance and sentiment analysis 
performance rates of the five classifiers were obtained 
on the initial and augmented (extended) datasets, 
using 10-fold cross validation as demonstrated in 
Table 1. 

In Table 1, the highest F-scores are shown in 
boldface. It can be observed from these experimental 
results on the initial dataset that SVM surpasses the 
other classifiers in F-score for the stance detection 
task; however, the performance rates of SVM, 
bagging, LSTM, and logistic regression are close to 
each other for the sentiment analysis task where 
logistic regression classifier slightly surpasses the 
other four classifiers. LSTM model and bagged 
decision tree (bagging) classifier both achieve a very 
close F-score rate. Although the performance rates of 

Table 1 — Evaluation results of sentiment and stance analysis classifiers on the initial and augmented health-related tweet datasets (with 

10-fold cross-validation and in F-score) 

 

 

Classifier 

Initial Dataset 

(600 tweets) 

Extended Dataset 

(1,200 tweets) 

Stance Analysis Sentiment Analysis Stance Analysis SentimentAnalysis 

Bagging 54.6% 62.0% 61.8% 67.0% 

Logistic Regression 51.4% 62.7% 56.7% 66.0% 

SVM 61.5% 61.2% 89.3% 88.3% 

Random Forest 57.6% 50.0% 86.6% 76.5% 

LSTM 55.9% 62.0% 60.5% 71.9% 
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random forest correspond to the second-best results 
for the stance detection problem, random forest falls 
short of the other models for the sentiment analysis 
task on the initial dataset. 

The results in Table 1 also reveal that logistic 

regression consistently performs poorly for the stance 

detection task, and similarly, random forest performs 

poorly for the sentiment analysis task in the settings 

where health-related tweets are considered. Hence, the 

results suggest that the remaining classifiers seem more 

viable in a practical decision support system for public 

health surveillance where community stance and 

sentiment are monitored through social media posts. 

In the second experimental settings, the second 

(separate) dataset of 300 tweets was used as the test 

set, and use the initial and extended datasets as 

training datasets, respectively, to observe the 

contribution of the data augmentation procedure to 

stance and sentiment analysis tasks on health-related 

tweets. The corresponding evaluation results in  

F-score are presented in Table 2 and the best 

performance rates are highlighted. 

The results in Table 2 demonstrate that better 

sentiment and stance analysis results were obtained by 

automatically extending the training dataset through data 

augmentation. SVM classifier is the top performer for 

stance detection and gains more than 2% improvement 

in F-score through data augmentation for both problems.  

This finding is in line with related work as it has 

also been reported in related surveys that SVM 

classifiers usually achieve favorable results for the 

stance detection problem.
9
 

There are many high-impact stance detection studies 

in the related literature reporting that an SVM-based 

model surpasses many other learning models used for 

comparison.
10

 For instance, SVM classifiers for stance 

detection attains F-scores ranging from 42.4% to 66.4% 

for different stance targets given in a benchmark tweet 

dataset.
10,45

 

On the other hand, similar to the findings in  

Table 1, the logistic regression classifier surpasses the 

other classifiers for the sentiment analysis task, 

although its performance improvement through data 

augmentation falls behind the other classifiers for 

both tasks.  

As elaborated above, according to the results given 

in Table 2, SVM is the best performing model for the 

stance detection task and logistic regression is the best 

performer for the sentiment analysis task, under test 

settings of this study. Yet, it should also be noted  

that the corresponding F-score rates of these 

classifiers suggest that (as part of future work)  

further performance improvements are necessary  

before employing these two classifiers in real-time 

settings. 

Although random forest is the classifier that 

benefits from data augmentation the most, its overall 

performance is poor for both problems. For all cases, 

the F-score rates of the random forest classifier are all 

below 50% while the other tree-based ensemble 

classifier, bagging, achieves the second-best results 

for both problems on the test dataset (with the 

exception of the last column in Table 2 where LSTM 

attains the second-best result), and significantly 

benefits from the data augmentation technique. 

Particularly for sentiment analysis, bagging achieves 

performance rates very close to that of logistic 

regression. 

The performance of the deep learning model 

(LSTM) is promising in general for all four settings 

given in Table 2. LSTM performs better for the 

sentiment analysis task as it achieves the second-best 

F-score for sentiment analysis on the test dataset after 

being trained on the automatically extended training 

dataset. However, LSTM is not the top-performer for 

any of the experimental settings. This observation 

could be attributed to the scarcity of annotated data 

for this deep learning model, although it has extended 

the size of the initial annotated dataset automatically 

through data augmentation. Hence, it is believed that 

further experiments on larger extended datasets could 

be performed to better analyze the performance of 

Table 2 — Evaluation results of classifiers for sentiment and stance analysis on the second health-related tweet dataset, using initial and 

extended datasets for training (in F-score) 

 

 

Classifier 

Initial Dataset (training) 

Second Dataset (testing) 

Extended Dataset (training) 

Second Dataset (testing)  

Stance Analysis Sentiment Analysis Stance Analysis Sentiment Analysis 

Bagging 44.7% 57.5% 50.4% 59.0% 

Logistic Regression 44.5% 59.7% 45.8% 59.8% 

SVM 51.1% 55.2% 53.0% 57.7% 

Random Forest 40.1% 35.1% 45.8% 47.7% 

LSTM 43.5% 57.0% 48.7% 59.1% 
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deep learning models in the problem settings of  

this study. 

As mentioned previously, it should be noted that in 

a high-impact stance and sentiment analysis study on 

English tweets, it is reported that an SVM-based 

classifier achieves stance detection performance rates 

ranging from 42.4% to 66.4% in F-score for different 

stance targets, and sentiment analysis performance 

ranging from 72.6% to 80.7% in F-score.
10

 The results 

are in line with this previous study in the sense that 

stance detection results are consistently lower when 

compared to sentiment analysis results and that  

SVM is a viable classifier for both tasks. Polynomial 

kernel is used in the SVM experiments, yet, there is a 

plan to perform hyperparameter tuning to improve  

the performance of this SVM classifiers, as part of 

future work. 
 

Comparison 

For comparison purposes, VADER, a publicly-

available sentiment analysis tool was used.
35

 VADER 

is a commonly-utilized rule-based sentiment analyzer 

that is tailored to social media posts like tweets.
35

 

The test dataset (of 300 tweets) is first 

automatically translated to English, and next; the 

VADER sentiment analyzer is executed on these 

translations. In Table 3, the F-score of VADER is 

presented and compared to the corresponding 

sentiment analysis results of the five classifiers, as 

excerpted from the last column of Table 2. 

It can be observed that the performance of VADER is 

poorer compared to logistic regression, bagging, SVM, 

and LSTM classifiers trained on the augmented tweet 

dataset. Yet, VADER performs better than the random 

forest model. Although one of the reasons of the poor 

performance of VADER is the machine translation stage 

introduced before actual sentiment analysis, this low 

performance can also be an indicator that sentiment 

analysis is a harder task on health-related tweets, 

particularly about this controversial topic of COVID-19 

vaccination where proponents and opponents frequently 

use different linguistic phenomena like irony in their 

social media posts. 

 

Discussion of the Results 

Based on the findings, the following conclusions 

can be drawn: 

 First of all, it can be noted that stance annotations 

in the training and test tweet datasets are almost 

balanced with respect to the three stance classes; 

however, they are not balanced considering the 

sentiment classes. The number of tweets marked 

with negative and none sentiment labels are 

higher than the number of positive tweets. It can 

be attributed to the observation on the datasets of 

this study that regardless of their being in favor or 

against COVID-19 vaccination, Twitter users are 

inclined to demonstrate a non-positive attitude in 

their social media posts. 
 Data augmentation techniques are useful for 

addressing the data scarcity problem. In the tests, 
it was observed that using an automatically 
extended dataset (with the back-translation data 
augmentation technique) as the training dataset 
leads to improved performance rates in F-score 
for all of the five classifiers employed. Data 
augmentation can also be considered as a useful 
technique to alleviate the effects of class 
imbalance issue, by increasing the size of the 
dataset. Besides, there is a plan to utilize other 
techniques to deal with the class imbalance issue 
in future studies based on the current work. 

 Among these classifiers, SVM achieves the best 
performance rates for the stance detection task 
and logistic regression achieves the best rates for 
sentiment analysis on Turkish tweets about 
COVID-19 vaccination. The bagging classifier 
consistently attains the second-best rates for both 
problems, making it a viable alternative for both 
problems in a practical monitoring and decision 
support system for public health professionals. 
The deep leaning model, LSTM, achieves 
promising results for both problems and its 
performance for the sentiment analysis task is 
higher and close to that of the top-performing 
classifiers. Finally, although it benefits from  
data augmentation extensively, random forest 
demonstrates the lowest performance rates for 
both problems and its performance is even poorer 
than the VADER sentiment analyzer used for 
comparison while the former four classifiers all 
perform better than VADER. 

 To sum up, the findings suggest that, among five 

classifiers, SVM (together with data augmentation 

Table 3 — Evaluation results of sentiment analysis using the 

VADER tool and the employed five classifiers on the test dataset 
(in F-score) 

 Sentiment Analysis 

VADER 52.3% 

Bagging 59.0% 

Logistic Regression 59.8% 

SVM 57.7% 

Random Forest 47.7% 

LSTM 59.1% 
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to cope with scarcity) is the best classifier for 

stance detection towards health-related controversial 

topics on Twitter, and logistic regression, bagging, 

and LSTM models (with data augmentation) are 

more convenient for sentiment analysis on health-

related social media posts. 

 As part of future work, stance and sentiment 

experiments with other deep learning models will 

be performed.
46 

Other natural language processing 

problems such as named entity recognition can 

also be included within the scope of the further 

experiments on the tweet datasets.
47

 

 

Conclusions 

This study performed joint sentiment analysis and 

stance detection on tweets about COVID-19 

vaccination to automatically obtain the opinions and 

positions of people, regarding this controversial topic. 

Based on the experiments with different machine and 

deep learning models including bagged tree, logistic 

regression, SVM, random forest, and LSTM, it is 

observed that increasing the training dataset with an 

automatic data augmentation scheme improves the 

performance of sentiment and stance analysis with all 

of the classifiers. The findings of the experiments also 

suggest that SVM classifiers are more promising for 

stance detection while logistic regression and bagging 

classifiers are more convenient for sentiment analysis 

under experimental settings. Further studies include 

testing other data augmentation techniques, learning 

models, and feature sets, and using the best 

performing models and attributes during the 

implementation of a public health surveillance and 

decision support system for public health 

professionals and decision-makers, based on the 

analysis of social media posts for instant public health 

monitoring. 
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