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Abstract 
People utilize social media platforms such as Twitter for social networking and to 
communicate their thoughts, feelings, and ideas with others. During the COVID-19 pandemic, 
Malaysians took to social media to express their feelings. This research aims to understand 
Malaysian Twitter users' discussions and psychological reactions to the COVID-19 pandemic. 
Supervised Machine learning technique was used to analyze 1,645 Tweets (written both in 
Malay and English) related to COVID-19 between 1st January 2020 and 7th June 2021. The 
tweets were pre-processed and then classified using Support Vector Machine (SVM) 
algorithm for the sentiment analysis. The classification results matched 6 basic emotions from 
Paul Ekman Model which are anger, fear, happy, love, sadness, and surprise. From the 
sentiment analysis, it was found that anger towards people who violated the Standard 
Operating Procedure (SOP) during Movement Control Order (MCO), political issues, and the 
issue of non-essential companies and factories disregarding the order to cease operation 
during MCO is dominant. This research may aid health professionals and researchers in better 
understanding Malaysian citizens' possible reactions during massive health crisis. 
Keywords: Sentiment Analysis, COVID-19, Pandemic, Emotion, Mental Health 
 
Introduction 

COVID-19 is said to originate in Wuhan, Hubei Province at the start of December 2019 
when several patients reported severe respiratory infections. These patients had a 
background of working in the wholesale fish and seafood market, also known as wet markets 
(Huang et al., 2020). On March 2020, the World Health Organization (WHO) declared the 
COVID-19 as a global pandemic. Although this kind of respiratory disease had already caused 
both widespread death and cases of infections in Wuhan since 2019, the health crisis did not 
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show its true dimensions in Malaysia up until March 2020 where there was a significant jump 
in active cases in Malaysia due to the four-day religious gathering held at the Seri Petaling 
Mosque, Kuala Lumpur. This cluster became one of the largest threats to the pandemic 
situation in Malaysia for nearly four months. On 19th May 2020, according to the Director 
General of Health, Ministry of Health, Malaysia, 48% of Malaysia’s COVID-19 cases were 
associated with the religious cluster, bringing the number of cases involved up to 3,347 cases 
(TheSunDaily, 2020). There onwards Malaysia became the country in Southeast Asia with the 
highest COVID-19 cases (Rahim, 2020). On 15th March 2020, due to the significant jump in 
active cases, the Prime Minister of Malaysia announced the decision of the federal 
government to implement the Movement Control Order (MCO) effective from 18th March 
until 31st March 2020 (Bunyan, 2020). The period has been extended four times as additional 
two-week “phases” over the course of two months as new cases continued to climb.  

During the MCO period, Malaysians depended on virtual media to find, disseminate and 
share information from official sources such as the government, health bodies, news 
companies, as well as social media. Furthermore, social media is important in the lives of 
many people who are impacted by the COVID-19 pandemic. Social media has provided both 
opportunities and obstacles in health crisis communication, breaking the dominance of 
traditional news media (Lyu, 2012). Social media platforms also offer real-time information 
that includes many forms of content, such as text, audio and video. Twitter, one of the most 
well-known social media platforms, has been a key source of information sharing and self-
documentation (Liu et al., 2010). Twitter has been one of the mediums for millions of people 
to discuss their thoughts on various issues. People have used Twitter to interact, express and 
distribute information regarding crises in the past, such as cyclones Soriano et al (2016), ebola 
Van Lent et al (2017), floods (Nair et al (2017), or Zika (Fu et al., 2016). As Malaysians have 
been battling COVID-19 since 2020 and the population is under lockdown, the significance of 
Twitter has escalated more than ever. Emotional distress has been linked to a wide range of 
public health issues, including an increase in alcohol use and drug addiction (Ashton et al., 
2017), eating disorders (Litwin et al., 2017), anxiety and insomnia (Kirwan et al., 2017) among 
others. Furthermore, people who have encountered strong negative emotions are more 
inclined to believe anger-inducing rumours (Na et al., 2018) that in turns strengthen the 
emotional consequences through feedback. In this context, new research has offered 
methods to minimise population stress during social isolation, with promising outcomes  
(Pizzoli et al., 2020). However, to the best of the authors' knowledge, no comprehensive 
research on the emotional impact of COVID-19 has been published. 

 
Therefore, this research objectives are as following 

• To investigate Malaysians' emotions expressed through social media during the COVID-19 
pandemic lockdown. 

• To highlight regarding emotional distress and experience of Malaysian’s during lockdown. 
  
Materials and Methods 
The following are the detailed activities that were used in this study. 
 
a. Data Extraction 

Data were gathered from Twitter beginning in January 2020 until end of July 2021 
utilising the developer's Twitter API. A python module called snscrape is used to extract the 
tweets that will enable the extraction of older tweets with the help of tweepy module. These 
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data comprised of written tweets related to the COVID-19 pandemic in Malaysia. Hashtags or 
keywords such as “Coronavirus”, “corona”, “stay home”, “stay safe”, “#KitaJagaKita”, 
“lockdown”, “covid-19” and “COVID-19” were used to run the query. In order to obtain 
specific Malaysian Twitter user’s tweets, the geolocation was implemented during filtration 
of extraction where the coordinates of Kuala Lumpur are used within 400 miles radius from 
that coordinate. Aside from that, the following features were also collected for each tweet 
message which were 

 
• Each message-level tweet (full text) 
• Function features of hashtags, username and datetime 
A total of 2,154 tweets were extracted. After the removal of duplicates and unnecessary 
tweets, 1,645 tweets were saved in CSV files as the dataset for this study. The data collection 
method for this study complied with Twitter’s terms of Service and Developer’s Agreement 
and Policy. 
 
b. Pre-processing the Data 

It is a method of cleaning up the data, determining the variable to be used and 
converting it into a proper structure to make it more suitable for analysis onward. This step is 
the most critical step of the whole process. Data pre-processing or data cleaning is required 
to ensure the quality of the data. Hence, before feeding the prepared tweets into the 
developed classifier model, various filtering technique were used to clean the data which are:  
• Removing the hashtags symbols and their content (e.g., #COVID-19), @users, and 
URLs  from the text message because they did not contribute to the study analysis. 
• Remove special character, punctuation, and numbers from the dataset because they 

did not aid in the detection of profane remarks. 
• Remove the HTML character. For an example &amp, &lt, &reg and etc. 
• Remove any newlines. 
• Split any attached words. For an example, ‘soterrified’ was converted to ‘so terrified’.  
• Converting the tweets into lower case. 

The cleaning process was done via built-in python package called re, which can be 
used to work with regular expression. The data was then placed in a database. This study 
implemented MySQL as its desired Database Management System (DBMS). The database 
stores the extraction of tweets details, according to date time, the author’s username and the 
text itself for easier access. 
 
c. Training Model 

During this stage, the sentiment analysis model was trained before moving to the 
analysis phase to improve its performance for the better result ahead. A training dataset was 
obtained from Kaggle and Github which consisted of two languages: English and Bahasa 
Malaysia. A total of 175,809 data were used to train the model. In this study, a dataset was 
used to train the model using the supervised machine learning technique which is Support 
Vector Machine (SVM) algorithm. Previous researchers have concluded that SVM algorithm 
does well for most of the extraction features compared to Naïve Bayes and Maximum Entropy 
algorithms (Pang & Lee, 2008). A python module called scikit-learn was used to train the 
model. Before the training process began, the data was split using train_test_split() function 
and then vectorised using Tf-idf method to convert the string data into numerical data. The 
data was then trained using fit() function with SVM classifier. Training of a model is necessary 
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in order to learn the different patterns, rules, and features. The trained model was then saved 
as pickle file for future use. 
 
d. Test Model 
             Once the model has been trained on a given dataset, it is ready to be tested. A test 
dataset was provided to the model to check the accuracy of the model. The confusion matrix, 
precision, recall and F1-score for the model was also determined. 

 
e. Analysis 

Next, the model classified each tweet into six basic emotions according to Paul Ekman 
Model (Ekman, 2005) which are anger, fear, happy, love, sadness, and surprise. For each given 
tweet, this technique returned one emotion from the six categories. The extracted data were 
then predicted using a predict() function to predict the emotion of each tweet. Once the 
scoring of the tweets was done on the basis of emotions, a word cloud was created for each 
emotion to analyse all related words from a particular emotion. 
 
f. System Architecture 

The system architecture provides an overall overview of the system. As shown in Figure 
1, the data can be obtained by extracting tweets from Twitter using its Application 
Programming Interface (API) provided by the developer. The collected tweets are stored 
inside the database. The database storage used is MySQL. Before feeding the tweets into a 
sentiment classifier, the tweets were pre-processed to obtain a more accurate result. Pre-
processing included tokenization and cleaning the tweets from unwanted hashtags, links, 
usernames, stop words, and noise, before finally converting to lower case. The sentiment 
classifier will classify the results which are the emotions corresponding to the tweets; happy, 
surprise, love, sadness, fear, and anger, and store it into the database. The results were then 
visualized using the Dash framework and displayed on a web application that can later be 
accessed by other parties. The sentiment classifier was developed by training the Support 
Vector Machine (SVM) algorithm with a labelled Twitter dataset obtained from the internet. 
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Fig. 1 System Architecture 
 
Results and Discussion 
A. Analysis of Malaysian Citizens’ Emotion during COVID-19 

Malaysian citizens’ emotion during COVID-19 have direct correlation with their mental 
health and current emotional state. In addition to that, they started to depend more on social 
media to express their thoughts, therefore, it has become essential to monitor citizens mental 
health state on social media. Thus, this research utilized tweets shared on Twitter that 
contained the word ‘covid19’, ‘coronavirus’, ‘COVID-19’, ‘stay home’ and ‘lockdown’ to 
determine the emotions associated with the tweet.  

For this research, a total of 1645 tweets produced from the query ‘covid19’, 
‘coronavirus’, ‘COVID-19’, ‘stay home’ and ‘lockdown’ were extracted directly from Twitter. 
The tweets extracted are dated from 26th January 2020 to 7th June 2021. They are then 
cleaned from any unwanted details such as the user’s Twitter handle, hashtag, and links. The 
tweets are also removed from words that contain less than three letters and stop words which 
are words that are used frequently but do not contribute to the content of the tweets. These 
data were analyzed by predicting the emotion contained in the tweets by using the sentiment 
analysis classifier developed. The emotion predicted is then used to visualize the emotion of 
citizen where the number of tweets for each emotion is counted and displayed according to 
dates.  

After predicting the sentiment of each tweet using the developed sentiment classifier, 
it was found that among all the accumulated tweets, the tweets for anger have the highest 
percentage with 57.8% which is 951 tweets. This is followed by happy with 33.6%, sadness 
with 4.56%, love with 2.68%, fear with 1.09% and lastly surprise with 0.24% as shown in Figure 
2. Based on the high number of tweets for anger, it can be assumed that the Malaysians’ 
mental wellbeing are not in a good condition during COVID-19 pandemic. 

 
Fig. 2 Percentage of Tweets Emotion Distribution using Pie Chart 
 

The tweets predicted as anger can be interpreted as a strong feeling of annoyance, 
displeasure, or hostility of citizens of Malaysia towards COVID-19 outbreak. In the dataset 
that has been extracted from Twitter, the dataset for anger class contains a lot of overlapping 



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 3 , No. 5, 2023, E-ISSN: 2222-6990 © 2023 
 

1423 
 

words such as “stay”, “home”, “please”, “lockdown”, and “covid”. Due to these overlapping 
words, it is predicted that Malaysians are angry towards COVID-19 as the words that most 
frequent appear in word cloud as in Figure 3 below. This class indicates a negative outcome 
where it can be interpreted as the citizen being annoyed and displeased with the COVID-19 
outbreak. 

 
Fig. 3 Word Cloud of anger class datasets 

 
Figures 4 and 5 demonstrate an example of anger tweets from the extracted dataset. 

News of individuals violating Standard Operating Procedure (SOP) during Movement Control 
Order (MCO) became one of the factors that caused anger among Malaysians. Many tweets 
from extracted datasets were about Malaysians complaining about SOP violations by 
individuals. Photos posted on social media, such as defying the SOP, uploaded by the 
perpetrators themselves provoked anger among Malaysians, resulting to the highest 
percentage of anger sentiment throughout this analysis. 

 

 
Fig. 4 Example of Anger Tweets from Extracted Dataset 
 

(Translation: Pretending to ‘stay at home’, ‘stay safe’, but WhatsApp updates, IG stories 
show screenshots of MySejahtera check-ins. Then you have the insolence to blame the 
government for rising cases. Eih, you’re the one to blame.) 
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Fig. 5 Example of Anger Tweets Regarding Malaysian Government’s Decision to Impose 

Lockdown 
 
Fig. 6(i) and 6(ii) Example of Anger Tweets Regarding Non-Essential Companies and Factories 
Operating during MCO 
(Translation Figure 6(i): Please, allow only the factories and companies that are ‘essential 
goods’ to operate. The others just stay at home. We don’t want the cases to rise. Rising cases, 
rising deaths. Close non-essential economic sectors! 
Translation Figure 6(ii): everyone is told to stay at home, but my company just keeps working 
until the end of time!) 

In the extracted dataset, there are also numerous angry tweets regarding non-essential 
companies and factories operating during MCO despite a general order for them to cease 
operation (Figure 6(i) and 6(ii)).  This brazen act was due to the inconsistency in issuing the 
SOP in Malaysia. The employees were ordered to come to work. They were threatened with 
pay cutbacks if they did not comply. This resulted in dissatisfaction and increased anxiety over 
the possibility of increased COVID-19 infections due to close contact in the workplace. Based 
on the analysis, the happy sentiment was the second highest in the prediction of Malaysians’ 
emotion towards COVID-19 pandemic. In the dataset that has been extracted from Twitter, 
the dataset for happy class contains a lot of overlapping words such as “stay”, “home”, 
“happy”, “friends”, “shopee” and “online”. Due to these overlapping words, it shows that 
Malaysians are happy despite facing setbacks during COVID-19. The words that most 
frequently appear in word cloud as in Figure 7 below. This can be interpreted as pleasure or 
contentment by certain things during the COVID-19 outbreak. 
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Fig. 7 Word Cloud of happy class datasets 
 

During MCO, Malaysians were ordered to stay at home. Being confined and having all 
previous routines jeopardized, Malaysians begun to be interested in buying online since many 
e-commerce websites, such as Shopee and Lazada, have provided a lot of shocking sales, 
vouchers, and special sales day every month during MCO period. For instance, Shopee would 
have a sales day on 7.7, 8.8, 10.10, and 12.12 of every month, and people began to share what 
they bought on Shopee, causing it to go viral on social media. This sale or promotion may 
indirectly be therapy to those who are bored at home. This might contribute to the high 
percentage of happy sentiment across this analysis. 

 
B. Analysis of Malaysian Citizens’ Emotion Based on Group of Month from 2020 to 2021 
  The first three months of 2020, when COVID-19 outbreak started in Malaysia, most 
people in Malaysia are annoyed and angry. They consequently vent their feelings on social 
media. Figure 8 depicted that from January 2020 until March 2020, the percentage of anger 
emotion are the highest than any other emotions. As previously stated, the Tabligh cluster 
was the first large cluster that triggered a dramatic increase in COVID-19 cases in Malaysia. 
Amongst them were individuals refusing to practice self-quarantine because they feel that 
COVID-19 is not a threat, thus exposing other individuals to the virus. This might be due to 
the lack of awareness of the dangers of the COVID-19 virus during that time. Perhaps, this 
might be the reason why the anger sentiment is the highest than other sentiments during 
that duration.  

 
Fig. 8 Bar Chart of Malaysian Citizens' Emotions Based on Group of Months from 2020 to 2021 
 

Figure 8 illustrates a bar chart of Malaysian citizens' emotions based on a group of 
months from 2020 to 2021. From October through December 2020, the anger emotion is 
predicted to have the highest percentage than in other months. This might be due to an issue 
which occurred during this period. On the 26th September 2020, the Sabah state elections 
were held. Although the Election Commission of Malaysia has established certain SOP, there 
are still individuals who do not follow the SOP, such as not maintaining physical distance and 
being in crowded areas. Since then, Sabah saw a rapid increase of COVID-19 cases. According 
to Berita Harian Online (2020), the government has admitted that the rise of COVID-19 cases 
in Malaysia is due to the Sabah state elections. This issue has provoked anger among 
Malaysians, resulting in the highest percentage rate of anger sentiment during this time 
period compared to other months. 
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C.  Sentiment Analysis Evaluation 
The sentiment analysis developed during the development stage is evaluated in order 

to measure the effectiveness and performance of the classifier. The sentiment analysis is 
evaluated using standard sentiment analysis evaluation, which is accuracy, precision, recall, 
and F1-score with the help of the confusion matrix. The value of precision, recall and F1-score 
of a developed sentiment classifier is important in preparation for the calculation of the 
overall accuracy of the classifier. Precision and recall are improved calculations to measure a 
sentiment analysis classifier in comparison to basic accuracy calculation. 

Confusion matrix or also known as the error matrix is commonly used to calculate and 
visualize a machine learning classifier model performance. It is a summarization of the 
prediction result gathered during the testing phase of the sentiment analysis development 
where the classifier is used to predict the sentiment of a test dataset where the true value is 
already known. By using the confusion matrix, it is easier to observe the number of correct 
and incorrect predictions for each class. Therefore, the confusion matrix can be used as a 
reference for the calculation of precision, recall, and F1-score of the developed sentiment 
analysis model. The size of the table depends on the number of classes used in the model. For 
example, a model with three classes produces a table with a size of 3x3. The sentiment 
classifier that was developed for this application has a confusion matrix with a size of 6x6 as 
this classifier model consists of six classes. 

 
Fig. 9 The Confusion Matrix for Sentiment Analysis Model 
 

The confusion matrix shown in Figure 9 visualizes the number of predictions for each 
class where each row represents the actual number of test case for each class and each 
column represent the predicted number for each class. Thus, each diagonal cell in the 
confusion matrix represents the true positive for each class where the classifier made correct 
predictions. In order for the sentiment analysis model to achieve high accuracy, these 
diagonal cells need to have a value that is higher than its adjacent cells. The sentiment analysis 
model for this project is tested using 35162 total cases which are split from the original 
dataset during the development phase. Based on Figure 9, each class has a high value of true 
positive with anger having the highest value of 17096. These show that the classifier model is 
going to have higher accuracy in predicting tweets with all sentiment and have a higher 
probability in predicting tweets with all sentiment as well. 
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Conclusion 
Sentiment analysis is a computational and natural language processing-based approach for 
analysing people's sentiments, emotions, and attitudes in a given text (Beigi, Hu, Maciejewski, 
& Liu, 2016) and an essential method in social media research. This sentiment analysis work 
was based on a machine learning model for predicting Malaysians’ emotions from Malay 
language and English tweets. This Twitter data analysis can be used to roughly indicate the 
public’s perception and emotions during the COVID-19 pandemic. Public health agencies and 
the government should be aware that Twitter data may be used to examine public sentiment 
and knowledge levels regarding the COVID-19 pandemic. It is important to note that the levels 
of public emotions are dynamic, as presented in previous bar graphs. The findings also show 
that people use social media platforms to express dissatisfaction about current issues or 
express anger as well as exhibit negative emotions at various times.  

From the Twitter data, it can be observed that people are trying to convey their 
dissatisfaction with government policies and with several issues that have arisen during the 
pandemic. For instance, how can the government respond to the discrepancy in SOP 
enforcement during MCO, to ensure public safety? This emotion analysis can help the 
government in identifying the needs of people throughout the pandemic period. For instance, 
online shopping has been found to reduce the stress of people who cannot leave the house 
due to MCO. Therefore, what initiatives can the government take? This study however, 
contains several limitations. Firstly, this study was conducted between 2020 and 2021, during 
the pandemic's early stages. Due to this, the overall picture of the pandemic is rather limited. 
Therefore, research that focuses on public sentiment following the aforementioned time may 
offer insightful data for comparison. Due to the abundance of information on COVID-19 on 
social media, it could be challenging to pinpoint the best sources of information. Only Twitter 
was used in this study to obtain data; future studies should also include mass media and other 
data sources in addition to social media data. 

The current research makes a significant contribution to the existing knowledge by 
providing insights into Malaysians’ sentiments and emotions regarding the COVID-19 
pandemic. It uses a machine learning model to predict emotions from Malay language and 
English tweets, providing a snapshot of the public’s emotions and perceptions during the 
pandemic. This work sheds light on the importance of social media data in examining public 
sentiment and knowledge levels during a health crisis. It highlights the significance of 
sentiment analysis as a computational approach to extract valuable information from vast 
amounts of social media data. This research could be used as a tool for public health agencies 
and the government to better understand the public’s needs during the pandemic period. 
Furthermore, the findings reveal the need for the government to respond to the public's 
dissatisfaction and concerns regarding pandemic policies, such as discrepancies in standard 
operating procedure enforcement. Finally, the limitations of the study also suggest avenues 
for future research to explore public sentiment following the pandemic's early stages and to 
include other data sources in addition to social media data. 
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