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Abstract: Today’s societies are connected to a level that has never been seen before. The COVID-19
pandemic has exposed the vulnerabilities of such an unprecedently connected world. As of 19
November 2020, over 56 million people have been infected with nearly 1.35 million deaths, and the
numbers are growing. The state-of-the-art social media analytics for COVID-19-related studies to
understand the various phenomena happening in our environment are limited and require many
more studies. This paper proposes a software tool comprising a collection of unsupervised Latent
Dirichlet Allocation (LDA) machine learning and other methods for the analysis of Twitter data in
Arabic with the aim to detect government pandemic measures and public concerns during the COVID-
19 pandemic. The tool is described in detail, including its architecture, five software components, and
algorithms. Using the tool, we collect a dataset comprising 14 million tweets from the Kingdom of
Saudi Arabia (KSA) for the period 1 February 2020 to 1 June 2020. We detect 15 government pandemic
measures and public concerns and six macro-concerns (economic sustainability, social sustainability,
etc.), and formulate their information-structural, temporal, and spatio-temporal relationships. For
example, we are able to detect the timewise progression of events from the public discussions on
COVID-19 cases in mid-March to the first curfew on 22 March, financial loan incentives on 22 March,
the increased quarantine discussions during March–April, the discussions on the reduced mobility
levels from 24 March onwards, the blood donation shortfall late March onwards, the government’s
9 billion SAR (Saudi Riyal) salary incentives on 3 April, lifting the ban on five daily prayers in
mosques on 26 May, and finally the return to normal government measures on 29 May 2020. These
findings show the effectiveness of the Twitter media in detecting important events, government
measures, public concerns, and other information in both time and space with no earlier knowledge
about them.

Keywords: COVID-19; coronavirus; machine learning; big data; social media; apache spark; Twitter;
Arabic language; distributed computing; smart cities; smart healthcare; smart governance; Triple
Bottom Line (TBL)

1. Introduction

The level of digital and physical connectedness of today’s societies has never been
seen before. We are able to see and talk to people on the other side of the planet as if
they are with us. We are able to control machines in the farthest continents using our
smartphones. We are able to physically travel across the world in a day. We travel a lot to
distant lands and frequently share gifts and viruses with each other.

Unfortunately, the COVID-19 pandemic has exposed the vulnerabilities of this un-
precedentedly connected world. The COVID-19 pandemic, or coronavirus pandemic
(COVID-19 is the name of the disease), is caused by the virus SARS-CoV-2 (Severe Acute
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Respiratory Syndrome CoronaVirus 2) [1]. As of 19 November 2020, over 56 million people
have been infected with nearly 1.35 million deaths, and the numbers are growing [1]. Social,
economic, and environmental sustainability has been severely affected throughout the
world. There is a growing consensus that the post-pandemic societies and world may
take a different course for living, work, education, and other spheres of life. If (partial or
full) remote working, businesses, and education are to become the norm, many people
may choose to move and live in suburban or rural areas, and this will shift the course
of urbanization.

There is a need to understand what is happening around the world during and after
the pandemic, what measures are being taken to fight the pandemic by the government and
authorities, what the needs of the people are, and what people’s concerns and priorities are,
etc. This information can help us to understand the implications of various pandemic mea-
sures (e.g., social isolation), manage the pandemic, address people’s concerns, understand
the impact of various policies for the post-pandemic future, and more.

Traditional methods of data collection and analysis using surveys and other means
cannot capture such timely and large-scale data, alongside them having other disadvan-
tages. Researchers in recent years have increasingly used social media including Twitter to
study different issues in many application domains and sectors [2–5]. Naturally, social me-
dia has also been used during the COVID-19 pandemic times even more so, because the use
of social media and virtual platforms by the public has increased due to social isolation and
reduced mobility. A detailed literature review has revealed that the state-of-the-art research
on social media analytics for COVID-19-related studies is limited. Many more studies are
needed to improve the breadth and depth of the research on the subject in several aspects
(Section 2 elaborates the research gap, novelty, and contributions of our work).

1.1. Description of the Proposed Work

In this paper, we propose a software tool comprising a collection of machine learning
and other methods for the analysis of Twitter data in Arabic with the aim to detect gov-
ernment pandemic measures and public concerns during the COVID-19 pandemic. The
methods used in the tool include an unsupervised Latent Dirichlet Allocation (LDA) topic
modeling algorithm, natural language processing (NLP), correlation analysis, and other
spatio-temporal information extraction and visualization methods. The tool was built using
a range of technologies including MongoDB, Parquet, Apache Spark, Spark SQL, and Spark
ML. The tool comprises five software components (see Section 3). The Data Collection and
Storage Component (DCSC) uses various search queries and geo-coordinates to collect
data using Twitter REST (Representational State Transfer) API (Application Programming
Interface) and stores it using MongoDB and Apache Spark DataFrame (DF), a distributed
data collection organized into named columns. The Data Pre-Processing Component (DPC)
removes noise from the text and provides cleaned, normalized, and stemmed tokens. The
Measures and Concerns Detector Component (MCDC) uses an unsupervised LDA model
to cluster the tweets and detect government and public measures and concerns. The cor-
relations in data are also computed here. The Spatio-Temporal Information Component
(STIC) performs spatial and temporal analysis by extracting the date, time, location, and
other information from the tweets. The Validation and Visualization Component (VVC)
visualizes the results spatially and temporally using maps and other tools and validates
the detected measures and concerns using internal or external sources such as news media.
The Twitter dataset used in this specific study comprises 14 million tweets. It was collected
using the Twitter API from 1 February 2020 to 1 June 2020 for the Kingdom of Saudi Arabia.

The software developed for this work is part of the tool Iktishaf [6–9] that we have
been developing for the last few years. Earlier work on this tool has focused mainly on
mobility-related event detection using supervised learning. We have also developed other
tools for big data social media analytics in healthcare [10], logistics [11,12], and public
opinion mining for government services [13]. These works have used Twitter data in Arabic
or English.



Int. J. Environ. Res. Public Health 2021, 18, 282 3 of 34

1.2. Findings

We formulate and analyze the findings of this paper from three relationship perspec-
tives: information-structural, temporal, and spatio-temporal.

Information-Structural Perspective: Using the tool, in terms of the information-
structural (or subject matters) perspective, we have detected 15 government pandemic
measures and public concerns (quarantine, loan, salary, mobility, etc.) and have grouped
them into six macro-concerns (economic sustainability, social sustainability, contain the
virus, etc.). For the pandemic measures implemented by the Saudi government in relation
to the COVID-19 pandemic, we detect curfew and restrictions on mobility in the country,
quarantine and fines, restrictions on praying in the mosques, campaigns to stay home,
COVID-19 prevention, and cleaning services provided to curb the coronavirus spread. For
economic sustainability, we detected that the government provided financial incentives
including loans and private-sector salaries. Businesses increased offers to increase their
sales. People moved to or increased their online economic activities, such as the activities
related to prize draws for income earnings. For health, well-being, and social sustainabil-
ity, we detected that blood donation and treatment at hospitals have been a major cause
of concern. People also actively talked about the new number of cases. The daily liveli-
hood issues in Saudi Arabia include five daily congregational prayers at the mosques that
were suspended by the government. This was a major concern because praying five daily
prayers in congregations is compulsory in Islam (with certain exceptions). People usually
pray in mosques in congregations, standing close to each other and aligning shoulders
and ankles with the person on the right and left, which is risky in the pandemic situation.
People also increased in supplications for the safety of people. Roads were found to be
empty or with abnormally low traffic during the corona times, and this was also vigorously
discussed. A significant reduction in mobility was noted across the country that was
related to environmental sustainability, health, and well-being due to the reduction in
traffic congestion and air pollution. The detected events in Kingdom of Saudi Arabia (KSA)
are also aligned with international concerns, such as various lockdown measures [14],
reduced mobility [15], reduction in blood donations [16], financial difficulties and related
government incentives [17,18], and worries related to returning to normal times [19].

Temporal Perspective: Regarding the temporal perspective of the various pandemic-
related events within the time period of the dataset (1 February 2020–1 June 2020), we
are able to see timely relationships in the progression of various events. Figure 1 shows
the timeline of some of the detected government measures and public concerns. Some
of these events in the Twitter activity that remained high for a period are shown with
their start and end times. The earliest detected events in the data are related to virus
infection, prevention, curfew, and stay home. Between mid-March 2020 and the end of
May (with some intermittent gaps), people also increased their Twitter activity related to
the virus infection concern (spread of coronavirus and the increase in the number of cases).
The curfew (7 a.m.–6 p.m.) in Saudi Arabia was ordered firstly on 22 March and applied
from the next day. The events related to loans were detected with the highest peak on
22 March (Saudi Arabian Monetary Agency (SAMA) announced it on the same day [20]).
The activities on Twitter related to the quarantine event (we use “measure”, “concern”,
and “event” interchangeably, as appropriate) remained high during the initial period of
the curfew to around mid-April. The “No Mobility” event (empty roads) was vigorously
discussed on 24 March, two days after the curfew was ordered. The curfew situation and
the reduction in government services along with people’s fear of getting infected by the
virus had caused a reduction in blood donations and blood supplies. The activity on this
topic requesting blood donations was seen to be increased from late March to mid-April.
On 2 April, a 24 h curfew was enforced in Makkah and Medina (the two holiest cities
in KSA and the Muslim world), which stirred heavy Twitter activity. The events for the
salary events were detected on the 3 April the day King Salman of Saudi Arabia ordered to
contribute towards 60% of the salaries of Saudi private-sector employees with a financial
incentive of 9 billion Riyals in total (this was verified through external sources [21]). A peak
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activity related to the Five Daily Prayers concern was found on 26 May when the Ministry
of Interior announced that they would allow daily prayers to be held in all mosques of the
Kingdom (except the mosques in Makkah city). Finally, we detected the “Back to Normal”
government measure on 29 May 2020.
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Figure 1. The timeline of some of the detected government pandemic measures and public concerns.

Spatio-Temporal Perspective: We extracted location information using different ap-
proaches including tweet text and hashtags, geo-coordinate attributes, and user profiles. We
were able to detect important events in over 50 cities around the kingdom with major activ-
ities related to COVID-19 cases, curfew, etc., in the Makkah, Riyadh, and Eastern provinces.

We validated the detected government measures and public concerns and their spatial
and temporal nature through external validation by searching online news media or
through internal validation by checking tweets. These findings show the effectiveness of
the Twitter media in detecting important events, government measures, public concerns,
and other information in both time and space with no earlier knowledge about them.

The organization of the paper is as follows. Section 2 reviews the related works and
elaborates on the research gaps. Section 3 explains our methodology and the design of
the tool. Section 4 discusses the results and analysis. Section 5 gives the conclusions and
directions for future work.

2. Literature Review

Smart cities and societies are driven by the need to provide highly competitive, pro-
ductive, and smarter environments through the innovation and optimization of urban
processes and life [22,23]. Artificial intelligence has taken us by storm [24], and has led
to the emergence of concepts such as artificially intelligent cities [25]. A key to providing
smartness for emerging urban and rural environments is to continuously sense and analyze
these environments and make timely and effective decisions [6,10,24,26]. Social media
analysis using machine learning has become a key method to provide the pulse for sensing
and engaging with the environments [6] and is expected to provide smarter solutions for
our fight against COVID-19 and future pandemics as well as during peace times.

We review here the literature relevant to the topic of this paper, which is the detection
of COVID-19-related public concerns from social media (big) data in the Arabic language
using machine learning, specifically the LDA topic modelling method. Firstly, in Section 2.1,
we provide a background on the pre-COVID-19 use of social media in various application
domains. Subsequently, we review in Section 2.2 the works about COVID-19 analysis that
have used social media data without limiting the reviewed works to any analysis method
or a language. In Section 2.3, we review the works about COVID-19 analysis and social
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media that have specifically used topic modelling for analysis purposes; these works are
not limited to any language. We focus on the Arabic language in Section 2.4 and review the
works related to COVID-19 analysis that use Twitter data. Finally, Section 2.5 discusses the
research gap.

2.1. Use of Social Media in Research (Pre-COVID-19)

Digital societies could perhaps be characterized by their increasing desire to express
themselves and interact with others, and this is done through various digital platforms such
as social media. It is reported that roughly 58% of the global “eligible population” (70% of
the eligible population in 100 countries around the world) uses social media [10,27]. Social
media could provide a two-way communication channel for individuals, governments,
businesses, and others to engage with their friends, communities, stakeholders, etc. [10].
The traditional methods of data collection and analysis using surveys and other means
cannot capture such timely and large-scale data, alongside them having other disadvan-
tages. Researchers in recent years have increasingly used social media including Twitter to
study different issues in many application domains and sectors, and this trend has been
ramping up in COVID-19-related research and other studies. Social media and Internet
of Things (IoT) provide the pulse for sensing and engaging with the environments [10].
Sentiment analysis, or opinion mining, that utilizes social and other textual media is a vital
tool in natural language processing (NLP), defined as “the field of study that analyzes peo-
ple’s opinions, sentiments, evaluations, appraisals, attitudes, and emotions toward entities
such as products, services, organizations, individuals, issues, events, topics, and their at-
tributes” [10,28]. Many of the notable works on sentiment analysis rely on machine learning
and social media, with applications in logistics and urban planning [12,25,29–31]; catego-
rizing tweets about road conditions into useful, nearly useful, and irrelevant complaint
tweets [2]; identifying sources of noise pollution [32]; extracting traffic-related information
from tweets [3]; general and traffic-related event detection [6,9,11,33–35]; public opinion
mining for government services [13]; detecting health-related topics from the stream of
tweets (without aiming to detect a particular illness) [36]; tracking the side effects of certain
medications [37]; the detection of top symptoms, diseases, and medications and related
awareness activities [10]; tracking flu infections on Twitter [38], influenza surveillance from
social media data [39–41]; and many more.

2.2. COVID-19 and Social Media (General)

We review here the works about COVID-19 analysis that have used social media
data without regard to any modelling method or a language. Singh et al. [42] analyzed
tweets about coronavirus in different languages including English, French, German, Italian,
and others. Furthermore, they have performed spatiotemporal analysis of the data. They
focused on three countries, which are the United States, Italy, and China, and showed
the time series of tweets and the daily confirmed COVID-19 cases. They found that
the countries that had a higher number of COVID-19 cases also had a higher number
of tweets about COVID-19. Gencoglu [43] applied supervised classification to capture
COVID-19-related discourse during the pandemic. They collected around 26 million
tweets using Twitter streaming API with keyword filtering. They trained classifiers using
k-nearest neighbor, logistic regression, and support vector machine (SVM) to classify
the tweets into 11 categories including donate, prevention, reporting, share, speculation,
symptoms, and others. For training the machine learning classifiers, they utilized two
annotated datasets of questions and comments related to COVID-19. The dataset consisted
of several languages, including English, French, and Spanish, and was generated by native-
speaker annotators based on an ontology. Then, they employed language-agnostic BERT
(Bidirectional Encoder Representations) sentence embeddings to obtain a pre-trained model.
To extract embeddings, they used the TensorFlow framework on a 64-bit Linux machine
with an NVIDIA Titan Xp GPU. They found that Twitter activity increased due to the
increase in the spread of COVID-19 across the world.
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Several other works on the use of social media for COVID-19 analysis have been
reported. These include studies on American and Chinese peoples’ views on COVID-
19 [44], the mood of Indian people during the pandemic [45], the spread of anti-Asian
hate speech [46], the political tension between Brazil and China [47], and the identification
of emotional valence and predominant emotions [48]. Moreover, others have looked
into modelling social media data for COVID-19-related analysis to study the spread of
misinformation about the coronavirus [49–51], discovering political conspiracies in the
U.S. that were posted by Twitter automated accounts during the COID-19 outbreak [52],
identifying the causal relationship of the daily Twitter activity and sentiments during the
pandemic [53], and studying the frequency of the phrases “Chinese virus” and “China
virus” before and after the outbreak in the United States [54].

None of the works reported in this subsection have a focus or methods similar to our
research reported in this paper. None of them have used the distributed big data computing
framework Apache Spark. The discussed works did not support social media in the Arabic
language, which, as mentioned earlier, has its own challenges, particularly since it is not
based on the Latin script. Moreover, the size and period of the used data are also different.

2.3. COVID-19 and Topic Modeling

We review here the works about COVID-19 analysis using social media that have
specifically used topic modelling as the modelling method. These works are not limited
to any language. Liu et al. [55] studied the role of the Chinese mass media during the
COVID-19 crisis using news articles from the WiseSearch database. They applied LDA
and extracted 20 topics and then classified them into nine themes. The topics include
prevention and control policy, prevention and control measures, medical affiliation and
staff, epidemiologic study, and others. The themes include confirmed cases, prevention
and control procedures, medical treatment and research, detection at public transportation,
and others. Kaila and Prasad [56] applied LDA analysis and found the topics related to
the coronavirus from 18,000 tweets. Besides, they applied sentiment analysis and found
that most of the tweets were negative. Abd-Alrazaq et al. [57] identified twelve topics
from 167,073 tweets, collected for the period 2 February 2020 to 15 March 2020, using
LDA and grouped them into four themes: the origin of COVID-19, the source of the
novel coronavirus, the impact of COVID-19 on people and countries, and the methods for
decreasing the spread of COVID-19. Then, they used a simple string-matching technique to
find tweets that contain the selected keywords of the topics. Additionally, they calculated
the interaction rate for each topic after calculating the sentiment score and the number of
retweets, likes, and followers for each topic. None of the works discussed in this paragraph
have applied temporal or spatial analysis, supported social media in the Arabic language,
or used distributed big data computing platforms such as Apache Spark.

Med [58] collected 94,467 posts from the Reddit website in the period between 3 March
and 31 March. Then, they applied LDA and found 50 topics, 10 of them were assigned
to one of the following categories: public health measures, daily life impact, and sense
of pandemic severity. After that, they measured daily changes in the frequency of topics.
Ordun et al. [59] applied keyword analysis to find the most frequent words. They analyzed
around 5.5 million tweets in different languages that are based on Latin script. Arabic,
Chinese, and other languages that are based on non-Latin scripts were not included. They
used term-frequency inverse-document-frequency (TF-IDF) and defined the max_features
to 10,000. In addition, they performed topic modeling and identified twenty topics using
the default parameters of the Gensim LDA MultiCore model. For each topic, they extracted
the top twenty terms and used the first three terms to label the topic. Further, they used
Uniform Manifold Approximation and Projection (UMAP) to visualize how the 20 topics
grouped together. Additionally, they performed a temporal analysis to examine the trend
of topics over time. Additionally, they applied time-to retweet analysis and measure the
time between the tweet and the retweets. None of the works discussed in this paragraph
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have used distributed big data computing platforms such as Apache Spark, supported
social media in the Arabic language, or applied spatial analysis.

Mackey et al. [60] applied the Biterm Topic Model (BTM) to detect topics related
to COVID-19 symptoms, experiences with access to testing, and disease recovery. They
collected around 4 million tweets after filtering by keywords. The data was collected for
the period 3 March 2020 to 20 March 2020. Then, the tweets were grouped into five main
thematic categories: “conversations about first and secondhand reports of symptoms”,
“symptom reporting concurrent with lack of testing”, “discussion of recovery”, “confirma-
tion of negative diagnosis”, and “discussion about recalling symptoms”. For the analysis,
they used python packages and R-studio. Additionally, they analyzed the time and location
for the geotagged tweets (in our work, we use multiple methods for the location extraction
of tweets). Li et al. [61] detected stress symptoms related to COVID-19 in the United
States. They integrated a Correlation Explanation (CorEx) learning algorithm and clinical
Patient Health Questionnaire (PHQ) lexicon and proposed a CorExQ9 algorithm. They
collected 80 million tweets for the period of January 2020 to April 2020 and used a Jupyter
computing environment deployed on the Texas A&M High Performance Computer. They
compared CorExQ9 with LDA and non-negative matrix factorization (NMF). Moreover,
they visualized the symptoms of COVID-19 related stress at the county level for multiple
two-week periods. These works differ from our work in multiple aspects, including the
differences in the foci of the studies, the overall methodology, the specifics of analysis,
the time period of the data used, and particularly the processing of social media in the
Arabic language.

2.4. COVID-19 and Twitter (Arabic Language)

We review the works related to COVID-19 analysis that use Twitter data with a focus
on the tweets in the Arabic language. Alam et al. [62] analyzed Arabic and English tweets
during the COVID-19 pandemic to find whether the tweets contained a factual claim.
They defined annotation guidelines for manual annotation. Alshaabi et al. [63] collected
tweets in 24 languages including Arabic. They created time series for the top thousand 1 g
for each language. Then, they applied basic observations about some of the time series
data, including the use of the word “virus” in the tweets of all languages. Alsudais and
Rayson [64] collected around 1 million tweets about coronavirus for the period December
2019 to April 2020 and clustered them using the K-means algorithm with the Python
Scikit-learn package. They found five topics; these are “COVID-19 statistics”, “prayers for
God”, “COVID-19 locations”, “advice and education for prevention”, and “advertising”.
Besides this, to identify rumors, they applied supervised classification and labeled 2000
tweets as false information, correct information, and unrelated. The review of the works on
COVID-19 analysis using Twitter data in the Arabic language shows that the works on the
topic are scarce and are limited in their variety and the depth of the technologies, methods,
and analysis used in those works. For example, none of these works have used big data
platforms, and none have reported spatio-temporal analysis.

2.5. Research Gap, Novelty, and Contributions

The literature review provided in this section clearly establishes the enormous poten-
tial of social media analytics for COVID-19-related studies. The traditional methods of data
collection and analysis using surveys and other means cannot capture such timely and
large-scale data, alongside them having other disadvantages. The state-of-the-art social
media analytics for COVID-19-related studies is limited. Many more studies are needed
to improve the breadth and depth of the research on the subject with regard to the focus
of the studies, the size and diversity of the data, the applicability and performance of the
machine learning methods, the diversity of the social media languages, the scalability of
the computing platforms, etc. The maturity of research in this area will allow the develop-
ment, commercialization, and wide adoption of the tools for pandemic-related and general
surveillance and other purposes.
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The research reported in this paper is different from the existing works on social
media analytics for COVID-19-related studies in several respects, including the focus of
the studies, the methodology, the size of the data, the time/period of the social media data,
support for the social media in the Arabic language, whether the studies have used big
data distributed computing platforms, the breadth and the depth of the reported analysis
such as spatial and temporal analysis, the geographical focus of the studies, and the specific
findings. None of the existing works have reported a similar COVID-19 analysis of Twitter
data in the Arabic language with regard to the modelling method used and the depth
of the analysis. The Twitter data we have used, its time period, and the methodology
of its collection and analysis are different. The methods used for the validation of the
findings are also different. None of the existing works on the COVID-19 analysis has
used big data technologies for social media in Arabic. Even the works that use big data
distributed computing platforms for the analysis of text in languages other than Arabic
are very limited and differ in several aspects. The scalability of the software systems for
COVID-19 analysis is critical and is being hampered due to the challenges related to the
management, integration, and analysis of big data (the 4V challenges). We have developed
a novel architecture and pipeline (see Figure 2) for big data management and analysis
using distributed machine learning. We have also provided an analysis of the execution
time complexity for LDA algorithms for a different number of iterations (between 5 and
1000 iterations) on a varying number of computing cores (see Section 4.4). The use of big
data distributed computing technologies is important, because it will allow the scalability
and integration of COVID-19-related software with each other and with other healthcare
and smart city systems.
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3. The System Methodology and Design

The architecture of the proposed system is depicted in Figure 2. It comprises five
components that are depicted in the figure as five separate blocks and discussed in the
following subsections subsequent to the overview below.

3.1. The System Overview

We built our tool in Apache Spark, which is a big data platform for in-memory
computations on distributed data. Apache Spark provides the Spark ML package for
machine learning and Spark SQL for data handling. Spark SQL acts as a distributed SQL
engine. Additionally, it offers a programming abstraction called DataFrames, which is
conceptually equivalent to a table in a relational database but is immutable, parallel, and
distributed to handle big data. Moreover, the proposed tool was developed using Python
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and runs over Aziz supercomputer, which supports running Spark with YARN. Aziz
consists of 380 regular computer nodes, 112 compute nodes with large memory, as well as
2 additional GPU compute nodes and 2 additional MIC compute nodes. All the computer
nodes run CentOS 6.4 with dual Intel E5-2695v2 processors. Each node has 24 cores.
Regular nodes provide 96 GB memory, while large memory nodes provide 256 GB memory.
Further, they provided the Fujitsu Exabyte File System (FEFS) which offers high-speed
storage to store input/output data for the running jobs. It provides 7 petabytes of memory.

Algorithm 1 shows the master algorithm. The inputs are the search queries and the geo-
coordinates, which are required for the Data Collection and Storage Component (DCSC) in
addition to the location dictionary, which will be used during spatio-temporal information
extraction. The dataset was collected using the Twitter REST API and stored in MongoDB.
Then, the tweets will be loaded into Spark DataFrame (DF), which is a distributed data
collection organized into named columns. After that, the tweet Dataframe will be passed
to the Data Pre-Processing Component (DPC), which removes noise from the text and
provides cleaned, normalized, and stemmed tokens. Furthermore, the major concerns will
be discovered using the Measures and Concerns Detector Component (MCDC), which
applies an unsupervised LDA model to cluster the tweets. Subsequently, to perform
spatial and temporal analysis, the date, time, and location information are extracted
using a Spatio-Temporal Information Component (STIC). Finally, in the Validation and
Visualization Component (VVC), the results are visualized and validated against external
or internal sources.

Algorithm 1: Master

Input: search_query; geo_coordinate; location_d
Output: The discovered concerns and their space and time information

1 tweets← DCSC(search_query, geo_coordinate)
2 spark← createSparkSession()
3 tweets_DF← spark.read(tweets)
4 tweets_p_DF← DPC(tweets_DF)
5 tweets_g_DF←CDC(tweets_p_DF)
6 tweets_st_DF← STEC(tweets_g_DF, location_d)
7 VVC(tweets_g_DF, tweets_st_DF)

3.2. Data Collection and Storage Component (DCSC)

The experimental dataset contains Arabic tweets collected using Twitter REST API
during the period from 1 February to 1 June 2020. The total number of fetched tweets are
approximately 14.8 million tweets. The tweets were acquired using two methods. First,
we use keywords and hashtags related to coronavirus, such as #corona and #< A

	
KðPñ»>,

#covid19, as well as official accounts that post about it, such as the account of the Saudi
Ministry of Health (@SaudiMOH). The second method is fetching tweets without keyword
filtering to make sure that we do not miss any important tweets because we want to see
what are the topics that people were talking about and how the pandemic has changed
their life. Subsequently, we used geolocation filtering to obtain only tweets posted in
Saudi Arabia because our main focus in this work is to find the major concerns during the
pandemic time in Saudi Arabia.

Algorithm 2 illustrates the algorithm of the data collection. To store the collected
tweets, we searched for a storage method that supports flexible schemas. Therefore, we
selected the NoSQL databases, particularly MongoDB, which is a document-oriented
database. They enable storing various document data types, such as XML and JSON.

Moreover, to store the output of each component, we used Parquet file storage. One
of the reasons for selecting Parquet is because it is supported by many data processing
systems, including Apache Spark. Besides this, it automatically preserves the schema of
the original data and provides a good performance for both storage and processing. The
files were stored using the Fujitsu Exabyte File System (FEFS), which is a scalable parallel
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file system based on Lustre. Finally, the duplicated tweets were removed before passing
them to the next stage, which is pre-processing.

Algorithm 2: Data Collection and Storage

Input: search_query; geo_coordinate
Output: The collected tweets

1 db← connect_MongoDB()
2 api← connect_Twitter_API()
3 collect_store_tweetsCOVID19(api, db, search_query, geo_coordinate)
4 collect_store_tweets(api, db, geo)

3.3. Data Pre-Processing Component (DPC)

The main pre-processing steps can be summarized as follows: (1) irrelevant character
removal, (2) tokenizer, (3) normalizer (4) stop-word removal, and (5) stemmer. In the first
step, we removed all the numbers, the English alphabet, and all punctuation marks. This
means removing @, which every username started with, and # and _, which are used in
hashtags. However, we leave the hashtag name itself if it is not in English because it might
include useful information, such as the city name. Removing English and punctuation
means also removing links and all punctuation including Arabic semi-colons (;) and Arabic

question marks (?). Furthermore, we removed the thirteen forms of Arabic diacritics [65]
which can be grouped under three categories: vowel, nunation and shadda diacritics.
Vowel diacritics include the three main short vowels, called in Arabic Fatha (�), Damma

( �), and Kasra ( �), as well as the Sukun diacritic ( �), which indicates the absence of any
vowel. Nunation diacritics represent the doubled version of the short vowels known in
Arabic as Fathatan ( �

'�), Dammatan ( �
'�), Kasratan ( �

'�). The last form of diacritics is Shadda

(germination). It refers to the consonant-doubling diacritical (�). This also can be merged

with diacritics from the two previous types and result in a new diacritic such as (�) or ( �
'�).

The second step is dividing the text into tokens. We used the split() method in
Python with the white-space separator. The third step is using the Normalizer to nor-

malize the words (tokens) that contain different forms of Alif (


@, @



,

�
@), ‘Yaa’ (ø



) and ”TAA

MARBUTAH/ �
è” into the basic form. To clarify, the letter “Taa marbutah” ( �

é�) will be re-

placed with “haa” ( é�) while “Yaa” (ø



) will be replaced with “dotless Yaa” (ø). Additionally,

“Alif” with three forms (


@, @



,

�
@) will be replaced with “bare Alif” ( @).

The fourth step is removing stop-words. To do this, we modified the stop-words
provided by the Natural Language Toolkit (NLTK) to include a new list of stop-words
as well as normalize them. Since the NLTK stop-words list was designed for the formal
Modern Standard Arabic, we modified the list to include words that usually used in
dialectical Arabic, such as “ �

��
Ë”, “ú


ÎË@”, “ �

��
@”, and “ éJ
Ë”, in addition to that we consider

the common grammar mistakes. For example, the preposition “úÎ«” might be written “C«”

and “ 	áºË” might be written “ 	á» B”. Besides this, we included words that are usually used

in Du’aa (prayer) such as “H. PAK
”, “ÑêÊË @”, “ é<Ë @”. After that, we normalized the final stop-
words list before using them because they will be extracted from a normalized text. This
component is part of our earlier paper, Iktishaf. For further details, see the pre-processing
algorithm in [6].

Finally, we stem the tokens using the Iktishaf Light Stemmer [6]. Unlike the existing
Arabic light stemmers, Iktishaf stemmer was designed to minimize the number of letters
removed and eliminate changes in the meaning. It used a predefined list of prefixes and
suffixes. Then, based on the length of the word, the tool decides which affix can be removed.
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That leads to minimizing the word confusion and losing or changing the word meaning.
For further details, see the stemmer algorithm in [6].

3.4. Measures and Concerns Detector Component (MCDC)

To discover concerns, we used the Latent Dirichlet Allocation (LDA) topic modeling
algorithm. It is a statistical model that is used to identify the main topics discussed in
a collection of documents. It is an unsupervised method that models documents and
topics based on dirichlet distribution. Each document is characterized by the probability
distribution over various topics while each topic is modeled as a probability distribution
over words. The model received a collection of documents and returned a set of topics.
Each topic includes a set of words. This required defining the number of topics, denoted
by k to model the distributions. In this work, the tweets are the documents and we refer to
topics as concerns. Apache Spark supports LDA since Spark 1.3.0 in the MLlib package
and it also supports it in ML package.

Algorithm 3 illustrates the algorithm of the Measures and Concerns Detector Com-
ponent. The inputs for this component are the pre-processed tweets (tweet_p). The set
concerns number ([K]), the set of iterations number ([R]), and the threshold value. The
output of the DPC will be loaded from parquet files and stored in a Spark DataFrame
(tweet_DF). For training the model, we need to pass the documents (tweets) as vectors
of word counts. Thus, we used the CountVectorizer function. Then, we applied TF-IDF
weight, which is a statistical measure used to evaluate how important a word is to a doc-
ument (tweet) in a collection (tweets). This stands for term frequency-inverse document
frequency. TF-IDF comprises of two parts Term Frequency (TF) and Inverse Document
Frequency (IDF). TF measures how frequently a word occurs in a tweet. It is calculated
using the following equation:

TFw,t =
fwt

nt
, (1)

where fwt is the frequency of word w in tweet t and nt is the total number of words in
that tweet.

IDFt = 1 + log
|T|

|t : w ∈ t| (2)

where |T| is the total number of tweets, and it is divided by the total number of tweets that
contain the word w. Then, the multiplication of TF and IDF will represent the weight of the
word w in tweet t.

TF− IDFw,t = TFw,t × IDFt. (3)

After passing the collection of tweets as a vector to the LDA model, we need to specify
the number of concerns (k), which also can be thought of as cluster centers. To find a
suitable number of concerns, we tested different concerns numbers and calculated the
perplexity. Perplexity is a statistical criterion of how well a probability model predicts
a sample. It is a standard metric to measure generalization performance [66]. Lower
perplexity score indicates a good model. Further, we tested different iteration numbers to
find the best value.

Algorithm 3: Measures and Concerns Detector

Input: tweets_p; [K]; [R]; threshold
Output: concerns[][], tweets_g_DF

1 spark← createSparkSession()
2 tweets_DF← spark.read(tweets_p)
3 features_DF← generate_TFIDF_vector(tweets_DF)
4 LDAmodel← get_best_model(LDA_clustering(features_DF, [K], [R]))
5 concernsProb_tw_DF← train_best_model(LDAmodel)
6 concerns[][]← LDAmodel.describeTopics()
7 concern_tw_DF← assign_tweets_to_concern(concernsProb_tw_DF)
8 tweets_g_DF← group_filter_tweets(concern_tw_DF, threshold)
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Figure 3 shows the perplexity score against the number of concerns, k. The perplexity
score decreases with an increase in the value of k with some minor exceptions. The gain
in the perplexity score after k = 15. is relatively insignificant. Therefore, we use 15 as the
value of k—i.e., the number of concerns to be detected by our tool is set to 15. We also
carried out an empirical analysis of the various concerns detected by different values of k
and found that k = 15 produces the best results.
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Moreover, the model that achieved the best results is trained to obtain a final concerns
list. Furthermore, by calling the describeTopics function, we obtain a list of the top terms for
each concern. From the list of terms, we can understand the concern and thus we define
a label that represents it. For each tweet, we get an array of the probability distribution,
which represents how much the tweet belongs to each cluster. The concerns probability as
well as the tweets are stored in concernsProb_tw_DF. We need to make each tweet belong to
one concern (cluster), so we pick the concern with the highest probability in the array and
we consider it the best concern that represents the tweet. Thus, we get a group of tweets
under each concern. Since we have a large number of tweets, we assume that some of them
might be included under a specific concern because it represents the highest probability
comparing to the other concerns but the probability value itself might be very low. To keep
only tweets that are highly related to the concern, we decide to define a threshold and filter
out the tweets that have a probability less than the threshold value. This value will depend
on the data; in our particular case, we found that most of the tweets have a probability
higher than 0.8 as shown in Figure 4. So, we set the threshold = 0.8. The outputs of this
component are the lists of top keywords that explain each concern and the tweets grouped
by the concerns. The detected concerns will be explained later in the results section (see
Section 4).

In the MCDC component, we also compute the correlation matrix by calculating
correlation coefficients between the keywords of the detected concerns. This helps in
understanding relationships between the keywords. There are three main types of corre-
lation coefficient formulas, which are Pearson, Kendall, and Spearman correlation. The
Pearson correlation coefficient is the most commonly used. We selected it in this work. It
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measures the linear dependence between two variables. The Pearson correlation between
two variables x and y is computed using Equation (4) below.

r = ∑(xi − x)(yi − y)√
∑(xi − x)2 ∑(yi − y)2

, (4)

where xi is the ith value of x variable, yi is the ith value of y variable, x is the mean of the
values of the x variable, and y is the mean of the values of the y variable.

 

Figure 4. Tweet intensity versus probability of concerns.

The correlation matrix (see Section 4.1) is an asymmetrical (K × K) square matrix
where AB entry is a cell in the matrix that shows the correlation between two keywords in
row A and column B. Each cell has a value between 1 and −1, where 1 represents a strong
positive correlation and −1 represents a strong negative correlation.

3.5. Spatio-Temporal Information Component (STIC)

In this work, we identify concerns, and then each tweet under each concern that has
information about location or time, we call it an event. To apply spatio-temporal analysis,
we need to know the time and the location of the extracted event.

The obtained data using the Twitter API are encoded using JavaScript Object No-
tation (JSON). Each tweet object we obtained can have over 150 attributes associated
with it according to their documentation [67]. Each child object, such as users and place,
encapsulates attributes to describe it.

We extracted time and date information from “created-at” attribute which shows UTC
time when the tweet was created. For location extraction from the tweet object, we applied
different techniques.

The first approach is extracting location names from the “text” attribute. It contains
the tweet message. The location name might be explicitly mentioned in the text or it might
be part of the hashtags. We generated a dictionary for Saudi cities in English and Arabic as
well as their coordinates. Before using the dictionary to search for the cities’ names in the
text, we passed the Arabic names list to Iktishaf Light Stemmer because we extracted them
from the text after applying pre-processing. However, if the city name is not found in the
text, we move to the next approach, which is looking for geo coordinates information.

Therefore, the second approach is obtaining coordinates from “coordinate” or “place”
child objects. The “place” child object includes several attributes, such as “place_type”,
“place_name”, “country_code”. The “place_type” can be either city or point of interest
(poi). Moreover, we do not move to this approach unless we do not find the information
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in the text because the associate geo-coordinates within the tweet object represents the
location where the user physically present at the time of posting the tweet and it does not
necessarily be the actual location of the event that they are talking about. If users disable
location services in their smartphones, the value of these attributes will be null.

Thus, the third approach we follow is extracting information from the “user” child
object. This contains the user profile information such as the screen name and bio, which in-
cludes a short description as well as the country and city name. Users fill in the information
manually so they can be written in English or Arabic and they might use different spelling
such as Makkah can be written as Makah or mecca. Therefore, our location extractor was
designed to extract both English and Arabic names as well as the common names for Saudi
cities. However, users usually fill in this information when they create their account and
do not change them when they travel to another country/city. That is why we leave this
option to the end and we do not apply it unless we do not find the location information
from the previous two approaches.

3.6. Validation and Visualization Component (VVC)

We followed two methods to validate the identified concerns as well as their spatial
and temporal nature. The first method is based on searching against various official sources,
reports, and news media on the web. We consider it an external validation. The second
method is based on Twitter data we have, where it can give us the detailed information in
addition to space and time information, particularly if it was posted by an official news
account such as @spagov or the account of Ministry of Health.

After identifying the public concerns using the MCDC (see Section 3.4), we drew line
charts to show changes of concerns overtimes. Further, to show the concerns for their
spatial nature, we plotted them on top of the Saudi Arabia map. For this purpose, we used
Power BI and Tableau.

4. Results and Analysis

We will now discuss the results of our proposed system. Section 4.1 describes the
detected pandemic measures and concerns (topics) using LDA. Section 4.2 provides an
analysis of the identified measures and concerns as regards their temporal nature (the date)
as well as the validation process of the identified concerns using internal sources (Twitter)
and external sources (online news media). Section 4.3 provides an analysis in terms of
their spatio-temporal nature (the date and the cities). Section 4.4 provides an analysis of
the model execution times using distributed computing. Finally, Section 4.5 discusses the
relationship between the detected measures and concerns.

4.1. COVID-19: Pandemic Measures, Public Concerns, and Macro-Concerns

Table 1 lists the fifteen major pandemic measures and public concerns (hereon we
refer to them as public concerns or concerns) discussed by the public on Twitter during
the COVID-19 pandemic. These are grouped into six groups that we call macro-concerns
(Column 1). These are virus infection, daily matters, contain the virus, social sustainability,
economic sustainability, and back to normal. Column 2 gives the rank in terms of the
importance of the concern based on the percentage of tweets for each concern (percentage
is listed in Column 3). The concerns are listed, firstly, in groups (macro-concerns) and,
within each macro-concern, by the descending order of the rank. The fifth column of
the table shows the top ten keywords related to each concern. Primarily, these keywords
are the clusters extracted by our tool using the LDA approach described in Section 3.
Subsequently, we assigned a label (i.e., concern) to each cluster of keywords based on our
understanding of the keywords in each cluster. For the purpose of gaining understanding
about a cluster of keywords, we looked at the tweets that were associated with a cluster
with the highest probabilities (we refer to these as the top-ranked tweets). We illustrate this
in the following by example. The first row in the table lists the first public concern, which is
COVID-19 Cases. This includes keywords including health, announce, new, case, register,
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and infection. These keywords are usually used by individuals and various organizations
(e.g., the Ministry of Health in Saudi Arabia) when disseminating information related to
the daily number of cases, deaths, etc. The following is one such tweet by the Ministry of
Health (the number of cases, deaths, etc. would vary in these tweets).
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عاجل ابتداءً من يوم الاحد 2 شوال 1441هـ حتى نهاية يوم السبت 82 شوال 1441هـ السماح باداء الجمعه في 
 جميع مساجد المملكة ماعدا #مكه

The Ministry of Health announces the registration of (382) new cases of infection with
the new Coronavirus (COVID 19) and records (35) cases of recovery and (5) cases of
death, may God have mercy on them.

The second row lists the concern Supplications and its keywords. Supplication is
an important part of Muslim beliefs and daily life. Muslims supplicate when they face
difficulty or hear good news (they may also supplicate without any good or bad news). To
illustrate, Muslims believe that a difficulty is a test from God (Allah), and thus they are
encouraged to increase their supplications. During the pandemic, people might pray asking
Allah to protect them and others from the virus. Muslims increase their supplications
greatly during Ramadhan (the lunar month of fasting that comes once a year). The month
of Ramadhan this year (2020) fell between 24 April and 23 May. The keywords for this
concern are clearly representative of the label “Supplications”.

The third concern is Quarantine. This is one of the methods that have been followed
by various countries to prevent the spread of the virus by isolating healthy people from
potentially unhealthy people who could have been infected with the SARS-CoV-2 virus.
The fourth concern is about the Five Daily Prayers. Muslims pray in congregations, next
to each other without gaps, at mosques five times a day. The Saudi government suspended
all the congregational prayers across all mosques in the Kingdom to prevent the spread of
the virus. We found tweets from individuals and organizations similar to the following
top-ranked tweet.
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حالة ( 3)حاله تعافي و ( 23)وتسجل ( 91كوفيد )كورونا الجديد #حاله إصابه جديدة بفايروس ( 283)الصحة تعلن عن تسجيل 
 وفاه رحمهم الله

The Ministry of Health announces the registration of (382) new cases of infection with 

the new Coronavirus (COVID 19) and records (35) cases of recovery and (5) cases of 

death, may God have mercy on them. 

The second row lists the concern Supplications and its keywords. Supplication is an 

important part of Muslim beliefs and daily life. Muslims supplicate when they face 

difficulty or hear good news (they may also supplicate without any good or bad news). 

To illustrate, Muslims believe that a difficulty is a test from God (Allah), and thus they are 

encouraged to increase their supplications. During the pandemic, people might pray 

asking Allah to protect them and others from the virus. Muslims increase their 

supplications greatly during Ramadhan (the lunar month of fasting that comes once a 

year). The month of Ramadhan this year (2020) fell between 24 April and 23 May. The 

keywords for this concern are clearly representative of the label “Supplications”. 
The third concern is Quarantine. This is one of the methods that have been followed 

by various countries to prevent the spread of the virus by isolating healthy people from 

potentially unhealthy people who could have been infected with the SARS-CoV-2 virus. 
The fourth concern is about the Five Daily Prayers. Muslims pray in congregations, next 

to each other without gaps, at mosques five times a day. The Saudi government 

suspended all the congregational prayers across all mosques in the Kingdom to prevent 

the spread of the virus. We found tweets from individuals and organizations similar to 

the following top-ranked tweet. 

عاجل ابتداءً من يوم الاحد 2 شوال 1441هـ حتى نهاية يوم السبت 82 شوال 1441هـ السماح باداء الجمعه في 
 جميع مساجد المملكة ماعدا #مكه

Urgent starting from Sunday 8 Shawwal 1441 AH until the end of Saturday 28 Shawwal
1441 AH prayers are permitted to be performed in all mosques of the Kingdom, except for
#Makkah

This explains the existence of the keywords Sunday, Saturday, and Shawwal in the
clustered keywords. Shawal is the tenth month of the Islamic lunar calendar. The fifth
identified concern is Stay Home. From the top keywords, we can see that people consider
staying home a strong measure to stop the spread of COVID-19 and save lives. To increase
awareness among people about the importance of their role in fighting the coronavirus
outbreak, authorities used the slogan “We are all responsible”, which is visible in the
keywords of this concern. The sixth concern is Loan. The COVID-19 pandemic has severely
affected people’s financial situation globally due to reasons such as the loss of jobs. They
are seeking loans or struggling to repay loans, which makes it one of the major pandemic
concerns. The seventh concern is Cleaning Services. During the pandemic, the cleaning
services were in high demand such as for cleaning public areas affected by virus-carrying
people. The following tweet is an example of this concern.
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#Riyadh_municipality continues its tours to sterilize and clean the roads of Riyadh
during the period of #curfew to provide a safe and healthy environment for the residents
# WAS_general
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Table 1. COVID-19 pandemic: government measures and public concerns (1 February–1 June 2020).

Macro-Concern Rank % Public Concern Keywords
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The eighth concern is Hospital Treatment. From the top keywords, we can see
that the need for blood donation became very high during the pandemic. This was an
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international concern because fewer people donated blood. It could be because they cannot
visit hospitals/clinics because of the curfew or because they are worried about getting
infected. Besides this, according to the Food and Drug Administration (FDA) [16] the
number of blood donations dramatically declined during the pandemic time due to the
implementation of social distancing as well as the cancellation of blood drives. We found
several tweets in our dataset similar to the following, with differing patient file number
and hospital name. We removed the file number from the tweet to protect the patient’s
identity.
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Urgent owner of the file ----- needs #Blood #Donation type: accepts all blood types King 

Faisal Hospital #Jeddah 

The ninth pandemic-related concern is about the Prevention of COVID-19. This is 

clear from the top keywords: reduce, spread, corona, virus, and others. The top tweets 

that we found for this concern have shown different prevention strategies applied by the 

government to instill a sense of responsibility and to increase awareness among people 

about the importance of their role in fighting the spread of this virus. One of the 

approaches is enforcing curfew. The following tweet was posted on 22 March by @spagov 

account, which is the official account of the official Saudi Press Agency (SPA) for the news 

of the royal decrees, orders, council of ministers, and official statements. 

 خادم الحرمين الشريفين يصدر أمره بمنع التجول للحد من إنتشار # فيروس_كورونا الجديد ابتداءً من الساعة 7 مساءً 

The Custodian of the Two Holy Mosques issues a curfew order to limit the spread of the 

new #Corona_virus starting at 7 p.m. 

Besides this, as another example, the Twitter account of the Ministry of Health 

(@SaudiMOH) has posted the following tweet on 22 March. 

 من أجل سلامتكم ننصح بتأجيل المواعيد والإجراءات الطبية غير الملحة #الوقاية_من_كورونا

For your safety, we recommend postponing non-urgent medical appointments and 

procedures. #Coronavirus_prevention 

Another tweet with the same hashtag, #Coronavirus_prevention, was posted by the 

official account of the Minister of Health Dr. Tawfiq Al-Rabiah (@tfrabiah) on 15 May 

before the end of the curfew and the return to normal. He encouraged people to wear 

masks before getting out of their houses.  

 أنصح الجميع بإستخدام الكمامة القماشية عند الحاجة للخروج من المنزل #الوقاية_من_كورونا

I advise everyone to use a cloth mask when going out of the house 

#Coronavirus_prevention 

Moreover, we found another tweet posted by @SaudiMOH on 30 March about the 

government order to treat all COVID-19 patients for free.  

Urgent owner of the file —– needs #Blood #Donation type: accepts all blood types King
Faisal Hospital #Jeddah

The ninth pandemic-related concern is about the Prevention of COVID-19. This is
clear from the top keywords: reduce, spread, corona, virus, and others. The top tweets
that we found for this concern have shown different prevention strategies applied by the
government to instill a sense of responsibility and to increase awareness among people
about the importance of their role in fighting the spread of this virus. One of the approaches
is enforcing curfew. The following tweet was posted on 22 March by @spagov account,
which is the official account of the official Saudi Press Agency (SPA) for the news of the
royal decrees, orders, council of ministers, and official statements.
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Moreover, we found another tweet posted by @SaudiMOH on 30 March about the 

government order to treat all COVID-19 patients for free.  

The Custodian of the Two Holy Mosques issues a curfew order to limit the spread of the
new #Corona_virus starting at 7 p.m.

Besides this, as another example, the Twitter account of the Ministry of Health (@Saudi-
MOH) has posted the following tweet on 22 March.
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about the importance of their role in fighting the spread of this virus. One of the 

approaches is enforcing curfew. The following tweet was posted on 22 March by @spagov 

account, which is the official account of the official Saudi Press Agency (SPA) for the news 

of the royal decrees, orders, council of ministers, and official statements. 

 خادم الحرمين الشريفين يصدر أمره بمنع التجول للحد من إنتشار # فيروس_كورونا الجديد ابتداءً من الساعة 7 مساءً 

The Custodian of the Two Holy Mosques issues a curfew order to limit the spread of the 

new #Corona_virus starting at 7 p.m. 

Besides this, as another example, the Twitter account of the Ministry of Health 

(@SaudiMOH) has posted the following tweet on 22 March. 

 من أجل سلامتكم ننصح بتأجيل المواعيد والإجراءات الطبية غير الملحة #الوقاية_من_كورونا

For your safety, we recommend postponing non-urgent medical appointments and 

procedures. #Coronavirus_prevention 

Another tweet with the same hashtag, #Coronavirus_prevention, was posted by the 

official account of the Minister of Health Dr. Tawfiq Al-Rabiah (@tfrabiah) on 15 May 

before the end of the curfew and the return to normal. He encouraged people to wear 

masks before getting out of their houses.  

 أنصح الجميع بإستخدام الكمامة القماشية عند الحاجة للخروج من المنزل #الوقاية_من_كورونا

I advise everyone to use a cloth mask when going out of the house 

#Coronavirus_prevention 

Moreover, we found another tweet posted by @SaudiMOH on 30 March about the 

government order to treat all COVID-19 patients for free.  

For your safety, we recommend postponing non-urgent medical appointments and proce-
dures. #Coronavirus_prevention

Another tweet with the same hashtag, #Coronavirus_prevention, was posted by the
official account of the Minister of Health Dr. Tawfiq Al-Rabiah (@tfrabiah) on 15 May
before the end of the curfew and the return to normal. He encouraged people to wear
masks before getting out of their houses.
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I advise everyone to use a cloth mask when going out of the house #Coronavirus_prevention

Moreover, we found another tweet posted by @SaudiMOH on 30 March about the
government order to treat all COVID-19 patients for free.

Int. J. Environ. Res. Public Health 2021, 18, x FOR PEER REVIEW 18 of 36 
 

 

 وزير الصحة يعلن عن أمر خادم الحرمين الشريفين يحفظه الله بالعلاج المجاني لجميع المصابين بفيروس #كورونا
 .الجديد من المواطنين والمقيمين ومخالفي نظام الإقامة

The Minister of Health announces the order of the Custodian of the Two Holy Mosques, 

may God preserve him for free treatment to all citizens and residents infected and 

violators of the residency system with the new #Coronavirus. 

The tenth pandemic-related concern regards Prize Draw. Note in Table 1. the top 

keywords, such as withdrawal, documented, video, gift, and retweet. It is common on 

social media to see some users announce prizes that will be given to a randomly selected 

follower who retweets their tweet. This helps them to increase their popularity because 

they will get more followers and thus it would be a mean of earning. This can be done by 

individuals or companies. The following tweet is an example. 

 السحب الليلة موثق بالفيديو.. هدية ايفون 11 ريتويت و تابع

Withdrawal tonight is documented in the video … the gift is iPhone 11 retweet and 

follow 

The 11th public concern includes the keywords roads and traffic, and therefore we 

named it Mobility. The levels of daily mobility have changed significantly during the 

COVID-19 crisis throughout the world. All forms of transportation from road traffic flow 

to commercial flight activities have been reduced due to the fear of getting infected and 

the government lockdowns. The following tweet shows an example from Jeddah, the 

second largest Saudi city. This was posted on 19 March by the official account of the traffic 

department in Saudi Arabia, @eMoroor. 

طرق جده تشهد انخفاضا في مستوى الحركة المرورية ، ممايعكس الالتزام بالاجراءات الوقائيه و الاحترازية شكراً 
 لكم و نتمنى للجميع السلامة

Jeddah roads are witnessing a decrease in the level of traffic, which reflects the 

commitment to preventive and precautionary procedures [.] Thank you and we wish 

everyone safety. 

The 12th pandemic-related concern is Salary. The top keywords include salary, 

private, government, and sector. Many employees lost their jobs due to the government 

lockdown restrictions and the closure of shops. Besides this, small, medium, and large 

businesses were also severely affected. Many organizations cut down their employees’ 

salaries and/or laid off their employees. The 13th concern is Curfew. The top keywords 

include prevent, wandering, and the names of some cities. The 14th public concern is 
Offers. Discount, code, and coupon are among the top keywords. Various vendors in 

order to compensate for their losses due to the business closures in physical spaces have 

provided offers to attract online shopping customers.  

Finally, the 15th concern is Back to Normal. This is related to the issues that need to 

be addressed for returning to normal life (as opposed to the life during the pandemic). By 

the end of the curfew, the authorities in Saudi Arabia started a new awareness campaign 

under the slogan “العودة بحذر” (returning with caution). People were discussing and 

responding to this campaign on social media. This is the last concern in terms of the 

ranking, because we believe that it includes fewer tweets compared to the other concerns. 

The “Back to Normal” was a relatively recent public concern within the dataset this stage 

had started by the end of May and our dataset contains tweets until 1 June. 

Figure 5 visualizes the correlation matrix. The correlation matrix is visualized as a 

heatmap using the Seaborn library in Python. We computed the correlation matrix by 

calculating the correlation coefficients between the keywords of the detected concerns to 

show the relationship between the keywords (see Section 3.5 for details on its 

computations). There are a total of 15 concerns with 10 keywords each. We remove the 

duplicates keywords that exist in multiple concerns and sort them based on the frequency 

and keep the top 50 keywords. The dark blue color represents the strongest positive 

relationship between keywords while the dark red represents the strongest negative 

correlation. For example, note the dark blue color between wandering and prevent, which 
are used when mentioning Curfew. Note the dark blue squares between the keywords 

The Minister of Health announces the order of the Custodian of the Two Holy Mosques,
may God preserve him for free treatment to all citizens and residents infected and violators
of the residency system with the new #Coronavirus.

The tenth pandemic-related concern regards Prize Draw. Note in Table 1. the top
keywords, such as withdrawal, documented, video, gift, and retweet. It is common on
social media to see some users announce prizes that will be given to a randomly selected
follower who retweets their tweet. This helps them to increase their popularity because
they will get more followers and thus it would be a mean of earning. This can be done by
individuals or companies. The following tweet is an example.
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Withdrawal tonight is documented in the video . . . the gift is iPhone 11 retweet and follow

The 11th public concern includes the keywords roads and traffic, and therefore we
named it Mobility. The levels of daily mobility have changed significantly during the
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COVID-19 crisis throughout the world. All forms of transportation from road traffic flow
to commercial flight activities have been reduced due to the fear of getting infected and
the government lockdowns. The following tweet shows an example from Jeddah, the
second largest Saudi city. This was posted on 19 March by the official account of the traffic
department in Saudi Arabia, @eMoroor.
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Jeddah roads are witnessing a decrease in the level of traffic, which reflects the commitment
to preventive and precautionary procedures [.] Thank you and we wish everyone safety.

The 12th pandemic-related concern is Salary. The top keywords include salary, private,
government, and sector. Many employees lost their jobs due to the government lockdown
restrictions and the closure of shops. Besides this, small, medium, and large businesses
were also severely affected. Many organizations cut down their employees’ salaries and/or
laid off their employees. The 13th concern is Curfew. The top keywords include prevent,
wandering, and the names of some cities. The 14th public concern is Offers. Discount,
code, and coupon are among the top keywords. Various vendors in order to compensate
for their losses due to the business closures in physical spaces have provided offers to
attract online shopping customers.

Finally, the 15th concern is Back to Normal. This is related to the issues that need to be
addressed for returning to normal life (as opposed to the life during the pandemic). By the
end of the curfew, the authorities in Saudi Arabia started a new awareness campaign under
the slogan “P

	
Ym�'

.
�
èXñªË@” (returning with caution). People were discussing and responding

to this campaign on social media. This is the last concern in terms of the ranking, because
we believe that it includes fewer tweets compared to the other concerns. The “Back to
Normal” was a relatively recent public concern within the dataset this stage had started by
the end of May and our dataset contains tweets until 1 June.

Figure 5 visualizes the correlation matrix. The correlation matrix is visualized as a
heatmap using the Seaborn library in Python. We computed the correlation matrix by
calculating the correlation coefficients between the keywords of the detected concerns to
show the relationship between the keywords (see Section 3.5 for details on its computations).
There are a total of 15 concerns with 10 keywords each. We remove the duplicates keywords
that exist in multiple concerns and sort them based on the frequency and keep the top
50 keywords. The dark blue color represents the strongest positive relationship between
keywords while the dark red represents the strongest negative correlation. For example,
note the dark blue color between wandering and prevent, which are used when mentioning
Curfew. Note the dark blue squares between the keywords facing, stay, home, and strong,
which imply a strong positive relationship between them. As mentioned earlier, these
keywords refer to the Stay Home concern. There also seems to be a strong positive
correlation between custodian, holy, and Haramain, which are usually used when referring
to the Custodian of the Two Holy Mosques, the King of Saudi Arabia. Besides, a strong
positive correlation can also be noted between Makkah and Mukarramah, which is the
full name of Makkah city, as well as Madinah and Munawwarah, which is the full name
of Almadinah city, the two holiest cities in Islam. Additionally, note the light blue color
between the Makkah and Madinah keywords that shows that these two words have a
mild positive relationship, which makes sense because these two cities appear together in
many tweets. Note also the positive correlation between case, health, announce, register,
corona, and infection. As mentioned earlier, these keywords are used when posting about
COVID-19 cases.

Note that the most distinctive horizontal or vertical line is the line for the corona key-
word, indicating that it has a relatively distinctive relationship with most of the keywords
even though the light colors indicate mild positive and negative correlations. The highest
positive correlation appears to be between corona and virus, while the highest negative
correlation is between corona and good. This makes sense, because good is a positive
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keyword. Finally, we note that there are not many dark red colors, implying that none of
the keywords have strong negative correlations between them.
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4.2. Temporal Analysis

In this section, we will investigate how the public concerns have evolved over time
during the pandemic. Figure 6 depicts the changes in the intensity of the tweets over time
for the fifteen identified public concerns. We elaborate the data on these trends in Figure 6
using the following six figures, one for each of the six public macro-concerns.

Figure 7 depicts the intensity of tweets related to the public macro-concern Contain
the Virus. The public concerns in this macro-class include curfew, stay home, quarantine,
prevention, and cleaning services. The curfew was ordered on 22 March and applied from
the next day between 7 a.m. and 6 p.m. It can be seen that the highest peak (for Curfew)
was on 2 April. From external validation [68], we found that on that day the Makkah and
Madinah cities were put under a 24 h curfew to prevent the spread of the virus and protect
the health of residents. It appears that this 24 h curfew event was this detected highest
peak because these are the two holiest cities in Saudi Arabia and for the whole Islamic
world, and thus the lookdown of these two cities drew the attention of everyone.
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Figure 7. Daily Twitter activity for a macro-concern (Contain the Virus).

Figure 7 shows the Twitter activity for the Stay at Home public concern in red color.
It can be seen that the highest peak for this concern was on 21 March. We found that on
that day the Government Communication Center of the Information Ministry launched the
new visual identity initiative for the awareness campaign for coronavirus under the slogan
“Èð



ñ�Ó A

	
JÊ¿” (we are all responsible) to encourage people staying at home [69]. We believe

that people interacted with this initiative and posted about it on Twitter using the hashtag
# A

	
JÊ¿_Èð



ñ�Ó that explains a large Twitter activity related to the Stay at Home concern on

that date. The Prevention concern is represented in Figure 7 using a light purple color. The
highest detected peak for this concern was on 22 March and the second-highest peak was
on 30 March. We found that many orders have been placed around the end of March to
control the spread of the virus, including the order of curfew that has been announced on
22 March [70]. Further, as posted in the Ministry of Health website, on 30 March the King
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of Saudi Arabia ordered providing free treatment to all citizens, residents, and even those
who violated the residency rules [71].

The line plot in purple color in Figure 7 represents the quarantine concern. There are
several peaks between 22 March and 18 April. The posts about quarantine had increased
after the spread of the virus in the country and the increase in the number of cases. As
we mentioned earlier, the government enforced several actions, including lockdown and
curfew, as well as closing mosques, schools, and shopping malls by the end of March. The
public concern cleaning services is represented in Figure 7 in green color. Note in the graph
that the number of tweets start increasing after 22 March and reach the highest point on 3
April. Generally speaking, individuals and organizations have become more careful and
concerned with cleanliness. As mentioned in Section 4.1 using example tweets, the Riyadh
municipality has been sterilizing and cleaning the roads of the Riyadh city to provide a
safe and healthy environment. This tweet was posted on 26 March, which is in the same
period that shows a surge in the discussion about this concern.

Figure 8 depicts the intensity of tweets related to the public macro-concern Virus
Infection that includes one public concern, COVID-19 Cases. Note in the figure that
between mid-March 2020 and the end of May (with some intermittent gaps), people have
an increased Twitter activity related to the virus infection concern—i.e., the spread of
coronavirus and the increase in the number of cases. Specifically, the top two highest
peaks are on 22 and 30 March. We found from the external validation process that involves
searching in online news media (see Section 3.6) that the number of daily cases increased
on 22 March from 48 to 119, while on 30 March the number of cases increased from 96
to 154. This is a significant increase in the number of cases, considering that it was the
beginning of the pandemic period in Saudi Arabia. This caught the attention of the people
and increased the worries, leading to a peak in the Twitter activity on the subject.
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Figure 9 shows the intensity of the tweets for the public macro-concern Back to
Normal that includes one public concern with the same name Back to Normal. The
highest peak was on 29 May. We found that on that date the Minister of Health posted the
following tweet on Twitter:
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This tweet was posted by the end of the nationwide coronavirus curfew. The Ministry
of Health considered it the first stage to return to normal and started a new awareness
campaign under the slogan “P
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èXñªË@” (returning with caution). The interaction of
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.” explain the
increase in the tweet intensity on that day.

Figure 10 plots the intensity of the tweets for the public macro-concern Daily Matters
that includes three public concerns: Five Daily Prayers (Salah), Supplications, and Mo-
bility. Note in the figure that the intensity of the tweets about Supplications (see camel
color) increased with the spreading of the virus and the increased number of cases. People
in Saudi Arabia increased their supplications in response to the COVID-19 crisis. They
ask God to protect them and their families from the virus, as well as asking for an end
to the pandemic. The light blue color represents the Salah concern. The highest peak is
on 26 May. Looking in the news media, we found that on that day an official source in
the Ministry of Interior announced that, starting from Sunday 8 Shawwal (31 May) until
Saturday 28 Shawwal (20 June), they will allow prayers to be held in all mosques of the
Kingdom (except the mosques in the Makkah city) [72]. This explains the sharp increase
in the tweet intensity on that day, because people were very happy with this news since
praying at the mosque is critical for Muslims. The orange color represents the intensity
of tweets about the Mobility concern. Note in the figure that the highest peak is on 24
March, which is two days after the curfew was implemented in Saudi Arabia. This Twitter
activity was in response to how the roads appeared (empty) on the first day of the curfew.
We verified this through online articles (see, e.g., [73]). The users of social media shared
videos and photos showing the main streets empty due to the coronavirus curfew.

Figure 11 shows the intensity of the tweets for the public macro-concern Social Sus-
tainability, which includes one public concern, Hospital Treatment. There was an increase
over time in the Twitter activity on this concern during the pandemic, particularly during
the later part of March up until mid-April. This was due to the difficulties related to
the difficulties in getting treatment at hospitals and other related matters. Particularly,
we found several articles in the local newspaper (Okaz) [74,75] encouraging people to
donate blood because the blood bank supplies became low due to the COVID-19 situation.
Additionally, we found in the collected dataset several tweets about the need for blood
donation where they shared the patient files numbers in different hospitals in different
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cities. Furthermore, the Saudi Twitter hashtags account (@HashKSA) posted the following
tweet on 12 April:

Int. J. Environ. Res. Public Health 2021, 18, x FOR PEER REVIEW 24 of 36 
 

 

 

Figure 10. Daily Twitter activity for a public macro-concern (impact on daily life). 

Figure 11 shows the intensity of the tweets for the public macro-concern Social Sus-

tainability, which includes one public concern, Hospital Treatment. There was an in-

crease over time in the Twitter activity on this concern during the pandemic, particularly 

during the later part of March up until mid-April. This was due to the difficulties related 

to the difficulties in getting treatment at hospitals and other related matters. Particularly, 

we found several articles in the local newspaper (Okaz) [74], [75] encouraging people to 

donate blood because the blood bank supplies became low due to the COVID-19 situation. 

Additionally, we found in the collected dataset several tweets about the need for blood 

donation where they shared the patient files numbers in different hospitals in different 

cities. Furthermore, the Saudi Twitter hashtags account (@HashKSA) posted the following 

tweet on 12 April: 

 .بنوك الدم تشكو قلة المتبرعين بعد جائحة #كورونا

مديرة بنك الدم في التخصصي “د.الحميدان” تؤكد شدة الحاجة وتحث على التبرع بالدم والصفائح خصوصاً لمرضى 
 #الأورام و #زراعة_الأعضاء

Blood banks complain about the lack of donors after the Corona pandemic. The director 

of the blood bank in Specialist Hospital, Dr. Al-Humaidan, emphasizes the need and 

urges to donate blood and platelets, especially for the patients of #oncology and 

#organ_transplants. 

Figure 12 depicts the Twitter activity related to the macro-concern economic sustain-
ability, which includes the public concerns Prize Draw, Salary, Loan, and Offers. The 

blue color represents the Prize Draw concern. A well-known Twitter activity is about 

some Twitter users who post about a prize and then pick randomly from users who re-

tweeted their tweet about the prize. One of the reasons for them to do this is to get more 

followers and become famous, and then this is one of the ways to earn income. This activ-

ity helps both the person who wins the prize and the one who announced it. It can be 

noticed in the graph that, during the pandemic, the intensity of the tweets related to this 

concern was on the rise. We think that having more free time due to staying at home could 

be a reason for the increase in such activities on social media. Besides this, the financial 

difficulties that have become a concern for many people due to the pandemic perhaps 

have led the people to find other ways to earn income. The green color represents activity 

for the concern Offers. Note in the figure that the intensity of the tweets began to increase 

around the end of March. The timeline coincides with the timeline of curfew enforcement 

and shop closures. This, we believe, led business owners to increase sale offers on their 

Figure 10. Daily Twitter activity for a public macro-concern (impact on daily life).

Int. J. Environ. Res. Public Health 2021, 18, x FOR PEER REVIEW 23 of 36 
 

 

with this announcement as well as the use of the hashtag “ بحذر_العودة# ” explain the 

increase in the tweet intensity on that day. 
Figure 10 plots the intensity of the tweets for the public macro-concern Daily Matters 

that includes three public concerns: Five Daily Prayers (Salah), Supplications, and 

Mobility. Note in the figure that the intensity of the tweets about Supplications (see 

camel color) increased with the spreading of the virus and the increased number of cases. 

People in Saudi Arabia increased their supplications in response to the COVID-19 crisis. 

They ask God to protect them and their families from the virus, as well as asking for an 

end to the pandemic. The light blue color represents the Salah concern. The highest peak 

is on 26 May. Looking in the news media, we found that on that day an official source in 

the Ministry of Interior announced that, starting from Sunday 8 Shawwal (31 May) until 

Saturday 28 Shawwal (20 June), they will allow prayers to be held in all mosques of the 

Kingdom (except the mosques in the Makkah city) [72]. This explains the sharp increase 

in the tweet intensity on that day, because people were very happy with this news since 

praying at the mosque is critical for Muslims. The orange color represents the intensity of 
tweets about the Mobility concern. Note in the figure that the highest peak is on 24 March, 

which is two days after the curfew was implemented in Saudi Arabia. This Twitter activity 

was in response to how the roads appeared (empty) on the first day of the curfew. We 

verified this through online articles (see, e.g., [73]). The users of social media shared videos 

and photos showing the main streets empty due to the coronavirus curfew.  

 

Figure 10. Daily Twitter activity for a public macro-concern (impact on daily life). 

Figure 11 shows the intensity of the tweets for the public macro-concern Social 

Sustainability, which includes one public concern, Hospital Treatment. There was an 

increase over time in the Twitter activity on this concern during the pandemic, 

particularly during the later part of March up until mid-April. This was due to the 

difficulties related to the difficulties in getting treatment at hospitals and other related 

matters. Particularly, we found several articles in the local newspaper (Okaz) [74], [75] 

encouraging people to donate blood because the blood bank supplies became low due to 

the COVID-19 situation. Additionally, we found in the collected dataset several tweets 

about the need for blood donation where they shared the patient files numbers in different 

hospitals in different cities. Furthermore, the Saudi Twitter hashtags account (@HashKSA) 

posted the following tweet on 12 April: 

 .بنوك الدم تشكو قلة المتبرعين بعد جائحة #كورونا

Int. J. Environ. Res. Public Health 2021, 18, x FOR PEER REVIEW 24 of 36 
 

 

مديرة بنك الدم في التخصصي “د.الحميدان” تؤكد شدة الحاجة وتحث على التبرع بالدم والصفائح خصوصاً لمرضى 
 #الأورام و #زراعة_الأعضاء

Blood banks complain about the lack of donors after the Corona pandemic. The director 

of the blood bank in Specialist Hospital, Dr. Al-Humaidan, emphasizes the need and 

urges to donate blood and platelets, especially for the patients of #oncology and 

#organ_transplants. 

Figure 12 depicts the Twitter activity related to the macro-concern economic 
sustainability, which includes the public concerns Prize Draw, Salary, Loan, and Offers. 

The blue color represents the Prize Draw concern. A well-known Twitter activity is about 

some Twitter users who post about a prize and then pick randomly from users who 

retweeted their tweet about the prize. One of the reasons for them to do this is to get more 

followers and become famous, and then this is one of the ways to earn income. This 

activity helps both the person who wins the prize and the one who announced it. It can 

be noticed in the graph that, during the pandemic, the intensity of the tweets related to 

this concern was on the rise. We think that having more free time due to staying at home 

could be a reason for the increase in such activities on social media. Besides this, the 

financial difficulties that have become a concern for many people due to the pandemic 

perhaps have led the people to find other ways to earn income. The green color represents 
activity for the concern Offers. Note in the figure that the intensity of the tweets began to 

increase around the end of March. The timeline coincides with the timeline of curfew 

enforcement and shop closures. This, we believe, led business owners to increase sale 

offers on their products to attract customers to keep shopping from their online stores. 

Our personal experience in Saudi Arabia in the last few months is that many businesses 

have gone online or have increased their online sales activities. Social media is one of the 

free and powerful ways for marketing, and the trend of online shopping and sales offers 

can be witnessed here.  

 

Figure 11. Daily Twitter activity for a public macro-concern (social sustainability). 

Blood banks complain about the lack of donors after the Corona pandemic. The direc-
tor of the blood bank in Specialist Hospital, Dr. Al-Humaidan, emphasizes the need
and urges to donate blood and platelets, especially for the patients of #oncology and
#organ_transplants.

Figure 12 depicts the Twitter activity related to the macro-concern economic sustain-
ability, which includes the public concerns Prize Draw, Salary, Loan, and Offers. The blue
color represents the Prize Draw concern. A well-known Twitter activity is about some
Twitter users who post about a prize and then pick randomly from users who retweeted
their tweet about the prize. One of the reasons for them to do this is to get more followers
and become famous, and then this is one of the ways to earn income. This activity helps
both the person who wins the prize and the one who announced it. It can be noticed in the
graph that, during the pandemic, the intensity of the tweets related to this concern was on
the rise. We think that having more free time due to staying at home could be a reason for
the increase in such activities on social media. Besides this, the financial difficulties that
have become a concern for many people due to the pandemic perhaps have led the people
to find other ways to earn income. The green color represents activity for the concern
Offers. Note in the figure that the intensity of the tweets began to increase around the
end of March. The timeline coincides with the timeline of curfew enforcement and shop
closures. This, we believe, led business owners to increase sale offers on their products
to attract customers to keep shopping from their online stores. Our personal experience
in Saudi Arabia in the last few months is that many businesses have gone online or have
increased their online sales activities. Social media is one of the free and powerful ways for
marketing, and the trend of online shopping and sales offers can be witnessed here.

The public concern Salary in Figure 12 is represented by the magenta color plot in the
figure. We found that on 3 April King Salman of Saudi Arabia ordered the government to
contribute towards 60% of the salaries of Saudi private-sector employees with a financial
incentive of 9 billion Riyals in total [21]. This explains the dramatic rise in the intensity
of tweets on that day. The brown color represents the Loan concern; its highest peak was
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on 22 March. We found that on that day the Saudi Arabian Monetary Agency (SAMA)
announced that Saudi local banks will postpone the 3-month mortgage installments of all
public and private health workers starting from April 2020 [20].
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4.3. Spatio-Temporal Analysis

We investigate in this section the spatio-temporal behavior of selected public concerns
during the pandemic. We overlay the location of the specific detected concerns on top of
the map of Saudi Arabia. We plot only the tweets that include location information. The
size of the circle represents the intensity of the relevant tweets.

Figure 13 depicts the location of tweets about the public concern Curfew posted
on 2 April 2020. For governance purposes, Saudi Arabia is divided into 13 provinces.
Their names are listed on the left of the figure. We have selected the spatial behavior
of the concern curfew on this date because the temporal analysis we presented earlier
(see Section 4.2, Figure 7) revealed that on that day a 24 h curfew was enforced in the
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Makkah and Madinah cities. Note in the figure that the largest circle is over Makkah, and
this validates the information we already have. We were expecting to find another large
circle over Madinah city, but we did not. The official name of Madinah city in Arabic is
“ �

èPñ
	
JÖÏ @

�
é
	
JK
YÖÏ @”, transliterated as “Al-Madinah Al-Munawwarah”. The Arabic word “ �

é
	
JK
YÖÏ @”

(Al-Madinah) can also mean “the city”, referring to a city that is being referred to in a
context, implicitly or explicitly—that is, people may refer to a city as “the city” that is being
mentioned in the same tweet or the name of the city may be known from the context of
the tweet. The choice we have made in designing the location extractor is that the word
“Al-Madinah” if appearing without “Al-Munawwarah” is not considered as a location. We
consider the tweet to be about the Madinah city only if the city name is mentioned in full
(Al-Madinah Al-Munawwarah). Note in Figure 13 that the activities related to the concern
curfew can also be seen in other cities around the kingdom, with some circles (Riyadh)
larger than the others. This is because prayers in the main mosques of Makkah (Mecca)
and Medina are important for people all around the world.
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Figures 14 and 15 illustrate the location of the tweets about the public concern COVID-
19 Cases on 22 March and 30 March, respectively. These two dates are selected for the con-
cern COVID-19 Cases because the temporal analysis we presented earlier (see Section 4.2,
Figure 8) has revealed that the two top peak intensities for the concern happened on these
two dates. A total of 119 cases were reported on 22 March, 72 of these in Makkah, 43
in Riyadh, 15 in Eastern Province (4 in Dammam, 4 in Qatif, 3 in Alhasa, 3 in Alkhobar,
and one in Dhahran), and one in Alqassim [76]. This explains many circles in the eastern
province in Figure 14. Each circle represents a city and the size reflects the tweets’ intensity.
Note the large light blue circle over Riyadh city and large green circles around Jeddah and
Makkah (Jeddah is in Makkah province). We also know that people all around the country
were interested in the situation, so they posted about the virus spread and the number of
infected people. This explains the presence of circles in different cities around the kingdom.
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Figure 14. Spatio-temporal behavior of public concern (COVID-19 cases: 22 March 2020).

Figure 15 depicts the spatial information for 30 March. A total of 154 cases were
reported on the day with the following distribution: Makkah (40), Dammam (34), Riyadh
(22), Madinah (22), Jeddah (9), Haffof (6), Alkhobar (6), Qatif (5), Taif (2), and one in each
of the following cities: Yanbu, Buraydah, Alras, Khamis Mushait, Alduwadimi, Dhahran,
Samta, Tabuk [77]. To help to understand the map, note that Dammam, Haffof, Alkhobar,
Dhahran, and Qatif are in the Eastern Province, whereas the Makkah, Jeddah, and Taif
cities are in Makkah Province. Comparing Figure 15 with Figure 14, note that there are
some additional circles in Figure 15, implying that the discussion about the public concern
had spread to other cities. Moreover, the discussions on the public concern increased in
Makkah (dark green circles), perhaps mostly due to the concern becoming a bigger issue
over time during March 2020.

4.4. Execution Time Analysis

We explained earlier that our tool is designed as a distributed computing tool to
address scalability in terms of big data and compute-intensive analytics applications. The
tool was developed using the distributed computing platform Apache Spark and was
executed on the Aziz supercomputer (see Section 3.1). LDA clustering is RAM-intensive.
We have used multiple nodes with 256 GB RAM each.

Figure 16 plots the execution times of the LDA algorithm with five iterations against a
varying number of cores (24, 48, 72, 96, 120, 144, and 168). The number of features, in this
case, was not limited (compare with Figure 17). The results show that parallelizing the LDA
algorithm on a higher number of cores (up to a certain extent) reduces the execution time.
The LDA algorithm took 163.9 h (6 days) on 24 cores. We were able to reduce this time to
the minimum time of 23.6 h using 168 cores. Increasing the number of cores beyond 120 (to
144 and 168) did not help much and only managed to reduce the execution time of the LDA
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algorithm a little. This behavior where the execution time of a parallel algorithm does not
decrease with an increase in the number of computing cores or nodes is a normal behavior
in parallel or distributed computing and happens when the task size is small relative to
the number of cores. This is caused by the overhead of parallelizing or distributing a task.
Usually, once the parallelization reaches a saturation point where an increase in the number
of cores does not decrease the execution time, the execution time may even begin increasing
with an increase in the number of cores (see Figure 17).
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Figure 17 plots the execution times against the number of cores (24, 48, and 72)
for a varying number of LDA iterations (5, 10, 50, 100, 250, 500, 1000) using 10,000 fea-
tures/keywords (we have limited the number of features to reduce execution times). For the
LDA algorithm with 1000 iterations, we are able to reduce the execution time by more than
half, from 16.8 h on 24 cores to 7.4 h on 48 cores, benefitting from an increase in the number
of cores. The LDA algorithms with the lower number of iterations (5, 10, 50, . . . , 500) have
also benefited by their execution on a higher number of cores. However, a further increase
in the number of cores (72 from 48) does not improve execution speed and rather increases
the execution time. As explained earlier, this is a normal behavior in parallel computing
due to the parallelization reaching the saturation point.

Generally speaking, a higher number of iterations is expected to produce better clus-
ters. Our experiences in this work suggest that the clusters (public concerns) obtained from
100 iterations were better than the other configurations in terms of the relationship between
the keywords of a cluster, etc., enabling us to better label the clusters with appropriate
public concern names. Based on the results, the best choice was to execute LDA with
100 iterations on 72 cores. The results reported in this paper are based on this configuration
(LDA with 100 iterations and 10,000 features).



Int. J. Environ. Res. Public Health 2021, 18, 282 28 of 34
Int. J. Environ. Res. Public Health 2021, 18, x FOR PEER REVIEW 29 of 36 
 

 

 

Figure 16. Execution time vs. number of cores for varying number of LDA iterations (no limit on the number of features). 

Figure 17 plots the execution times against the number of cores (24, 48, and 72) for a 

varying number of LDA iterations (5, 10, 50, 100, 250, 500, 1000) using 10,000 features/key-

words (we have limited the number of features to reduce execution times). For the LDA 

algorithm with 1000 iterations, we are able to reduce the execution time by more than half, 

from 16.8 h on 24 cores to 7.4 h on 48 cores, benefitting from an increase in the number of 

cores. The LDA algorithms with the lower number of iterations (5, 10, 50, …, 500) have 

also benefited by their execution on a higher number of cores. However, a further increase 

in the number of cores (72 from 48) does not improve execution speed and rather increases 

the execution time. As explained earlier, this is a normal behavior in parallel computing 

due to the parallelization reaching the saturation point. 

 

Figure 17. Execution time vs. number of cores for various numbers of LDA iterations (a limited number of features—

10,000 keywords). 

163.92

70.30

60.06

46.99

24.23 23.70 23.56

0

20

40

60

80

100

120

140

160

180

24 48 72 96 120 144 168

H
o

u
rs

Cores

E X E C U T I O N  T I M E S  ( 5  i t e r a t i o n s )
6

.2
7

2
.3

1

2
.6

8

6
.3

1

2
.3

4

2
.7

3

6
.7

7

2
.5

3

2
.9

6

7
.3

4

3
.7

4

3
.3

1

8
.8

9

3
.5

5 4
.2

7

1
1

.6
7

4
.7

8 5
.6

7

1
6

.7
7

7
.3

9 8
.8

5

0

2

4

6

8

10

12

14

16

18

24 48 72

H
o

u
rs

Cores

E X E C U T I O N  T I M E

5 10 50 100 250 500 1000

Number of Iterations

Figure 16. Execution time vs. number of cores for varying number of LDA iterations (no limit on the number of features).
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Figure 17. Execution time vs. number of cores for various numbers of LDA iterations (a limited number of features—
10,000 keywords).

It may appear that the total savings one would obtain by using our tool on Apache
Spark would be 4 h (7.34–3.31 h, for the LDA algorithm with 100 iterations). The process of
LDA clustering such as presented in this paper may require running the LDA algorithm
many times on large volumes of data with different numbers of iterations and features.
In our case, we executed the LDA algorithm with various configurations between 30 to
40 times. For this, using the LDA algorithm with 5 to 1000 iterations would easily require
over a month of computing time. The ability of the tool to execute in parallel could save a
month of computing time in this case and speed up the development process. For larger
datasets, executing sequential codes may not even be possible, or distributed computing
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could save years of development time. How to select the number of cores for a given job
that could save experimental time and energy itself is a challenge and has been addressed
in our other works [78,79].

4.5. Pandemic Measures, and Public Concerns, and Their Interrelationship

Table 1 lists the fifteen major pandemic measures and public concerns discussed
by the public on Twitter during the COVID-19 pandemic. The pandemic measures are
quarantine, stay home, prevention (COVID-19), cleaning services, curfew, loan, salary, and
back to normal. The measures taken by the public and industry to address the economic
difficulties caused due to the COVID-19 pandemic are offers and prize draw. The public
concerns are COVID-19 cases, supplications, Five Daily Prayers (Salah), mobility, hospital
treatment. Some measures, in a way, could also be concerns. For example, quarantine, stay
home, prevention (COVID-19), curfew, loan, salary, and back to normal are both measures
and concerns.

The interrelationship or impact of public, industry, or government measures on public
concerns can be evidenced in our analysis presented in this section. For example, the events
related to loans were being discussed by the public, but were the highest peak was detected
on 22 March, the day when the Saudi Arabian Monetary Agency (SAMA) announced it
in the media (see [20]). Another example is the “No Mobility” event (empty roads) that
was vigorously discussed on 24 March, two days after the curfew measure was announced.
The impact of the quarantine and curfew measures was also seen in a reduction in blood
donations and blood supplies, leading to increased Twitter activity (concern) on this topic
requesting blood donations from late March to mid-April. This concern can also be seen as
a measure by the hospital authorities to announce the blood shortage and request action
from the public.

5. Conclusions

The level of digital and physical connectedness of today’s societies has never been
seen before. We travel a lot to distant lands and frequently share gifts and viruses with
each other. Unfortunately, the COVID-19 pandemic has exposed the vulnerabilities of this
unprecedentedly connected world. The COVID-19 pandemic is rapidly growing across the
world. Many countries have been affected and the number of cases has greatly increased.
World Health Organization (WHO) declared it a pandemic on 11 March 2020. Currently,
medical specialists can only treat the symptoms of the disease, since there are no cures for
this disease, and developing a new vaccine with low risks and a high success rate will take
time. Therefore, it is a serious global health issue.

Social networking platforms such as Twitter streams hundreds of millions of posts
daily. They can be treated as a useful medium for the dissemination of information
about diseases. This provides us a great opportunity to study and capture the dynamics
of real-world events and understand the various public measures being undertaken by
governments, as well as the changes in the daily activities of people during such outbreaks.

In this paper, we proposed a software tool that aims to detect government pandemic
measures and public concerns during the COVID-19 pandemic. The methods used in
the tool include an unsupervised Latent Dirichlet Allocation (LDA) topic modeling algo-
rithm, natural language processing (NLP), correlation analysis, and other spatio-temporal
information extraction and visualization methods. The tool is built using a range of tech-
nologies, including MongoDB, Parquet, Apache Spark, Spark SQL, and Spark ML. The tool,
its architecture, five software components, and its algorithms are described in detail. Using
the tool, we collected a dataset comprising 14 million tweets from the Kingdom of Saudi
Arabia (KSA) for the period 1 February 2020 to 1 June 2020. We formulated and analyzed
the findings of this paper from three relationship perspectives: information-structural,
temporal, and spatio-temporal.

Concerning the information-structural or subject matter perspective, we have detected
15 government pandemic measures and public concerns and have grouped them into
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six macro-concerns. For the pandemic measures implemented by the Saudi government
concerning the COVID-19 pandemic, we detected curfew and restrictions on mobility in
the country, quarantine and fines, restrictions on praying in the mosques, campaigns to
stay home, COVID-19 prevention, and cleaning services provided to curb the coronavirus
spread. For economic sustainability, we detected that the government provided financial
incentives including loans and private-sector salaries. Businesses increased offers to
increase their sales. People moved to or increased in their online economic activities,
such as activities related to prize draws for income earnings. For health, well-being, and
social sustainability, we detected that blood donation and treatment at hospitals have
been a major cause of concern. People also actively talked about the new number of
cases. The daily livelihood issues in Saudi Arabia include the five daily congregational
prayers at the mosques that were suspended by the government. People also increased in
supplications for the safety of people. A significant reduction in mobility was noted across
the country that was related to environmental sustainability, health, and well-being due
to the reduction in traffic congestion and air pollution. As regards the temporal perspective,
we were able to detect the timewise progression of events from the public discussions on
COVID-19 cases in mid-March to the first curfew on 22 March, financial loan incentives on
22 March, the increased quarantine discussions during March–April, the discussions on
the reduced mobility levels from 24 March onwards, the blood donation shortfall from late
March onwards, the government’s 9 billion SAR salary incentives on 3 April, lifting the ban
on five daily prayers in mosques on 26 May, and finally the return to normal government
measures on 29 May 2020. For the spatio-temporal perspective, we extracted location
information using different approaches including tweet text and hashtags, geo-coordinate
attributes, and user profiles. We were able to detect important events in over 50 cities
around the kingdom, with major activities related to COVID-19 cases, curfew, etc., in the
Makkah, Riyadh, and Eastern provinces. We validated the detected government measures
and public concerns and their spatial and temporal nature through external validation by
searching online news media or internal validation by checking tweets.

The detected events in KSA are also aligned with international concerns, such as
various lockdown measures [14], reduced mobility [15], reduction in blood donations [16],
financial difficulties and related government incentives [17,18], and worries related to
returning to normal times [19]. Saudi Arabia has followed different strategies to fight the
outbreak, instill a sense of responsibility, and raise awareness among people about the
importance of their role in the fight against coronavirus. The government undertook early
actions to prevent the spread of the virus. KSA reported its first case of the COVID-19
on 2 March. One week later, they closed the schools. On 16 March, they suspended all
international and national flights, closed shopping malls, and suspended all sports activities.
On 18 March, the attendance of employees at their workplaces in government agencies
and the private sector was suspended. Furthermore, the king ordered free treatment for all
citizens and residents, even for the violators of the residency system. The KSA government
also provided financial incentives in terms of private-sector salaries and the temporary
postponement of loan payments.

The research reported in this paper is different from the existing works on social
media analytics for COVID-19-related studies in several respects, as has been discussed
in detail in Section 2. None of the existing works have reported a similar COVID-19
analysis of Twitter data in the Arabic language in terms of the modelling methods used
and the depth of the analysis. The software developed for this work is part of the tool
Iktishaf [6–9] that we have been developing for the last few years. The ability of the tool to
execute in parallel could save a month of computing time for the specific dataset size and
the problem addressed in this paper and speed up the development process. For larger
datasets, executing sequential codes may not even be possible, or distributed computing
could save years of development time.

The findings presented in this paper show the effectiveness of the Twitter media in
detecting important events, government measures, public concerns, and other information
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in time, space, and information-structure with no earlier knowledge about them. The
utilization possibilities of such tools are unlimited. For example, governments could learn
about the various public concerns in pandemic and normal times and develop policies
and measures to address these concerns. The public could raise their concerns and give
feedback on government policies. The public could learn about various public and industry
activities (such as economic activities detected by our tool) and get involved in these
to address financial, social, and other difficulties. The standardization and adoption of
such tools could lead to real-time surveillance and the detection of disease outbreaks (and
other potentially dangerous phenomena) across the globe and allow governments to take
timely actions to prevent the spread of diseases and other disasters. The international
standardization of such tools could allow governments to learn about the impact of policies
of various countries and develop best practices for national and international response.

While we have shown good evidence of the use of LDA, NLP, and other methods,
more work is needed to improve the breadth and depth of the work with regard to what
can be detected, the diversity of data and machine and deep learning methods, the accuracy
of detection in space and time, and the real-time analysis of the tweets.

Our focus in this work is on Saudi Arabia. The tool hence currently works with
tweets only in the Arabic language. The tool can be used in other Arabic language-
speaking countries, such as Egypt, Kuwait, Bahrain, and UAE. The system methodology
and design of the tool developed in this paper are generic, and therefore the tool can be
extended to other countries globally. This will require the adaptation of the tool with
additional languages, such as English, Spanish, or Chinese, by additional modules in the
pre-processing and clustering modules.

Author Contributions: Conceptualization, E.A. and R.M.; methodology, E.A. and R.M.; software,
E.A.; validation, E.A. and R.M.; formal analysis, E.A. and R.M.; investigation, E.A. and R.M.; re-
sources, R.M., I.K., and A.A.; data curation, E.A.; writing—original draft preparation, E.A. and R.M.;
writing—review and editing, R.M., A.A., and I.K; visualization, E.A.; supervision, R.M.; project
administration, R.M., I.K., and A.A.; funding acquisition, R.M., A.A., and I.K. All authors have read
and agreed to the published version of the manuscript.

Funding: This project was funded by the Deanship of Scientific Research (DSR) at King Abdulaziz
University, Jeddah, under grant number RG-6-611-40. The authors, therefore, acknowledge with
thanks the DSR for their technical and financial support.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data was obtained from Twitter. Restrictions apply to the availability
of these data.

Acknowledgments: The experiments reported in this paper were performed on the Aziz supercom-
puter at King Abdulaziz University.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Johns Hopkins University. Coronavirus COVID-19 Global Cases by the Center for Systems Science and Engineering (CSSE) at Johns

Hopkins University (JHU); Johns Hopkins University: Baltimore, MD, USA, 2020.
2. Agarwal, S.; Mittal, N.; Sureka, A. Potholes and Bad Road Conditions- Mining Twitter to Extract Information on Killer Roads.

In Proceedings of the ACM India Joint International Conference on Data Science and Management of Data, Dona Paula, India,
11–13 January 2018.

3. Klaithin, S.; Haruechaiyasak, C. Traffic Information Extraction and Classification from Thai Twitter. In Proceedings of the 13th
International Joint Conference on Computer Science and Software Engineering (JCSSE), Khon Kaen, Thailand, 13–15 July 2016;
pp. 1–6. [CrossRef]

4. D’Andrea, E.; Ducange, P.; Lazzerini, B.; Marcelloni, F. Real-Time Detection of Traffic from Twitter Stream Analysis. IEEE Trans.
Intell. Transp. Syst. 2015, 16, 2269–2283. [CrossRef]

5. Kurniawan, D.A.; Wibirama, S.; Setiawan, N.A. Real-time Traffic Classification with Twitter Data Mining. In Proceedings of
the 2016 8th International Conference on Information Technology and Electrical Engineering (ICITEE), Yogyakarta, Indonesia,
5–6 October 2016. [CrossRef]

http://doi.org/10.1109/JCSSE.2016.7748851
http://doi.org/10.1109/TITS.2015.2404431
http://doi.org/10.1109/ICITEED.2016.7863251


Int. J. Environ. Res. Public Health 2021, 18, 282 32 of 34

6. Alomari, E.; Katib, I.; Mehmood, R. Iktishaf: A Big Data Road-Traffic Event Detection Tool Using Twitter and Spark Machine
Learning. Mob. Netw. Appl. 2020. [CrossRef]

7. Alomari, E.; Mehmood, R.; Katib, I. Sentiment Analysis of Arabic Tweets for Road Traffic Congestion and Event Detection.
In Smart Infrastructure and Applications: Foundations for Smarter Cities and Societies; Springer International Publishing: Cham,
Switzerland, 2020; pp. 37–54.

8. Alomari, E.; Mehmood, R. Analysis of tweets in Arabic language for detection of road traffic conditions. In Lecture Notes of the
Institute for Computer Sciences, Social-Informatics and Telecommunications Engineering; Springer: Cham, Switzerland, 2018; Volume
224, pp. 98–110. [CrossRef]

9. Alomari, E.; Mehmood, R.; Katib, I. Road Traffic Event Detection Using Twitter Data, Machine Learning, and Apache Spark.
In Proceedings of the 2019 IEEE SmartWorld, Ubiquitous Intelligence & Computing, Advanced & Trusted Computing, Scal-
able Computing & Communications, Cloud & Big Data Computing, Internet of People and Smart City Innovation (Smart-
World/SCALCOM/UIC/ATC/CBDCom/IOP/SCI), Leicester, UK, 19–23 August 2019; pp. 1888–1895. [CrossRef]

10. Alotaibi, S.; Mehmood, R.; Katib, I.; Rana, O.; Albeshri, A. Sehaa: A Big Data Analytics Tool for Healthcare Symptoms and
Diseases Detection Using Twitter, Apache Spark, and Machine Learning. Appl. Sci. 2020, 10, 1398. [CrossRef]

11. Suma, S.; Mehmood, R.; Albeshri, A. Automatic Detection and Validation of Smart City Events Using HPC and Apache Spark
Platforms. In Smart Infrastructure and Applications: Foundations for Smarter Cities and Societies; Springer: Cham, Switzerland, 2020;
pp. 55–78.

12. Suma, S.; Mehmood, R.; Albugami, N.; Katib, I.; Albeshri, A. Enabling Next Generation Logistics and Planning for Smarter
Societies. Procedia Comput. Sci. 2017, 109, 1122–1127. [CrossRef]

13. Alsulami, M.; Mehmood, R. Sentiment Analysis Model for Arabic Tweets to Detect Users’ Opinions about Government Services
in Saudi Arabia: Ministry of Education as a case study. In Proceedings of the Al Yamamah Information and Communication
Technology Forum, Riyadh, Saudi Arabia, 4 March 2018.

14. The Best Global Responses to COVID-19 Pandemic|Time. Available online: https://time.com/5851633/best-global-responses-
covid-19/ (accessed on 26 July 2020).

15. Jeremy, S.; Monschauer, Y. Changes in Transport Behaviour during the Covid-19 Crisis. IEA. Available online: https://www.iea.
org/articles/changes-in-transport-behaviour-during-the-covid-19-crisis (accessed on 1 January 2021).

16. Marks, P. Coronavirus (COVID-19) Update: Blood Donations FDA. 2020. Available online: https://www.fda.gov/news-events/
press-announcements/coronavirus-covid-19-update-blood-donations (accessed on 1 January 2021).

17. Covid-19 Coronavirus: Finance Minister Says Government Has More Fiscal Firepower to Fight Virus—NZ Herald. Available
online: https://www.nzherald.co.nz/nz/news/article.cfm?c_id=1&objectid=12319300 (accessed on 26 July 2020).

18. FACTBOX-Global Economic Policy Response to the Coronavirus Crisis—Reuters. Available online: https://www.reuters.com/
article/health-coronavirus-economy/factbox-global-economic-policy-response-to-the-coronavirus-crisis-idUSL3N2C11C3 (ac-
cessed on 26 July 2020).

19. How is WHO responding to COVID-19? Available online: https://www.who.int/emergencies/diseases/novel-coronavirus-2019
/who-response-in-countries (accessed on 26 July 2020).

20. 4 ‘SAMA’ Initiatives to Mitigate Corona’s Economic Impacts. Available online: https://ajel.sa/9JRdyv/ (accessed on
1 January 2021).

21. By Order of the King . . . the State Bears 60% of the Salaries of Saudis in the ‘Private Sector’. Available online: https://www.okaz.
com.sa/news/local/2018078 (accessed on 1 January 2021).

22. Mehmood, R.; See, S.; Katib, I.; Chlamtac, I. (Eds.) Smart Infrastructure and Applications: Foundations for Smarter Cities and Societies;
EAI/Springer Innovations in Communication and Computing, Springer International Publishing: Cham, Switzerland, 2020;
p. 692.

23. Mehmood, R.; Bhaduri, B.; Katib, I.; Chlamtac, I. (Eds.) Smart Societies, Infrastructure, Technologies and Applications; Lecture Notes
of the Institute for Computer Sciences, Social Informatics and Telecommunications Engineering (LNICST); Springer: Cham,
Switzerland, 2018; Volume 224, p. 367.

24. Janbi, N.; Katib, I.; Albeshri, A.; Mehmood, R. Distributed Artificial Intelligence-as-a-Service (DAIaaS) for Smarter IoE and 6G
Environments. Sensors 2020, 20, 5796. [CrossRef]

25. Yigitcanlar, T.; Butler, L.; Windle, E.; Desouza, K.C.; Mehmood, R.; Corchado, J.M. Can Building ‘Artificially Intelligent Cities’
Safeguard Humanity from Natural Disasters, Pandemics, and Other Catastrophes? An Urban Scholar’s Perspective. Sensors 2020,
20, 2988. [CrossRef]

26. Mohammed, T.; Albeshri, A.; Katib, I.; Mehmood, R. UbiPriSEQ—Deep reinforcement learning to manage privacy, security,
energy, and QoS in 5G IoT hetnets. Appl. Sci. 2020, 10, 7120. [CrossRef]

27. Kemp, S. Digital Trends 2019: Every Single Stat you Need to Know about the Internet, thenextweb.com. 2019. Available
online: https://thenextweb.com/contributors/2019/01/30/digital-trends-2019-every-single-stat-you-need-to-know-about-
the-internet/ (accessed on 10 January 2020).

28. Liu, B. Sentiment Analysis and Opinion Mining. Synth. Lect. Hum. Lang. Technol. 2012, 5, 1–167. [CrossRef]
29. Yigitcanlar, T.; Kankanamge, N.; Vella, K. How Are Smart City Concepts and Technologies Perceived and Utilized? A Systematic

Geo-Twitter Analysis of Smart Cities in Australia. J. Urban Technol. 2020. [CrossRef]

http://doi.org/10.1007/s11036-020-01635-y
http://doi.org/10.1007/978-3-319-94180-6_12
http://doi.org/10.1109/SmartWorld-UIC-ATC-SCALCOM-IOP-SCI.2019.00332
http://doi.org/10.3390/app10041398
http://doi.org/10.1016/j.procs.2017.05.440
https://time.com/5851633/best-global-responses-covid-19/
https://time.com/5851633/best-global-responses-covid-19/
https://www.iea.org/articles/changes-in-transport-behaviour-during-the-covid-19-crisis
https://www.iea.org/articles/changes-in-transport-behaviour-during-the-covid-19-crisis
https://www.fda.gov/news-events/press-announcements/coronavirus-covid-19-update-blood-donations
https://www.fda.gov/news-events/press-announcements/coronavirus-covid-19-update-blood-donations
https://www.nzherald.co.nz/nz/news/article.cfm?c_id=1&objectid=12319300
https://www.reuters.com/article/health-coronavirus-economy/factbox-global-economic-policy-response-to-the-coronavirus-crisis-idUSL3N2C11C3
https://www.reuters.com/article/health-coronavirus-economy/factbox-global-economic-policy-response-to-the-coronavirus-crisis-idUSL3N2C11C3
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/who-response-in-countries
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/who-response-in-countries
https://ajel.sa/9JRdyv/
https://www.okaz.com.sa/news/local/2018078
https://www.okaz.com.sa/news/local/2018078
http://doi.org/10.3390/s20205796
http://doi.org/10.3390/s20102988
http://doi.org/10.3390/app10207120
https://thenextweb.com/contributors/2019/01/30/digital-trends-2019-every-single-stat-you-need-to-know-about-the-internet/
https://thenextweb.com/contributors/2019/01/30/digital-trends-2019-every-single-stat-you-need-to-know-about-the-internet/
http://doi.org/10.2200/S00416ED1V01Y201204HLT016
http://doi.org/10.1080/10630732.2020.1753483


Int. J. Environ. Res. Public Health 2021, 18, 282 33 of 34

30. Amaxilatis, D.; Mylonas, G.; Theodoridis, E.; Diez, L.; Deligiannidou, K. Learningcity: Knowledge generation for smart cities.
In EAI/Springer Innovations in Communication and Computing; Springer Science and Business Media Deutschland GmbH: Berlin,
Germany, 2020; pp. 17–41.

31. Yigitcanlar, T.; Kankanamge, N.; Regona, M.; Maldonado, A.; Rowan, B.; Ryu, A.; Desouza, K.C.; Corchado, J.M.; Mehmood, R.;
Li, R.Y.M. Artificial Intelligence Technologies and Related Urban Planning and Development Concepts: How Are They Perceived
and Utilized in Australia? J. Open Innov. Technol. Mark. Complex. 2020, 6, 187. [CrossRef]

32. Bello, J.P.; Silva, C.; Nov, O.; DuBois, R.L.; Arora, A.; Salamon, J.; Mydlarz, C.; Doraiswamy, H. SONYC: A System for Monitoring,
Analyzing, and Mitigating Urban Noise Pollution. Commun. ACM 2019, 62, 68–77. [CrossRef]

33. Pandhare, K.R.; Shah, M.A. Real Time Road Traffic Event Detection Using Twitter and Spark. Available online: https://ieeexplore.
ieee.org/document/7975237 (accessed on 1 January 2021).

34. Salas, A.; Georgakis, P.; Nwagboso, C.; Ammari, A.; Petalas, I. Traffic event detection framework using social media. In
Proceedings of the 2017 IEEE International Conference on Smart Grid and Smart Cities (ICSGSC), Singapore, 23–26 July 2017;
pp. 303–307. [CrossRef]

35. Lau, R.Y.K. Toward a social sensor based framework for intelligent transportation. In Proceedings of the 2017 IEEE 18th
International Symposium on A World of Wireless, Mobile and Multimedia Networks (WoWMoM), Macau, 12–15 June 2017;
pp. 1–6. [CrossRef]

36. Parker, J.; Yates, A.; Goharian, N.; Frieder, O. Health-related hypothesis generation using social media data. Soc. Netw. Anal. Min.
2015, 5, 1–15. [CrossRef]

37. Bian, J.; Topaloglu, U.; Yu, F. Towards large-scale twitter mining for drug-related adverse events. In Proceedings of the 2012
International Workshop on Smart Health and Wellbeing—SHB ’12, Maui, HI, USA, 29 October 2012; p. 25. [CrossRef]

38. Lamb, A.; Paul, M.J.; Dredze, M. Separating fact from fear: Tracking flu infections on Twitter. In Proceedings of the 2013
Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies,
Atlanta, GA, USA, 9–14 June 2013; pp. 789–795.

39. Aramaki, E. Twitter Catches The Flu: Detecting Influenza Epidemics using Twitter. In Proceedings of the 2011 Conference on
Empirical Methods in Natural Language Processing, EMNLP 2011, Edinburgh, UK, 27–31 July 2011.

40. Wakamiya, S.; Kawai, Y.; Aramaki, E. Twitter-based influenza detection after flu peak via tweets with indirect information: Text
mining study. J. Med. Internet Res. 2018, 20. [CrossRef] [PubMed]

41. Wakamiya, S.; Morita, M.; Kano, Y.; Ohkuma, T.; Aramaki, E. Tweet Classification Toward Twitter-Based Disease Surveillance:
New Data, Methods, and Evaluations. J. Med. Internet Res. 2019, 21, e12783. [CrossRef] [PubMed]

42. Singh, L.; Bansal, S.; Bode, L.; Budak, C.; Chi, G.; Kawintiranon, K.; Padden, C.; Vanarsdall, R.; Vraga, E.; Wang, Y. A first look at
COVID-19 information and misinformation sharing on Twitter. arXiv 2020, arXiv:2003.13907.

43. Gencoglu, O. Large-scale, Language-agnostic Discourse Classification of Tweets During COVID-19. Learn. Knowl. Extr. 2020,
2, 603–616. [CrossRef]

44. Li, X.; Zhou, M.; Wu, J.; Yuan, A.; Wu, F.; Li, J. Analyzing COVID-19 on Online Social Media: Trends, Sentiments and Emotions.
arXiv 2020, arXiv:2005.14464.

45. Sri, A.; Venigalla, M.; Vagavolu, D.; Chimalakonda, S. Mood of India During Covid-19—An Interactive Web Portal Based on
Emotion Analysis of Twitter Data. arXiv 2020, arXiv:2005.02955.

46. Ziems, C.; He, B.; Soni, S.; Kumar, S. Racism is a Virus: Anti-Asian Hate and Counterhate in Social Media during the COVID-19
Crisis. arXiv 2020, arXiv:2005.12423.

47. Marli, F.; de Andrade, R.; Lu, Y. Twitter in Brazil: Discourses on China in Times of Coronavirus. Available online: https:
//ssrn.com/abstract=3608566 (accessed on 1 January 2021).

48. Medford, R.J.; Saleh, S.N.; Sumarsono, A.; Perl, T.M.; Lehmann, C.U. An ‘ Infodemic ’: Leveraging High -Volume Twitter Data to
Understand Public Sentiment for the COVID-19 Outbreak. Available online: https://www.medrxiv.org/content/10.1101/2020.0
4.03.20052936v1 (accessed on 1 January 2021).

49. Kouzy, R.; Abi Jaoude, J.; Kraitem, A.; El Alam, M.B.; Karam, B.; Adib, E.; Zarka, J.; Traboulsi, C.; Akl, E.W.; Baddour, K.
Coronavirus Goes Viral: Quantifying the COVID-19 Misinformation Epidemic on Twitter Data collection. Cureus 2020, 12.
[CrossRef]

50. Yang, K.; Torres-lugo, C.; Menczer, F. Prevalence of Low-Credibility Information on Twitter During the COVID-19 Outbreak.
arXiv 2020, arXiv:2004.14484.

51. Memon, S.A.; Carley, K.M. Characterizing COVID-19 Misinformation Communities Using a Novel Twitter Dataset. 2020.
Available online: https://arxiv.org/abs/2008.00791 (accessed on 1 January 2021).

52. Ferrara, E. What Types of COVID-19 Conspiracies are Populated by Twitter Bots? 2020. Available online: https://arxiv.org/abs/
2004.09531 (accessed on 1 January 2021).

53. Gencoglu, O.; Gruber, M. Causal Modeling of Twitter Activity During COVID-19. arXiv 2020, arXiv:2005.07952.
54. Budhwani, H.; Sun, R. Creating COVID-19 Stigma by Referencing the Novel Coronavirus as the ‘ Chinese virus ’ on Twitter:

Quantitative Analysis of Social Media Data Corresponding Author. J. Med. Internet Res. 2020, 22, 1–7. [CrossRef] [PubMed]
55. Liu, Q.; Zheng, Z.; Zheng, J.; Chen, Q.; Liu, G. Health Communication Through News Media During the Early Stage of the

COVID-19 Outbreak in China: Digital Topic Modeling Approach Corresponding Author. J. Med. Internet Res. 2020, 22, 1–12.
[CrossRef]

http://doi.org/10.3390/joitmc6040187
http://doi.org/10.1145/3224204
https://ieeexplore.ieee.org/document/7975237
https://ieeexplore.ieee.org/document/7975237
http://doi.org/10.1109/ICSGSC.2017.8038595
http://doi.org/10.1109/WoWMoM.2017.7974354
http://doi.org/10.1007/s13278-014-0239-8
http://doi.org/10.1145/2389707.2389713
http://doi.org/10.2196/publichealth.8627
http://www.ncbi.nlm.nih.gov/pubmed/30274968
http://doi.org/10.2196/12783
http://www.ncbi.nlm.nih.gov/pubmed/30785407
http://doi.org/10.3390/make2040032
https://ssrn.com/abstract=3608566
https://ssrn.com/abstract=3608566
https://www.medrxiv.org/content/10.1101/2020.04.03.20052936v1
https://www.medrxiv.org/content/10.1101/2020.04.03.20052936v1
http://doi.org/10.7759/cureus.7255
https://arxiv.org/abs/2008.00791
https://arxiv.org/abs/2004.09531
https://arxiv.org/abs/2004.09531
http://doi.org/10.2196/19301
http://www.ncbi.nlm.nih.gov/pubmed/32343669
http://doi.org/10.2196/19118


Int. J. Environ. Res. Public Health 2021, 18, 282 34 of 34

56. Prabhakar Kaila, D.; Prasad, D.A. Informational Flow on Twitter—Corona Virus Outbreak—Topic. Int. J. Adv. Res. Eng. Technol.
2020, 11, 128–134.

57. Abd-alrazaq, A.; Alhuwail, D.; Househ, M.; Hamdi, M.; Shah, Z. Top Concerns of Tweeters During the COVID-19 Pandemic:
Infoveillance Study Corresponding Author. J. Med. Internet Res. 2020, 22, 1–9. [CrossRef] [PubMed]

58. Med, J.G.I. Public Priorities and Concerns Regarding COVID-19 in an Online Discussion Forum: Longitudinal Topic Modeling. J.
Gen. Intern. Med. 2020. [CrossRef]

59. Ordun, C.; Hamilton, B.A.; Raff, E.; Hamilton, B.A. Exploratory Analysis of Covid-19 Tweets using Topic Modeling, UMAP, and
DiGraphs. arXiv 2020, arXiv:2005.03082.

60. Mackey, T.; Purushothaman, V.; Li, J.; Shah, N.; Nali, M.; Bardier, C.; Liang, B.; Cai, M.; Cuomo, R. Machine Learning to Detect
Self-Reporting of Symptoms, Testing Access, and Recovery Associated With COVID-19 on Twitter: Retrospective Big Data
Infoveillance Study. JMIR Public Health Surveill. 2020, 6, e19509. [CrossRef]

61. Li, D.; Chaudhary, H.; Zhang, Z. Modeling spatiotemporal pattern of depressive symptoms caused by COVID-19 using social
media data mining. Int. J. Environ. Res. Public Health 2020, 17, 4988. [CrossRef]

62. Alam, F.; Shaar, S.; Nikolov, A.; Mubarak, H.; Martino, G.D.S.; Abdelali, A.; Dalvi, F.; Durrani, N.; Sajjad, H.; Darwish, K. Fighting
the COVID-19 Infodemic: Modeling the Perspective of Journalists, Fact-Checkers, Social Media Platforms, Policy Makers, and the
Society. arXiv 2020, arXiv:2005.00033.

63. Alshaabi, T.; Minot, J.R.; Arnold, M.V.; Adams, J.L.; Dewhurst, D.R.; Reagan, A.J.; Muhamad, R.; Danforth, C.M.; Dodds, P.S. How
the world’s collective attention is being paid to a pandemic: COVID-19 related 1-gram time series for 24 languages on Twitter.
arXiv 2020, arXiv:2003.12614.

64. Alsudias, L.; Rayson, P. COVID-19 and Arabic Twitter: How can Arab World Governments and Public Health Organizations Learn
from Social Media? In Proceedings of the 1st Workshop on NLP for COVID-19 at ACL 2020, Seattle, WA, USA, 9–10 July 2020.

65. Diab, M.; Ghoneim, M.; Habash, N. Arabic Diacritization in the Context of Statistical Machine Translation. In Proceedings of the
Eleventh Machine Translation Summit (MT-Summit XI), Copenhagen, Denmark, 10–14 September 2007.

66. Blei, D.M.; Edu, B.B.; Ng, A.Y.; Edu, A.S.; Jordan, M.I.; Edu, J.B. Latent Dirichlet Allocation. J. Mach. Learn. Res. 2003, 3, 993–1022.
[CrossRef]

67. Tweet Objects. Available online: https://developer.twitter.com/en/docs/tweets/data-dictionary/overview/intro-to-tweet-json
(accessed on 1 January 2021).

68. 24-Hour Curfew in Mecca and Medina. Available online: https://www.skynewsarabia.com/middle-east/1333463-%D9%85%
D9%86%D8%B9-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%20%D9%85%D9%83%D8%A9-%D9%88%D8%A7
%D9%84%D9%85%D8%AF%D9%8A%D9%86%D8%A9-%D9%85%D8%AF%D8%A7%D8%B1-24-%D8%B3%D8%A7%D8%B9
%D8%A9 (accessed on 1 January 2021).

69. Althumairi, A. ‘Governmental Communication’ Launches the Visual Identity of the ‘We are All Responsible’ Initiative to Confront
‘Covid 19’. Available online: https://www.aleqt.com/2020/03/21/article_1785661.html (accessed on 1 January 2021).

70. WAS, S.P.A. General/Custodian of the Two Holy Mosques Issues a Curfew Order to Limit the Spread of the New Corona Virus
Starting from 7 pm until Six in the Morning for 21 days from the Evening of Monday 28 Rajab 23 March. Available online:
https://www.spa.gov.sa/2050399 (accessed on 1 January 2021).

71. The Minister of Health: The Custodian of the Two Holy Mosques Orders the Treatment of all (Corona) Patients Free of Charge.
Ministry of Health. Available online: https://www.moh.gov.sa/Ministry/MediaCenter/News/Pages/News-2020-03-30-005
.aspx (accessed on 1 January 2021).

72. Allow Prayer to be Held in Mosques. «Interior»: The Return of Normal Life in all Regions Except Mecca. Available online:
https://www.okaz.com.sa/news/local/2025741 (accessed on 1 January 2021).

73. Corona . . . This is How the Streets of Saudi Arabia Appeared in the First Days of the Curfew. Available online: https:
//www.aljazeera.net/news/politics/2020/3/24/%D8%A7%D9%84%D8%B3%D8%B9%D9%88%D8%AF%D9%8A%D8%A9
-%D8%AD%D8%B8%D8%B1-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%D9%83%D9%88%D8%B1%D9%88%
D9%86%D8%A7-%D8%A7%D9%84%D8%AD%D8%B1%D8%B3 (accessed on 1 January 2021).

74. Alnajar, S. Umloj Blood Bank: Corona Reduced the Number of Donors. Available online: https://www.okaz.com.sa/news/local/
2018263 (accessed on 1 January 2021).

75. Alqarni, A. ‘Iradat Riyadh’ Donates Blood to ‘Specialist’ Patients. Available online: https://www.okaz.com.sa/news/local/2018
828 (accessed on 1 January 2021).

76. Alsaeid, A. ‘Health’: 119 New Cases of ‘Corona Case’ ... and the Total is 511. 2020. Available online: https://www.okaz.com.sa/
news/local/2016269 (accessed on 1 January 2021).

77. COVID-19 Cases on 30 March 2020. Available online: https://twitter.com/SaudiMOH/status/1244609485563461633 (accessed
on 1 January 2021).

78. Usman, S.; Mehmood, R.; Katib, I.; Albeshri, A.; Altowaijri, S.M. ZAKI: A Smart Method and Tool for Automatic Performance
Optimization of Parallel SpMV Computations on Distributed Memory Machines. Mob. Netw. Appl. 2019. [CrossRef]

79. Usman, S.; Mehmood, R.; Katib, I.; Albeshri, A. ZAKI+: A Machine Learning Based Process Mapping Tool for SpMV Computations
on Distributed Memory Architectures. IEEE Access 2019, 7, 81279–81296. [CrossRef]

http://doi.org/10.2196/19016
http://www.ncbi.nlm.nih.gov/pubmed/32287039
http://doi.org/10.1007/s11606-020-05889-w
http://doi.org/10.2196/19509
http://doi.org/10.3390/ijerph17144988
http://doi.org/10.1162/jmlr.2003.3.4-5.993
https://developer.twitter.com/en/docs/tweets/data-dictionary/overview/intro-to-tweet-json
https://www.skynewsarabia.com/middle-east/1333463-%D9%85%D9%86%D8%B9-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%20%D9%85%D9%83%D8%A9-%D9%88%D8%A7%D9%84%D9%85%D8%AF%D9%8A%D9%86%D8%A9-%D9%85%D8%AF%D8%A7%D8%B1-24-%D8%B3%D8%A7%D8%B9%D8%A9
https://www.skynewsarabia.com/middle-east/1333463-%D9%85%D9%86%D8%B9-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%20%D9%85%D9%83%D8%A9-%D9%88%D8%A7%D9%84%D9%85%D8%AF%D9%8A%D9%86%D8%A9-%D9%85%D8%AF%D8%A7%D8%B1-24-%D8%B3%D8%A7%D8%B9%D8%A9
https://www.skynewsarabia.com/middle-east/1333463-%D9%85%D9%86%D8%B9-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%20%D9%85%D9%83%D8%A9-%D9%88%D8%A7%D9%84%D9%85%D8%AF%D9%8A%D9%86%D8%A9-%D9%85%D8%AF%D8%A7%D8%B1-24-%D8%B3%D8%A7%D8%B9%D8%A9
https://www.skynewsarabia.com/middle-east/1333463-%D9%85%D9%86%D8%B9-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%20%D9%85%D9%83%D8%A9-%D9%88%D8%A7%D9%84%D9%85%D8%AF%D9%8A%D9%86%D8%A9-%D9%85%D8%AF%D8%A7%D8%B1-24-%D8%B3%D8%A7%D8%B9%D8%A9
https://www.aleqt.com/2020/03/21/article_1785661.html
https://www.spa.gov.sa/2050399
https://www.moh.gov.sa/Ministry/MediaCenter/News/Pages/News-2020-03-30-005.aspx
https://www.moh.gov.sa/Ministry/MediaCenter/News/Pages/News-2020-03-30-005.aspx
https://www.okaz.com.sa/news/local/2025741
https://www.aljazeera.net/news/politics/2020/3/24/%D8%A7%D9%84%D8%B3%D8%B9%D9%88%D8%AF%D9%8A%D8%A9-%D8%AD%D8%B8%D8%B1-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%D9%83%D9%88%D8%B1%D9%88%D9%86%D8%A7-%D8%A7%D9%84%D8%AD%D8%B1%D8%B3
https://www.aljazeera.net/news/politics/2020/3/24/%D8%A7%D9%84%D8%B3%D8%B9%D9%88%D8%AF%D9%8A%D8%A9-%D8%AD%D8%B8%D8%B1-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%D9%83%D9%88%D8%B1%D9%88%D9%86%D8%A7-%D8%A7%D9%84%D8%AD%D8%B1%D8%B3
https://www.aljazeera.net/news/politics/2020/3/24/%D8%A7%D9%84%D8%B3%D8%B9%D9%88%D8%AF%D9%8A%D8%A9-%D8%AD%D8%B8%D8%B1-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%D9%83%D9%88%D8%B1%D9%88%D9%86%D8%A7-%D8%A7%D9%84%D8%AD%D8%B1%D8%B3
https://www.aljazeera.net/news/politics/2020/3/24/%D8%A7%D9%84%D8%B3%D8%B9%D9%88%D8%AF%D9%8A%D8%A9-%D8%AD%D8%B8%D8%B1-%D8%A7%D9%84%D8%AA%D8%AC%D9%88%D9%84-%D9%83%D9%88%D8%B1%D9%88%D9%86%D8%A7-%D8%A7%D9%84%D8%AD%D8%B1%D8%B3
https://www.okaz.com.sa/news/local/2018263
https://www.okaz.com.sa/news/local/2018263
https://www.okaz.com.sa/news/local/2018828
https://www.okaz.com.sa/news/local/2018828
https://www.okaz.com.sa/news/local/2016269
https://www.okaz.com.sa/news/local/2016269
https://twitter.com/SaudiMOH/status/1244609485563461633
http://doi.org/10.1007/s11036-019-01318-3
http://doi.org/10.1109/ACCESS.2019.2923565

	Introduction 
	Description of the Proposed Work 
	Findings 

	Literature Review 
	Use of Social Media in Research (Pre-COVID-19) 
	COVID-19 and Social Media (General) 
	COVID-19 and Topic Modeling 
	COVID-19 and Twitter (Arabic Language) 
	Research Gap, Novelty, and Contributions 

	The System Methodology and Design 
	The System Overview 
	Data Collection and Storage Component (DCSC) 
	Data Pre-Processing Component (DPC) 
	Measures and Concerns Detector Component (MCDC) 
	Spatio-Temporal Information Component (STIC) 
	Validation and Visualization Component (VVC) 

	Results and Analysis 
	COVID-19: Pandemic Measures, Public Concerns, and Macro-Concerns 
	Temporal Analysis 
	Spatio-Temporal Analysis 
	Execution Time Analysis 
	Pandemic Measures, and Public Concerns, and Their Interrelationship 

	Conclusions 
	References

