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Abstract. Background: Social networks are a good source for monitoring public 
health during the outbreak of COVID-19, these networks play an important role in 
identifying useful information. Objectives: This study aims to draw a comparison of 
the public's reaction in Twitter among the countries of West Asia (a.k.a Middle East) 
and North Africa in order to make an understanding of their response regarding the 
same global threat. Methods: 766,630 tweets in four languages (Arabic, English 
French, and Farsi) tweeted in March 2020, were investigated. Results: The results 
indicate that the only common theme among all languages is “government 
responsibilities (political)” which indicates the importance of this subject for all 
nations. Conclusion: Although nations react similarly in some aspects, they respond 
differently in others and therefore, policy localization is a vital step in confronting 
problems such as COVID-19 pandemic.  
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1. Introduction 

The global spread of the COVID-19 pandemic, an infectious disease caused by the 
pathogen severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has already 
unleashed an unprecedented impact on public health, economy, and human society 
worldwide[1]. Social media platforms (such as Twitter, Facebook, Reddit, Tumblr, 
Pinterest and Instagram) have seen unprecedented growth in the era of big data. For 
example, Twitter, one of the most popular social network websites, which has been 
growing at a very fast pace. It has 284 million monthly active users, and 500 million 
tweets are sent per day [2]. Twitter has been used as an early warning notifier, emergency 
communication channel, public perception monitor, and proxy public health surveillance 
data source in a variety of disaster and disease outbreaks from hurricanes[3]. Millions of 
people are talking about the coronavirus on social media, particularly on Twitter, where 
there are massive conversations around a variety of topics related to COVID-19 [1]. 

On the other hand, public contribution is the key to bringing under control this 
pandemic. Researchers are making every effort to anticipate the pandemic’s trajectory 
[4, 5]. Our work is a step forward toward better understanding of public opinions and 
concerns about this pandemic. In particular, this paper aims to answer the following two 
questions: RQ1) Which aspects of the COVID-19 pandemic has attracted the most public 
attention in West Asia and North Africa? and RQ2) What are the differences and 
similarities of the public response among the countries of West Asia and North Africa? 

To address these questions, we investigated Twitter (https://twitter.com/) as a public 
opinion platform. Although generalization from tweets might lead to a certain degree of 
inaccuracy, Twitter is a repository of billions of attitude and expressions, and serves as 
a practical source for topic modelling. Investigating a public opinion about a wide 
spectrum of topics in Twitter has been made in plenty of studies [6-13]. The advantages 
of social media mining have been pointed out in a number of papers [14, 15] and  it has 
been demonstrated that the data extracted from the social media platforms is comparable 
with that provided otherwise (e.g. questionnaires, etc.). Furthermore, tweets are largely 
clear from the errors inherent in traditional means of information gathering (e.g. polls 
and questionnaires) [16-18], where participants’ opinions are dependent upon the context 
of the questions, their format, wording, and ordering. 
     Several studies have been carried out aiming to detect the topics related to COVID-
19 [3, 19-26]. However, a mere of inadequate researches have focused on several 
languages. Nor adequate research has been conducted to address people’s reaction to 
COVID-19 issue particularly in West Asia and North Africa. The MENA (Middle East 
and North Africa) region consist of Algeria, Bahrain, Egypt, Iran, Iraq, Jordan, Kuwait, 
Lebanon, Libya, Morocco, Oman, Qatar, Saudi Arabia, Syria, Tunisia, United Arab 
Emirates and Yemen. This region enjoys a broad diversity of languages. Nevertheless,  
most significant spoken language of the region is Arabic, spoken in Algeria, Bahrain, 
Egypt, Iraq, Jordan, Kuwait, Lebanon, Libya, Morocco, Oman, Qatar, Saudi Arabia, 
Syria, Tunisia, United Arab Emirates and Yemen. Persian or Farsi, is another dominant 
language of this region and is spoken mainly in Iran (and Afghanstan and Tajikstan but 
they are outside of MENA). Although English and French are not among the official 
languages of this region, they are widely used throughout these countries for education, 
diplomacy, and business. 

This paper investigates tweets of four languages dominant in West Asia and North 
Africa: Arabic, English, French, and Farsi. These are among the most spoken languages 
in this region. Results of our study can help policymakers better recognize the efficiency 
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of their public policies, which is the key to increase the public awareness, and to 
encourage people to respect as much as possible the restrictive measures and, in turn, 
shape a better relationship with the public. Furthermore, since there is not a global and 
unique policy to mitigate the risks of the COVID-19 pandemic, this study provides 
practical information for the governments to tailor their contamination measures to the 
local context. In addition, the findings of this research provide helpful information for 
the sociologists who try to measure the social effects of this pandemic behind the scene. 

2. Methods 

To categorize the tweets into themes, the process presented in Figure 1 is performed for 
each language. To collect COVID-19 related tweets, we used Phirehose, an open source, 
PHP implementation of Twitter Streaming Application Programming Interface (API). 
Table 1 shows details about the dataset and used filters. Tweets were collected during 
March 2020 as it was the first huge wave of global spread of the COVID-19. 

We used Python 3.7.6 to preprocess the tweets.  Preprocessing steps for the four 
languages are quite the same including: converting letters to lower case, removing URL, 
mentions, stop-words and emoji, correcting repeated characters, and tokenizing and 
replacing negations with NOT. Arabic and Farsi language required another step that is 
normalization. The normalization module is used to unify those words that may be 
written in different alternative forms.   
 

 
Figure 1. Process pipeline of our method 

To find the most proper document embedding and clustering method for topic 
modeling on short texts, Curiskis et al. [27] investigated different combinations on three 
datasets on Twitter and Reddit and concluded that Doc2vec embedding along with k-
means clustering delivered the best performance and therefore, this combination was 
employed in the present study. Gensim and Sklearn packages were used for Doc2vec and 
k-means clustering, respectively.  

Table 1. Extracted dataset details 

Language Filtered hashtags Num. of 
tweets 

RT to Tweet 
Ratio Time period 

Arabic 

 #کورونا
 #کرونا

 #کورونا_فيروس
 #کرونا_فيروس

 #الکورونا

197,794 62.5% 2020-03-03 to 2020-03-12 

Persian 

 19#کويد
 #کرونا

 #ويروس_کرونا
 #کرونا_ويروس

199,705 57.8% 2020-03-03 to 2020-03-06 

English 
#corona 

#coronavirus 
#covid19

#covid2019 
#covid-19 

176,370 54.5% 2020-03-03 to 2020-03-09 

French 192,761 65.9% 2020-03-03 to 2020-03-18 
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In developing the Doc2vec model, number of epochs is a case sensitive parameter 
that considerably affects the performance of topic modeling where it is desired for each 
cluster to represent the most similar texts, while for clusters to be as distinctive and 
different as possible. In order to find the fittest number of epochs, cosine similarity 
criterion [28] was employed as follows. To evaluate the tweets similarity in each cluster, 
10 most frequent words in each cluster were converted to vectors using Word2vec and 
cosine similarity was calculated for each word-pair. The average value is the criterion 
for each cluster. The final value is the average of the calculated cosine similarity of all 
clusters. To evaluate the difference among clusters, first, the average vector of 10 most 
frequent words in each cluster was calculated. Next, pairwise cosine similarity of these 
vectors were calculated and finally, one minus the average would show how different the 
topics are. By applying this method, we evaluated performance for different epochs and 
obtain the optimum number for our Doc2vec model which in our case lead to 10 epochs. 
Table 2 shows the effect of number of epochs in Doc2vec model on the performance of 
topic modeling. Based on Table 2, 10 epochs for Doc2vec model was chosen. 

Table 2. Effects of number of epochs on model performance 

 Epochs Num. topics Cosine similarity of topics 1-cosine similarity of topics 

Farsi 
5 8 0.326 0.325 

10 8 0.3 0.41 

15 8 0.262 0,397 

English 
5 8 0.32 0.40 

10 8 0.29 0.48 
15 8 0.26 0.52 

French 
5 8 0.248 0.424 

10 8 0.264 0.411 
15 8 0.27 0.40 

Arabic 
5 8 0.398 0.428 

10 8 0.422 0.472 

15 8 0.398 0.484 

 
To find the optimum number of clusters, Dunn index criteria [29] was utilized. For 

Farsi, English, French and Arabic tweets, the optimum number of clusters were obtained 
as 4, 5, 3 and 4, respectively. Figure 2 shows the how Dunn index is used to find the 
optimum number of clusters for French and Arabic tweets. 

 
(a): French (b): Arabic 

Figure 2. Dunn index versus the number of clusters in French and Arabic 
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After clustering tweets in each language, in order to analyze the content, each cluster 
should be labeled with a theme manually. To implement this task, 10 most frequent 
words of each cluster in addition to a random collection of 100 tweets were extracted and 
presented to three different native speakers of that language along with a list of suggested 
themes (annotators were encouraged to change the themes or add new theme as pleased 
and the list was just some examples to clarify the task). Candidates used the information 
to choose at least one theme for each cluster. In an attempt to measure the inter-rater 
agreement between the three raters, Fleiss Kappa testing was employed [30]. 

3. Results 

The themes for each language and their distribution are shown in Figure 3. Farsi tweets 
were categorized into four themes with the Fleiss Kappa of 0.826 where “virus origin” 
has the largest share. English tweets with seven themes had the most versatile 
distribution. The Fleiss Kappa was 0.73 and most English tweets were on “control 
measures and treatment” theme. French and Arabic tweets were divided into three and 
four themes with Fleiss Kappa of 0.916 and 0.874, respectively. While the majority of 
French tweets were regarding “government responsibilities”, Arabic tweets were mostly 
about “control measures and treatment”, similar to English tweets. 
 

  
  (a) Farsi (b) English 

  
 (c) French (d) Arabic 

Figure 3. Farsi, English, French and Arabic tweets analysis results pie chart 

 

To better understand the content of the clusters, as a sample, Table 3 shows the 10 
most frequent words and two samples of tweets for the “government responsibilities” 
theme in English and Farsi languages. 
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Table 3 Ten most frequent words and tweet samples for “Governmental responsibilities” theme 

Language Ten most frequent words Tweet samples 

English 

outbreak U.S. Safety first, authorities implant strict screening 
measures to conduct medical checkups on 
passengers #dubai 
India suspends visas from Iran, Italy, South Korea, 
and Japan 

China global 
due world 
Italy country 
Iran spread 

Farsi 

(Iran) يرانا  (US) يکاآمر ناتوانی دولت در مواجهه با ويروس  
 صدای خبرنگار الجزيره را هم درآورد

(Inability of government in confronting the virus 
made the al jazeera journalist to object) 

روحانی در جلسه هيئت دولت: قول 
می دهم در کوتاه ترين مدت از بحران 

 عبور می کنيم
(President Rouhani in government meeting: I 
promise we will pass this crisis in shortest time) 

(people)يسفرانسه_انگل مردم  
(France-England) 

(outbreak) يوعش ی_اسلامیجمهور   
(Islamic Republic) 

(China) ينچ  (help)کمک 

(country)مقابل کشور 
(confronting) 

4. Discussion 

Social media act as an appropriate source of information in dangerous situations [31]. 
Although at this time, the actions and reactions of the people and officials of countries 
are not possible in real space, the social atmosphere these days is in social media such as 
Twitter, and demands and actions are easily exchanged. In this study, COVID-19 related 
topics and discussions in English, French, Persian, and Arabic among Twitter users, 
inside West Asia and North Africa during the first wave of COVID 19, were analyzed 
and studied.  

Subject of control measures and treatment is a common theme among English-
speaking, and Arabic-speaking users. As COVID-19 spreads to other countries and 
governments try to mitigate its impact by implementing counter measures, people have 
also used social media platforms to express their opinion about the measures themselves, 
the leaders implementing them, and the ways their lives are changing [32]. 

The origin of the virus has been a common theme among English-speaking and 
Persian-speaking users. For example, in Persian language, when it was announced that 
the first case of the coronavirus in Iran was discovered in Qom province, the mentality 
of society gradually emerged that Qom province was the source of the virus, and it was 
also announced that the virus was transmitted by Chinese immigrants or traders. Then it 
has gone to other cities from Qom province. We got this in one of the Persian language 
clusters.  

One common theme among English, French, Persian and Arabic users is the 
government political responsibilities, relatively authoritarian public health measures 
(such as physical distancing or temporary economic shutdowns) depend on societal 
compliance. People follow these policies when they have a good and reliable relationship 
with politicians and also these officials have a political economy that allows their people 
to stay home without suffering from hunger [33]. 

A common theme among Persian and Arabic users has been “fear”. According to 
US Center for Disease Control and Prevention (CDC), this pandemic results in fear and 
anxiety about the new disease and also this fear may result from public health actions, 
and social distancing, because these actions may make people feel isolated and lonely. 
Therefore, governments should inform the public about the necessity of these actions and 
support people emotionally and provide necessary services in this regard[34].   
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The common theme among English-speaking, French-speaking and Persian-
speaking users on Twitter is the subject of statistics and news. It shows that these 
communities care about the news and death statistics and the prevalence of this disease 
in their countries. Social media have played pivotal roles in the dissemination of 
information during the COVID-19 pandemic including both the rapid sharing of 
scientific research as well as various hoaxes and misinformation.[35].  

The results of this study can be a help to improve treatment measures, macro 
decisions, social support, and a better understanding of people's behavior and reactions 
during an epidemic. For future studies, it is recommended that based on the geographical 
locations and time, users’ opinions for this pandemic be collected and processed. 
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