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Abstract: The sustainability of human existence is in dire danger and this threat applies to our
environment, societies, and economies. Smartization of cities and societies has the potential to unite
individuals and nations towards sustainability as it requires engaging with our environments, ana-
lyzing them, and making sustainable decisions regulated by triple bottom line (TBL). Poor healthcare
systems affect individuals, societies, the planet, and economies. This paper proposes a data-driven ar-
tificial intelligence (AI) based approach called Musawah to automatically discover healthcare services
that can be developed or co-created by various stakeholders using social media analysis. The case
study focuses on cancer disease in Saudi Arabia using Twitter data in the Arabic language. Specifi-
cally, we discover 17 services using machine learning from Twitter data using the Latent Dirichlet
Allocation algorithm (LDA) and group them into five macro-services, namely, Prevention, Treatment,
Psychological Support, Socioeconomic Sustainability, and Information Availability. Subsequently, we
show the possibility of finding additional services by employing a topical search over the dataset and
have discovered 42 additional services. We developed a software tool from scratch for this work that
implements a complete machine learning pipeline using a dataset containing over 1.35 million tweets
we curated during September—-November 2021. Open service and value healthcare systems based
on freely available information can revolutionize healthcare in manners similar to the open-source
revolution by using information made available by the public, the government, third and fourth

sectors, or others, allowing new forms of preventions, cures, treatments, and support structures.

Keywords: machine learning; big data analytics; social media; Twitter; smart healthcare; cancer;
Arabic language; Latent Dirichlet Allocation (LDA); topic modeling; Natural Language Processing
(NLP); smart cities

1. Introduction

The sustainability of human existence—our existence—is in dire danger and this threat
applies to our environment, societies, and economies. The threats to the environment are
evident in the deteriorating planet’s conditions. The threats to our societies are apparent in
the deteriorating physical and psychological health of individuals and groups; increasing
frequency and magnitudes of conflicts, riots, and wars, the rise of materialism, and the
deteriorating love, harmony, and sincerity between people. The risks to our economies are
manifested in the changing foci from the net benefits that the wealth brings to society, to
mere numbers counting products, earnings, spending, sales, exports, and GDPs. Nation-
alisms, racisms, gender, and other wars are on the rise and seen as important in the name of
equality, freedom, and missions, and little thought is given that any group is comprised of
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individuals, and each individual is a fellow human who is juggling with many difficulties
like anyone else.

If done right, an umbrella term that has the potential to unite individuals towards
sustainability is smartization of cities, and societies that involve the transformation of our
traditional environments into smarter ones [1,2]. Smartness is defined by its core objective
of the triple bottom line (TBL)—i.e., social, environmental, and economic sustainability [3]
and can be achieved by engaging with our environments, analyzing them, and making
sustainable decisions regulated by triple bottom line [4,5]. Note that the terms quadruple
bottom line and quintuple bottom line have also been used in the literature with additional
emphasis on ethics, equity, and purpose (soul, spirituality, or culture). For simplicity, we
take the view that equity, efficiencies, ethics, purpose, innovation, etc. are included in TBL,
the three dimensions of sustainability, however, we understand that placing in various
statements an emphasis on specific aspects such as equity and ethics can be beneficial. The
requirements for and the definitions of smartness have evolved over time with a focus
in the early days on the digital aspects of the systems, shifting gradually to incorporate
efficiency, equity, and triple bottom line in it [6].

Human health and healthcare are the cornerstones of all three facets of sustainability,
the TBL [7]. Poor health and healthcare systems affect individuals, societies, the planet, and
economies [8,9]. Healthcare systems are under increasing pressure to reduce their social,
economic, and environmental costs [7,8,10]. An increasingly substantial share of GDPs is
being spent on healthcare by countries around the world [4]. The US spends around 20%
of its economy on healthcare [11]. Comparing different industries, the healthcare sector is
notoriously inefficient and wasteful of resources and budgets [11]. Both the mental and
physical health of people around the world is declining with the surge in lifelong illnesses
with ageing populations. The cost of healthcare is rising while the quality is declining. The
COVID-19 pandemic has hindered many patients with chronic and terminal illnesses from
getting proper treatment due to pandemic regulations [12]. Disparities and inequities in
healthcare around the world are rising [13]. Most important of all, healthcare systems are a
major contributor to the deterioration of our planet’s environment due to high energy usage,
disposable supplies, etc. This environmental damage causes health problems that need to
be medically treated, while these treatments in turn further damage the environment, and
thus a chain reaction [14].

There is a growing demand for the prevention of diseases and reducing the need for
disease monitoring, screening, and treatment to a minimum [7-10]. This in turn requires an
open space for innovations and dynamic interactions between healthcare stakeholders to
understand and provide solutions, services, information and resource supply chains, and
community support structures for timely interventions and disease prevention and pro-
gression. Fortunately, social media, which hosts around 60% of the world’s population [15],
is one such platform that provides an open space for stakeholder interactions.

Motivated by the urgency and gravity of the challenges facing healthcare, and the
technological opportunities, this paper proposes a data-driven artificial intelligence (AI)
based approach called Musawah (Musawah is an Arabic word meaning Equity. We call
our approach equity as we believe that sustainability and sustainable healthcare can be
achieved by people believing in and practicing equity. We believe that our approach
of open service and value healthcare systems based on freely available information can
enable equity and sustainability) to automatically detect and identify healthcare services
that can be developed or co-created by various stakeholders using social media analysis.
Essentially, the aim herein is to investigate the role of big data analytics over social media
to automatically detect needs and value propositions that could be nurtured and turned
into service co-creation processes through engaged participation over social and digital
media, eventually co-creating services. The co-created services are based on values that are
not necessarily materialistic, but are driven by equity, altruism, community strengthening,
innovation, and social cohesion. The case study focuses on cancer disease in Saudi Arabia
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using Twitter data analytics in the Arabic language; however, the proposed approach
broadly can be used for any disease or purpose and in any language.

Specifically, we detect 17 services (e.g., screening, hope and optimism, financial
support, and awareness campaigns) using unsupervised machine learning from Twit-
ter data using the Latent Dirichlet Allocation algorithm (LDA) and group them into five
macro-services namely, Prevention, Treatment, Psychological Support, Socioeconomic
Sustainability, and Information Availability. The Prevention macro-service includes five
services—Early Diagnosis, Prevention and Control, Causes, Screening, and Symptoms—
and involves measures that may avoid cancer (e.g., maintaining a healthy lifestyle and
avoiding cancer-causing substances) or help recovery from cancer or slow down its
progression (e.g., symptoms and early detection).

The second macro-service is Treatment and relates to various treatment options avail-
able for cancer. It includes two detected services: Chemo and Radiation Therapy and
Surgical Therapy. It does not mean that only two treatment options or services are available.
It simply shows that these two services were detected by our tool, which may indicate
the two treatment services that are more common based on the dataset or its temporal
dimensions, or it may indicate the need for new treatment services. The third macro-service
is Psychological Support, which captures the services to support patients and their families
to help them cope with their psychological needs, such as emotions and spirituality. It
includes three services, Spiritual Support, Suffering, and Hope and Optimism. The fourth
macro-service, Socioeconomic Sustainability, includes four services, namely, Government
Support, Socioeconomic and Operational Challenges, Charity Organizations, and Financial
Support. It relates to the financial, healthcare, and other services from government or char-
ity organizations to address social and economic sustainability aspects of cancer prevention
and treatment. The fifth macro-service is Information Availability, which emphasizes the
need for the availability of information related to cancer prevention and treatment and in-
cludes three services, Breast Cancer Awareness, Awareness Campaigns, and Questionnaire
and Competitions.

Subsequently, we show the possibility of finding additional services by topical search-
ing over the dataset, where the topics could be macro-services, services, or other aspects
of the services domain (cancer, in this case). We use four topical searches (Causes, Symp-
toms, Prevention, and Stakeholders) and detect 42 additional services that include Sports,
Stress Avoidance and Control, and others. We call them extended services since these are
discovered by using the knowledge gained from the initial service discovery process.

The methodology of discovering these services involves exploring the healthcare space
related to cancer in Saudi Arabia using LDA-based topic modelling of Twitter data. The
data shows the problems, solutions, strategies, activities, comments, and requirements of
various stakeholders clustered into 20 themes that are used to develop 17 services and five
macro-services by merging some clusters. The idea of developing cancer-related services
from social media analysis is motivated by the well-known science that social media
facilitates value co-creation through stakeholder interactions, allowing value creation or
the creation of new services (see e.g., [16]).

We have developed a software tool from scratch for this work. The tool implements a
complete machine learning pipeline including data collection, pre-processing, clustering,
validation, and visualization components. The dataset we used contains over a million
tweets (1,352,814 tweets to be precise) collected during the period 22 September-1 Novem-
ber 2021. We have tried to make the translation of the keywords and other Arabic content
(sample tweets, etc.) contextual to allow English readers to understand the contextual use
of the keywords. However, in other cases, we have used literal translation. Note also that
we did not always quote a complete tweet for reasons of privacy, and in other cases as a
part of the tweet was not relevant to the discussion. This work builds on our extensive
research in social media analysis in English and other languages on topics in different
sectors, see e.g., [17].
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Nowelty, Contribution, and Utilization

The literature review presented in Section 2 shows that while there are many works
on the use of social media in healthcare, our work is novel in several respects. Firstly, none
of the existing works on social media analytics in any language have focused on cancer
as extensively as we do in this paper, discovering over fifty topics in several dimensions
including cancer causes, symptoms, prevention, treatment, socioeconomic sustainability,
and stakeholders. Therefore, this paper provides insight and evidence from social media
public and stakeholder conversations about various aspects of the cancer disease in Saudi
Arabia such as public concerns, patient requirements, solutions for problems related di-
rectly and broadly to cancer such as cancer treatment, financial difficulties, psychological
ordeals and traumas, operational challenges for the families of cancer patients and other
information. The fact that there are limited works in social media analytics in healthcare,
particularly cancer, and considering that studies on social media analytics in the Arabic
language within Saudi Arabia are even more limited, and that we have used a dataset that
we carefully curated for this study differentiates our work from others.

Secondly, none of the existing works have proposed a similar approach of using
social media and Al to extract healthcare or cancer services. We believe systemizing this
approach could lead to a revolution in sustainable healthcare, driven by communities
co-creating social values with the exchange of services for services that are not necessarily
materialistic, but driven by equity, altruism, community strengthening, innovation, and
social cohesion. Open service and value healthcare systems based on freely available
information can revolutionize healthcare in manners similar to the open-source revolution
by using information made available by the public, the government, third and fourth
sectors, or others, allowing new forms of preventions, cures, treatments, and support
structures.

The rest of this paper is organized as follows. Section 2 discusses the related work.
Section 3 details the methodology and design of the Musawah tool. Section 4 introduces
and explains the 17 discovered services and five macro-services. Section 5 discusses the
42 extended services that we discover by using knowledge gained from and extending
the initial discovery process. Section 6 provides discussion. Section 7 concludes and gives
directions for future work.

2. Literature Review

In this section, we provide a review on the topics related to this research paper.
Section 2.1 reviews the works related to healthcare that have utilized social media. In
Section 2.2, we review the literature related to the use of social media that focuses on
cancer-related studies; Section 2.3 presents the same however limiting to works in the
Arabic language alone. Section 2.4 reviews some works on automatic naming of topics and
clusters. Section 2.5 discusses the research gap.

2.1. Social Media and Healthcare

Researchers have extensively used social media analytics in different application
domains such as analysis of perception people have about Al and other technologies
for city planning [18], city logistics [19,20], disaster detection [21], sentiment analyses of
public opinions of government services [22], detection of various events related to road
traffic [17,23,24], detection of symptoms and diseases nationally and across different urban
areas [4], and urban governance during the COVID-19 pandemic [12].

Specifically, in healthcare, many researchers have used social media as a powerful
tool for addressing healthcare system challenges and evaluating the conversations about
various health-related topics. The COVID-19 pandemic has produced many challenges
for public healthcare systems around the world. The main challenge is providing effective
health care to patients while maintaining the safety of service providers on the frontline.
Telemedicine appeared as a prominent service to achieve this end. This service integrates
the use of technology into medical practices to reduce face-to-face meetings. Leite and
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Hodgkinson [25] built a framework to examine how patients and doctors can co-create
service value for the telemedicine ecosystem with/for any kind of crisis. They collected
a sample about telemedicine and included 146 tweets from patients and 734 tweets from
doctors. They applied inclusion and exclusion criteria on tweets to get the final sample.
Thematic analysis was implemented to reveal seven themes in the data including equitable
healthcare delivery and others. The result showed that the value co-creation framework is
a platform for inclusive, sustainable, and equitable telemedicine services.

Some studies have used machine learning and deep learning methods for healthcare-
related analytics using digital media data in healthcare. Jahanbin et al. [26] proposed an
approach for extracting storing, monitoring, and visualizing data related to infectious
diseases by using news and tweets mining techniques. The approach is called “Fuzzy
Algorithm for Extraction, Monitoring, and Classification of Infectious Diseases (FAEMC-
ID)”. The proposed system collected 10,000 news items and tweets. Classification with
the evolving fuzzy model is performed on the dataset. The classified data were visualized
on the world map to identify the high-risk areas. The proposed system helped to monitor
infectious diseases and control the spread of epidemics in a timely manner. The results of
the proposed analysis showed a high accuracy of 88.41%, compared to other algorithms.
Alotaibi et al. [4] constructed the Sehaa system, which is a big data analytics tool for
improving healthcare in KSA using Arabic Twitter data. Sehaa tool consisted of four main
modules. The data collection module captured 18.9 million tweets about health symptoms
and diseases in KSA. The pre-processing module is used to clean tweets and manually
label them by using two levels of labeling: ‘related” and ‘unrelated” tweets, and then
labeling related tweets to ‘awareness’ or ‘inflicted by’ a disease. The third module was
classification. This phase used six classifiers, including Naive Bayes, Logistic Regression,
and four methods of feature extraction to detect different diseases in Saudi Arabia. The
validation module was used to evaluate the performance of the classifiers by using F1-Score
and accuracy. The results of the study were visualized and validated using external sources,
including national statistics, news media, and research reports. The results revealed
that (1) the top five diseases in KSA are dermal diseases, hypertension, diabetes, heart
diseases, and cancer. (2) Riyadh and Jeddah needed more awareness about the diseases,
while Taif was the healthiest city.

2.2. Social Media and Cancer

We review here the studies related to cancer where social media is used as the data
source. First, we review works without regard to any language or a modelling method,
and subsequently, in Section 2.2.1, we will discuss studies on cancer that have used topic
modelling. Table 1 summarizes some of the studies that we have discussed in this section,
including some other relevant works that, despite not having been discussed, we have
summarized for the readers’ interest.

The literature review has looked at various issues related to cancer disease. For
example, some works have focused on studying emotions among cancer patients. Wang
and Wei [27] constructed an approach to study the emotions shared by patients’” cancer
communities on Twitter. The study collected 53,026 tweets, posted by 39,504 Twitter users,
which included 29,979 retweets and 23,047 original tweets. The deep learning (Recurrent
Neural Network RNN) models were used to extract emotions from English tweets and
classified them into anger, joy, sadness, fear, hope, and bittersweet. The results of the study
showed that joy was the most used emotion in tweets, then sadness and fear, whereas anger,
hope, and bittersweet were less shared. Also, influencers were among the account that
posted the most content with positive emotions. Crannell et al. [28] built an approach that
aims to analyze the content of tweets written by cancer patients in the US and compute the
average happiness for patients based on the cancer type. The study collected 186,406 tweets
from March 2014 to December 2014. The pre-processing step was implemented to clean the
dataset. The tweets were filtered based on cancer diagnosis and using regular expression
software pattern matching. They used different filters such as “Breast cancer”, “Lung
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cancer”, and others. The authors utilized the patients” Twitter identification numbers
to collect all tweets for each patient and calculate the average happiness value by the
quantitative hedonometric analysis and the Mechanical Turk (LabMT). The results of
the study showed that the most common cancers were ‘breast’, ‘lung’, ‘prostate’, and
‘colorectal’. The calculated happiness values for every type of cancer showed that the
happiness values were higher for breast, thyroid, and lymphoma cancers, and lower for
kidney, pancreatic, and lung cancers. The study proved that the patients express their
illness on social media.

Several studies have focused on studying cancer types. A number of works have
looked into breast cancer. Modave et al. [29] constructed an approach to understand the
perceptions and attitudes of people related to breast cancer on Twitter. The study collected
1,672,178 tweets related to breast cancer. The pre-processing was implemented to clean
and prepare tweets for classification models. The text was classified into three groups
including irrelevant, promotional, and laypeople’s discussions by using CNN and LSTM
models in Keras library that run on top of the Tensorflow framework. Then, the sentiment
analysis was performed by using the Linguistic Inquiry and Word Count (LIWC) tool to
analyze emotions/attitudes into five statuses: sadness, anger, anxiety, positive emotion,
and negative emotion. Finally, topic modeling used the Biterm algorithm to identify the
main topics from relevant tweets. The detected topics include awareness month events,
treatment, risk, family, diagnosis, news, friend, screening, pink goods, and study. The NLP
with machine learning is a useful tool to evaluate people’s attitudes from their health tweets
and detect their perceptions about specific health topics. Meena et al. [30] built a system
based on social media and Twitter to extract the sentiments for breast cancer disease and
chemotherapy treatment. The study collected 10,000 tweets by using the keywords ‘breast
cancer’ and ‘chemotherapy’. The sentiment analysis was implemented using the Naive
Bayes algorithm to classify the sentiment of tweets into neutral, strongly positive, weakly
positive, strongly negative, negative, or weakly negative. Bigram analysis was used to find
the most frequent word in the tweets for ‘breast cancer” and ‘chemotherapy’. The results
of the proposed system showed that the sentiments for breast cancer and chemotherapy
were weakly positive or neutral. Thus, sentiment analysis for tweets has a great impact on
health care.

Rasool et al. [31] have developed a framework that aimed to predict breast cancer risk
in real-time using ML and spark as big data analysis platforms. The study used “Wisconsin
Breast Cancer Data-Set (WBCD)’, which was imported from UCI repository and included
699 records with 11 attributes. The preprocessing steps were used to remove unnecessary
attributes and complete the absent values of the attribute. Five classifiers were used, to
detect cancer to be benign or malignant, including Logistic Regression, Gradient Boosted
Trees, Support Vector Machine, Random Forest, and Decision Tree. The performance of
the five classifiers was evaluated by computing the accuracy, specificity, and sensitivity
for algorithms. The results reveal that the highest performance obtained for predicting
the risk of disease in real-time was by RF classifier. Diddi and Lundy [32] constructed a
methodology that aimed to examine how the health organizations including “Susan G.
Komen”, “U.S. News Health”, “Breast Cancer Social Media”, and “Woman’s Hospital”,
used their Twitter accounts to talk and support aspects of breast cancer in October, which
is dedicated to breast cancer awareness. The study collected 2961 tweets, 136 of the tweets
belong to Woman’s Hospital, 180 tweets for US Health News, 280 tweets for Komen,
and 2365 tweets for BCSM. After using qualitative coding, content analysis was used
to analyze, and categorize the tweets. The result of the proposed system showed that
the highest number of tweets was written by BCSM, then Susan G Komen, US Health
News, and Woman’s Hospital. Qualitative content analysis showed that the most prevalent
construct of the Health Belief Model (HBM) was “perceived barriers”, then “cues to action”,
“perceived benefits”, “self-efficacy”, and “perceived threat”.

Some works have explored skin cancer. Silva et al. [33] aimed to analyze Twitter
posts in Australia about skin cancer. The study collected 12,927 tweets. Data filtering
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was implemented by using inclusion and exclusion criteria, removing non-English, unre-
lated, or unclear content. The quantitative and qualitative analyses were implemented on
datasets to calculate the number of tweets, finding the relationship between the number
of tweets and temperature by using linear regression analysis. The content analysis iden-
tified three themes: health-related expressiveness, health information, and health advice.
Nguyen et al. [34] developed a methodology that aimed to evaluate the influence of the
campaign (Don’t Fry Day) by the National Council on Skin Cancer Prevention (NCSCP)’s
2018 on Twitter, categorize types of accounts participating in the campaign, and deter-
mine the themes of the tweets. The dataset was collected from 1881 Twitter accounts.
The study categorized the types of contributors in the campaign, based on username,
into ‘government-affiliated account (federal)’, ‘nongovernmental organization (NCSCP
and health)’, ‘government-affiliated account (state/local)’, ‘health/cancer/medical center’,
‘individual’, ‘news/media’, ‘businesses’, and ‘other/unknown’. After manual coding of
tweets, content analysis was used to identify themes of the tweets which are ‘informative’,
‘minimally informative’, and self-interest campaign promotion themes. The results of the
study showed the large effective use of social media to promote public health campaigns
and understand the types of messages and accounts involved in social media campaigns.

Table 1. Studies on the Types of Cancer Using Social Media.

Tweets s
Author Type of Cancer (x1000) Description
Modave et al. [29] Breast 1672 Understand the perceptions and attitudes of people related to
breast cancer on Twitter.
Meena et al. [30] Breast 10 Extracted the sentiments for breast cancer disease and
chemotherapy treatment.
Diddi et al. [32] Breast 3 Examined how the four health organizations used their Twitter

Silva et al. [33]
Sedrak et al. [35]

Sutton et al. [36]

Sedrak et al. [37]

Nejad et al. [38]

accounts to talk and support aspects of breast cancer in October.
Skin 13 Analyzed Twitter posts in Australia about skin cancer.
L Analyzed content related to lung cancer and examined the

ung 26 dial 1 linical trial
ialogues of lung cancer clinical trials.

Examined the user type and the content of tweets of lung cancer
Lung 24 to identify the nature of messages within the cancer
control continuum.
Implement an exploratory analysis for the content of Twitter
related to kidney cancer and the participants in this content.
Examine how Twitter was used during childhood cancer
awareness month (CCAM).

Kidney 2

Childhood 286

Some works have investigated lung cancer. Sedrak et al. [35] built a Twitter-based
approach to analyze content related to lung cancer and examined the dialogues of lung
cancer clinical trials. The study used Nvivo (qualitative data analysis software) to collect
26,059 tweets and prepare them for the analysis stage by removing duplicates and non-
English tweets. The content analysis was used on the final sample to categorize tweeters
as individuals, media, or organizations. The tweets were categorized into support, clini-
cal trials, prevention, treatment, general information, diagnosis, screening, or symptoms.
Most of the tweets were posted by individuals and were focused on support and preven-
tion. The results of the study demonstrated that social media is a promising and useful
source to explore how patients conceptualize and communicate about any health issues.
Sutton et al. [36] constructed a methodology that aimed to examine the user type and the
content of tweets related to lung cancer to identify the nature of messages within the cancer
control continuum. The study collected 1.3 million tweets, including 23,926 messages
related to lung cancer. The 3000 tweets were manually coded by three coders. Descriptive
and inferential statistics were performed to study the content of tweets and types of users.
The content of tweets was categorized into treatment, awareness, prevention and risk
information, survivorship, end of life, diagnosis, active cancer-unknown phase, and early
detection. The types of users were categorized into individual, organizational, media, and
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unknown. The SPSS was used to analyze data and chi-square was used to assess and
identify the relationships between user types, and cancer content. The experimental result
showed that most of the tweets focused on treatment, awareness, risk, and prevention
topics. The majority of messages were tweeted by individual users. Twitter is a useful
source in raising awareness about cancer by timely dissemination of information about the
treatment and prevention methods.

Among the studies that have explored kidney cancer includes another study by
Sedrak et al. [37], which have built an approach to implement an exploratory analysis
for the content of Twitter related to kidney cancer and the participants in this content.
The study collected 2568 tweets. The NCapture tool was used to collect tweets and save
them into an Excel file. Non-English tweets and those not related to kidney cancer were
excluded from the dataset. Finally, the content analysis methods were used to analyze the
final dataset of 2097 tweets. The content of tweets was classified into different domains
including support, general information, treatment, clinical trials, donation, diagnosis, and
prevention. Also, the user was classified into individual, media, or organization. The results
showed that 858 tweets were written by individuals, 865 tweets authored by organizations
and 364 tweets written by media sites. Most discussed content included support by 29.3%
and treatment by 26.5%.

Some studies have looked into the types of children’s cancer. Nejad et al. [38] built a
descriptive-analytical methodology to examine how Twitter was used during childhood
cancer awareness month (CCAM). The study collected 285,859 tweets related to childhood
cancer, which coincided with CCAM. Latent Dirichlet allocation (LDA) was used as a
method of content analysis to discover the topics using MALLET from tweets. The detected
topics included awareness, loved ones, walks and runs, wearing gold, and fundraising.
Twitter user was categorized into four groups including news agencies, individuals, orga-
nizations, and celebrities. They observed that the most frequent topics are awareness and
fundraising. The experimental results for the proposed system showed that Twitter has
proven to be an effective channel for communication and raising awareness about child-
hood cancer. Thus, Twitter can play an important role in the dissemination of awareness
among patients.

Some studies have focused on cancer treatment using social media data to utilize pa-
tients” experiences with cancer treatment methods, including chemotherapy and radiation.
Meeking [39] built an approach to understanding the role of social media platforms like
Twitter, as a novel digital data source, in understanding people’s experiences of radiother-
apy. The study collected 442 unique tweets about radiotherapy written by patients and
their families. The quantitative content analysis was used to classify the data based on the
content of the tweets or the user Identity into different types of accounts such as patient,
healthcare organization, and healthcare professional. Thematic analysis was used to detect
six themes. Three main themes related to the pathway of radiotherapy: pre-, during-, and
post-treatment. The other three themes included ‘emotional and informational support’,
‘impact on loved ones’, and ‘giving thanks’. The paper highlighted the psychological
and physical effects of treatment and how patients seek to get emotional and information
support from social media. The informational support can be improved by increasing
online support. The experimental results show that Twitter is a useful platform to share
and discuss people’s experiences with radiotherapy. Other studies on utilizing social media
applications such as Twitter for cancer treatment include [40].

2.2.1. Topic Modeling and Cancer

We review in this section the works about cancer analysis using social media that have
utilized topic modelling algorithms such as Latent Dirichlet Allocation (LDA). Zhang et al. [40]
aimed to examine and compare patients’ and healthcare professionals’ perceptions of
chemotherapy by analyzing chemo-related tweets. The study gathered tweets by using
the keywords “chemotherapy”or “chemo” from the cancer-related accounts. They collected
13,273 individual tweets and 14,051 organization tweets. Topic modeling, sentiment analysis,
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and a word co-occurrence network were used to analyze the content of tweets. LDA was
used to detect the most important topics related to chemotherapy, which are hormone therapy,
radiation therapy, and surgery. A word co-occurrence network was shown to have a strong
relationship between chemo-surgery tweets. Sentiment analysis was used to determine how
patients felt about chemotherapy outcomes and their attitudes toward chemotherapy across
disease types. The study shows that Twitter is a helpful healthcare data source for oncologists
(organizations) to better understand patients’ experiences during chemotherapy, generate
personalized treatment plans, and enhance clinical electronic medical records (EMRs). Ne-
jad et al. [38] examined how Twitter was used during childhood cancer awareness month
(CCAM). They applied LDA and extracted six topics from 285,859 tweets including awareness,
clothing, loved ones, walks, fundraising, and art. Modave et al. [29] constructed an approach
to understand the perceptions and attitudes of people related to breast cancer on Twitter.
They applied Biterm topic modeling on 1,672,178 collected tweets related to breast cancer.
The detected topics include awareness month events, treatment, risk, family, diagnosis, news,
friend, screening, pink goods, and study.

2.3. Social Media and Cancer (Arabic Language)

There are some studies related to cancer analysis using Twitter in the English language,
however, the research studies about cancer using social media in the Arabic language are
limited. We have found only one such work on social media analytics in cancer research,
which is relevant to this paper. The work is by Alghamdi et al. [41] and is focused on
studying chemotherapy misconceptions among Twitter users. They built an approach to
evaluate Twitter conversations and find misconceptions about chemotherapy among Arabic
populations. They collected 402,157 tweets by using the Twitter Archiver tool. Retweets
and irrelevant tweets have been removed. A manual content analysis was implemented to
classify the users, themes, and common misconceptions for chemotherapy. The categories
of the user included cancer patients, general users, relatives/friends of patients, accounts
for health, accounts for Media, and cancer specialists. Tweets’ themes categories included
advice and information, misconception, experience, prayers and wishes, seeking or offering
medical/financial help, seeking medical information/advice, and analogy. Statistical
analysis was implemented by using the SPSS software and reported that the most of tweets
were written by general users, then followed by the friends and relatives of cancer patients.
For themes, prayers and wishes were the most popular topics. Descriptive statistical
analysis was performed to find the frequencies between every theme and the user category.
The chi-square test was used and the result revealed that a high association exists between
the themes of the tweets and the category of the users.

2.4. Automatic Naming of Topics

The automatic naming of topics is desired and has been researched in the literature. We
discuss a few works here to introduce this topic to the reader. The probabilistic topic models
aim to reveal latent topics from the corpora of text. Probabilistic topic models represent
each document as a set of topics and every topic has a set of words. Humans can label every
topic based on the top words of the topic, however, difficulties arise when they do not have
good knowledge in the field of the documents. To address the problem, automatic topic
labeling techniques can be used to assign interpretable labels for topics. Allahyari et al. [42]
built a knowledge-based topic model, namely, KB-LDA that combines topic models with
ontological concepts. The study aimed to use the semantic knowledge graph of concepts
in ontology and their diverse relationships, as DBpedia, with unsupervised topic models
(LDA) to automatically generate meaningful topic labels. The proposed approach helped
to describe topics in a more extensive way and improve the quality of topic labeling by
making use of the topic-concept relations, which can automatically generate meaningful
labels. Lau et al. [43] constructed an approach for automatically labeling topics produced
from the LDA topic model. The study generated a label candidate set from top-ranking
topic terms, Wikipedia titles containing the top topic terms, and sub phrases extracted from
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Wikipedia articles. Then, it used the ranking method to find the best label for each topic by
using a mixture of association measures and lexical features, fed into a supervised ranking
model using the support vector regression (SVR) model.

Wan and Wang [44] proposed a method that aimed to use text summaries for automatic
labeling of topics produced by topic models. The study extracted several sentences from
the most related documents to form the summary for each topic. The system proposed a
summarization algorithm based on submodular optimization to create summaries with
high coverage, relevance, and discrimination for all of the topics. The results of the
proposed method showed that the use of summaries as labels had apparent advantages
compared with the use of words and phrases. He et al. [45] built a graph-based ranking
model, namely TLRank, that aimed to automatically label every topic produced from
topic models. The proposed model used the strategy of enhancing matrix transition
probability based on the textual similarity between vertices and the characteristics of
vertices (sentences). The strategy seeks to restrain the topic label redundancy and enhance
its diversity. The experiment results showed that the TLRank model has the ability to
generate topic labels with high coverage, relevance, and discrimination. Suadaa and
Purwarianti [46] introduced a methodology to cluster and label the Indonesian text by
using Latent Dirichlet Allocation (LDA) and Term Frequency-Inverse Cluster Frequency
(TEXICF). The methodology performed text preprocessing processes by abbreviations
extraction, tokenization, stemming, and stop-words removing. For topic modeling, Latent
Dirichlet Allocation (LDA) is implemented to cluster documents and detect hidden topics.
The clustering quality was evaluated by using precision, recall, and F-measure. For the
labeling phase, the study has used Term Frequency-Inverse Cluster Frequency (TFxICF) to
label each cluster based on the phrase or word tokens that have the highest TExICF.

2.5. Research Gap

The literature review presented in this section establishes that while there are many
works on the use of social media in healthcare, our work is novel as none of the existing
works in any language have focused on cancer as extensively as we do in this paper and,
secondly, none of the existing works have proposed a similar approach of using social
media and Al to extract healthcare or cancer services.

3. Methodology and Design

This section explains the methodology and design of the Musawah tool. The proposed
system architecture is described in Figure 1. It contains five components: data collection,
pre-processing, service discovery, visualization, and evaluation; these components will
be discussed in Section 3.3 to Section 3.7, respectively. Before we describe the system
architecture, we discuss the conceptual development of the Musawah tool and system in
Section 3.1 and give an overview of the tool in Section 3.2.

3.1. Musawah Service Co-Creation System: Developing the Concept

This paper proposes a data-driven artificial intelligence (Al) based approach called
Musawabh to automatically detect and identify healthcare services that can be developed or
co-created by various stakeholders using social media analysis. We called our approach and
system Musawah (equity in Arabic) as we believe that the current healthcare trends and
doctrines are not sustainable—socially, environmentally, and economically—and that, with
a belief and practice in equity by people, our approach of open service and value healthcare
systems based on freely available information can enable equity and sustainability. The
case study focuses on cancer disease in Saudi Arabia using Twitter data analytics in the
Arabic language; however, the proposed approach can be used broadly for any disease or
purpose and in any language. We discuss first the conceptual development of the Musawah
tool and system in the following discussion where topics include the need for data sharing
and participatory governance, developing services, value and service co-creation, and the
motivations behind it.
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Figure 1. The Proposed System Architecture.

Making cities smarter needs a holistic approach to manage, improve, and adapt the ser-
vices provided by the city to its citizens. A smart city can be seen as a system of services [47].
With this vision, services are the basic concept of smart cities. Service science studies value
co-creation as an interaction mechanism between technology, people, shared information,
and organizations to improve operational efficiency, enhance citizen welfare and the qual-
ity of government services. The focal point for this vision is based on the co-creation of
value through the direct citizens’ participation in the service development and evaluation
process. In a smart city, value co-creation is achieved by data sharing and the exchange of
knowledge between citizens and the city [48]. It is necessary to understand smart service
systems to foster innovations and the development of these systems in different fields. This
will help to enhance understanding among people, facilitate collaborative analysis, create
synergy between applications, and support systems development for smart cities.

Governments can utilize open data as a new method for developing services that allow
external stakeholders to increase their role in the innovation of government services [49].
This is in contrast to previous methods of e-government service innovation, the govern-
ments create and develop services by the agencies themselves. Currently, organizations
can achieve open service innovation by including the external stakeholders in enhancing
existing services and developing new services based on comments or ideas generated by
their stakeholders and from the problems their encounter. The open innovation in services
refers to the transition from the closed innovation model based on internal knowledge to the
innovation paradigm that resides both externally and internally to an organization [49]. For
example, the Service Systems Development Process (SSDP) [50,51] contains a set of iterative
phases that require inputs and expected outputs for every phase to understand the activities
and needs required for realizing service systems. These processes are implemented as an
iterative approach with the alignment of service system entities to understand the impact
on enterprise capabilities and processes, technology, information systems, and customer
expectations. Firstly, in the service strategy stage, newly developed services are determined
by examining and knowing end-user needs, organization strategies, trends of mass collabo-
ration, and trends of technology. The organization decides to develop the selected service
systems based on the high-level socio-techno-economic feasibility study. During the service
design and development stage, the requirements are analyzed. The service system entities’
functions and linkages are identified. Also, it ensures the achievement of the activities
of service integration, verification and validation, which include information exchange
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between the entities of the service system to provide the service continuously. In the service
transition and deployment stage, the service is tested to ensure readiness insertion and
operation. When the service is deployed, it enters into the operations stage [50,51].

Governments are making increased efforts to innovate public service delivery, such as
under the e-government umbrella [52]. The success of e-government depends on the need
to better understand the requirements of citizens and include them in the development of
e-government services. This can be achieved through using the service systems perspective
as “a guiding framework” to analyze the development initiatives for participatory e-
government services. Specifically, these initiatives can be analyzed as a service system based
on the four key resources of people, shared information, organizations, and technologies,
which will help to derive possible developments and enhancements for services [52].
Similar concepts have been discussed by many researchers in the past. For example,
Salminen [53] has proposed the new service development process (NSD) that contains five
main stages. The most important component of the model is the continuous interaction
with the customer. This interaction is dependent on the common value model, which helps
companies to discuss with the customer the potential value of the new services such as
cost-effectiveness, process improvements, or new product features. There are three phases
for the value management process; “Value Evaluation/ Assessment”, “Value Creation”,
and “Value Maximization/Delivery” [53].

Health care affects economies dramatically worldwide, while affecting directly the
quality of life of individuals. Traditionally, in healthcare systems, customers have been seen
as passive recipients of services instead of being active elements. With rising healthcare
expenditures and a growing desire for more personalized and better care, healthcare
systems have recognized the importance of patients in co-creating the healthcare service
experience during the last decade [54]. The Service-Dominant Logic (SDL) concept captures
and represents this new paradigm of co-creating [55-57]. Note that SDL is a general concept
and paradigm and is not limited to healthcare. SDL could be used to incorporate patients in
creating value and producing services in this environment. Value co-creation is defined in
this approach as a process, in which several actors exchange resources and collaboratively
create and produce value. As a result, the information sharing between the actors of services
is critical to SDL and value co-creation [16]. The new technologies represent an important
role in facilitating the process of value co-creation in service science. We can build a more
connected and smarter healthcare system that can provide greater help, predict and prevent
illness, enable patients to make more responsible decisions. The emergence of social media,
in particular, has resulted in significant changes in the processes of creating, promoting,
and sharing content. The use of social media by people and public health organizations is
being used to communicate in new ways for various mutually beneficial activities [54].

Note that while these and other works have investigated the use of social media for
value, co-creation by various actors communicating to each other, and sharing information,
none of the works in the literature have proposed the discovery of healthcare services
automatically from social media. This work, therefore, contributes a novel approach of
using social media and Al to discover, develop, and exchange healthcare or cancer services.
We demonstrate the potential of our approach by discovering over fifty services in several
dimensions of cancer disease including cancer causes, symptoms, prevention, treatment,
socioeconomic sustainability, and stakeholders. We plan to systemize this approach by
creating open service and value healthcare systems based on freely available information
made available by the public, the government, third and fourth sectors, or others, allowing
new forms of preventions, cures, treatments, and support structures to be discovered
and exchanged between various parties—an exchange of values for values or services for
services that are not necessarily materialistic but driven by equity, altruism, community
strengthening, innovation, and social cohesion. Service co-creation is enabled through
engaged participation of need and value propositions. In co-creation terminology, both
parties, a customer and company, create value for each other and this value could be money,
product, service, or anything of value for the parties involved. Therefore, the value could
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be anything materialistic or otherwise, such as a desire for equity, the altruistic nature
of a person or party, and the desire to strengthen communities, bringing innovation, or
social cohesion. Moreover, our approach also allows the gaining of insight and gathering of
evidence from social media public and stakeholder conversations about various aspects of
the cancer disease in Saudi Arabia such as public concerns, patient requirements, solutions
for problems related directly and broadly to cancer such as cancer treatment, financial
difficulties, psychological ordeals and traumas, operational challenges for the families of
cancer patients and other information.

As regards the discovery and naming of services, in this paper, we used a process of
discovering clusters or topics (we call them services) using topic modelling of Twitter data
using the Latent Dirichlet Allocation (LDA) algorithm. We experimented with discovering
a different number of clusters using LDA—10, 15, 20, and other numbers—and found that
20 topics gave the best results for discovering important services from Twitter data. The
number of clusters to be detected is dependent on the size, nature, and other properties
of data, and this is an active area of research. Following the extraction of topics, we
merged some of these topics, while others were kept individually. We call these merged or
individual topics ‘services’, and group these services further into groups of services called

‘macro-services’. This whole process created a set of 17 services and five macro-services.

The services were named manually using topic keywords and domain knowledge. We have
provided a review of the automatic naming of topics (services in this case) in Section 2.5.
This is an area that we plan to work on in the future to automate the service discovery,
definition, transition, and deployment process.

More details on the methodology will follow in the rest of this section and the paper.
The paper has contributed to certain areas, while other topics such as automatic naming of
services, will be investigated in the future.

3.2. System Overview

We built the Musawah system in order to discover healthcare services that can be
developed or co-created by various stakeholders using social media analysis. The proposed
approach can be used for any disease or purpose and in any language. However, this
work focuses on cancer disease in Saudi Arabia using Twitter data analytics in the Arabic
language. The proposed system architecture contains five components: data collection;
pre-processing; service discovery; visualization; and evaluation. First, we collected and
downloaded tweets using Twitter REST API and the Tweepy library with the set of prede-
fined parameters as Keywords and the language. The tweets collected were tweet objects
in the JSON (JavaScript Object Notation) format. After collecting JSON files, we converted
and saved them into CSV format. It is well known that the contents of social media contain
noise and unstructured data, and many errors. Therefore, in the Pre-Processing component,
the acquired data are cleaned and preprocessed to ensure its readiness for the analysis stage.
For removing stop-words, we used the Natural Language Toolkit (NLTK) library with add
a new list of stop-words to remove from the text. Also, we used the simple_preprocess()
in Python to tokenize each tweet into a list of words and used a regular expression in
python to remove the unnecessary characters from the tweets. Subsequently, we used
the Gensim Python library to build a service discovery module using Latent Dirichlet
Allocation (LDA). We have adjusted the settings of the parameters of the LDA model: the
number of topics was 20, passes were 10, and iteration was 100. The number of topics is
considered an important parameter for building a model. The passes refer to how many
times the algorithm is supposed to pass over the whole corpus. The iterations are the
maximum number to iterate every document in the corpus for calculating the probability
of each topic. Then, we visualized the topics by using the LDAVis tool that provides a
web-based interactive visualization of topics generated from LDA. Finally, the results are
validated by the detected services using two techniques, which included external and
internal validation.
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3.3. The Dataset

The data was collected using Twitter REST API. Tweets were collected using var-
ious terms of cancer, its types, as well as its examination and treatment methods. For

”

example, we used the keyterms “ sl .. (Cancer), “f 59" (Tumor), “Eus S 3" (Malignant),
“& ) ol (Lung Cancer), “is ;41" (Biopsy), and others. Furthermore, we used several
hashtags related to the types of cancer, its treatment, and awareness such as "& J| slb #”

(# Lung Cancer), "&5,&) I Ol #” (#Breast Cancer), “&lwg Al ol #” (#Prostate Cancer),

and others. In Table 2 we provide a sample of the keyterms and hashtags that were used
for collecting data. A total of 1,352,814 tweets were retrieved during the period from
22 September to 1 November 2021. The tweets collected were tweet objects in the JSON
(JavaScript Object Notation) format. After collecting JSON file, we converted and saved
them into CSV format. Then, we cleaned the dataset by removing duplicates.

Table 2. The Keywords and Hashtags used to collect Dataset.

Keywords

Al ) «Lﬁju:\ﬁ\ eS¢ ySaall CadSl ddaia 3 ek dde jA 0 s ‘i\,g';ce)J‘QLLJJ‘

Cancer, Tumor, Malignant Lung Cancer, Biopsy, Genetic Mutation, Early Screening, Leukemia, Chemo, Carcinogenic

Hashtags

‘QLL.),‘JLG%# ‘O\L\)&A‘iL;a.a‘)A# ‘Oy‘ig‘;ad;é‘# «QL"\M})..JLQ\.L)M# ‘LﬁdﬂLQU:)u# ‘3.3)”70\1:)“#

O\L\)ﬂ”iub‘)& # ‘éﬂliu&yj;s&# ‘)S,\A\:_uﬂl# 6%5}\.4&:\51\76‘)\:)\#

Lung Cancer, Breast Cancer, Prostate Cancer, Check-up Now, Cancer Patients, Cancer Treatment, Chemotherapy, Early Detection,

Fighting Breast Cancer, Cancer Disease

3.4. Data Pre-Processing

Data preparation or preprocessing is a necessary step to complete the steps of the data
analytics process. Social media generates unstructured and informal data. This involves
implementing different techniques to clean the acquired data. To ensure data readiness,
data preprocessing should be performed to prepare the acquired data for subsequent steps
of the analysis. This will increase the accuracy and quality of data analytics. The main steps
of data preprocessing include: removing irrelevant characters; tokenization; normalization;
and removing stop-words.

3.4.1. Removing Irrelevant Characters

The collected tweets may contain duplicates. To prevent having the same tweets,
we removed the duplicates out of the collected tweets after saving and loading tweets in
DataFrame format. Cleaning data included removing emails, redundant spaces and lines,
single quotes, repeating characters, English alphabets, and all traces of emoji from a text file.
Moreover, we removed the punctuation marks remove by creating a list for all the marks of
punctuation, such as: [;, ., ?,;, ¥, %, @, &,], and other types of brackets, mathematical, and

slashes symbols. This will decrease the size of the feature set and make information more
valuable. We also removed eight diacritics marks:

m Three diacritical marks that are used to refer to the short vowels: Fatha (]), Kasra (D,
Damma (i);

m Three double diacritic marks: Tanwin Fath (T) , Tanwin Kasr (;‘) , Tanwin Damm (T) ;

m Single diacritical mark to refer the absence of a vowel: Sukun ( ;

m One diacritical mark to refer the duplicate occurrence of a consonant: Tashdid 0.



Sustainability 2022, 14, 3313

15 of 41

3.4.2. Tokenization and Normalization

We used the simple_preprocess() method in Python to tokenize each tweet into a list
of words. Normalization transforms words to a basic and consistent form. Normalization
of Alef, Yaa, Hamza, and Taa Marboutah, in which Alef (! | | |) was replaced with (!), Yaa

(s ) was replaced with (), and Taa Marboutah (& o) with replaced with (3).

3.4.3. Stop-Words Removal

Stop-words are distributed between the texts, are not very useful, and can be effectively
removed. The role of removing stop-words is to delete the word that is not important
in extracting the information. The tweets can contain stop-words like: “ JI”, “ 5", “ -s".

We used the Natural Language Toolkit (NLTK) library with add a new list of stop-words
to remove from text, such as (II S' //, IIL”EJI,, //‘#\II, IIOLS//, IILG-_"\II, IIJ‘,,, 114‘1”}//, IIO\”’ 11?3//’
lle:\:.’”, Ild_}gllr IILs‘:II, 11‘5:\;”, Ilu\y/l, /IL'S_'"II, IIO:!}/I, II"J‘II, “" .S I/, 11¢L"54\:L.I”, /1‘:—?'{%9//, IILA:‘HII, 11‘5-“11).

3.5. Topic Modeling Using Unsupervised Machine Learning

Academic studies and research rely on the use of computerized analytics to understand
large volumes of unstructured text that cannot be analyzed manually due to the limitations
of human data processing. In this area, topic modeling is a common technique used for
data analysis and topics discovery. The topic model can be defined as “a collection of
algorithmic approaches that seek to find structural patterns within a collection of text
documents, producing groupings of words that represent the core themes present across
a corpus” [58]. In this paper, we used Latent Dirichlet Allocation (LDA) as one of the
types of topic modeling. LDA is a statistical model used to determine the important topics
discussed in a set of documents (tweets in our study). It creates models in an unsupervised
mode, which means no need for label training data. Every document is characterized by
different probability distribution among different topics. The topics are formed based on
the co-occurrence of keywords with a certain probability in the same document. The LDA
model takes the collection of documents as input and generates a set of topics as the output.
Every topic has a set of keywords in different proportions as well. The algorithms of topic
modeling are not able to name the topic. So, the topics can be labeled by humans using the
keywords of the topics.

We used Genism for LDA analysis in the Python environment. The tweets represent
the documents in this work. We have adjusted the set of the parameters of LDA model:
the number of topics was 20, passes were 10, and iteration was 100. The number of topics
is considered an important parameter for building a model, the large number of topics
requires a lot of overfittings, while the small number of topics makes the model underfitting.
The passes refer to how many times the algorithm is supposed to pass over the whole
corpus. The iterations are the maximum number needed to iterate every document in the
corpus for calculating the probability of each topic.

3.6. Visualizations

In this paper, we used LDAVis to visualize and label the topics. LDAVis is a web-based
interactive visualization of topics generated from LDA. It provides an overview of the
topics by displaying them in the circles” form. It also displays the words closely related to
each topic, and the degree of relevance of each word to topics. The visualization contains
two basic pieces. In the left panel, the topics are visualized as circles. In the right panel, it
has a horizontal bar chart that represents the most useful individual terms for interpreting
the currently selected topic on the left.

3.7. Evaluation and Validation

The proposed system followed two techniques to validate the detected services: ex-
ternal and internal validation. We used different online sources and news media as an
external technique for validation. The internal technique for validation is based on the
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collected Twitter data, which gives detailed information such as the account that was used
to post the information, the time, and date of posting the tweet.

4. Results and Analysis

This section introduces and explains the discovered services and macro-services.
Section 4.1 provides an overview of the macro-services and services detected from the
Twitter data using the LDA algorithm. This is followed by five subsections, Section 4.2 to
Section 4.6, with an explanation for each service with examples from Twitter posts.

4.1. Services and Macro-Services: An Overview

We discuss in this section the results of the system we propose. We describe the
approach of discovering 17 services from Twitter data using the Latent Dirichlet Allocation
algorithm (LDA). The approach involved extracting 20 topics by utilizing the LDA algo-
rithm on Twitter data, and then combining a few of these topics into topic clusters which
we call services. Throughout this research paper, the terms such as topic cluster, cluster,
and service will be used interchangeably. In addition, we have grouped these seventeen
services into five macro-services. In the previous section, we described the method for
detecting these topics using the LDA algorithm. Python is used to develop the software.

Table 3 provides a list of services along with their corresponding data. Column 1 of the
table lists the five macro-services. They are Prevention, Treatment, Psychological Support,
Socioeconomic Sustainability, and Information Availability. In Column 2, we list seventeen
services such as Early Diagnosis, Prevention and Control, Causes, and so on. Every macro-
service contains one or more services. For instance, the second macro-service (Treatment)
contains two services, which are Chemo and Radiation Therapy, and Surgical Therapy. In
Column 3, the services numbers are listed. We have already discussed that we extracted
20 topics from Twitter data using LDA, and some of those topics that are related to one
another are merged to form services. As an example of the merging of topics is the service
(Breast Cancer Awareness), which is the result of merging Topic 9 and Topic 20. Column 4
shows the keyword percentage of the services in the table. Among the keywords in total,
Topic 1 contains 9.7% out of the total keywords. Topic 2 contains 7% of the total keywords.
Column 5 presents 10 keyterms (in total for all cluster topics) for each of the services. We
initially collected 30 keywords per topic. From the initial 30 keywords, 10 keywords were
manually chosen (using domain expertise) based on their importance to the relevant topics.
Each keyword is listed in Arabic, along with its translation into English. These keywords
and other content in Arabic language (example tweets, etc.) were translated contextually
so that English readers can better understand the context of the keywords.

We extracted a taxonomy for the 17 services that were detected by our tool (See
Figure 2). The taxonomy was created from Table 3, and it shows the services, their macro-
services, and some keyterms associated with the services. The first level represents the
macro services e.g., Prevention, Information Availability, and Treatment. Every macro-
service contains one or more services. The second level branches represent these services
e.g., Symptoms, Early Diagnosis, Causes, and Screening. Each service is characterized by
various keywords. These keywords are provided in the third level branches. For instance,
the keyterms Malignant, Examination, and Transform represent the Symptoms service.
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Table 3. Macro-Services and Services Discovered from Twitter Data.

Macro-Services Services Topics Kew(;rds Keywords
0
o LAY Al (@SH DB gl (al el Alal) (gaadll (S ¢ Saal)
Early Diagnosis 1 9.7% Early, Detection, Examination, Injury, Symptoms, Prevention, Detection, Ratio/Percent, Healing,
Go Early
2 50 caSllad (AL a9 cpladl (Al sl ¢ A Blall el (ol
Prevention and Control 2 7% ) u‘)‘ o it a 4 )A R SR R )
Cancer, Malignant, Life, Good, Preventative, Things, Tumor, Take, Request, Disease
Anglli (2 jra (24 i <L)
. Causes 15 4% . }‘. s
Prevention During, Because, Disease, Exposed, Related
Andy) <oy o dh cdgbia (e
16 3.6% s o dh A (Baja
Chronic, Genetic, Mutation, Tumor, Radiation
sua Bale daua cayg (L ¢ gilda cal Lall ¢ 1A candll
Screening 17 3.3% TR p9 8 R g plpsalel ot
Examination, Self, Mammogram, Device, Minutes, Save, Tumor, Health, Clinic, Came
o ASlilu) ¢ o2l (Auday pa ¢ clgdaag caa) o gadig @il ¢ 38 ey ¢a
Symptoms 19 3% )
Cancer, Centers, Examination, Transform, One, Make, Malignant, Sick, For the Breast, Appeal You
o Jaddiad Alad) o Al cotal call (s sbassl) ¢ Alaall cEMe cal ¥ gling
Chemo and Radiation Therapy 3 6.6% f ot a ¢ ) e i ¢ )
Treatment Need, Tumors, Treatment, Free, Chemotherapy, Pain, Duration, Receive, Case, Use
. o 4a) 2 oAt cqila 5 Ailes (@ cayy cpdaiall (Jlaiiv lud
Surgical Therapy 4 6.3%
Malignant, Resection, Part, Tumor, Must, Operation, Type, Side, Cancerous, Surgery
. LY (e ¢ Cpalenal) i ga cababaa) call ccldl (i sa ool i pa cagdl)
Spiritual Support 5 6.2% @ wsieh ¢ sk anaian
Oh God, Patients, Lord, Disease, Heal, Pain, Their Bodies, Muslim Patients, Sick, Healer
£ SR colilaa cAdla ¢ A1 (aSi) g8 cAxiluadl ¢ Al cAas ) (s ya
Psychological Support Suffering 14 4.1% Disease, Mercy, Goodness, Humanity, Your Prayers, Impact, Condition/Case, Suffering,
Killer, Struggle
Claa o b et Sl (Jana cAdlbial caans ol agdll Sy
Hope and Optimism 18 3.1% ? e ool o2

Pray, God, Come, With All, Wishes, Loaded, To You, Return (Health), Lord, Made




Sustainability 2022, 14, 3313

18 of 41

Table 3. Cont.

Macro-Services Services Topics Ke);vojc))rds Keywords
0
IV ¢ aya cd gl <o) 9 cAlkial) cAadd casll (Araaly cAlale (daual)
Government Support 6 5.7% e J. e ] ] e T o . .
Health, Urgent, Important, Evaluation, Service, Region, Ministry, Medicine, Patients, Machines
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Figure 2. A Taxonomy of Discovered Cancer Services.

After explaining Table 3, we now move on to the explanation of topics using graphical
information. Figure 3 shows the inter-topic distances among the extracted 20 topics based
on the multidimensional scale. This figure shows the topic sizes in the bottom-left corner.
Topic 1 is depicted by the largest circle, reflecting that Topic 1 is the largest topic based
on its number of keywords (9.7% see Table 3). Figure 4 shows the top 30 most relevant
terms (or keywords) for Topic 1. These terms are in Arabic language. Table 3 provides the
English translation of the keyterms. The keywords are arranged in a decreasing order of
their frequency within Topic 1 (represented by maroon bars). Each keyword has a blue bar,
which represents the overall term frequency. After discussing the table and topic diagrams
in general terms, now we will proceed to discuss in detail each of the services with data
collected from the tweets and external sources. The discussion will also present additional
detail on the topic diagrams for service.
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Intertopic Distance Map (via multidimensional scaling)
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Figure 3. The Intertopic Distance Map of the Clusters.

4.2. Prevention

We begin discussing the services related to the first macro-service, Prevention. It
involves actions that reduce the chance of getting cancer (e.g., maintaining a healthy
lifestyle, taking vaccines, and avoiding cancer-causing substances) and it also involves
strategies and procedures that prevent cancer from getting worse (e.g., early detection,
and regular screening tests). This macro-service includes five services, Early Diagnosis,
Prevention and Control, Causes, Screening, and Symptoms. The first service is Early
Diagnosis (see Row 1, Table 3) and is represented by keyterms from Topic 1 such as Early,
Detection, Examination, Symptoms, Prevention, Treatment, and Healing. Figure 4 depicts
the top 30 most relevant terms for Topic 1 (since there are 20 topics to cover, we are
unable to include these figures for all of them, to avoid an excessive number of figures
and to comply with the publisher’s guidelines). Table 4 gives the English translation of
the Arabic keywords in the figure. Early diagnosis of cancer is important for preventing
bigger problems associated with health (e.g., cancer progressing to advanced stages),
treatment options, and treatment costs. It focuses on detecting symptoms as soon as
possible. Therefore, it can contribute to the detection of the cancer disease in its early stages.
Early detection of cancer is very important for preventing reaching late stages, facilitating
treatment, and accordingly, reducing the risk of death. For this purpose, it is one of the
strategies used for successful treatment, and also for lowering treatment costs. The tweets
related to this topic were about the early diagnosis of cancer and its importance. They were
posted by official accounts, news accounts, and medical accounts. For example, the Saudi
Cancer Society posted the following tweet about the importance of early detection of cancer
in increasing the cure rate.



Sustainability 2022, 14, 3313 21 of 41

Top-30 Most Relevant Terms for Topic 1 (9.7% of tokens)
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1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | t) + (1 - A) * p(w | t)/p(w); see Sievert & Shirley (2014)

Figure 4. The Top 30 Most Relevant Terms for Topic 1.

Table 4. The keywords and their English translation for Figure 4.
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Breast, Cancer, Early, Cancer, October, Month, Awareness, Examination, Campaign, Injury, Association, for awareness, to support, Addition,
Translation Tumors, Women, Symptoms, Protection, to detect, Percentage, Checkup, Treatment, Healing, with permission, Hospitals, Hurry up, Cancer,
Types, Awareness

4 ) 53 o 8 e 500y A o g e s Ssal) CiSI st a5 7

“The importance of early detection of cancer patients is increasing the rate of recovery,

God willing.”

Another tweet was posted by a news account, and indicates that 50 types of cancer
can be detected through a blood test.

wt sl e Y1 sels L8 Gl puill# (s Lo 5350 idS 48y 5 a2 s 17
“A revolutionary blood test that can detect 50 types of #Cancer before symptoms appear.”

The second service is Prevention and Control. Preventing and controlling the accelera-
tion of cancer growth is an important key for preventing cancer from getting worse. The
tweets related to this cluster involve important factors in cancer prevention, control, and
survival such as lifestyle, behaviors, early diagnosis, and detection. The tweets associated
with this topic were posted by doctors, patients, and others. For example, the following
tweet was posted by a medical account. It highlights the importance of a healthy lifestyle
in cancer control and prevention.



Sustainability 2022, 14, 3313

22 of 41

Y o adl dualy 4l o plaill S Cun gl il (1 ga po Dl ol pe ¥ 3l Lavic Slils 4 )6 5Ll faai Cina
5 4 Lsasf

“Lifestyle makes a huge difference when it comes to cancer prevention, and the exercise is
the most important part.”

The third service is Causes. The keyterms represent the service including; Because,
Exposed, Genetic, Mutation, and Radiation. Avoiding cancer causes is an essential strategy
for preventing cancer development. Cancer causes were heavily discussed on Twitter by
doctors, patients, families of patients, and others. The discussion from nonmedical experts
was based on their common knowledge as well as their experiences about the causes of
cancer. Genetic mutation could be one of the causes of cancer, which is inherited in some
families. Other possible causes of cancer that includes exposure to chemicals, radiation, and
sun rays were detected from the tweets. Sadness, the negative feelings, and the unhealthy
lifestyle, and others were also mentioned in the tweets (See Section 5.1 for more details).
For example, the following tweet, found in our dataset, was posted by a doctor.

4;:.:.14'_\ V:a/_/u:/ (&U‘}fi _paddl g cpiatlf cdiandl .'MJJ'JK‘SJ.?_L: ol 5o ol gadl §olh gl Ciliine Qrau”
" ulg_?.fy/ s (%JJ}U

“What are the causes of #Cancer? Answer: Multiple factors, most notably: obesity,
smoking and alcohol, genetics, side effects of medications, and inflammation.”

Furthermore, the following tweet highlights the risk of sun rays as one of the causes
of cancer.

" aSly 5 Lisiley able sl Gl s sy 5 jlacall wadil] dedsy i€l oo pecil]”

“Too much exposure to the harmful sun rays causes skin cancer, may God protect us
and you”

The fourth service is Screening (see Row 5, Table 3) represented by keywords such
as; Examination, Self-Examination, Mammogram, Doctor, Device, Minutes, Clinic, and
others. Screening tests focus on detecting disease before symptoms appear. Early detection
of cancer is very crucial for preventing the disease from reaching late stages, reducing
complications, facilitating treatment, making treatment more successful, and consequently,
reducing the mortality risks. Thus, screening tests are very significant; Prevention. Different
screening tests are used to detect cancer diseases such as mammogram, clinical breast
examination, and breast self-examination for breast cancer, and pap smears, and human
papillomavirus test for cervical cancer. The mammogram screening test is an X-ray image
of the breast. Most of the tweets, which are related to this cluster, stress the importance of
the examination. The following tweet was posted under the hashtag #breast_cancer on 26
October 2021, by the government.

b oy sl s gl ¢yl qraaiis e Lesill (50 (& i s pusl] s3] ol 5l ST (5ll] o e ”
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“#Breast_Cancer is the most common type of cancer in women, and we recommend
reqular examinations with a “mammogram” device, which helps reduce death from
the disease.”

Another tweet in our dataset is posted by a medical account. It indicates the possibility
of detecting cancer before it occurs.
Upeas S Gl pual) iS5 2l o] 4 alal] D] el gias 1 ot poms S (5l s s S (S ... "
" ) giaw SO

“

...... Breast cancer can be detected 3 years before it occurs, and a mammogram detects
cancer 3 years before it occurs.”

The fifth service is Symptoms. Observing symptoms is a vital factor for early treatment
and preventing the acceleration of the disease. This cluster relates to the symptoms associ-
ated with cancer. Cancer symptoms vary from case to case depending on the organ affected
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by cancer. Symptoms of cancer include fever, sweating, constipation, loss of appetite,
bleeding, changes in skin color, loss of body weight, and lumps or swelling under the skin.
The tweets related to this cluster were posted by doctors, patients, and other stakeholders.
For example, the following tweet, obtained from our dataset, was posted by a consultant
oncologist about ovarian cancer symptoms.
i sl o) i S kaalls e sl 55 o oI e iyl 53] 5] 5 il L s
1 sl 5l ARG Gy anaf 26 Ligrall (o Ll o5 ) iy s 6 Ligrall o

“Owarian cancer is a type of cancer ... Its symptoms: pain, swelling or a feeling of
pressure in the abdomen and pelvis area, bleeding from the vagina outside the time of
the period, secretions from the vagina that may be accompanied by blood, and swelling
or constipation.”

Moreover, we found another tweet related to cancer symptoms in an advanced stage.
The tweet was posted by an account of a department in a hospital.

2ol A L sheal Sie ) o] g i 8 s o) 5 iy s Gl sl iy Ladie dodite s/ pe 57
" pedill] 5SSl o8 fra allied] 4 M

“In advanced stages, when the cancer spreads, and becomes a malignant tumor, some
symptoms may appear such as: yellowing of the skin, pain in the bones, headache,
breathing problems.”

Another tweet explained one of the symptoms of cancer, which is sudden weight loss.
Y e Oslsdll oy 5 stie wdb ¢ jlhie <3S Lo dang e b gdie O ol Jg ji uBa Y U

“I noticed that I lost weight for no reason, and after colonoscopy, I had colon cancer . ..

”

4.3. Treatment

We now discuss the services related to the second macro-service, Treatment. It in-
cludes Chemo and Radiation Therapy and Surgical Therapy. The sixth service is Chemo
and Radiation Therapy (see Table 3). The keywords represent the service, for example;
Chemotherapy, Pain, Duration, Receive, and Use. Chemotherapy and Radiation are among
the important treatment types for cancer diseases. The chemotherapy is usually used to kill
cancer cells and is given via a vein or by mouth. Radiation is used directly with a tumor
through using high doses of radiation. These types of treatments help to destroy the tumor
and improve the patient’s clinical condition, prevent the spread of the tumor, and stop or
slow the growth of the tumor. The main difference between chemotherapy and radiation
is that chemotherapy takes medical drugs that target the whole body, while radiation
therapy targets cancer cells in specific areas of the body. The tweets under this cluster
reflect doctors” experiences, patients” experiences and concerns about treatment option,
duration, and associated pain. The tweets related to this topic were posted by official
medical accounts, patients, and other stakeholders. Some tweets provide information, for
example, the following tweet, found in our dataset, was posted by a doctor.

204l and 4 oy sl ) (i) Jleaiiva) " A yadt (52l Gl g CLEIS] a4 5 S dun Dl ol LSS
e daind dga pall e Liall (i gagll ClaSall 5 sLaiSH o el Y] 2 lell Mgllaiiv o) 4 sliall
" S S el Jraldi e g oos o 4lls JS Cilihaes

“There are many treatment options if breast cancer is detected: Surgery “mastectomy
+ examination or removal of lymph nodes”, radiotherapy, chemotherapy, hormonal, im-
munomodulatory, and targeted therapies. It depends on the data of each case individually
and on the details of the sample.”

Other tweets reflect the patients” and stakeholders” experiences about the treatment
(their concerns, treatment duration, and associated pain). For instance, the following tweet
was posted by one of the stakeholders.
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“My friend’s five-month-old daughter, they decided to remove her eye because of a tumor
on the retina and chemotherapy for the other eye.”

The following tweet was posted by a patient. It shows the patient concern about the
chemotherapy.

“I have 4 days left until the beginning of the second week of chemothempy, the first month
will be intense, . .. , I hope my body accepts the treatment ... ...

The seventh service is Surgical Therapy. It is characterized by keywords such as
Malignant, Resection, Removal, Operation, Surgery, Tumor, and others. Surgical operation
is one of the traditional cancer treatments. It is considered very effective in killing most
types of cancers before the disease spreads to lymph nodes or distant sites (metastasis).
Surgical treatment may be used alone or in combination with other treatment modalities,
such as radiation therapy and chemotherapy. This option is taken if the cancer does
not metastasize. During the surgery, doctors often remove lymph nodes near the tumor
to see if cancer has spread to them. The tweets associated with this topic were posted
by stakeholders” accounts, news accounts, patients, and other stakeholders. The tweets
belonging to this topic include tweets reporting cancer surgeries, peoples’ experiences with
surgeries, and tweets asking for a financial or a moral support. The reported surgeries
include those that have been completed and the ones that would be performed in the
future. For example, the following tweet, obtained from our dataset, was posted on 14
September 2021, by one of the Saudi news accounts on Twitter. The tweet mentions the
success of a tumor removal surgery that happened at a hospital in Taif city. The tweet was
also announced by an electronic newspapers [59].

"I .. B (s e anST A il s oy 5" Sl "

“Resection of a “cancerous tumor” weighing 7 kg from the abdomen of a woman . . . .

in Taif.”

Furthermore, we found another tweet posted by a cancer patient. It highlights the
need for moral support.

" aSseo e s Jealiv] Llee (g Cigar LS rlie
“Dear followers ... ... .Iwill perform a tumor removal surgeryat ... . ... .pray for me.”

4.4. Psychological Support

We now discuss the services related to the third macro-service, Psychological Support.
Cancer diseases affect the patients on a physical, spiritual, and emotional level. Therefore,
psychological support is very important for cancer patients. It helps the patients to handle
the difficulties and overcome challenges, which is an essential factor for the treatment suc-
cess and survival. This macro-service includes three services; Spiritual Support, Suffering
from Cancer, and Hope and Optimism. The eighth service is Spiritual Support (see Row 9,
Table 3). Spiritual Support is one of the methods for providing psychological support. A
common and important way for providing Spiritual Support is prayers (supplications)
for cure, recovery, and patience. Making prayers are very important element in Muslims’
beliefs and therefore, the patients, their families, friends, and beloved ones increase in their
prayers. The keywords for this topic such as God, Cancer, Patients, Heal, Bodies, Strength,
and Muslim represent the label. A lot of tweets, found in our dataset, were similar to the
following tweet.
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“Pray for my father who has cancer.”

”

“Oh God, heal cancer patients and make the chemotherapy doses easy on them . ..
" s uall s po 488yl s JS il ag Ll
“Oh God, heal cancer patients, they are in pain.”

The ninth service is Suffering from Cancer. This service represents the pain and
difficulties faced by cancer patients. Providing psychological support (e.g., listening to
the patient, holding hands, making prayers) is one of the strategies for helping patients
fighting cancer. This service included keyterms that represent expressions of physical and
psychological pain associated with cancer. For example, people have called cancer a “silent
killer” since it could kill the body and reach an advanced stage without obvious symptoms.
The tweets related to this service were posted by patients, their families, and their beloved
ones, such as the following tweet, which describes the suffering caused by cancer disease.

/f,du/?zc,,gyu@fggsiuaduﬂ/wf olileo e b ¥/ 0a) Ciia 5

“One of the doctors described the suffering of cancer patients. He said, cancer is like a
hungry wolf that eats the meat and bone of a cancer patient.”

Another tweet was posted by a patient. It highlights the physical pain associated
with treatment.
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“

. chemotherapy is more difficult than the disease itself, whatever I talk I will not be

able to express how much pain that chemotherapy causes . .. ... something inside you
burns you and your soul to the point where even your clothes can’t stand the heat. There
are no painkillers or medicines . .. .”

The tenth service is Hope and Optimism. Hope and optimism are among the most
important factors that make a person live a happy and a healthy life. Many people are
exposed to major psychological pressures and crises that may affect their lives, such as
having the chronic cancer disease. A healthy psychological state is essential for the success
of any treatment and recovery, therefore, providing psychological support is an important
part of treatment. Hope, optimism, and patience are among the components of a healthy
psychological condition. Helping cancer patients to be patient, willing, optimistic, and
hopeful can be achieved through conversations, sharing experiences, and positive thoughts.
Twitter is one of the social platforms where people can share their stories and experiences,
influence and inspire other people. Some tweets were posted by patients who are fighting
the disease, spreading hope, inspiring other people, and being a source of optimism. The
tweets related to this topic were posted by patients, their families, and other stakeholders.
For example, the following tweet found in our dataset is related to this cluster.

" A shies shadl s i il S 50

“ ... just listening to his story during the stages of his fight against the disease makes

you reconsider many things in your life to see life from another perspective ... ..”

Some tweets were posted by people who survived cancer and shared their successful
experiences. The following excerpt of a tweet is an example of this cluster.

"o LGS e s e d Gl e i L

4

“ ... I defeated cancer four times and I'm forced to be strong ...~
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4.5. Socioeconomic Sustainability

Now we discuss the fourth macro-service Socioeconomic Sustainability. It involves
the tweets and clusters that are related to developing better strategies to fight cancer in
the country. It includes four services; the first service (the eleventh overall) is Government
Support. The Saudi government is making a lot of efforts to confront cancer disease.
These are represented in the provided medical services e.g., (healthcare centers, modern
medical devices, free diagnosis and treatment, awareness, psychological support, call
centers, and smart applications for healthcare systems). For example, the Ministry of
Health has provided various services e.g., “Mawid” website and smart application for
facilitating booking medical appointments, and a call center service that is available 24/7
on (telephone number 937) for normal and emergency health services to the patients across
the Kingdom. “Shefaa Platform” is another example of the health services supported
by the government. It facilitates the provision of medical services, medical devices, and
medicines to the needy and the emergency cases for those who cannot obtain treatment in
health facilities. It contributes to the governance of charitable treatment in the Kingdom by
verifying the Absher platform and the Council of Health Insurance. People used Twitter to
facilitate communication with the community. For example, some individuals use Twitter
to accelerate receiving personal support (financial, treatment, or other). They usually attach
links (e.g., for payment) from reliable platforms such as Shefaa. For example, the following
tweet, was found in our dataset.

Bl s ) 5 s o divss Las, (52 (8 ilb jos oy 5 255 S imaall lgills ) 5805 o ile] Bun”
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“

. a woman suffers from a deteriorating health condition due to the presence of a
cancerous tumor in the breast ... which calls for urgent intervention with the necessary
chemotherapy before it reaches a critical stage in which the tumor is difficult to control.”

The government, individuals, healthcare institutions, and other stakeholders also used
Twitter to announce new services, and share information and experiences on available
services. This cluster represents the tweets related to government support and the health-
care services in Saudi Arabia. For example, the following tweet was posted by a doctor. It
highlights some of the services provided by the Ministry of Health.

ol g Y llsay Lol lualle oo guid U usl) g 15l J3ST Gy 531 i iy (o (9230 L s
Gwhi 51937 Ad il sk e asdl ca) e seladl (30 pb e pSsall CadSl agall o o U 5 pSsall Jn) palls
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“Breast cancer ranks first among the most common types of cancer, globally, regionally,
and locally. There are no symptoms in its early stages, so it is important to detect it early
through a mammogram. For reservations, call 937 or the “Mawd” application. Source of
information: Ministry of Health.” #Breast_Cancer

The twelfth service is Socioeconomic and Operational Challenges (see Row 13, Table 3).
It is characterized by the keyterms such as Patient, Treatment, Needs, To Receive, Ask,
Surgery, Thousand, Bill, Case, Suffering, Number, and Please. This cluster represents
the socioeconomic and operational challenges faced by patients and their families. For
example, one of the challenges is the need for patients and their families to travel farther to
specialized hospitals for diagnosis and treatment purposes. This involves difficulties from
various perspectives. For example, from the financial perspective, it involves additional
expenses for transportation and housing. Another challenge is blood shortage. Some
patients need a frequent blood transfusion and sometimes it is difficult to find donors,
especially in urgent cases. The following excerpt of a tweet is an example of this cluster.

¢ +0 Abadldale S pall e i cpaline delhiuf sdie M " pl] Glb " LS o o ilico 1)
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“My sister has leukemia. Those who can, she needs blood donors urgently, blood group:
O+, location: King Khalid University Hospital, File No.: ... , Name: ... ”
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The thirteenth service is Charity Organizations. There are various charity organiza-
tions in the country, for example, Zahra Association, Sanad Children’s Cancer Support
Association, the Saudi Cancer Society, and The Civil Society Association for Cancer Care
(Basma). These charity organizations are non-profit associations whose goal is to support
cancer patients. They aim to provide social, financial, and psychological care and support
for combating cancer. Their programs include, among others, encouraging new patients to
contact other patients through conducting meetings and exchanging stories and experiences.
For example, the Saudi Cancer Society holds workshops for patients and their families
under the supervision of psychiatrists. These organizations may also participate in cancer
awareness campaigns. For example, the following tweets shows that some organizations
have participated and people are thanking and appreciating their efforts.

MYV VY Gl ea Yo Cradl ) g0l Gl s Ales 6 3 s 0 4D Lo e L dueand S g g0 SSEN ST

“All thanks go to [organization] for its efforts in the breast cancer campaign that was
held yesterday on 17-10-2021 ... .”

The fourteenth service is Financial Support (Row 15, Table 3). It is represented by
the keyterms such as; Treatment, Bill, Pinching, Tried, We Can’t, and Appeal. This cluster
represents the financial issues faced by cancer patients and their needs for financial support.
The Saudi government provides free treatment services and cancer patients usually take
this option. There is a waiting time (usually long queues) for this free treatment service.
However, there are some cases where a cancer patient needs a quick treatment procedure
(e.g., urgent operation) and cannot wait for the free service. Therefore, they go for private
treatment, which is usually very costly. Some patients who are unable to afford the
treatment costs use Twitter to raise their needs and request financial support.

Aoy V5 scale JSb Ll J3oil N zling g sola oY ) s, Sl g gl (o y 5 0 Al "
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“A father ... suffers from a prostate tumor . .. which caused him severe pain and needs
urgent surgical intervention, and he does not have the financial ability to bear the costs of
the surgery.”

Furthermore, cancer disease can severely affect patients’ financial state for some
reasons such as inability to work or loss of job due to health status. These situations create
a need for financial support for some cancer patients.
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“

cev vev oo oI appeal to you, ... a cancer patient, I want to pay the bill. My
husband is deceased. . .. . This is a treatment expense for cancer. My salary is 3500 SR.
Apartment rent is accumulating.”

" sl sl U 55855 32800 el ... O ey ol of 65 506l 23 5 lint LowaS 53 ML Lt L)

“Contribute by retweeting as your contribution to paying the bill. Mother has cancer . . .
..., Remaining is 32,800 SR, please good people.”

4.6. Information Availability

We now discuss the services associated with the fifth macro-service, Information
Availability, which means that information is conveniently available to all stakeholders
including patients, the families of the patients, healthcare organizations, and government.
Information availability is a key strategy in combating cancer for all stakeholders. It
includes three services. Breast Cancer Awareness (fifteenth service created from merging
Topic 9 and 20) includes the keyterms; Campaign, Association, Center, Awareness, Lecture,
and Examination. According to Breast Cancer Organization, breast cancer is the most
common cancer across the globe [60]. It is the number one type of cancer among the women
globally, as well as in Saudi Arabia [61]. Therefore, breast cancer has gained more attention
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than other kinds of cancer types and it is also evident from our detected clusters. The
aim of breast cancer awareness programs is to raise public awareness of breast cancer, the
importance of early detection, the causes, and the prevention. One of the strategies for
disseminating awareness about breast cancer was launching the annual campaign, “Breast
Cancer Awareness Month”. In October 2021, many initiatives for supporting breast cancer
awareness were discussed on Twitter under several hashtags such as, “&238_»s81#” (pink
October), “@3 gyl allall el (breast cancer awareness month), and “O¥!_asil”
(check-up now). The campaign was supported by medical institutions (e.g., hospitals,
and healthcare centers), charity organizations (e.g., Ehsan), and other stakeholders. The
following is an excerpt from a tweet that was posted on Oct 3, 2021, by the Public Health in
Taif city.

" s3ST g ALl paica il 5 65l Gl o tlen ST gil] AT

“Today, ..., the breast cancer campaign was started, which will continue throughout the
month of October.”

Another similar tweet highlights the activation of breast cancer awareness campaign
in Sabya governorate in Jazan region.

" 52l Gl paws e gil] o 3T g s (fondi,,, dmen pe sleills,,, aua S se"

“[Health Center] in cooperation with [association] activating the October campaign to
raise awareness of breast cancer.”

The sixteenth service is Awareness Campaigns. It is characterized by keywords in-
cluding; Account, Question, Retweet, Reply, Hashtag, Tweet, and Campaign. These key
terms belong to Topic 10; see Figure 5. Table 5 gives the English translation of the Arabic
keywords in the figure. Awareness campaigns are very important as they raise awareness
of cancer types, causes, prevention, and treatment. Moreover, these campaigns can en-
courage early detection, support people with cancer, encourage cancer control programs,
and enable communications and sharing of experiences between patients. Awareness
campaigns could be conducted by any healthcare stakeholders though usually these cam-
paigns are carried out by healthcare providers. The campaigns involve various activities
for disseminating information such as lectures, posters, brochures, leaflets, and competi-
tions. Awareness campaigns may also involve raising Twitter hashtags and sharing on
Twitter posts containing educational content. For example, we detected various hashtags
that were raised supporting cancer awareness campaigns including “ b .\ GKL.J‘ ; Pl

(world cancer day), “& g Al Hlb H#” (Prostate cancer), ”r.\J\ O u#” (Blood Cancer),

“AY_ 43,5 48,8 (Al-Shargiya Pink 13), and others. The tweets related to cancer aware-
ness campaigns were posted by doctors, hospitals, healthcare centers, and organizations.
For example, the following tweet was posted by a hospital in Makkah.

T by SS A ¢ g2l Gl sl allell gl oy o sl
" g jall s las Vs LT Lails 5 S35

“Today starts the #International_Breast_Cancer_Month ... to every hero who fights,
always remember that you are with faith and determination.”

Furthermore, a tweet was posted under (Al-Sharqgiya Pink 13) hashtag, which was
launched for supporting an event under the breast cancer awareness campaign. The event
was organized by the Saudi Cancer Society in the Al-Sharqiya region. It involved various
activities including the event of “Sharqiya Pink Marathon”. It aimed to support the global
trend in raising awareness of the disease and the importance of early detection as one of
the factors influencing the stages of treatment, which makes the difference in combating
and curing this disease.
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Top-30 Most Relevant Terms for Topic 10 (4.8% of tokens)
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1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | t) = (1 - A) * p(w | t¥p(w); see Sievert & Shirley (2014)

Figure 5. The Top 30 Most Relevant Terms for Topic 10.

Table 5. The keywords and their English translation for Figure 5.

Keywords

;QA.;':' Ja “alag calaall ‘JLu':: ‘@A\ cla cad Aa.\gﬂ\ cgs.fxn 70\-2‘)“ (Glidgs ‘J‘)n «Cu gy “éJJ}l\ 7‘).3)35\ cd\;uﬂ\ ol

.\‘)\ ctu.'\.“ Mr_}ki.q (o guu Lb‘)A\ Cp tps duc cg_'ha;: MS‘); danac g ‘O\L‘)Mll‘ cdcb

Translation

Account, The Question, Pink October, Retweet, Reply, Hashtag, Breast Cancer, Tweet, Intent, Solid, Healthy,
Logo, The Campaign, Need, Case, Gathering, Hail city, Cancer, Nervous, Movement, Describe, A Sample,

Uncle, Tumor, Woman, Bad, Cut Off, Marrow, Want

The seventeenth service is Questionnaires and Competitions (Row 19, Table 3). It is
represented by keywords such as; Follow, Participation, Share, Event, Member, Answer,
Thousands, and more. Information availability is not only about creating awareness for
care receivers; it is about gaining knowledge from the care revivers and public for scientific
research purposes and improving healthcare. One of the strategies to enhance societal
awareness and educate people about cancer about its risks and the ways to prevent it
is the development of certain questionnaires and competition exercises among the pub-
lic. Questionnaires and competitions can also be used to obtain information for scientific
research purposes. They can be organized and supported by various organizations, associa-
tions, and electronic platforms. For example, one of the charitable organizations for cancer
patients, held various online competitions on Twitter and provided financial incentives
for stimulating awareness among the members of the community. An example tweet is

given below.
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" ol Gl sy laa ¥ clses] Lo S ) pusll] dasy diilsat”
“#Basma competition/Question three: What are the causes of breast cancer? ... ... ..

5. Extended Services

This section discusses the 42 extended services that we discovered by using knowledge
gained from and extending the initial discovery process. These services are discovered
by topical searching over the dataset, the topics are some of the services discovered in the
initial discovery process. We used four topical searches (Causes, Symptoms, Prevention,
and Stakeholders) and detect 42 additional services; these are discussed in Section 5.1 to
Section 5.4, respectively. We call them extended services since these are discovered by using
the knowledge gained from the initial service discovery process.

5.1. Cancer Causes

We intended to investigate the usability of our approach further and hence we applied
clustering on our dataset with a focus on cancer causes. This approach allowed us to detect
a list of cancer causes from the collected tweets. We used certain keyterms to find more
about the causes. These terms are some important Arabic terms that refer to the causes of
cancer for example “ s, “unn Y, “uns”  We categorized the causes into several
groups based on the content of the tweets. The causes of cancer that we have detected
include Carcinogenic Foods, Wrong Eating Habits, Genetic Causes, Obesity, Smoking, and
others. The full taxonomy for the causes of cancer that we extracted from Twitter data is

presented in Figure 6.

Genetic Causes and Obesity Carcinogenic Foods

Smoking, Alcohol and Drugs ( \ Wrong Eating Habits
’!‘ Cancer Causes |

adness and Negative Feelings “nvironmental Pollution
Sad 1 Negative Feeling E tal Pollut

Figure 6. Cancer Causes Taxonomy Extracted from Twitter Data.

Carcinogenic Foods are foods that contain chemicals such as preservatives, taste
enhancers, artificial flavors, and juices to which preservatives are added. Eating a lot of
carcinogenic foods may cause cancer. It is advised to commit to a healthy diet that contains
nutrients and avoid harmful foods. The following are sample tweets that elaborate on this.
They were posted by patients, doctors, and other stakeholders. “ ... .they found out that
my nephew has leukemia, the reason is Indomie and soft drinks ... ”. “Be careful, juices and soft
drinks cause colon cancer for young people and various chronic diseases. Get to know them and
avoid them immediately.”

There are some Wrong Eating Habits that increase the risk of cancer. These include
some cooking methods, for example, deep-frying, cooking food more than necessary at high
temperatures, which generate chemicals like heterocyclic amines, and the use of plastic for
food preservation. The following tweets were posted by patients and other stakeholders.

o g il ] DAY Laiii o) g0 A 55 alelall s Lule SJiSdaGdg,},j)U/QAJJSfC'};AAJ/',&LJ/JU' yn

"8 pdlbie gl ey AUl ply s gl e 33n 5 8 g il S 1) Lo SIS

“Do not boil cooked food more than necessary: frequent boiling of this food generates
substances that activate cancer cells and increase their proliferation, so it is sufficient to
boil it once after cooking it, and eat it immediately after cooking.”

Negative Feelings and emotions, such as anger, sadness, and hate, negatively affect
and weaken the immune system. Therefore, it is necessary to control emotions to decrease
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the risk of getting cancer. The following tweets represent the cluster. They were posted by
patients and other stakeholders.

g g A dll eans Y Jsais Loy s lega) 554l 13 s (o Spns e 8 pudST Lpleal] S e L
e iae O ja = Gl | Ao g a = a1 5Y).,

“Your negative feelings accumulate in a certain part of your body, if you do not confront
them and release them it may turn into a chronic disease. . .. . Tumors= buried wounds.
Cancer = deep sadness ... ."”

Smoking, Alcohol, and Drugs are among the most important causes of cancer that
negatively affect the health of the body. The following are sample tweets, which elaborate
on that.

Luila UA/J‘:/“Z/_JJJ/ ¢ sl g opRail) diad/ MJJ.:/ (5.).!::.'1:« Jolse raf gadl S Lh i ‘_ILLLAM‘;@LG "
" il iy s edy g 22U

“What are the causes of #cancer? Answer: Multiple factors, mostly: obesity, smoking
and alcohol, genetics, side effects of medications, and inflammation.”

Genetics is an important factor in diseases in general and cancer in particular. Some cancer
diseases have a genetic predisposition, and some are generated from genetic mutations.
Obesity is another risk factor for cancer. It changes hormones secretion, affects the immune
system, and causes chronic cellular inflammation and these can lead to cancer. The follow-
ing tweet is posted by a doctor’s account, which elaborates on that, “What are the causes of
#eancer? Answer: Multiple factors, mostly: obesity, smoking and alcohol, genetics, side effects of
medications, and inflammation.”

Environmental Pollution is one of the most important causes of cancer. It includes air
pollution with toxic gases or factory smoke, and water pollution with bacteria and rust.
In addition, exposure to harmful rays increases the chances of developing cancer. The
following tweets represent the cluster. These tweets were posted by patients, the public,
and other stakeholders.

7 A plall Lil32l) o sall g piliaal] g .......... o ilad gaall il ] . Gl gl i g,
“... cancer disease . . . most cities suffer from it . . . caused by factories and colored foodstuffs.”

5.2. Cancer Symptoms

As part of our investigation of usability of our approach, we applied clustering to our
dataset with an emphasis on cancer symptoms. From the collected tweets, we were able
to derive a list of cancer symptoms. We used some search queries with certain keyterms.
These keyterms refer to the cancer symptoms such as “ 2! 1”7, “ 5| N7, “Lds”. We

obtained important cancer symptoms, for example; Fever, Fatigue, Bleeding, Discharge,
Weight Loss, Headaches, and others. The full taxonomy for the symptoms of cancer that we
extracted from Twitter data is presented in Figure 7. The tweets were posted by stakeholders
of healthcare. For example, below is a tweet that shows the symptoms associated with
ovarian cancer.

asll dibie S beially gesd ol o ys5 gl all sl sel Clilhs pus &1 5l 2a 5 assall Gl s
" e of AL ¢ s canacad A Lgall o ) ) 5y gl iy gt A Sigeall po iy i 0 sa 5

“Ouarian cancer is one of cancer diseases . .. ... . its symptoms: pain, swelling or a
feeling of pressure in the abdomen and pelvis area, bleeding from the vagina outside the
time of the period, secretions from the vagina that may be accompanied by blood, and
swelling or constipation.”
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The following tweet highlights breast cancer symptoms such as Swelling or Lumps
and the change in Size of the Breast: “Another clear symptom of breast cancer is the
emergence of swellings under one or both armpits, as a result of swelling of the lymph
tissues there. A noticeable change in the size of the breast is unjustified, as it swells greatly.
A noticeable shrinkage or retraction of the nipple inward, which is one of the important
symptoms of breast cancer.” Weight Loss symptom is shown in the following tweet. “ ... I
noticed that I lost weight for no reason, and after I took an endoscopy, they found that I
have a colon tumor ... ”. The following tweets shows some symptoms such as; Yellowing
of the Skin, Pain in the Bones, Headaches, and Breathing Problems. “In advanced stages,
when the cancer spreads, and becomes a malignant tumor, some symptoms may appear
such as: yellowing of the skin, pain in the bones, headache, and breathing problems.”

I'ever

Breathing Problems

Yellowing of Skin

Fatigue

Bloating or Constipation

Change i Breast Size

Bleeding

Discharge

Cancer Symptoms

lumors under Armpits

Weight Loss

Headache

Swelling or Lumps in Body

Pain in Bones

Figure 7. Cancer Symptoms Taxonomy Extracted from Twitter Data.

5.3. Cancer Prevention

We applied clustering on our dataset with a focus on cancer prevention. By analyzing
the collected tweets, we were able to identify a list of cancer prevention methods. We used
certain terms for instance “ {34}, “ 4547, “ 4,507, “la,”. We identified important ways

to prevent cancer, which include; Sports, Healthy Diet, Healthy Lifestyle, No Smoking,
etc. The full taxonomy that we extracted from Twitter data is presented in Figure 8. The
following tweets were posted by the different accounts as patients, hospitals, doctors, and
other stakeholders. For example, the following tweets, found in our dataset, are related
to; Sports, Healthy Lifestyle, No Smoking, Alcohol Control, Vaccination, Avoiding Stress,
Drinking Water, and Sleeping Early. “Healthy nutrition, sports, drinking water, sleeping early,
staying away from stress ... etc. are all important factors for the prevention of all diseases and
cancers in particular. Let your health always be your priority for a safe future from diseases,
God willing.” #Pink_October, #Breast_Cancer_Awareness. “Can you prevent cancer? Researches
showed that up to 50% of cancer cases can be prevented through healthy lifestyle. You make choices
every day that affect your health. Prevention and early detection are more important than ever: don’t
use tobacco, eat a healthy diet, be active and maintain a healthy weight, refrain from drinking alcohol,
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avoid risky behaviors, vaccination (human papillomavirus and hepatitis), know your family medical
history and get regular checkups.” Furthermore, the following tweet highlights Smoking and
cancer. “One of the simplest ways to prevent cancer is to stop smoking.”

Sports

Healthy Lifestyle

Early Detection /

Cancer Prevention

Healthy Diet

No Smoking
Regular Checkups
Alcohol Control
Avoiding Stress

Vaccination

Figure 8. Cancer Prevention Taxonomy Extracted from Twitter Data.

5.4. Healthcare Stakeholders

We extracted a cluster for stakeholders in healthcare. We used some search queries
with specific keyterms, such as “a y”, “du 1, “ Slile” “ Jaal”, 7asalls ) 557, ) 587,
/lu-aJMI/, lluﬂlll “ g' b ", ”&_.Q.AA}S.A.AA"’ ”gﬁ*")s)“”, ”BJ\T}Q"’ /1)1\3';‘//, ”d:‘né:’", /12:‘]3:\‘4//’
“zde”, “opdi”, “dmas”. A stakeholder is an individual or a group with an interest in the
subject. In the healthcare sector, individuals or organizations with an interest in healthcare
decisions are referred to as stakeholders. The stakeholders that we have detected include;
Patients, Family, Friends, and others. The full taxonomy that we extracted from Twitter
data is presented in Figure 9.

The following tweet represents the stakeholder, Patients: “I am a cancer patient ... ”.
The following tweet shows the Family and Friends stakeholders: “I lived my experience with
cancer with full strength, ... Everyone around me shared my pain. I found constant support from
my husband, my family, and my friends ... ” Below are some tweets related to the Ministry
of Health stakeholder: “The Ministry of Health invites people with chronic diseases and weak
immunity and those who receive immunosuppressive drugs such as ... cancer patients ... to
quickly go to the vaccination centers to receive the vaccine in order to avoid any complications
that may threaten their lives if they get the virus.” The following tweet represents the Doctors
stakeholder. “ ... Doctor ... Can you advise me about the Zometa injection? I am a breast cancer
patient ... ” Hospitals as a stakeholder are shown in the following tweets: “[Hospital ... |
succeeds in applying advanced technology to treat eye cancer in children”.

We had collected one or more tweets for each stakeholder type and added them to the
paper, however removed from the final version for brevity. We will be happy to provide
the reader with samples of additional tweets if required.
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Dispensaries Patients

Health Centers Families

Medical Clinics Friends

Medical Laboratories Ministry of Health

Stakeholders

Pharmaceutical Companies

%‘\“’% Doctors

Health Insurance Companies Nurses

Charity Organizations Hospitals

Figure 9. Taxonomy for Stakeholders in the Healthcare Sector Extracted from Twitter Data.

6. Discussion

In this paper, we proposed a data-driven artificial intelligence (AI) based approach
called Musawah to automatically detect and identify healthcare services that can be de-
veloped or co-created by various stakeholders using social media analysis. We detected
17 services using unsupervised machine learning from Twitter data using the Latent Dirich-
let Allocation algorithm (LDA) and group them into five macro-services.

The first macro-service, Prevention, involves actions that reduce the chance of getting
cancer (e.g., maintaining a healthy lifestyle, taking vaccines, and avoiding cancer-causing
substances) and it also involves strategies and procedures that prevent cancer from pro-
gressing to advanced stages (e.g., early detection, and regular screening tests). The services
in this category include; Early Diagnosis, Prevention and Control, Causes, Screening, and
Symptoms. The second macro-service, Treatment, describes the cancer treatment services
and increases the level of understanding about options for cancer treatment, which can be
used to treat cancer in different ways depending on the patient’s condition and stage of
the disease. The service in this macro-service includes Chemo and Radiation Therapy and
Surgical Therapy.

The third macro-service is Psychological Support. It includes services, namely, Spir-
itual Support, Suffering, Hope and Optimism. Cancer diseases affect the patients on a
physical, spiritual, and emotional level. Therefore, psychological support is very important
for cancer patients. It helps the patients to handle the difficulties and overcome challenges,
which is an essential factor for a successful treatment and patient’s survival, even the
survival of the patient’s families. The fourth macro-service (Socioeconomic Sustainability)
involves the tweets and clusters that are related to developing better strategies to fight
cancer in the country. The services in this category include Government Support, Socioeco-
nomic and Operational Challenges, Charity Organizations, Financial Support. The fifth
macro-service, Information Availability, which means that information is conveniently
available to all stakeholders including patients, the families of the patients, healthcare orga-
nizations, and government. Information availability is a key strategy in combating cancer
for all stakeholders. It includes the; Breast Cancer Awareness, Awareness Campaigns, and
Questionnaires and Competitions services.

We also introduced in this paper our methodology to develop extended services,
called so as these are discovered by using the knowledge gained from the initial service
discovery process. We discovered 42 extended services by topical searching over the dataset,
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where the topics are selected from some of the services discovered in the initial discovery
process. We used four topical searches in this paper—Causes, Symptoms, Prevention, and
Stakeholders—however, any number of services can be used to create services in a specific
subdomain. The 42 services are shown in the extended taxonomy of cancer provided in
Figure 10.

Carcinogenic Foods

5 Wrong Eatng Habits
Cancer Prevention
Environmental Pollution

Cancer Causes
Sadness and Negative Feeling
Smoking, Alcohol and Drugs

Genetic Cause and Obesity
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/
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Figure 10. Extended Cancer Taxonomy: A Taxonomy of Extended Cancer Services.

We mentioned in Section 1 that the aim of this paper is to investigate the role of big data
analytics over social media to automatically detect needs and value propositions that could
be nurtured and turned into service co-creation processes through engaged participation
over social and digital media, eventually co-creating services. The co-created services could
be based on values that are not necessarily materialistic but are driven by equity, altruism,
community strengthening, innovation, and social cohesion. We provide below evidence
that big data analytics over social media can be used to detect value propositions and co-
create values through engaged participation. Specifically, we provide a few examples below
to elaborate the concept of automatic discovery, development, deployment of co-created
services that we introduced in this paper. We take the example of the discovered service
‘Hope and Optimism’ that was discussed in Section 4. Hope and optimism are among the
most important factors that make a person live a happy and healthy life. Many people are
exposed to major psychological pressures and crises that may affect their lives, such as
having chronic cancer disease. A healthy psychological state is essential for the success of
any treatment and recovery, therefore, providing psychological support is an important
part of treatment. Hope, optimism, and patience are among the components of a healthy
psychological condition. Helping cancer patients to be patient, willing, optimistic, and
hopeful can be through conversations, sharing experiences, and positive thoughts. People
share their stories and experiences of pain and suffering, joy and happiness, struggles and
overcoming diseases, stories of inspiration, optimism, and more. As we have mentioned
earlier, service co-creation is enabled through engaged participation of need and value
propositions. In co-creation terminology, both parties, a customer and company create
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value for each other and this value could be money, product, service, or anything of value
for the parties involved. Therefore, the value could be anything materialistic or otherwise,
such as a desire for equity, the altruistic nature of a person or party, and the desire to
strengthen communities, bring innovation, or social cohesion. Now imagine an open
service and value healthcare system based on freely available information made available
by the public, the government, third and fourth sectors, or others. Imagine someone in
need of Hope and Optimism shares the need on social media and this is matched by a
value proposition, someone with a specific experience, knowledge, skillset, etc. These two
people or parties come together to exchange value for value such as the need for hope and
optimism exchanged for a monetary value or desire for equity and social cohesion, and in
the process, they co-create services that can be used as it is in many other cases or adapted
for different situations.

Another example is Suffering, which can be looked at as a service where the person
who suffers has a need and another person or party can provide value to the one suffering
directly (patient) or indirectly (patient’s family) from cancer. Suffering due to cancer can be
physical, psychological, or financial, and these sufferings are well known. For example,
peoples’ finances can be negatively affected due to cancer treatment for themselves or their
family members and cause a person to suffer. Suffering can also be due to operational
reasons, such as the hardships related to the need for patients and their families to travel
farther to specialized hospitals for diagnosis and treatment purposes. This involves diffi-
culties from various perspectives. For example, from the financial perspective, it involves
additional expenses for transportation and housing. Another suffering could be due to
blood shortage. Some patients need a frequent blood transfusion and sometimes it is
difficult to find donors, especially in urgent cases. Using the previous example of Hope
and Optimism service, in the case of Suffering, two people or parties may come together
to exchange value for value, such as the need for relief from Suffering due to financial or
operational reasons, or needing blood, exchanged for a monetary value or desire for equity
and social cohesion, and in the process co-create a service.

Similarly, Information Availability could promote the value co-creation process for
healthcare services by allowing healthcare providers to interact with patients, and patients
with similar health situations for sharing information about conditions, symptoms, and
treatments. This promotes collective learning and emotional support, helps individuals
make decisions, spreads health knowledge, increases health literacy, reduces the patient’s
anxiety level, and provides personalized self-management. Socioeconomic Sustainability
could relate to supporting healthcare services and value co-creation by using the available
healthcare resources to reduce doctor and hospital visits and thereby reduce costs and
wasted resources. Service co-creation could also relate to identifying the needs of a patient
and meeting those needs to gain patient satisfaction by using feedback from the patient’s or
other patients” experiences acquired from Twitter data. The Treatment service could relate
to increasing the level of understanding about options for cancer treatment available to a
specific individual or group of people and these treatments may not be the mainstream
methods rather based on well-known herbal medicine or lifestyle changes depending on
the patient’s condition and stage of the disease.

The Musawah approach and system proposed in this paper make important and
significant theoretical and practical contributions to the literature. While there were a few
works (e.g., [29]) on cancer-related social media studies in the English language, these
were focused on one or another type of cancer such as breast or skin or lung cancer (see
Section 2.2). There was only work on social media-related cancer studies and it was focused
on studying chemotherapy misconceptions among Twitter users [41]. These works clearly
are different from our work, as we have looked at the whole cancer space in this paper,
not just a type of cancer or chemotherapy misconceptions. There are also some works,
such as [54], that have investigated the use of social media by people and public health
organizations to communicate in new ways for various mutually beneficial activities. While
these and other works have investigated the use of social media for value co-creation
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by various actors communicating with each other and sharing information, none of the
works in the literature have proposed to discover healthcare services automatically from
social media. This work, therefore, contributes a novel approach of using social media
and Al to discover, develop, and exchange healthcare or cancer services. We demonstrated
the potential of our approach by discovering over fifty services in several dimensions of
cancer disease including cancer causes, symptoms, prevention, treatment, socioeconomic
sustainability, and stakeholders. The approach can be systemized by creating open service
and value healthcare systems based on freely available information made available by
the public, the government, third and fourth sectors, or others, allowing new forms of
preventions, cures, treatments, and support structures to be discovered and exchanged
between various parties.

The work provides evidence to support the general literature on data-driven smart
cities research [1,2,62,63] and reinforces that policy and action on smart cities, healthcare,
and other sectors should be supported with data and that social and digital media provides
a convenient and important source of such data [64,65]. The topics detected by our system
clearly show the possibility and benefits of our tool, allowing from social media public and
stakeholder conversations the discovery and grasp of important dimensions of the cancer
disease in Saudi Arabia (partly applicable internationally), such as public concerns, patient
requirements, solutions for problems related directly and broadly to cancer such as cancer
treatment, financial difficulties, psychological ordeals and traumas, operational challenges
for the families of cancer patients and other information. The parameters and information
learned through the tool can benefit the public in many ways, such as through being a
source of information and allowing government and various institutions to improve their
services, organizational approaches, foci, etc. The work is distinct from others in terms
of the dataset, methodology and design, our innovative approach of using Al to discover
services, and our findings.

As regards the potential impact of our work, we believe the impact could be founda-
tional, colossal, and far-reaching. On a personal note, the authors casually discussed the
findings of this research and mentioned it to their families, friends, and networks, and this
unconscious activity generated a lot of impacts. Some people got motivated to change their
lifestyle to become healthier, others decided to be careful in using cosmetics to minimize the
cancer risk. An important impact was related to a close friend who found that he had some
symptoms, which were mentioned in the paper and he decided to do some tests. To his sur-
prise, the reason for the symptom he had was an infection that is a major cause of a certain
kind of cancer. These impact examples are the result of casually mentioning the finding of
our paper to a small network of authors. How about coordinated dissemination of these
findings to larger networks and how about creating incubators for service co-creation using
our proposed ideas and tool? Such efforts on a large scale, incorporated into data-driven
digitally connected systems, where information is pushed to consumers based on certain
environmental parameters (e.g., a person searching for some symptoms or their smart
devices reporting a specific pattern) can lead to lifestyle motivations, early interventions,
diagnosis, and ultimately reduction in diseases and healthy and sustainable societies.

7. Conclusions and Future Work

Poor healthcare systems affect individuals, societies, the planet, and economies. Smar-
tization of cities and societies has the potential to unite individuals and nations towards
sustainability and thereby also improve healthcare and other systems as it requires an
engagement with our environments, an analysis of them, and for us to make sustainable
decisions regulated by TBL. Healthcare systems are a major contributor to the deterioration
of our planet’s environment due to high energy usage, disposable supplies, etc. This envi-
ronmental damage causes health problems that need to be medically treated while these
treatments in turn further damage the environment, and thus a chain reaction occurs. There
is a growing demand for the prevention of diseases and for reducing the need for disease
monitoring, screening, and treatment to a minimum. This in turn requires an open space
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for innovations and dynamic interactions between healthcare stakeholders to understand
and provide solutions, services, information and resource supply chains, and community
support structures for timely interventions and disease prevention and progression.

To address these challenges, this paper proposed a data-driven artificial intelligence
(AI) based approach called Musawah to automatically detect and identify healthcare ser-
vices that can be developed or co-created by various stakeholders using social media
analysis. The case study focused on cancer disease in Saudi Arabia using Twitter data
analytics in the Arabic language. Specifically, we discovered 17 services using unsupervised
machine learning from Twitter data using the Latent Dirichlet Allocation algorithm (LDA)
and grouped them into five macro-services; Prevention, Treatment, Psychological Support,
Socioeconomic Sustainability, and Information Availability. We also illustrated the possi-
bility to find additional services by topical searching over the dataset using four topical
searches (Causes, Symptoms, Prevention, and Stakeholders) and detected 42 additional
services. We developed a software tool from scratch for this work. The tool implements a
complete machine learning pipeline. The dataset we used contains over 1.3 million tweets
collected from September to November 2021.

Our work makes several contributions to the literature including the Musawah ap-
proach for creating services proposed in this paper and the developed tool and techniques
to detect cancer-related services. The work builds on our extensive research in social media
analysis in English and other languages on topics in different sectors. The paper has focused
on cancer-related services from Twitter data in Arabic, however, the proposed approach
broadly can be used for any disease or purpose and in any language.

The idea of developing cancer-related services from social media analysis is motivated
by the well-known science that social media facilitates value co-creation through stake-
holder interactions allowing value creation or creation of new services. Therefore, the ideas
of services and co-creation proposed in this paper per se are not novel, and the novelty
lies in the proposed approach of systematically and dynamically developing an ecosystem
of services for a particular disease that can be co-created on-the-fly by communities of
stakeholders interacting over social media using automatic value and service detection.
The services can be the needs of people seeking prevention or treatment such that a gap
in the market can be detected for stakeholders to develop services for economic, social,
or other types of remuneration and rewards. The approach that we present, while basic
at this stage, has great potential and will allow further investigation and development of
novel and innovative ways of developing healthcare services and systems, is green in terms
of environmental, social, and economic sustainability, with lower costs allowing lifestyle
changes, self-directed disease management, and managed care.

We believe systemizing this approach could lead to a revolution in sustainable health-
care, driven by communities co-creating social values with the exchange of services for
services that are not necessarily materialistic, but driven by equity, altruism, community
strengthening, innovation, and social cohesion. Open service and value healthcare systems
based on freely available information can revolutionize healthcare in manners similar to the
open-source revolution by using information made available by the public, the government,
third and fourth sectors, or others, allowing new forms of preventions, cures, treatments,
and support structures.
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