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Abstract. The new coronavirus outbreak (COVID-19) has swept the
world since December 2019 posing a global threat to all countries and
communities on the planet. Information about the outbreak has been
rapidly spreading on different social media platforms in unprecedented
level. As it continues to spread in different countries, people tend to
increasingly share information and stay up-to-date with the latest news.
It is crucial to capture the discussions and conversations happening on
social media to better understand human behavior during pandemics
and alter possible strategies to combat the pandemic. In this work, we
analyze the Arabic content of Twitter to capture the main discussed
topics among Arabic users. We utilize Non-negative Matrix Factorization
(NMF) to discover main issues and topics based on a dataset of Arabic
tweets from early January to the end of April, and identify the most
frequent unigrams, bigrams, and trigrams of the tweets. Eventually, the
discovered topics are then presented and discussed which can be roughly
classified into COVID-19 origin topics, prevention measures in different
Arabic countries, prayers and supplications, news and reports, and finally
topics related to preventing the spread of the disease such as curfew and
quarantine. To our best knowledge, this is the first work addressing the
issue of detecting COVID-19 related topics from Arabic tweets.
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1 Introduction

In recent years, social networks have become a remarkable source of information,
reflecting societies interest and reactions about a specific topic. Analyzing the con-
tent and the diffusion of social networks information has been shown useful and
increasingly used in many fields to characterize an event of interest, e.g., politi-
cal, sports, or medical events. Lately, it was worthwhile to direct this capability
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toward the pandemic spread of corona virus. Consequently, an expedited research
effort has been applied on analyzing social networks contents and activities during
the pandemic spread to help recognize and characterize the social response [1].

In the meanwhile, with coronavirus infection spreading around the world,
Arabic countries have been suffering from the outbreak of COVID-19 as the rest
of the world. Nowadays, many individual’s activities and conversations related to
the pandemic are carried out through social media platforms such as Facebook,
Twitter, Instagram, etc. Twitter is one of the most famous social media platforms
that has a strong growth in the Arabic region, the number of posts reaches 17
million tweets per day according to the Arab social media report [2].

Due to its overwhelming usage and popularity, tweet content mining can
potentially provide valuable information during health crises. Several studies
have shown that Twitter can be exploited as a valuable data source for detect-
ing and managing the outbreaks [3,4]. Recently, the rise of coronavirus cases in
the Arabic countries has led to an escalating discussions related to the COVID-19
pandemic on social media platforms. Therefore, identifying the main concerns,
thoughts, and topics regarding the coronavirus crises might be useful to assist
public health professionals and social scientists. The main goal of this paper is
employing text mining techniques to get an overview of the most discussed top-
ics by Arabic tweeters during the pandemic. Particularly, we use Non-negative
Matrix Factorization (NMF) to identify latent COVID-19 related topics in Ara-
bic tweets.

2 Related Work

There has been a growing body of work aiming at mining content related to
the COVID-19 pandemic. A study done by Alshaabi et al. [5] analyzed tweets
in the context of COVID-19 by extracting 1,000 unigrams in 24 languages from
tweets posted in early 2020 and compared it with the ones used a year ago.
The authors observed that the first peak was around January 2020 and the
second peak was in early March. Li et al. [6] performed an analysis (on Twitter
and Weibo) by tracking the change of topic trends, sentiments, and emotions
to understand the public attitude towards coronavirus crisis. The vast majority
of the previous studies have been on English Twitter content. Recently, some
studies (e.g., [7] and [8]) gave attention to analyzing Arabic Twitter content
during the pandemic. A dataset of Arabic tweets, ArCOV-19, collected from
January 27", 2020 to March 31°¢, 2020 [7]. The sentiment analysis of Arabic
tweeters in Saudi Arabia toward the preventive measures to combat COVID-19
were conducted in [8].

Various works have been done to extract topics from Twitter with varieties of
algorithms. Prier et al. [9] explored tobacco-related tweets from health-related
tweets by applying (LDA) algorithm. Besides, (LDA) algorithm employed by
Sokolova et al. [10] to identify election-related events tweets. Alternatively, NMF
can be employed to extract topics from text. It has been frequently used to ana-
lyze tweets’ text. Geo-tagged tweets were analyzed by detecting trending topics
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Fig. 1. Methodology workflow

using NMF for urban monitoring in certain areas in Indonesia [11]. Moreover,
Klinczak and Kaestner [12] showed that the result of NMF on Twitter data
yeilded better performance over the other two clustering algorithms, k-means,
and k-medoids.

3 Methodology

This section describes the workflow of the methodology adapted for this study
and explains the main steps. The workflow is depicted in Fig. 1 and is composed
of the following steps: 1) Dataset preparation, 2) Text pre-processing, and 3)
Topics discovery and themes identification, which involves: NMF for topic mod-
elling, Topic model coherence evaluation employing word2vec, and Exploratory
topic discovery.

3.1 Dataset Preparation

We use the dataset of the Arabic Twitter COVID-19 collection! [13], which
contains 3,934,610 Arabic tweets related to COVID-19. The original dataset
was collected through Twitter’s streaming API and covers the time span from
January 1, 2020 to April 30, 2020. Figure 2 illustrates the COVID-19 collected
tweets frequency per day. To build a better-quality potential dataset for the
experiment, certain filtration and cleaning are applied on the tweets collection
to remove noise from the data:

— Filtering non-Arabic tweets: many tweets founded were multilingual tweets,
since the Arab users may post tweets written in different languages besides
Arabic. Therefore, we opted to filter out the multilingual tweets. The non-
Arabic tweets were identified using the language field in the tweets metadata.

— Filtering out the retweets: the retweets were removed from the dataset to
eliminate the duplicated content tweets.

— Filtering out short tweets: the tweets with one or two words usually could be
ambiguous, hence, this will not provide meaningful information. Therefore,
the tweets with less than three words were filtered out.

Applying the previous filtering steps, we ended up with 2,426,850 tweets.

! Available at: https://github.com/Sarah Alqurashi/COVID-19- Arabic- T'weets-Data-
set.
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Fig. 2. COVID-19 Tweets Frequency per day

3.2 Text Pre-processing

The pre-processing involved applying several steps to the entire dataset with the
aim of reducing the amount of trivial noise to clean the data. The following text
pre-processing techniques were applied: First, the cleaning step is performed to
remove noise data, in which we remove mentions, URLs links, emojis, punctua-
tion, Non-alphabetic characters, and non-Arabic words. The hashtags were also
removed yet maintaining its content in tweets. Furthermore, the Arabic vowel
diacritics, ‘Tashkeel’ \_}&w—'u : ‘Tashkeel [14] are diacritical marks appeared above
or below each letter, used in the Arabic to affect the way of Arab pronunciation
were removed; to unify the shape of tweeted words’ format. Second, we per-
formed tokenization on every tweet where each word was tokenized. Third, stop

words removal was applied. For example the Arabic prepositions {U d] ) J’c 'S
...etc.}, along with other common words in Arabic that have no polarity signifi-
cance in tweets were deleted. Lastly, we applied normalization to convert multiple
forms of a letter into one uniform letter. To unify the form of ‘Alef” and the form
of ‘Taa Marbotah’, we replaced { }; 1} with {|} and replace {3} with {s}. We
also applied an extra normalization to the word virus, as it is pronounced in two
different ways, as “Fairus” or “Firus”. The word virus in Arabic was converted
from g“jJiG to g*jJ}é.

3.3 Topic Discovery and Themes Identifying

NMF for Topic Modelling. Non-negative Matrix Factorization (NMF) is an
unsupervised technique for reducing the dimensionality of non-negative matri-
ces [15]. It has been successfully applied in the field of text mining to identify
topics [16]. Our study utilizes (NMF) according to its ability to give seman-
tically meaningful results. A study done by O’callaghan et al. [17] found that
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NMF produces more coherent topics than other popular topic modelling tech-
nique such as the latent Dirichlet al.location (LDA) model. To apply NMF, the
pre-processed tweets are transformed to log-based Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) vectors, where each row corresponds to a term and
each column to a document [18]. NMF based on (TF-IDF) values approves its
usefulness since it can account for the importance of a word to a document
within a collection of texts [17,19].

Topic Model Coherence Evaluation Employing Word2vec. According to
the difficulty of defining the similarity measure in high-dimensional sparse vector
space, we incorporated the potential of word embedding techniques to determine
the number of topics. We opted to use Topic Coherence-Word2Vec (TC-W2V)
metric, presented in [17], that measures the coherence between words assigned to
a topic via Word2Vec. Word2Vec basically consists of a model to represent words
as vectors. It is one of the most promising techniques in NLP that captures the
meaning of the words [20].

We employed word2vec by training our model based on the 2,426,850 col-
lected tweets using the Skipgram algorithm with a dimension of 200. To build
the model?, we used a small window of size 3 since the maximum length of a
tweet is 280 characters, and we set the minimum word count to 10. The word
vectors were produced using the Gensim package in Python. Given the trained
word2vec model, we explored 11 words that have arisen and used frequently dur-
ing COVID-19 pandemic such as {covid, mask, Wuhan, quarantine}, and visual-
ize it’s relevant words (top most 20 words similar) that have the same meaning,

as shown in Fig. 3. As observed, Fig. 3 shows that the words {CM‘C, “treatment” },
{Oles, “drug”}, {3L_5, “antidote”}, {=, “serum”} are the words closest vec-
tor of “Vaccine” as an example. Figure 3 illustrates that the model was able to
capture the similarity of the meaning of words.

After the word2vec model has been constructed, we trained the NMF model
for different values of k, the number of topics. Then, we calculated the average
TC-W2V for each model across all topics by extracting the similarity between
all top-n words pairs in each topic from the word2vec model. The final NMF
model trained with the highest average TC-W2V. As shown in Fig. 4, the high-
est average value was 0.3504 with & = 11. Hence, we trained the NMF model
with the optimal number of topics using the scikitlearn implementation of NMF
(including NNDSVD initialization) with k& equal to 11.

4 Result and Analysis

4.1 Unigrams, Bigrams and Trigrams Frequency over Time
Exploration

Basic unigrams, bigram and trigram frequency analysis over time will reflect
the change of Arabic tweeters trends and concerns during the pandemic. After

2 Available at: https://github.com/BatoolHamawi/COVID19Word2Vec.
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Fig. 3. t-SNE reduced visualization for 20 words closest to the chosen words that are
related to the pandemic in the trained Word2vec Arabic Covid-19 model.
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Fig. 4. Average TC-W2V for k from 5 to 20

applying the pre-processing steps, we constructed unigrams, bigrams and tri-
grams frequency table for the entire pre-proccessed dataset that resulted with
2,426,850 tweets. Then, we analyzed the frequency of each gram over the whole
dataset, and explored the topmost unigrams, bigrams and trigrams over weeks.
Figures 5 and 6 are the plots of grams frequency per day. In the plotting analysis,
the series of grams counts smoothed by moving average to clearly presented the
n-grams frequency over days and weeks. For unigram frequency, we investigated
the volume of specific words appeared in the Arabic tweet content in January
and associated with COVID-19 pandemic; Olag s ¢sb g Uy, j{ , which stand for
“corona”, “epidemic”, and “Wuhan”, respectively. Figure 5(A) plots the number
of occurrences of these words. An increase is clearly noticed over the last two
weeks of the January and reached the highest occurrences on the 25" January.
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Table 1. Top 10 bigrams and trigrams.

Bigram Bigram (Ar) [Frequency Trigram Trigram (Ar)  |Frequency
virus corona  |Us oS pwons| 461443 new corona virus Amlus Ug o8 e 31068
home quarantine | JAe 136004 corona virus spread | Ug, o5 wend alil| 27324
curfew st Jas | 101077 corona virus new e U, o8 pend | 23543
Ministry of health| &= 3;4 60712 ||world health organization| idle &= Ll 22787
New corona Lao Uy, e8| 49870 virus corona outbreak | Uy, s e &i5 | 18920
Corona epidemic | Us, s sl s | 49252 |home quarantine activity| JAe & QL:]"L-& 18651
new corona  |A=iws Us,sS] 37985 new corona virus Uji,jf A Baae | 17148
Virus spread | s ,Lakl| 34908 new virus infection Ugys8 msowd Glol | 13222
World health e ixe 32951 facing virus corona  |Us ¢S s nd d>lge| 12188
Health quarantine|  #° = 32667 new virus infection IR B Lleol| 10052

With respect to bigrams and trigrams, Table1 presents the top 10 most

co-occurrences bigrams and trigrams identified from the overall tweets in the
pre-processed dataset. From the constructed bigrams and trigrams table, we
manually crafted a list of bigrams and trigrams. Then, we tracked daily frequency
for each of them by combining the identified bigrams and trigrams with its
corresponding grams that have the same meaning. In February 2020, the news
about coronavirus started to disseminate over Arabic countries. The bi-grams

“corona virus”, Us, }5/ U9, and “corona covid”, A2 3{ Us, 5{ , appeared mostly

at the first week of the month, while the bi-gram “quarantine”, O""”" I 2 ‘,
started to increase over the last days in February as shown in Fig. 5(B). Similarly,
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(A) bi-grams related to coronavirus, (B) bi-grams of Health ministry, and preventive
measures, and (C) the top trigrams frequency for both March and April

Fig. 5 (C) shows the evolution of the top three trigrams in February. The trigram
“corona virus infection”, U 9 5.( g"iji.' *{L"7 had the highest occurrences in the
second week. While corona virus spread, U 9 j{ J“jJ}é Jw‘, started with the
higher occurrences in the first week of February. We also noticed that the trigram
order flight ban, Olaka! 23g; JUai was the most frequent trigram at the end
of February.

In March 2020, the number of infections with Corona virus was increasing
rapidly in Arabic countries, and so the tweets about the virus. We tracked the
bi-grams and trigrams for both March and April 2020 as done previously. The
bigrams list was separated into two lists: bi-grams related to coronavirus, and bi-
grams that include the “Ministry of Health” bi-gram and four bigrams about pre-
vention measures as shown in Fig. 6 (A) and (B). In terms of bigrams frequency
related to coronavirus, Fig. 6 (A) shows that there was stability in the pattern of
bigrams in March comparing to April. Regarding the second list, the bi-grams

quarantine, u"""‘ | 24 ‘, and curfew, J9=d! > they appeared as the topmost
frequent bi-grams from the second week of March to the end of the fourth week.
However, these bi-grams appeared during April albeit less frequently as shown

in Fig.6 (B). Moreover, the bigrams “washing hand”, u.,.,\.J‘ J~=, and “Home

isolation”, U]J\‘H J ‘, were mostly used in March, while their frequency went
down during April. The topmost frequent bigram in April was “Ministry of
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Health”, FE] OJL\ s, and it has higher frequency compared with March. In
terms of trigrams frequency in March, the trigram “home quarantine activi-

ties”, L;Jd ‘ J"'; ‘ Qkﬁn‘", was the most frequent trigram in March as shown in
Fig. 6 (C). Although this trigram was the sixth top frequent trigram in the entire
dataset as listed in Table 1, it appeared only a few times over April. The trigram

“corona virus spread s 9 j'( g"jﬂ Jw‘” was used more frequently in March

than April. However, the trigram “corona virus infection”, U 9 j{ JJ)J}'@ L.L"
was the highest frequent trigram in April, and it appeared in higher occurrences
comparing to March. The rest trigrams which include supplications “oh God,

remove the affliction”, Sl aas’) (‘H'm, “Allah, let our lives be extended so that

we live to see the holy month of Ramadan”, QL""‘J L, (“'G'U‘ reached the highest
in March, and continued to appear over April with lower frequency. Moreover,

the trigram “please stay at home”, (& S bw‘ U}LQ , appeared in March only.

Overall, the presented analysis demonstrates how the COVID-19 pandemic
has dominated the Arab conversations over months with different phases; aware-
ness phase, taking the action phase, and evaluation phase. In response to the
news about the outbreak of coronavirus in China, some words related to coron-
avirus were mentioned in the posted tweets in the last ten days of January. The
awareness phase about the virus continued to increase in February, the “coron-
avirus” and “corona COVID” co-occurrences expressed people awareness regard-
ing the new virus alongside fears from virus spread by asking to stop the flight
from and to China. During March, the lockdown measures were implemented in
most Arabic countries [21]. The partial curfew was announced and imposed by
authorities in different Arabic countries, such as Saudi Arabia, Kuwait, Jordan,
and Egypt. Consequently, a shift towards discussing the precautionary measure-
ments such as “quarantine”, “curfew”, and “home isolation” were observed and
reached its peak in March. Besides, Arab tweeters encouraged each other to
stay at home and increase prayers to God, which reflects the Arab attitude to
take actions and combat the pandemic. Although, the lockdown measures imple-
mentation was extended to April, and some Arabic countries imposed the 24 h
curfew [21], the discussion tendency in tweets content change to another phase.
Notably, Arab users were more attentive to monitor and evaluate the number
of infections, the situation of virus spread, and following up the impact of the
precautionary measures with the Ministry of Health.

4.2 Exploratory Topic Discovery

We analyzed the 11 topics extracted from tweets using the NMF described earlier
in Sect. 3.3. The distributions and the top-7 terms associated with each topic
shown in Table 2. To provide an overview of the main discussed topics regarding
the coronavirus in Arabic tweets, we inspected 1,000 chosen tweets from each
topic along with top frequent bigrams and trigrams. Then, we manually analyzed
with two Arabic native speakers volunteers the sets of the common bigrams,
trigram, and overall 11,000 tweets. We observed the following:
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Topic 1: Preventive measures taken against the virus, staying at home, and
protection from coronavirus infection. The most frequent countries mentioned
in the tweets were Saudi Arabia, Egypt, Lebanon, China, Jordan and Oman.
Topic 2: About quarantine, its impact on individuals, and quarantine activi-
ties. Moreover, appealing to increased charitable donations.

Topic 3: Corona is a global epidemic, suspension school, and the coronavirus
epidemic.

Topic 4: About China, flight cancellations from and to China, and discussion
about spreading the virus in Wuhan city.

Topic 5: About curfew- tweeters mostly mentioned Kuwait, Saudi Arabia,
and Jordan in the tweets. Moreover, appeals to stay at home mostly written

in Gulf dialect such as “Please stay home!”, “(Q S 5"\‘3‘ u}& 7.

Topic 6: It is mainly about coronavirus spread in Egypt. Most of the tweets
were written in Egyptian local dialect.

Topic 7: Supplications. Asking God for relief and protection from illnesses,
such as may Allah save us, and protect Muslims. Examples of trigrams

founded: “((Li‘j Wl L, and, “@o_i‘ NURRCYES

Topic 8: About the latest News. The tweets that belonged to this topic mainly
showed statistics and, number of cases, the number of new cases every day, and
the number of deaths caused by coronavirus in different cities and countries.

Topic 9: Ramadan Supplications, such as “QL"‘J bk C‘G'U ‘,” which mean O’
Allah, let our lives be extended so that we live to see the holy month of
Ramadan.

Topic 10: The main topics founded are about: facing the spread of coronavirus,
and corona out-breaks.

Table 2. Identified topics and their components

=

Topic|Topics identified Keywords Distribution

1 Prevention measures in different countries|”** ¢ Bause a0 ¢ 03 VT s qagnnd] 17.95%
Saudi Arabia, Kuwait, Jordan, Lebanon, virus, corona, Egypt
[ENEITE | ; et ¢ N

2 |Quarantine s o caly g JRec 220 2 6.76%
quarantine, healthy, house, isolation, must, home, stay

3 Corona is a global pandemic U’L CE e K JHL ‘ (JL: ) 5.37%

epidemic, global, globally, the most dangerous, countries, disease, people
[N G FEIwA C\Jﬁ)lt Sldg ¢ Olags ¢ el

China 15.17%
China, Wuhan, deaths, higher, Chinese, America, world

Curfew et bl s s ¢ qmidlecy ST LS 4.55%
Curfew, wandering, compulsory, lockdown, decision, Kuwait, Saudi Arabia

Coronavirus in Egypt el ¢ aslolas (e by, 55 ¢ pas 9.31%
Egypt, corona, time, because, danger, afraid, treatment
5 5 J e edne ¢ LSO | .

Supplications by e S s Jud e oy el 13.49%
Allah, away from, Muslims, we ask, will, suffices, corona

Latest News Nk o ¢ oup wlolc de CLE)I( s 5.46%
Record, increase, case, infections, new, death, announce.

Bl ¢ Crekane ¢ L Lo olams ¢ Olias, ¢ ogll
Ramadan Supplications r““ G clakc ook o Olad ol ﬁ'u 3.76%

O Allah, Ramadan, Shaaban, O Lord, we have reached, ailments
551 ¢ dnins (U, oS s by g i

Coronavirus spread LBt ar Usu55 o &5 « Ly S 10.89%

Outbreak, confrontation, prevention, virus, corona, novel, spread.

Yl o 590 oVl o alate ¢ 5l i

Health, ministry, organization, announce, cases, minister

Ministry of Health announcements 7.24%
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— Topic 11: About the World Health Organization, Ministry of Health

5

announcements in different countries, and health care workers on the front-
line (health heroes).

Conclusion

This paper presents a preliminary analysis and topic extraction of Arabic tweets
posted during COVID-19 pandemic from January to April 2020. An analysis
of the topmost frequent bi-grams and trigrams showed change in topic over
time. The topics were extracted utilizing the Non-negative Matrix Factorization
(NMF) methods. Our results demonstrate the power of NMF in detecting mean-
ingful topics that we believe will give great insights to the current discussions
and conversations happening on Arabic Twitter. In the near future, we plan to
consider the sentiment of the Arabic users to the current pandemic using deep
learning techniques.
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