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Abstract—The outbreak of the COVID-19 in 2020 and lack of an effective cure caused psychological problems among 

humans. This has been reflected widely on social media. Analyzing a large number of English tweets posted in the early 

stages of the pandemic, this paper addresses three psychological parameters: fear, hope, and depression. The main issue 

is the extraction of the related tweets with each of these parameters. To this end, three lexicons are proposed for these 

psychological parameters to extract the tweets through content analysis. A lexicon-based method is then used with GEO 

Names (i.e. a geographical database) to label tweets with country tags. Fear, hope, and depression trends are then 

extracted for the entire world and 30 countries. According to the analysis of results, there is a high correlation between 

the frequency of tweets and the official daily statistics of active cases in many countries. Moreover, fear tweets dominate 

hope tweets in most countries, something which shows the worldwide fear in the early months of the pandemic. 

Ultimately, the diagrams of many countries demonstrate unusual spikes caused by the dissemination of specific news 

and announcements.  
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I. INTRODUCTION  

Social media such as Twitter and Facebook are 
known as rich sources of user opinions. With the 
occurrence of important events around the world, users 
of social media share a huge number of posts and 
reviews, which sometimes contain noteworthy hidden 
information. In addition to reportage and marketing, 
Twitter is a social medium also used for opinion mining 
and identification of social behavior shown by users. 
For this purpose, natural language processing is 
employed to analyze user opinions on various areas 
such as politics [1], education [2], health [3], natural 
disasters [4], and economy [5] to extract implicit 
information such as the prediction of trends in the stock 
market [6]. A few studies have also been conducted on 
different epidemics, such as the flu [7], MERS [8], and 
Ebola [9], reporting significant results such as the 
disease prediction model [8]. 

Since 2020, the novel coronavirus has been among 
the hottest topics on social media, about which millions 
of tweets are posted on a daily basis [10]. Emotion 
analysis can be employed to perceive people's emotions 
regarding different parameters such as hope, fear, and 
depression, which play a central role in their moods. In 
fact, quarantine and lockdown regulations have been set 
in cities and countries since the outbreak of the COVID-
19 pandemic; as a result, welfare and economic 
conditions have become harsher than ever before and 
infused societies with depression [11] and fear [12]. On 
the one hand, the increasing number of active cases and 
deaths from the COVID-19 decreased life expectancy 
[13]. On the other hand, hopefulness has been 
escalating among people in some countries where 
political, economic, and hygienic actions were taken to 
contain the COVID-19. 

During this pandemic, different studies have been 
conducted on the static analysis of emotions of tweets 
in terms of psychological parameters [14, 15]. This 
paper conducts a dynamic analysis of tweets regarding 
hope, fear, and depression to identify the trend in each 
of these psychological parameters in different countries 
on the onset of the COVID-19 pandemic. For this 
purpose, more than two million relevant tweets are 
analyzed within 14 weeks (March 23 to June 23, 2020) 
with respect to hope, fear, and depression. A 
comprehensive lexicon is first created for fear and hope 
by using NRC 1  and GI 2  lexicons as well as the 
WORDNET3  ontology (i.e., a complete reference of 
terminologies). Since there are no appropriate reference 
lexicons for depression, an in-house lexicon is created 
for this parameter. The relevant tweets of every 
parameter are then extracted by leveraging the proposed 
lexicons. The tweets are then labeled with geotags by 
collecting a geo lexicon (including names of countries, 
provinces/states, cities, etc.) using Geo Names4, which 
is a comprehensive database of names of locations such 
as countries, provinces/states, and cities. In fact, the 
content analysis of a geographical location through a 
lexicon can help accurately retrieve the location of 
interest in tweets. Finally, the trend in every parameter 

 
1 https://saifmohammad.com/WebPages/NRC-Emotion-

Lexicon.htm 
2 http://www.wjh.harvard.edu/~inquirer/homecat.htm 

over time is drawn for the whole world and 30 
countries. The analysis of trend diagrams yields 
interesting results. 

This paper extends our previous work [16], in which 
we extracted the major topics discussed by Twitter 
users regarding COVID-19. The contributions of this 
paper are as follows: 

• A large dataset of more than two million tweets 
regarding the novel coronavirus is employed to conduct 
an emotion analysis. The larger the dataset in data 
mining applications, the more reliable the extracted 
knowledge. 

• The geographical location of tweets is determined 
through content analysis using a geo lexicon. 

• The relevant tweets are extracted and analyzed based 
on separate lexicons proposed for hope, fear, and 
depression. 

The rest of this paper consists of different sections. 
A literature review is presented in Section 2. Section 3 
introduces the proposed method, which is implemented 
in Section 4. Section 5 includes the discussion, and 
finally, Section 6 presents the research results and 
future studies. 

II. RELATED WORK 

The emotion analysis of user comments on diseases 
and epidemics can be employed to measure society's 
feelings in the face of disease. In this regard, 12101 
tweets posted in March 2015 were analyzed to evaluate 
the public opinion on the Ebola virus disease. The 
tweets were then classified into six categories, 
including anger, disgust, happiness, sadness, surprise, 
and fear [17]. Moreover, South Korean people's 
emotions were categorized into seven classes (i.e. 
neutral, happiness, sadness, anger, disgust, fear, and 
surprise) to analyze their reactions to the spread of the 
2015 Middle East respiratory syndrome (MERS). The 
results indicate an increase in the number of comments 
of anger over time, something which shows people's 
anger with the crisis [17]. Furthermore, a few tweets 
posted in 2018 were extracted and classified through the 
emotion analysis into three categories (i.e., supporting 
vaccination, rejecting vaccination, and neutral) to 
evaluate differences in various emotions towards 
vaccination over time [18]. 

Since the beginning of 2020, social media users 
have shared their experiences and observations 
regarding the outbreak of the COVID-19 on different 
platforms, especially on Twitter. Some studies have 
been conducted to analyze these comments. To evaluate 
the public opinion on the enforcement of social 
distancing regulations in US, 259529 tweets were 
collected from January 23 to March 23, 2020. After 
that, social distancing facets (including negative 
emotion, implementation, social disruption, positive 
emotion, adaptation, and purpose) have been extracted 
from the tweets for emotion analysis [19]. Similarly, 
30000 English tweets were collected from January 22 
to April 15, 2020, to evaluate the impact of COVID-19 

3 https://wordnet.princeton.edu/ 
4 https://www.geonames.org/ 
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on the mental health of Twitter users worldwide. The 
NRC word-emotion lexicon has then been employed to 
label the tweets with emotion tags and determine their 
sentiment scores based on different parameters of 
emotions such as positive emotion, negative emotion, 
joy, sadness, anger, fear, trust, disgust, anticipation, and 
surprise [20]. Furthermore, 410643 tweets about the 
COVID-19 were collected from India from March 22 to 
April 21, 2020, to extract different emotions using the 
NRC lexicon [21]. 

Similarly, 30000 tweets about the COVID-19 were 
analyzed separately for the USA, the UK, Spain, 
Sweden, Italy, and Germany in April 2020. The 
emotion proportion of tweets was then determined for 
each country through emotion analysis [15]. Finally, 
16138 tweets have been analyzed to evaluate behavioral 
changes of Twitter users during the COVID-19 
pandemic within three different intervals (February 5–
11, May 21–27, and June 15–21). The emotion analysis 
has then been conducted to extract such emotions as 
confidence, anger, analytics, sadness, joy, fear, and 
tentativeness. The geotags of tweets have then been 
employed to draw the distribution of tweet emotions for 
Canada, France, India, Italy, Spain, the UK, and the 
USA for the three designated intervals. According to 
the results, tweets of sadness have the highest 
percentage comparing with other emotions over the 
entire intervals [14]. 

Following the previous studies, this paper conducts 
a dynamic analysis of emotions over time to determine 
the trends in fear, depression, and hope. Unlike the 
previous studies, geotags are not utilized in this paper 
in order to improve accuracy, for a tweet might be about 
a country that does not match the user's geographical 
location (for instance, a user based in China might tweet 
about the US). To this end, a geo content analysis 
method is proposed for location extraction based on the 
locations mentioned in tweets. Finally, since large 
datasets make results closer to reality in NLP 
applications, contrary to similar studies, a large dataset 
of two million tweets is considered. 

III. TWEET PROCESSING 

This study aims to extract user emotions regarding 
the COVID-19 during the early months of the 
pandemic. For this purpose, a large number of tweets 
about the COVID-19 have been selected and 
emotionally processed based on fear, hope, and 
depression. 

A. Data set 

COVID-19 was identified as a pandemic by the 
World Health Organization (WHO) in the middle of 
March 2020 [22]. Since this study aims to analyze 
worldwide people's emotions during the first three 
months of the pandemic, the research interval has been 
from March 23 to June 23, 2020. For every week, 
150000 tweets have been selected randomly based on 
keywords including "corona", "coronavirus", 

 
5  The NRC Emotion Lexicon is a list of English words and their 

associations with eight basic emotions (anger, fear, anticipation, 

trust, surprise, sadness, joy, and disgust) and two sentiments 

(negative and positive). 
6 http://www.wjh.harvard.edu/~inquirer/homecat.htm 
7 https://wordnet.princeton.edu/ 

"COVID", "pandemic", "SARS-CoV-2", and "COVID-
19". 

B. Data set analysis 

The first processing step is identifying the tweets 
related to fear, hope, and depression. For this purpose, 
a content analysis method is proposed based on the 
development of lexicons for the abovementioned 
emotions. Each of these lexicons is developed 
differently from another. Created through the NRC 
lexicon5 , the fear lexicon contains 1300 expressions 
such as "concerned", "blackmail", and "bloody 
endangered". Developed through GI 6  (General 
Inquirer), the hope lexicon contains 500 expressions 
such as "positivistic", "joy", and "gladden". Since there 
are no appropriate reference lexicons that can be 
employed to develop a depression lexicon, an in-house 
lexicon is created to contain 100 expressions such as 
"dimple", "dark", "agony". For this purpose, Wordnet7 
ontology has been used to complete and further develop 
the keywords of each lexicon. Using Wordnet, we get 
all the synonymous words with the primitive lexicons. 
Unrelated keywords are then filtered and removed.  

The relevant tweets are then extracted using the 
designated lexicons and implementing a GATE [23] 
pipeline. The frequency of relevant tweets for each 
parameter indicates the prevalence of that emotion 
parameter. Variations in the frequency of tweets can 
also show the change in trends of emotion parameters 
over time.  

After extracting the datasets related to fear, hope, 
and depression, the content location of each tweet 
should be determined. For this purpose, a list of 
designated countries with their states and cities is 
collected through Geo Names8, which is a geographical 
database containing more than 25 million names of 
locations and geographical contents such as names of 
countries, states/provinces, and cities. The prevalence 
of COVID-19 is considered in different countries to 
select 30 countries9 with the highest formal infection 
statistics for analysis. After that, the designated names 
of states/provinces and cities are codified on a list 
containing nearly 7000 terms. The words of every tweet 
are then compared with this list. If the name of a 
geographical location exists in a tweet, the 
corresponding country is identified and attributed to the 
tweet as a feature. 

Figs. 1 to 3 show the word cloud related to the 
tweets of fear, hope, and depression, respectively. They 
highlight the repetitive words in the tweets of each 
emotion. In the word cloud of fear, keywords such as 
"fight corona", "black live", "Airborne virus", and 
"dangerous people" are frequent. In the word cloud of 
hope, keywords such as "lives matter" and "please 
wear" have the most repetitions in tweets. Finally, in the 
word cloud of depression, keywords such as "let sink", 
"hit million", and "stop thinking" are more frequent. 

8 http://download.geonames.org/export/dump 
9  Australia, Belarus, Belgium, Brazil, Canada, Chile, China, 

Ecuador, France, Germany, India, Iran, Ireland, Italy, Japan, Mexico, 

Netherlands, Pakistan, Peru, Qatar, Russia, Singapore, South Korea, 

Spain, Sweden, Switzerland, Turkey, UAE, UK, USA 
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IV. EXPERIMENT 

The initial dataset contains more than two million 
tweets regarding the novel coronavirus from March 23 
to June 23, 2020. In fact, 150000 tweets have been 
gathered in every week of the designated interval. We 
have analyzed the text of the tweets in GATE, which is 
a "platform for developing and deploying software 
components that process human language" [24]. 

GATE has a few natural language processing 
components, one of which is tagging. To extract the 
tweets related to every emotional parameter (e.g. hope), 
the relevant list is used as a Gazetteer list in a GATE 
pipeline. The tweets are then compared with the list. 
Similarly, the location list is also entered into the GATE 
pipeline. After each comparison, the corresponding 
country's name is selected as the tweet feature. 

After that, the emotion parameters are analyzed for 
the entire world and the designated countries. Fig. 4 
reports the frequency of tweets regarding every emotion 
parameter (i.e., hope, fear, and depression) for the entire 
world on a weekly basis from March 23 to June 23, 
2020. Moreover, the official statistics of active cases of 
the COVID-19 are obtained from John Hopkins 
University and Medicine Coronavirus Resource Center 
(https://coronavirus.jhu.edu/map.html). 

According to Fig. 4, there are more tweets of fear 
than those of hope and depression in all 14 weeks of 
analysis. This indicates the dominance of fear as well as 
people's ever-increasing panic about the prevalence of 
the COVID-19. As a result, fear affected people's 
thoughts and emotions more than anything else during 
the initial months of the pandemic. The diagrams 
analysis of fear and hope indicates that hope declines 
when fear escalates. In other words, the instant rise of 
fear among people diminishes their hopefulness and 
vice versa. In fact, in most of the weeks, these two 
curves are symmetric. Ultimately, the fear curve shows 
an upward trend during the investigated period in which 
the official statistics of active cases of the COVID-19 is 
also on the rise. 

Fig. 5 demonstrates the frequency of tweets about 
hope, fear, and depression in the 30 countries with the 
highest statistics of active cases. According to the 
diagrams of different countries, there is a correlation 
between tweet frequency curve trends and the official 
statistics of active cases in many countries such as 
Germany, Ecuador, Italy, Spain, Brazil, Belgium, Iran, 
Qatar, Singapore, and Turkey. At the same time, 
China's diagram shows a downward trend in the official 
statistics of active cases from the sixth week to the 
twelfth week, whereas the tweet frequency curve 
reached its peak. The analyses indicate that China was 
among the most discussed countries among worldwide 
users in that interval. Moreover, users posted most of 
their tweets in India and Pakistan weeks before the 
global outbreak of the COVID-19, the reasons for 
which can be people's concerns about the prevalence of 
this disease in populous countries. 

According to the diagrams of several countries, 
there are nearly zero depression tweets; thus, the tweets 
related to the COVID-19 are usually classified as either 
fear or hope tweets. Likewise, there is a significant 
correlation between the official statistics of active cases 
and the number of fear tweets in various countries such 
as Brazil, Spain, Peru, and the Netherlands. In other 
words, the number of fear tweets escalates as the 
number of active cases increases, whereas the number 
of these tweets declines as the number of active cases 
decreases. In most countries, there are more fear tweets 
than hope tweets, something which shows that people 
panicked in the early months of the COVID-19 
pandemic. At the same time, there are more hope tweets 
than fear tweets in a few countries such as Germany and 
Singapore in most weeks. This can be due to useful 
actions taken by governments for political, economic, 
and hygienic purposes. 

 Ultimately, the number of tweets escalates 
abnormally in a few other countries during one or some 
specific weeks due to the occurrence of specific events 
or spread of specific news such as people's 
dissatisfaction with socioeconomic policies of 
governments, the COVID-19 containment 
management, passiveness, and dishonesty of officials, 
and escalated tyranny and suppression. In addition, 
border lockdown in Qatar and illegal immigrants or 
foreign travelers in Mexico and Britain made people 
worried about the rise in the COVID-19 spread. 
Moreover, users have posted many tweets about 
earthquakes in Mexico, the spread of the flu in the US, 
and fires and riots in Australia. People have also been 

 

Fig. 1. Word cloud related to the fear. 

 

Fig. 2. Word cloud related to the hope  

 

Fig. 3. Word cloud related to the depression 
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worried by the dissemination of news on 
unemployment, declined monthly income, poverty of 
families, and bad economic conditions in Spain and 
Britain. Finally, many tweets have been posted about 

racist attacks in the UAE and Canada as well as the 
large number of inmates in Russia and Turkey. 

The unprecedented rise in depression tweets is only 
observed in the UAE, where most of the tweets are 
about the discriminatory behavior of Indian immigrants 
towards Muslims.  

V. DISCUSSION 

This paper examines the three emotions of fear, 
hope, and depression in users' tweets about COVID-19 
on Twitter. However, it should be noted that extracting 
human emotions from text is complicated [25]. For 
example, the tweet "I hope you licked up corona virus" 
contains the word hope but has a negative connotation; 
therefore, over-generalization should be prevented.  

We see some motivating remarks that could pave 
the way for future research to investigate further the 
psychological impacts of people on the COVID-19 
epidemic. In this regard, the immediate increase in fear 
among people (Fig. 4) can be the increase in the number 
of confirmed cases and the number of deaths.  

Another key finding of this paper is that users' 
feelings about different countries are not the same. For 
example, there is a greater sense of hope in East Asian 
countries due to the timely suppression of the COVID-
19 virus. In contrast, positive news such as 
humanitarian aid in the Netherlands, Switzerland, 
Ireland, Germany, and Canada, political, economic, and 
hygienic actions of governments to contain the COVID-
19 and mitigate economic pressure on families in 
Singapore, South Korea, and Germany, and foreign 
border lockdown in Mexico, the US, and Canada have 
resulted in an occasional increase in the number of hope 
tweets. 

Generalizing these cases to the general population 
of the countries mentioned is not completely accurate.  

In fact, we should see how much the cultural, welfare, 
political, social, healthcare, educational, and economic 
parameters might affect the emotional changes during 
the COVID-19 outbreak?''. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Our study showed that while different emotions are 
common in COVID-19 tweets in different countries, the 
number of confirmed cases is highly correlated with the 
number of tweets containing the fear emotion in most 
countries. (Fig. 5). 

VI. CONCLUSION 

This paper has analyzed the tweets about the 
COVD-19 in the early stages of the pandemic based on 
three psychological parameters, i.e., fear, hope, and 
depression. Separate lexicons have been proposed for 
these parameters by using NRC and GI lexicons as well 
as the WORDNET ontology. The relevant tweets of 
each parameter were then extracted by implementing 
the respective lexicons in the GATE pipeline. After 
that, the Geo Names database (i.e., a comprehensive 
database of names of geographical locations) has been 
employed to collect a comprehensive lexicon of 
locations. The tweets were then labeled with geotags 
through a content analysis method. Finally, each 
parameter trend has been extracted for the entire world 
and the 30 countries having the highest statistics of 
active COVID-19 cases. According to the analysis 
results, fear was the dominant parameter in most 
countries. In addition, hope was more prevalent in 
Eastern Asian countries, which could be due to the 
timely containment of the novel coronavirus and the 
resolution of this turbulent crisis. In the end, there was 
a correlation between the frequency of tweets and the 
official statistics of active cases in most countries. 

Since a considerable number of tweets are non-
English, a language-independent method can be 
proposed to reach a more comprehensive and more 
accurate analysis of the public opinions. Given the 
inherent differences between various languages around 
the world, future studies can consider any of the non-
English languages such as French, Chinese, Persian, 
and Arabic for analysis and evaluation. Moreover, the 

 

Fig. 4. Weekly frequency of tweets of fear, hope, and depression as well as the official statistics of active cases of the COVID-19 

worldwide  
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tweets about the COVID-19 can be classified into the 
economy, education, tourism, psychology, and other 
areas to analyze the tweets of each domain based on 
their specific parameters. 
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Fig. 5. Energy Frequency of tweets of hope, fear, and depression for the 30 designated countries 
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