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Abstract—Artificial intelligence technologies can effectively
analyze the public opinions from social-media platforms like
twitter. This study aims to employ the Al technology and big data
to explore and discuss the common issues of asthma that patients
share on Twitter platform in Arabic communities. The data was
acquired using the Twitter API version 2. Latent Dirichlet
Allocation was used for grouping data into two clusters which
provide information and tips about the treatment and prevention
of asthma and personal experiences with asthma, including
symptoms, diagnosis, and the negative impact of asthma on the
quality of life. Sentiment analysis and data frequency
distribution techniques were used to analyze the data in both
clusters. The data analysis of first indicated that individuals are
interested in learning about different ways to treat asthma and
potentially finding a permanent solution. The data analysis of
second cluster indicated the existence of negative sentiments
about asthma, which also included religious expressions for
improving the condition. The study also discussed the differences
in expressions among Arabic communities and other
communities.
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. INTRODUCTION

More than 350 million people worldwide suffer from
asthma, which is one of the serious public health concerns [1].
Due to changes in the environment and in people’s lifestyles, its
prevalence and consequences are growing in urban areas and
increasing around the world. It is the most prevalent chronic
childhood condition as well as one of the most expensive
healthcare expenditures.

One of the most prevalent forms of reactive airway disease
is asthma, which is also associated with a higher risk of death
and permanent impairment [1]. Atopic dermatitis and genetic
predisposition mix with eosinophilic inflammation and
ongoing exposure to environmental factors, particularly molds
and pollution can cause progressive lung dysfunction. Also,
due to greater understanding of the biology of the disease and
therapeutic advancements, asthma-related mortality has
decreased over the past few decades; nonetheless, more
research and efforts are required to lower asthma-related death
and disability. Also, it's estimated that asthma killed more than
1000 individuals worldwide [1].

The design and delivery of healthcare systems for the
management and understanding of various chronic diseases
like obesity [2-4], diabetes [5-8], and asthma have been
accelerated by the rapid growth of technologies, smart mobile

devices, robotics, and social networks in telecommunications
and the internet. A new virtual world was created as a result of
the technological revolution; social networks now allow users
to contact with friends and other people regardless of where
they are in the world (geographically, politically, or
economically). Globally, over 4.7 billion people use social
networks, according to Statista [9], and this number is only
anticipated to grow as mobile device use and mobile social
networks gain popularity.

Twitter is one of the most commonly used social networks
worldwide. It currently ranks as one of the leading social
networks worldwide based on active users, according to recent
social media industry statistics [9]. Twitter had 347.3 million
monetizable daily active users worldwide as of the fourth
quarter of 2020 [9]. Registered users can read and post tweets
via the update feed, as well as follow other users [9]. This huge
volume of posts on twitter platform provides billions of raw
data that can be used for many purposes like research and
business.

Big data is a term used to describe the enormous volume of
both structured and unstructured data that regularly inundates a
business [10]. Social networks in general are known as the
most well-liked sources of big data. For example, each tweet
posted on by a Twitter account includes multitude data input
[Twitter account Id, Number of followers, Number of retweets,
and Number of favorites etc.], all of which could be collected
for each tweet, generating a huge volume of data in short time
as the stream of data increase rapidly within seconds. Recently,
artificial intelligence [Al] technology that uses huge volume of
raw data has become one of the useful sources of information
regarding people impressions/opinions about many events such
as politics, social developments, pandemic etc.

Al technologies aid in the analysis of huge data, assisting
decision-makers in their commercial decisions or governments
in gaining insight into the views of the populace in their nation
regarding a social, political, or economic issues. Sentiment
analysis is a type of contextual text mining that can identify
and extract subjective knowledge from various sources of
information [11]. By monitoring online conversations, it assists
a business in understanding the social perceptions of its brand,
product, or service. As a result, the health sector participates in
this virtual society as some patients share their experiences
with the diseases they have and as some doctors have social
media accounts and share clinical information with the public.

Using Al technologies for analyzing twitter conversations
can be observed in healthcare research in different contexts.
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For instance, twitter data was analyzed in [12] to understand
the Covid-19 vaccine hesitancy; and the results revealed that
potential side effects and vaccine safety were identified to be
the major concerns among the public. Similarly, BERT-based
supervised learning approach was used for analyzing over 31
million Covid-19 related tweets for self-disclosure in [13]. The
study [13] found that users intentionally self-disclose and
associate with similarly disclosing users for social rewards.
Similarly, by analyzing HIV-related tweets [14] and diabetes-
related tweets [15], recent research indicated that twitter
discussions analysis can help in understanding nuanced public
opinions, beliefs, and sentiments; and therefore, the decision-
makers need to proactively use Twitter and other social media
for understanding public health concerns. This is evident from
a study conducted in Australia in 2019 [16]. A thunderstorm
asthma outbreak in Melbourne, Australia, in 2016 led to over
8,000 hospital admissions in a matter of hours, which is a
typical acute illness occurrence. A strategy based on the
amount of time between events was suggested in this study
since the time to respond to acute disease events is limited. Out
of 18 experiment combinations, the results showed that three
were able to identify the thunderstorm asthma outbreak up to
nine hours ahead of the time specified in the official report, and
five were able to identify it before the initial news report. The
results of these studies [12-18] show the significance of Twitter
monitoring and discuss conversational trends and prevailing
attitudes that predominate in online social networks during a
health crisis. In relation to twitter analysis of Asthma, previous
studies [19-21] suggested the need for extensive research on
using big data the asthma'’s contents in different contexts. To
the best of authors’ knowledge, there is no study about asthma
issues in Arabic communities. Therefore, this study aims to
employ the Al technology and big data to explore and discuss
the common issues of asthma that patients share on Twitter
platform in Arabic communities.

The remainder of the paper is organized as follows. Section
Il includes a review of related work. Section Il describes the
used methodology to develop the study. Section IV illustrates
the outcomes and studies the results; and Section V discusses
the results achieved while Section VI summarizes findings and
outlines direction for future work.

Il.  RELATED WORKS

Asthma is one of the most common chronic health
problems that have a significant negative influence on both
society and an individual's well-being [1]. To create an
epidemiological framework that can depict the condition's
prevalence and patients' perceptions of that condition across
multiple geographies, it is essential to integrate various large-
scale data sources. Moreover, the number of social media
applications has substantially increased over the last decade
[20]. Twitter is a critical interactive venue for research
information because statistics show that more than 80% of
internet users look for health information online [9]. Social
media is now being used by both patients and carers for
support and information. They rely on social media for
information and feedback from others to get the latest news
and information on medications and treatments. Some even
create and join online groups to provide support to each other.
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In the contemporary era, Twitter was utilized in the health
sectors, for example, to track and predict the spread of
influenza [23-26]. It's also used to keep track of pharmaceutical
side effects and understand the well-being of military
populations [27], as well as to monitor the side effects of
pharmaceuticals [28, 29].  These studies indicate the
importance of social media data in public health, refining the
target hypothesis' query lexicon and lowering the amount of
noise in the extracted data. Despite the potential benefits, it is
believed the following challenges explain why prior social
media sensing experiments in public health have been short-
lived or limited in scope. For example, [24] and [25] track
influenza throughout a one- and two-month period,
respectively. Moreover, the study in [27] investigates the
harmful effects of medication over a six-month period. In
terms of geographical coverage, just a few cities are examined
in [24], and the transmission of influenza is studied at the
national level rather than at the state or county level in [25].
Moreover, a study developed in 2013 [19] aimed to present
Natural Language Processing-based Content Analysis research
to aid with Asthma syndromic surveillance on Twitter. They
used the Twitter API to get a big number of Tweets. Asthma
and various misspellings of that word were among the search
results, as were phrases for common medical devices linked
with Asthma, such as "inhaler" and "nebulizer," as well as
names of prescription medicines used to treat the illness, such
as "albuterol” and "Singulair". Annotating the content of a
randomly selected subset of these Tweets [N=3511] was done
using an annotation scheme that coded for the following
elements: the Asthma Symptom Experiencer [Self, Family,
Friend, Named Other, Unidentified, and All-Non-Self, which
was the union of these last four categories]; aspects of the type
of information being conveyed by each Tweet [Medication,
Triggers, Physical Activity, Contacting of a Medical
Practitioner]. With the unigram model, SVM with 10-fold
cross-validation achieved the highest prediction accuracy.
Non-English, Self, All-Non-Self, Medication, Symptoms, and
Spam were the categories with the highest reduction in
classification error when utilizing the unigram model. For the
unigram model, most of these categories demonstrated very
high Precision and very high Recall. Surprisingly, the Unigram
model performed significantly better than the bigram model,
implying that individual words in these Tweets were more
reliably predictive of content than pairs of words, which were
less common. Authors concluded that using social media, such
as Twitter, to undertake surveillance for chronic illnesses like
Asthma is a promising method.

Moreover, another recent study [20] looked at the digital
footprints [or "sociomes"] of asthma stakeholders on Twitter to
see how they communicated online. Symplur Signals were
used to collect tweets containing the word "asthma" and the
hashtag #asthma. The characteristics of usage and tweets were
examined between the words "asthma" and the hashtag
#asthma, and then between four stakeholder groups: clinicians,
patients, healthcare organizations, and industry. Authors found
that with fewer people and tweets each month, the #asthma
sociome was substantially smaller than the "asthma™ sociome.
The #asthma sociome, on the other hand, had a better
correlation with asthma seasons and was less vulnerable to
profanity and viral memes. Consequently, between April 2015
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and November 2018, 308,370 individuals tweeted 695,980
times for the #asthma sociome. Clinicians accounted for 16%
of tweets, patients for 9%, healthcare organizations for 22%,
and industry for 0.3 percent. However, authors recommended
that further research could aid in improving health-care
communication and guiding patient and provide education.

In a different context, a recent study [21] focused on
analyzing the most popular tweets and the quality of the links
posted, and to determine what factors influence the debate
about asthma on Twitter. The authors used Symplur Signals to
extract data from Twitter, analyzing the top 100 most shared
tweets and the top 50 most shared links with the hashtag
#asthma. Each website's content was evaluated using an
Asthma Content score, as well as validated DISCERN ratings
and HONCode standards. They found out that the top 100
asthma-related tweets received 16,044 likes and were shared
10,169 times. Non-healthcare individuals accounted for 20 of
the top 100 tweets, non-healthcare organizations accounted for
16, and doctors accounted for 14. There were 62 educational
tweets among the top 100, 11 research-related tweets, ten
political tweets, and 15 promotional tweets among the top 100.
Moreover, the top 50 links were shared a total of 6009 times
[median number of shares 92 (range 60-710). The most
prevalent type of link was found to be instructional content
(42%), followed by research papers (24%), promotional
websites (22%), and political websites (12%). The Asthma
Content ratings of educational links were higher than those of
other links (p=0.005, p< .05). For all sorts of linkages, all three
scores were poor. Only 34% of sites passed the HONCode
criteria, and only 14% were found to be of good quality by the
DISCERN score. The authors concluded that majority of
tweets with the hashtag #asthma was educational. However,
most top Twitter links rated low in terms of asthma content,
quality, and trustworthiness.

A recent study [30] the impact of socio-cognitive factors on
adherence to asthma medication using traditional mixed
methods (interviews and twitter content analysis) and machine
learning, found that some perceptions are more freely
expressed on social media such as Twitter, than in the
laboratory setting. Therefore, twitter data may be more reliable
for understanding of public perceptions of asthma and its
relevant factors compared to laboratory/hospital data in few
instances. It should be noted that all studies refer to main role
of tweets contents on understanding more about asthma while
some studies recommend to do more search about the tweets
contents towards asthma. However, this study is an attempt to
contribute in adding a value to the understanding of tweets
contents about asthma in Arabic communities.

I1l. METHODS

The study method occurred in the following phases, as
shown in Fig. 1: data collection, data preprocessing (cleaning),
sentiment analysis, and frequency distribution.
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Fig. 1. Study methodology flowchart.

A. Data Collections

The data was acquired using the Twitter API version 2,
premium version, which offers several additional features
above the regular API version. The premium version of the
Twitter API allows users to collect data from the previous 30
days. However, to enable the collection of data in excel sheet
format, a python script was created. As search keywords, two
separate terms [Asthma, asthmatic] were utilized. These
hashtags were picked because they are popular on Twitter.
User ID, user location, tweets, account followers, favorites, and
retweets are all collected and kept in an excel sheet for further
statistical research. One hundred thirty thousand (130,000)
tweets including words asthma or asthmatic have been
collected.

B. Data Clustering using Latent Dirichlet Allocation [LDA]

A statistical modeling technique called topic modeling can
be used to identify the general "themes" that appear in a group
of texts. A topic model such as Latent Dirichlet Allocation
[LDA] is used to categorize text in a document to a certain
topic. It creates a topic per document model and a words per
topic model using Dirichlet distributions as the modeling
framework.

C. Data Processing and Cleaning

In order to make the data clear, the following steps are
followed: (1) personal interview, authors review all tweets and
remove tweets that have no relation to asthma. (2) Python
scripts were used to remove all tweets that include links or
URLSs because some of those tweets refer to another reference
or for advertisement of a product etc. (3) another Python script
was used to remove the stopwords in Arabic language from the
tweets’ contents. (4) a python script was used to tokenize
tweets. Tokenization is one of the most fundamental yet crucial
procedures in text analysis. Tokenization divides a stream of
text into smaller pieces called tokens, which are frequently
words or sentences. While this is a well-known issue with
various ready-to-use solutions from popular libraries, Twitter
data presents significant issues due to the language's nature.
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E. Sentiment Analysis

One of the most beneficial applications of natural language
processing is sentiment analysis (SA). We used “Mazajak”
which is an Arabic SA system on the internet. The system is
built on a deep learning model that produces cutting-edge
results on a variety of datasets for Arabic dialects, including
SemEval 2017 and ASTD. The existence of such a system
ought to be helpful for numerous applications and fields of
study that use sentiment analysis as a tool [31].

F. Data Frequency Distribution.

As it is known in every language, some words are
widespread. Notably, their use in the language is crucial; they
don’t usually convey a particular meaning, especially if taken
out of context. Therefore, in this case of data frequency
distribution, stop words were removed from each tweet using
python scripts; also, removing the URL was performed.

G. Anonymity and Privacy

The data (preferred as tweets) utilized in this research is
freely available on the internet. However, we decided to
respect the privacy of the tweet senders. As a result, the User
ID of all records were removed. Perceptions were defined as
socio-cognitive elements such as opinions, beliefs, and feelings
in this study, and this was also the definition of perceptions
employed.

IV. RESULTS

We used LDA topic modeling to group the collected tweets
into two clusters. The first cluster [cluster 0] contains tweets
that provide information and tips about the treatment and
prevention of asthma, including natural remedies, inhalation
therapy, and the use of specific products. In contrast, the
second cluster [cluster 1] contains tweets that discuss personal
experiences with asthma, including symptoms, diagnosis, and
the negative impact of asthma on the quality of life. There are
also some tweets in this cluster that express frustration and
negative feelings about asthma. In the following section we
will presents and display some distributions of each cluster.

A. Cluster 0

Fig. 2 shows the distribution of sentiment in the first
cluster. We can see that most of the tweets are labeled as
neutral [62,366], followed by negative [32,913] and positive
[6,412].

positive .

negative

el _

+] 10000 20000 30000 40000 50000 60000

Fig. 2. Sentiment distribution in Cluster 0.
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Tweet Text Length Distribution

Post length

Fig. 3. Shows tweets length [number of characters] distribution.

tweet Word count Distribution

Fig. 4. Shows word count tweets distribution.

Fig. 3 shows tweets length [number of characters]
distribution while Fig. 4 shows the word count tweets
distribution. Top 20 words [including stop words] frequency
distribution before removing stop words is shown in Fig. 5.

Top 20 words in review before removing step words

Sk Dk g o oems e I ol F w o Ku A B M ) g

Fig. 5. Frequency distribution of top 20 words in Cluster 0 before removing
stop words.

The data shows that the word " " [asthma] has the
highest frequency with 108450 occurrences, followed by "c"
[from] with 52865 occurrences, and " " [in] with 38052
occurrences.

Further analysis of the distribution reveals that the words
"z3e" [treatment], "= " [disease], and " =" [patients] are
also highly frequent, which suggests that the text or corpus is
likely related to medical or health topics.

It is important to note that the distribution includes some
common prepositions such as "J=" [on] and "« " [with],
which may not carry significant meaning on their own but
contribute to the overall frequency count.

Fig. 6 represents top 20 words frequency distribution after
removing stop words. In the new distribution, the word " s "
[asthma] still has the highest frequency with 109379
occurrences, but the words "z3= " [treatment] and "o=a < "
[disease] have increased in frequency, suggesting that the text
or corpus may be more focused on medical treatments and
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conditions. Additionally, words such as "l " [for patients]
and " Juk¥)" [children] have been replaced with "l sl * [for
my patients] and "JikYl " [kids], respectively, indicating a
slight difference in phrasing.

Top 20 words in tweets after removing stop words

Cou

Fig. 6. Frequency distribution of top 20 words in Cluster 0 after removing
stop words.

Fig. 7 shows the top 20 bigrams frequency distribution
before removing stop words.

Top 20 bigrams in tweets before removing stop words

Ky e e, wh s S G N Ng g St S
T I @ ‘\-* S TR

Fig. 7. Frequency distribution of top 20 bigrams in Cluster 0 before
removing stop words.

Top 20 bigrams in tweets after removing stop words

8k

Fig. 8. Frequency distribution of top 20 bigrams in Cluster 0 after removing
stop words.

The provided data is a bigram frequency distribution,
which lists the frequency of two-word phrases occurring in the
text or corpus. In this case, the bigrams are not filtered for stop
words. The most frequent bigram is " 5" [asthma disease] with
10200 occurrences, followed by " 50 = [asthma patients]
with 7110 occurrences, and " sl = <l " [for asthma patients]
with 6067 occurrences.
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When compared to the previous distribution with stop
words, it is evident that the bigrams in the current distribution
are more specific and related to the topic of asthma and its
treatment. The bigrams also provide more context and
information about the text or corpus, such as the prevalence of
asthma patients and the use of inhalers as a treatment.

However, it is important to note that the inclusion of stop
words in the bigrams may result in some noise and
redundancy, as some common phrases that do not carry
significant meaning may also appear frequently. Therefore,
filtering for stop words may help to reduce noise and highlight
the most meaningful bigrams which is presented in Fig. 8.

After removing stop words (Fig. 8), the bigram frequency
distribution shows that " sl o= " [asthma disease] is still the
most frequent bigram with 10366 occurrences, followed by
"sll o= e " [asthma patients] with 7330 occurrences, and
" 5l o= el " [for asthma patients] with 6315 occurrences.

Compared to the distribution with stop words, the current
distribution has fewer occurrences of bigrams, indicating that
filtering for stop words has removed noise and redundancy.
The bigrams in the current distribution are more specific and
related to asthma and its treatment, such as " sl z3 " [asthma
treatment] and " .Y #a " [asthma inhaler].

Fig. 9 shows the top 20 trigrams frequency distribution
before removing stop words.

Top 20 trigrams in tweets before removing stop words

Fig. 9. Frequency distribution of top 20 trigrams in Cluster 0 before
removing stop words.

Top 20 trigrams in tweets after removing stop words
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Fig. 10. Frequency distribution of top 20 triigrams in Cluster 0 after removing
stop words.

The previous distribution is a frequency distribution of the
top 20 trigrams related to the topic of asthma treatment. It
appears that the most frequent trigrams are those related to the
treatment of asthma, with "s)ll (= z3le ™ [treatment of
asthma] being the most frequent trigram, followed closely by
" sl g« " [asthma in a way] and " JSE sl
[asthma permanently]. This indicates that individuals are
interested in learning about different ways to treat asthma and
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potentially finding a permanent solution. Other trigrams in the
list include "5V z3e & " [in the treatment of asthma], " o=
s U= " [about asthma], and "V o=« <3 " [cure of
asthma]. These trigrams suggest that people are looking for
information on various aspects of asthma treatment, including
the effectiveness of different treatments, information on the
condition itself, and potential cures.

Furthermore, the frequency of " sl (e il * [suffer from
asthma] indicates that many individuals are affected by this
condition and are actively seeking ways to manage or treat it.
Overall, the distribution provides insights into what people are
interested in learning about regarding asthma treatment, with a
particular emphasis on finding effective treatments and
potentially a cure. In contrast, the trigram distribution focuses
more on treatments for asthma, with "2l (ax 3 "
[treatment of asthma] being the most frequent trigram, and
"a)l Ze " [asthma treatment] and sl U=z " [for
asthma treatment] also appearing in the list.

The distribution of the top 20 trigrams after removing stop
words (Fig. 10) is different from the one without removing stop
words. In this distribution, the trigrams related to asthma
treatment are still present, with " sl (= 5« z3e " [treatment of
asthma] being the most frequent trigram. However, " s !l (<
J<a " [asthma in a way] and "dS& sl = e " [asthma
permanently] are replaced by "Wl 50 " [asthma final] and
"l gia¥ sl " [asthma for containing]. This suggests that
people are interested in learning about the final stage of asthma
and its contents.

The trigrams related to "<lati 3 5e2 S5 [winning a prayer
saves you] and "l ssey uSS M [final, you win a prayer]
indicate that most of the target population are believers and
they are looking for a prayer that God [Allah] will help them
and be cures from asthma. The trigrams related to " 4 axclus
2.8l " Thelps zucchini plant] and o= ¢l8d 4w I ™ Jzucchini
is a cure for asthma] suggest that people may be looking for
natural remedies or alternative forms of treatment for asthma.
The trigrams related to "s»SM (& L= " [powerful
antioxidant] and "l pals slas " [anti-inflammatory
properties] indicate that people may be interested in learning
about the potential benefits of antioxidants and anti-
inflammatory substances in managing or treating asthma.

Overall, the distribution after removing stop words
provides a different perspective on what people are interested
in learning about regarding asthma treatment. While the focus
on finding effective treatments and potentially a cure remains,
there is also interest in the final stage of asthma, natural
remedies, and potential benefits of antioxidants and anti-
inflammatory substances. The word cloud for the cluster 0 is
presented in Fig. 11.
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Fig. 11. Word cloud for Cluster 0.

B. Cluster 1

Fig. 12 shows the distribution of sentiment in the second
cluster. We can see that a majority of negative sentiment
[68945] followed by neutral sentiment [23815], and a minority
of positive sentiment [19013]. Compared to the first cluster,
this cluster has a significantly higher proportion of negative
sentiment, while the proportion of positive sentiment is also
higher than the previous clusters. The majority of the sentiment
being negative suggests that the text in this cluster contains a
lot of negative or critical opinions, about personal experiences
with asthma.

positive

neutral

rrase _

10000 20000 30000 40000 50000 60000 70000

o

Fig. 12. Sentiment distribution in Cluster 1.

Fig. 13 shows tweets length [number of characters]
distribution.

Tweet Text Length Distribution

count

0 100 200 300 400 500 600 700

tweet lenath

Fig. 13. Tweets length in Cluster 1.
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tweet Word count Distribution

Fig. 14. Tweets distribution in Cluster 1.
Fig. 14 depicts the tweets distribution in cluster 1. Top 20

words [including stop words] frequency distribution before
removing stop words is shown in Fig. 15.

Top 20 words in review before removing stop words

Count.
7

e Lo 1.1 .+ 1 [t . & 1. 1.+ & 1.1 @ B [ 1 |

Fig. 15. Frequency distribution of top 20 words in Cluster 1 before removing
stop words.

The data shows that the most frequent word in the text is
"0 " [asthma] with a count of 112579, followed by The
words "o " [from], "4 " [God], " " [in], and "= " [on] with
52701, 27797, 21798, 11715 occurrences respectively. The
word "L " [what] appears in the list with a count of 11285,
which suggests that the text may contain questions or inquiries
related to asthma.

In the new distribution, the word " s " [asthma] still has
the highest frequency with 109379 occurrences, but the words
"z " [treatment] and "=« " [disease] have increased in
frequency, suggesting that the text or corpus may be more
focused on medical treatments and conditions. Additionally,
words such as "=« " [for patients] and "J<kYI" [children]
have been replaced with "t " [for my patients] and "'JukY!
" [kids], respectively, indicating a slight difference in phrasing.

Fig. 16 shows the top 20 words frequency distribution after
removing stop words. The most frequent word in the text is
still "5 " [asthma], The word "<l " [my illness] appears
in the list with a count of 9408, which suggests that the tweets
may include personal experiences of people with asthma. The
word "_kall " [dust] appears in the list with a count of 5667,
which confirms that the text may be discussing asthma triggers,
including environmental triggers like dust. The words "<, L "
[Oh God] and "#l "' [O Allah] appear in the list with counts of
4724 and 4356, respectively, which suggests that some of the
tweets may contain expressions of religious faith or appeals to
a higher power for help with asthma management.
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Top 20 words in tweets after removing stop words

Count

Fig. 16. Frequency distribution of top 20 words in Cluster 1 after removing
stop words.

Fig. 17 shows the top 20 bigrams frequency distribution

before removing stop words.

Top 20 bigrams in tweets before removing stop words

Count

Fig. 17. Frequency distribution of top 20 bigrams in Cluster 1 before
removing stop words.

Top 20 bigrams in tweets after removing stop words

Fig. 18. Frequency distribution of top 20 bigrams in Cluster 1 after removing
stop words.

The most frequent bigram is " s,V ¢« " [because of asthma]
with a count of 12014, followed by the bigram " sl (o e ™
[asthmatic patients] that appears in the list with a count of
7919, which confirms that the text is discussing asthma and
may contain personal experiences of people with asthma. The
bigram "¢ S " [suffers from] appears in the list with a count
of 2803, which suggests that the tweets may include
discussions about the challenges and difficulties of living with
asthma. The bigram "4 = " [God help] appears in the list
with a count of 2428, which suggests that some of the tweets
may contain expressions of religious faith or appeals to a
higher power for help with asthma management. filtering for
stop words may help to reduce noise and highlight the most
meaningful bigrams which is presented in Fig. 18.

After removing stop words (Fig. 18), looking at the
distribution, we can see that the most frequent bigram is " =
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0 " ["my asthma" in English] with a frequency of 8394,
followed by " s #a: " ["asthma inhaler'] with a frequency of
6590. These two bigrams are related to managing the
symptoms of asthma and suggest that people are sharing their
personal experiences with using inhalers to control their
symptoms. The third most frequent bigram is "l (= "
["asthma disease"] with a frequency of 4521, followed by " s !
dalaal 5 " ["asthma and allergy"] with a frequency of 4029.
These bigrams suggest that people are sharing their personal
experiences with the diagnosis of asthma and its relationship to
allergies.

Other common bigrams in the distribution include " Jlx
0 " ["suffers from asthma"], "o<sll Gua ™ [“shortness of
breath"], and "u=_e 485 " ["disease problem™]. These bigrams
indicate that people are sharing their personal experiences with
the negative impact of asthma on their quality of life and the
challenges they face in managing their symptoms.

Overall, the distribution indicates that people are sharing
their personal experiences with asthma, including symptoms,
diagnosis, and the negative impact of the disease on their lives.
This information can be useful for healthcare providers and
researchers in understanding the lived experiences of people
with asthma and developing interventions to improve their
quality of life.

Fig. 19 shows the top 20 trigrams frequency distribution
before removing stop words.

1000

Count

0

O

Fig. 19. Frequency distribution of top 20 trigrams in Cluster 1 before
removing stop words.

Top 20 trigrams in tweets after removing stop words
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Fig. 20. Frequency distribution of top 20 triigrams in Cluster 1 after removing
stop words.

Looking at the trigram distribution, we can see that the
most frequent trigram is " sl 0w o ™ ["suffers from asthma™]
with a frequency of 1746, followed closely by " sl ge il
['they suffer from asthma"] with a frequency of 1616. These
trigrams suggest that people are sharing their personal
experiences with asthma and the challenges they face in
managing their symptoms.
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The third most frequent trigram is "Sl& & @l "
["asthma finally"'] with a frequency of 1603, followed by "=
JS& 50 " ["asthma disease in the form of*'] with a frequency
of 1579. These trigrams suggest that people are discussing the
long-term impact of asthma on their lives and the challenges
they face in managing the disease.

Other common trigrams in the distribution include " 1S«
sV o= " ["asthma disease problem™], "o =3 8" ["if you
suffer from"], and "=l ASis da ™ ["solve the problem of
disease"]. These trigrams suggest that people are sharing their
personal experiences with the negative impact of asthma on
their quality of life and seeking solutions to manage the
disease.

Interestingly, the trigram"s: W 3L 4 " ["God takes away
asthma"] appears in the distribution with a frequency of 741.
This trigram reflects a religious or cultural belief that asthma
can be cured through divine intervention.

After removing the stop words (Fig. 20), the trigram
distribution seems to be more focused on specific topics related
to asthma. The most common trigrams are "ile sVl (= 3 "
[asthma is final], " s,V e 1S5 " Jthe problem of asthma],
and "Jaall dwbea 5 )0l " [asthma and chest allergy]. These
trigrams indicate that this cluster is more focused on discussing
the negative impact of asthma on patients' lives and the
difficulties associated with managing the disease.

The trigram "_h& sl s " [asthma inhaler breaks the
fast] appears in the distribution, indicating that this cluster
includes discussions related to religious practices during the
month of Ramadan. This suggests that this cluster may include
personal experiences and discussions from individuals living in
Islamic countries where Ramadan is observed.

Overall, the trigram distribution after removing stop words
indicates that the cluster focuses on discussing the negative
impact of asthma on patients' lives, including the challenges
associated with managing the disease and the impact on
religious practices during the month of Ramadan. The word
cloud for the fists cluster in viewed in the Fig. 21.

e Yoo sl 213
2ol Clolyen
B N PN % :)L&”

Fig. 21. Word cloud for Cluster 1.
It is clear that this cluster focuses on personal experiences

with asthma, including symptoms, diagnosis, and the negative
impact of asthma on the quality of life.
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V. DISCUSSION

LDA topic modeling was utilized to group tweets related to
asthma into two clusters. The first cluster contained tweets that
provided information and tips about the treatment and
prevention of asthma. The second cluster contained tweets that
discussed personal experiences with asthma and the negative
impact on quality of life. Further analysis revealed that the text
or corpus is related to medical or health topics, with the most
frequent word being "asthma." Filtering stop words resulted in
more specific and related bigrams and trigrams to asthma and
its treatment. The data analysis of cluster O indicates that
individuals are interested in learning about different ways to
treat asthma and potentially finding a permanent solution. It is
evident that most used phrases referred to the information on
asthma, its treatments for patients and kids; with a focus on
natural therapy and inhalation therapy. Similar results can be
observed from [19], where it was found that most referred
tweets reflected inhalation, use of nebulizer, and self-
medication/ management  procedures, indicating the
informational content. In [20,21], it was identified that most of
the tweets belonged to physicians and healthcare organizations
presenting the educational and awareness information.
Therefore, in similar other studies [19,20,21], the analysis of
data from cluster O indicated that the social media platforms
like twitter could be a useful platform for disseminating health
information for creating awareness about asthma treatment and
prevention practices, especially self-management procedures.
Overall, the findings from cluster 0 could provide insights for
healthcare professionals and researchers to develop better
strategies and interventions for creating awareness in order to
manage asthma.

In regard to cluster 1, the analysis of the sentiment, length,
word count, and n-gram frequency distributions of the tweets
related to asthma reveals important insights into the
experiences and perceptions of people with asthma. Most of
the sentiment in the second cluster is negative, indicating that
this cluster contains a lot of critical opinions about personal
experiences with asthma. The top words and bigrams suggest
that people are sharing their personal experiences with asthma
symptoms, diagnosis, and the negative impact of the disease on
their lives. Filtering out stop words helps to identify the most
meaningful bigrams and trigrams related to managing asthma
symptoms and personal experiences of people with asthma.
The analysis also highlights the prevalence of religious
expressions by referring to God in the tweets related to asthma.

These findings indicate that people openly express negative
sentiments about asthma and place significance importance on
religion, indicating the impact of socio-cultural and religious
factors among Arabic communities. However, analyzing the
tweets in similar studies but in geographically different
locations in previous studies [12-16,30], there were no
references to the religion or god in asthma related tweets.
Therefore, it is important to consider cultures in using the
tweets for analyzing public perceptions related to healthcare
services and disease management in order to formulate
effective strategies for managing various conditions. In
addition, analyzing twitter data can also be useful for assessing
the public opinions related to the treatments, as in [12] vaccine
hesitancy was highlighted for Covid-19. Similarly, the
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reactions to asthma treatment and prevention procedures can be
assessed from tweets analysis among the public in order to
effectively manage the condition. In [30], it was observed that
public can more freely express their opinions on social media
platforms than on DHP’s in relation to their health conditions.
Furthermore, in [13], it was observed that public express their
opinions on social media to gain social rewards. This is evident
from the results from cluster 1 analysis, where people in Arabic
communities openly expressed their religious references and
beliefs; and also, the negative impacts on their quality of life.
These openly expressed views can be an important source of
information for healthcare decision-makers and governments
during health crisis, where an outbreak can be effectively
monitored, tracked, and controlled within the time as suggested
in [16]. Furthermore, the twitter data analysis can also be
effectively used in other critical conditions by analyzing
disease specific tweets [14,15]. Furthermore, the studies [13-
25,30] discussed in this article reflected varying results at
different geographical locations, while few results are similar
and few contrasted with the findings in this study. Therefore,
the public perceptions related to asthma challenges, its
management, treatment and prevention practices may differ
across the regions, and it is also to be highlighted that there
could be a cultural impact on these factors as observed in this
study. Therefore, it is necessary for research practitioners to
frequently analyze public perceptions about asthma at regular
intervals at different locations to better manage the disease.
Overall, the findings from cluster 1 analysis can be useful for
healthcare providers and researchers in understanding the lived
experiences of people with asthma and developing
interventions to improve their quality of life.

VI. CONCLUSION

This study has addressed the research gaps by discussing
the public opinions of asthma in Arabic communities, thus
contributing to the knowledge, which can have various
practical and theoretical implications. These findings can
support healthcare decision-makers in Arabic communities to
better understand the asthma patients’ opinions about their
conditions and aid them in formulating patient-centered
strategies for managing asthma. Furthermore, this study acts as
a foundation or reference for future researchers in using Al
technologies for analyzing public health data, especially in
Arabic communities.

In conclusion, it can be observed that neutral sentiment
existed in relation to asthma related information, its prevention
and treatment; and negative sentiments existed on its impact on
the quality of life among the Arabic communities. Although,
religious/cultural influence existed in expressing the opinions
and managing the conditions, it is also observed that twitter
could be an effective platform for not only monitoring and
controlling the disease but also to educate and create awareness
among the asthma patients.
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