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1. Introduction

Data science can simply be referred to as a method of formatting data that comprises an
emerging approach of acquiring, storing, and analyzing data to produce a meaningful
and an efficient way of extracting basic information for decision making [1,2]. Data
science cuts across almost all the fields that use scientific approaches, procedure
systems, and computer algorithms to obtain knowledgeable information and percep-
tions from both structured and unstructured data [3—5]. Thus the main goal remains to
be the improvement of understanding from various data types [6,7].

The field of data science is associated with the computer science field, but a keen
observation of the two fields reveals that they differ slightly with some characteristics.
The field of computer science deals with the development of computer programs and
procedures for data processing and management, while data science applies to any form
of a manual or computerized method of analyzing data. Data science involves gathering,
investigating, and producing of data for analysis that is thoroughly associated with the
field of mathematics and statistics [8—10].

The advancement in information technology increases the amount of data used by
the modern establishment, thereby making data science an essential tool for main-
taining data in any organization [10—12]. For instance, an organization with a huge
amount of user data needs data science to effectively improve methods to collect,
accumulate, and process the data. Various systematic techniques may be used by the
company to process and obtain resourceful outcomes about the user data. Data mining
and big data are used interrelated with data science. To comprehend and process actual
data concepts, data science is of great importance, as it incorporates the field of statistics
and machine learning with their various procedures [13,14]. The study of information
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science, computer science, mathematics, and statistics with their concepts and methods
are all embedded in the field of data science [14,15].

The 21st century is an age of big data affecting every aspect of human life, including
biology and medicine [16,17]. The move from paper medical records to electronic health
record (EHR) systems has resulted in an unprecedented increase in data [18,19]. Big data
thus offers a great opportunity for doctors, epidemiologists, and specialists in health
policy to make evidence-driven decisions that will eventually enhance patient care
[20,21]. “Big data is not only a modern reality for the biomedical scientist but an
imperative that needs to be fully grasped and used in the search for new knowledge”
[22—24].

The coronavirus pandemic is a global health issue that threatens the peace of the
entire world since the New Year 2020 [25]. The number of confirmed cases of people who
contracted the disease increases daily, but the death rate recorded is low compared with
the recovery cases, which makes the disease less deadly but more infectious (2,367,959
cases in 213 countries, with over 160,450 deaths as of April 20, 2020) (https://covid19.
who.int/). The daily increase of this infectious disease has become a huge challenge to
the socioeconomic development of each country across the globe. The Secretary-General
of the United Nation has advised that urgent measures should be taken by governments
in various countries to contain the outspread of the infectious disease [26—30]. One of
the goals of the United Nations Sustainable Development is to discuss economic, social,
and environmental concerns between 2015 and 2030 and change toward maintainable
growth [31—-33]. The UN Sustainable Development Goals (SDGs) include 17 aims and
169 objectives. Three (3) SDG focuses on maintaining lives and encouraging well-being
for all ages, including the SDG 3.3 specifically targeting the end of AIDS, tuberculosis,
malaria, and abandoned tropical illnesses, as well as the fight against hepatitis, water-
borne diseases, and other transmittable infections, by 2030 [31,32]. The coronavirus
disease 2019 (COVID-19) epidemic directly challenges the accomplishment of the
abovementioned health objectives and also affects the achievement of economic and
social development goals.

The transmission features of the COVID-19 epidemic have still not been properly
recognized in the sense of global environmental changes [32,34]. Furthermore, the pace
of global development, increased population size, more common and nuanced
encounters, and lack of medical security in developing countries all contribute to the
complexities of COVID-19 prevention and regulation. COVID-19 seems to have a greater
impact on the global economy when compared with the severe acute respiratory
syndrome (SARS) that occurred in 2013.

The bone of contention is how to fight the spread of infectious diseases and how this
one is different from the 2003 epidemic. Most countries depended on the observation of
classic steps to monitor diseases and public health to contain the COVID-19 pandemic,
similar to those used with SARS in 2003 [35]. They cover from drastic quarantine actions
in China (for example, locking down over 60 million people in Hubei province) to
extensive contact monitoring with hundreds of contact tracers (for example, Singapore,
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Hong Kong, South Korea). Nevertheless, these interventions may not be successful in
tackling the COVID-19 scale by 2020. From Table 8.1 and Fig. 8.1, as of May 17, 2020, a
total of 4,798,545 confirmed cases and 316,505 deaths were reported across 218 coun-
tries, thus showing that there is a need for a better way of prevention of this novel
pandemic.

The 12 countries with the highest number of confirmed cases are shown in Table 8.2;
the United States of America has 1,409,452 (29%) of the total confirmed cases around the
globe, the Russian Federation has 281,751, and the United Kingdom came third with
240,165. Interestingly, six of these countries are from Europe, Asia, and America, with
three countries each, while the rest are not among the 12 leading countries.

Table 8.1 The confirmed and death cases by continents.

Continents Confirmed cases Death cases
Europe 1,780,768 162,839
North America 1,684,258 102,919
Asia 798,308 24,734
South America 440,182 23,117
Africa 86,381 2777
Oceania 8648 119
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FIGURE 8.1 The confirmed and death cases across continents.
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Table 8.2 The 12 countries with the highest number
of confirmed cases in the world.

Country name Total cases Percentage (%)
The United States of America 1,409,452 42
Russian Federation 281,751 8
The United Kingdom 240,165 7
Spain 230,698 7
Italy 224,760 7
Brazil 218,223 6
Germany 174,355 5
Turkey 148,067 4
France 140,008 4
Iran 120,198 4
India 90,927 3
Peru 84,495 3
TOTAL 3,363,099 100

This chapter, therefore, discusses the possible application of big data and analytics to
improve conventional public health approaches to tackle COVID-19 to control, manage,
identify, and avoid COVID-19 and reduce the effect on health implicitly associated with
COVID-19. The remaining part of this chapter is organized as follows: Section 2 discusses
the growth of data in healthcare, the challenges, and the importance of big data in
COVID-19. Section 3 presents the big data privacy and ethical challenges in COVID-19.
Section 4 discusses big data analytics in the COVID-19 epidemic. Finally, Section 5
concludes the chapter.

2. The growth of data in healthcare

The mutual collaboration that exists in the healthcare sector results in the generation of
a huge amount of data from various sources [36—38]. This has a result of huge figures of
varied sections and departments including physicians of different disciplines, ranging
from nurses, pathologists, radiologists, and laboratory technologists, which collaborate
efforts to achieve unified goals toward bringing medical costs and mistakes down to the
barest minimum, as well as to provide excellent and standardized healthcare services.
Various stakeholders that work collaboratively in the health sector get data from different
sources. This source includes data from patient observation, imaging reports from scans,
interview and test results, insurance and bills, summaries of patient discharges, reports
from pharmacists, case notes from physicians, admission notes from hospitals, feedback
from social media, and journals of medical articles.

Data in the healthcare sector are usually huge and not easy to handle [39,40]. This
results from the enormous way by which data grows in the healthcare sector, the rate at
which data are produced, and the variety of data in the healthcare system [36,37].
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The rate at which data are captured, stored, analyzed, and retrieved in the healthcare
sector has changed rapidly from the aged paper-based storage technique to the use of
digital techniques and methods [37,41].

On the other hand, the complication of data makes processing and analysis of data by
the age-long traditional method very difficult and uneasy to handle. However, the vast
volume, as well as the complexity, of these data makes it difficult for the data to be pro-
cessed and analyzed by traditional approaches and techniques. Therefore the application
of advanced technologies, which includes virtualization and cloud computing, allows
for huge and effective data processing in the healthcare system, thereby rapidly turning
the healthcare system into a big data industry. Nevertheless, in these modern days, the
improvement in the information and communication technologies (ICT) brings the
advancement of varied data from new sources in the healthcare system (Fig. 8.2).

This source includes the Global Positioning System (GPS), data from gene sequence,
file logs, devices that identify radio frequency (RFID), smart meters, and posts from
social media. The increasing rate with which data is being produced from various
sources brings about an increase in the amount of data in the healthcare system [37,43].
Thus their results give tedious means of storing, processing, and analyzing data with the
agelong traditional method of data processing applications [44]. Nevertheless, modern
methods and tools, as well as advanced computing technologies, are used to store up,
manage, and explore values from large and varying data in the healthcare system in a
real-time manner [37,43,44]. Therefore the healthcare system has now become a big data
industry. Big data now brings huge opportunities to the healthcare system [45].
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Improvement in information technology and data computing has greatly changed
population-based research by encouraging easy access to a huge amount of data.
Sometimes such database links are referred to as “big data” [46,47]. In order to make
efficient use of these data for research in clinical health or public health, the researchers
need to widen research further than the traditional surveillance model, as operating with
big data differs from focusing on performing narrow analysis, treatment-oriented clinical
data. Therefore leveraging on big data to reflect accurately on the heterogeneous
population it represents becomes expedient [37,43]. This endeavor needs a swift research
environment that can adopt a quick advancement in computing technology to an
all-time combined data while making use of new methods to reduce complexity [37,47].
Also, trends and patterns that make it easy to diagnose and treat patients are revealed by
big data.

As big data in today’s digital world will be crucial to handed the COVID-19 outbreak,
the criteria for effective collection of data and analysis on a global scale need to be clear.
The chapter claims the use of prediction and surveillance of digitally accessible data and
algorithms. For example, it is of vital importance in the battle against the COVID-19
pandemic to recognize people who have traveled to places where the disease has
spread or has been identified and isolate the contacts of infected people. However, it is
equally important to use these data and algorithms responsibly, in compliance with the
data protection regulations and with due regard for privacy and confidentiality. The
inability to do so would weaken public confidence, which would cause people less
inclined to obey recommendations or guidelines from public health and more likely to
have worse health outcomes [48]. Hence the exploitation of big data in COVID-19 will
bring about improved care with minimum cost and good satisfaction to patients.

2.1 Challenges of big data in COVID-19

The ability to combine sophisticated epidemiologic models and new big data sources has
been discussed [49,50]. For example, the use of smart-phones, social networks, or public
health response satellites at different stages, mainly in the situation of disease forecasts,
for making a decision [50,51]. These new sources of data include significant, real-time
data on tourism visits that spread infection and spatial shifts in vulnerable residents
that probably up till now were hard to report on timescales related to a rapidly
fast-growing epidemic [50]. With increasing flexibility and growing universal connec-
tivity, this information will be crucial for monitoring and containment planning [52].

By principle, with correct data sharing protocols in place, accurate, up-to-date dis-
ease predictions can be generated that are guided using this data stream. The success of
big data in fighting epidemics depends on various organizations, both public and
private, and the government is needed to be in contact frequently [50,51]. Privacy issues
for daily use of new data channels need to be addressed, specifically the most suitable
way to vigorously integrate such data streams to confirm individual confidentiality. Yet
even if security is tackled, the transformation of new methods into a policymaking
context raises additional systemic challenges [50,51].
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Big data mining provides many tempting opportunities [43,53]. Nonetheless, when
investigating big data sets and mining meaning and expertise from these facts extracted,
researchers and professionals face many challenges [43,53—55]. The complications at
various levels include data collection, storing, scanning, sharing, reviewing, handling,
and watching. Furthermore, security and privacy issues particularly arise in distributed
applications that are powered by data. The surge of knowledge and distributed sources
also surpass our harnessing capability indeed, although the scale of big data continually
grows exponentially, the actual technical ability to accomplish and explore large datasets
is only in the comparatively lower rates of data petabytes, exabytes, and zettabytes [43].
In this chapter, we address in detail some technical issues that are still open to research.

While working with big data, data scientists face a lot of obstacles. One obstacle is the
compilation, integration, and storage of tremendous datasets generated from dissemi-
nated sources, with far less needed hardware and software [56,57]. The management of
big data results in another huge problem. Effective big data management is essential to
promote the abstraction of accurate information to maximize investment [58,59]. Proper
management of data is the basis for big data analytics [60].

Another difficulty is to synchronize with an organization’s internal infrastructure’s
external data sources, and big data dispersed systems (sensors, apps, databases, net-
works, etc.) [43]. Most of the time, an analysis of the data produced within organizations
is not sufficient. We need to go one step further to integrate internal data with external
data sources, to gain useful insight and information. External data may include the
sources from third parties, market fluctuation details, weather forecasts and traffic
situations, social network data, comments from clients, and resident input. This will aid
to optimize the power of analytic models used in the analysis, for example.

The computer design and performance are an important question. Indeed, CPU
output is known to double every one and half years according to Moore’s Law and
diskette drive output is also expanding at the same time. The input and output opera-
tions, however, do not follow the same form of results (i.e., spontaneous input and
output speeds increased moderately, while systematic input and output speeds devel-
oped slowly through thickness) [57]. Thus this varied device capacity will delay data
access and affect the efficiency and scalability of big data applications. Machine learning
is a very active area of study in artificial intelligence (AI) and pattern recognition
nowadays. This plays a significant part in applications of probabilistic learning, such as
computer vision, voice recognition, and the interpretation of natural languages [61].
Currently, the ability of computer-learning techniques and functionality engineering
algorithms to process raw natural data is limited [62]. Deep learning is, on the contrary,
more effective in solving data processing and learning complications contained in large
datasets. This helps extract a huge size of unsupervised and unstructured raw data
automatically. Dynamic policies learning consists of incremental and group learning
that are important approaches to learn from a large stream of data with meaningful
perception [63].
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Big data and data stream uses the concept of collaborative and incremental learning.
They deal with numerous challenges that arise during the learning of data, such as data
accessibility and restricted resources. They make use of user profiling and stock
forecasting applications. The application of incremental learning to data produces a
faster means of prediction when dealing with the new data stream. Hence, using the
incremental algorithm is highly recommended when the drift concept is not available.
On the other hand, it is highly recommended to use ensemble algorithms to obtain
accurate outcomes with large drift concept. Also, when dealing with a modest data
stream or real-time processing, the incremental algorithm should be considered for use.
Conversely, in the case of a complex data stream, an ensemble algorithm is considered
the best.

Another big problem is analogic reasoning: fundamentally, disease forecasting is
unpredictable. In the narrative on big data and Al, there is often an underlying
assumption about the statistical covariates or cell phone data and difficult models of
simulation that avoid the need to gather basic epidemiologic details. Nevertheless, for
the evolving COVID-19 epidemic, emphasizing this opinion still lacks a reliable fact on
situation counts and biotic processes that drive an outbreak of the disease, let only the
behavioral reactions of infected individuals, and make it difficult to rapidly adjust or
understand precise intricate prototypes on spatiotemporal scales applicable in making a
verdict. Hopefully, the best effective systems would continue to be simple [64,65] equally
out of necessity for versatile modules that provide quick responses, given the controversy
surrounding emergency epidemiologic studies and because simple models are more
easily available to interpret and communicate [66]. Clear knowledge of both the
importance and weaknesses of typical outputs is a precondition for their successful
implementation but is often absent. Because policymakers have not yet reached an
in-depth modeling experience, the lack of consistent message threatens to lead to two
destructive results: (1) assume that the method would be misinformed without skepti-
cism and choices or (2) ignore off-hand modeling and neglect the proof that we must
control epidemics most efficiently.

During epidemics, verdicts have to be taken rapidly, on a patchy basis, and inaccurate
data models could be effective tools for guiding them. Considering the abovementioned
obstacles, computing capacity, novel methods, and novel data are steadily advancing
sources that give authentic courage for improved monitoring and development of
valuable predicting systems. The novel database available to us comprises not only
inactive experimental large data streams from cell phones but also comprehensive
ecological data and local sensor information from embedded devices, internet search
information, pathogenic genomic data that can be produced quickly informing the
response during an outbreak, [67] and crowd-sourced methods to track emergencies
changing rapidly [68]. Information sharing systems and structured aggregation strategies
are being established to secure personal data privacy [69], and internet access
enables rapid data transmission and collaboration between geographically distant
responding teams. Methodologically, effective modeling methods that combine multiple
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predictions to reduce uncertainty are being built [65,70]. In reaction to the outbreak of
COVID-19, an innovative, collaborative approach has unfolded between academic
organizations, for example, between Twitter and other channels to exchange, evaluate,
and publicly debate the effects of new research as it arises (Ironically, the control of
misinformation that is now proliferating on social networks during a crisis is likely to
become one of the most significant concerns for containing the disease.).

Unless the abovementioned problems are resolved, these technologies will remain
dislocated and impracticable. It is promising that all these problems may be strength-
ened by transferring most of the funding and knowledge focus to those communities
that require most help during epidemics. The unpredictability of the COVID-19 outbreak
and the progressive technologic mechanisms of these methods will require agile,
dispersed groups of people covering the systematic and functioning dimensions of
the epidemic response using novel big data methods to supplement and explain the
limited spread, sociogeographic data that are necessary for the progress of important
predictions. Provincial or small groups with investigative experience and current con-
nections with government and industry stakeholders can contribute to scalable modeling
strategies that exploit broad curated and international scientific database skills, building
on partnerships formed if no new or ongoing outbreaks occur. This strategy may likewise
be of help to mitigate some policy concerns related to data sharing, particularly through
sensitive information not being shared publicly.

To achieve this idea, significant continuous investment is required to finance in-
dividuals to fill what currently represents a significant void in the analytics process,
especially in some countries with low and middle wages. Big data can be created from a
lot of sources, such as social network sites, smartphones, IoT sensors, and publicly
available data [71], in different formats such as text or video. Big data applies to patient
care details in the sense of COVID-19, such as medical records, X-ray reports, case
history, list of doctors and nurses, and information about the epidemic location. Big data
has proved its capability to support fighting infectious diseases like COVID-19 [72,73].

2.2 Importance of big data in COVID-19

The possibility of fast-spreading diseases that cause uncontrolled death and a bad in-
fluence on the economies and sustainability of countries in the world has stretched the
importance and needs for developing a quantitative framework to provide support for
making nearly real-time decisions in the public health system. According to a case study,
the 2003 SARS outbreak that originated in China and spread to 29 countries became a
healthcare-acquired infection in various regions by August 2003 [74,75]. The 2009
pandemic known as influenza (H1N1) originated in Mexico and spread rapidly all over
the world through airline network and infected 20 countries, with maximum hit on the
travelers coming from Mexico within a little time of the disease outbreak [76]. The
socioeconomic implication and outcome of the outbreak of a disease related to 2009
(influenza A [H1N1]) were projected to be a huge amount ranging between $360 billion
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and $4 trillion [77], which was the calculation for the outbreak in the first year.
Significantly, the SARS outbreak at Wuhan, China, in 2019 was calculated and projected
to be 2,034,802 confirmed cases and 123,150 mortalities across the globe. Ever since the
outbreak of COVID-19 in China, people who traveled globally from Wuhan transferred
the disease to various countries of the world.

The outbreak of SARS had significant effects on the people and economy all over the
world. The effects include restrictions and bans on traveling, total closure of shops and
markets resulting in a huge loss on earnings and proceeds, fear of contracting the disease
from the infected person, and unpleasant side effects on world tourism at large, as many
flights were canceled or suspended. Express and huge damage on government finances
in various countries as agricultural activities were greatly hampered resulting in food
shortage, and so many other effects resulted from the outbreak. Therefore it becomes
imperative to make an immediate response from all angles to fight and contain the virus
efficiently. Big data entails the innovative processing of both new and existing data to
proffer meaningful solutions that are of huge business benefits [78—80]. However,
processing large data, or varied data, will only be a mere technologic solution until it is
associated with business objectives and goals.

Big data promises more lights to be shed on complicated facts and information on the
dynamics of how infectious diseases are transmitted and how to develop new modeling
and analytic tools that have far been hidden due to lack of smooth and workable data.
More progress will be made in the area of disease forecast when a huge amount of
information on epidemics required for modeling is available. Big data will be the best in
accomplishing this goal. Improved consistency in reporting diseases and case definition
is therefore expedient within time and space. Data obtained from news media sources
can give a perfect estimation and evaluation of how the disease is transmitted. Thus it is
of high importance, especially when comprehensive and well-examined data are not
available. In a country with low and middle income, and where studies on disease
transmission details are scarce, resources based on internet surveys will provide an
opportunity for a detailed study and correct assessment on how the disease is trans-
mitted, for instance, in the crisis of an infectious disease like COVID-19 when real-time
assessment is expedient.

A well-calibrated computational model tool that is useful in assessing and analyzing
the epidemic spread signifies a potent tool to sustain the process of decision-making at a
time of emergency epidemic outbreaks. Epidemic models are progressively used to
generate predictions of the spatial-temporal progression of a disease outbreak at several
spatial scales and for easy access to possible impacts of the various strategies of the
intervention [81]. The ability to produce innovative facts or information is greatly
expanded by big data. The costs applicable to answer various questions retrospectively
and prospectively by gathering ordered and structured data are exorbitant. Acquisition of
finer data in a computerized format is achieved by analyzing unstructured data that are
within EHR systems by using various computational techniques such as traditional
language processors that extract clinical concepts from free documents. Analyzing the
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unstructured data contained within her systems using computational techniques (e.g.,
natural language processing to extract medical concepts from free-text documents)
permits finer data acquisition in an automated fashion. For example, computerized
detection within her systems with the use of natural language processing is better used
to detect complications that arise after the operation when compared to patient well-
being indicators based on discharge coding [82]. Big data provides the possibility to
generate an observable indication base for clinically related questions, which may not be
achievable but will be helpful with generalizability issues. Generalizability issues restrict
the application of conclusions that are derived from random trials carried out on a very
narrow scale of participants to patients that show dissimilar characteristics. Big data
helps disseminate knowledge. Many healthcare practitioners strive to be updated with
current evidential proof and support that guide clinical practices.

The computerization of medical journalism to a great extent has enhanced access;
conversely, with great numbers of studies, translation of knowledge becomes difficult. If
at all a physician has enough relevant data and guiding principles, organizing infor-
mation to formulate a realistic approach for the treatment of patients with numerous
chronic illnesses becomes extremely difficult. Analyzing existing EHR systems to
generate a template to guide in making clinical decisions is the only way by which this
problem may be solved [83]. This technique is exploited in the alliance involving
Memorial Sloan Kettering Cancer Center and IBM’s Watson supercomputer to aid in the
diagnosis and proposed treatment for cancer patients. The difference between the big
data method and traditional decision support tools is that with the big data technique,
suggestions are obtained through analysis of patients’ data in real time instead of
depending solely on the use of rule-based decision trees. For instance, longitudinal
analytic data have been proven to be efficient for forecasting future diagnostic risks and
domestic abuse in patients [83,84].

With data-driven clinical decision support tools, the cost is greatly minimized and
proper care standardization is guaranteed. Physicians can get information that guides
them on the diagnostic and therapy options that are provided by esteemed colleagues
encountering related patient profiles with the use of big data on the cloud. The
healthcare system can be transformed by getting information directly across to patients
and equipping them to take part in more active roles. In the future, clinical reports can
also reside with the patients, compared to the existing model where health records of
patients are stored with healthcare professionals, thereby making the patients be in a
passive situation. Big data provides the opportunity to progress the clinical records by
connecting the conventional health-related data such as family history and medication
list to other private data located on other sites such as education, income, neighborhood,
military service [83,85], exercise regimens, diet habits, and forms of entertainment, all
that can be easily accessed without the need to interview the patient with a compre-
hensive list of questions. Thus big data provides an opportunity to collaborate with the
conventional medical model with social determinants of health in a patient-directed
fashion. The initiatives of public health to reduce obesity and smoking can be
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efficiently delivered by focusing the message on the most appropriate set of people
based on the profiles on their social media. With the opportunity to use analytic capa-
bilities, system biology can be incorporated.

Big data assist in translating personalized medicine initiatives into clinical practice
(e.g., genomics) with data [83,86]. The Genomics Network and Electronic Medical
Records achieve this with the use of natural language processing to phenotype patients,
in an attempt to simplify genomics research. With big data, patients are opportune to
access correct and updated information. This helps patients to comprehend their
choices, take decisions about their care, and also better their lifestyle to protect them
from chronic diseases. Big data makes it easy to detect and identify/diagnose diseases at
an early stage. Thus the right decisions on how to treat a certain disease efficiently and
on time are guaranteed. Hence death rate and the rate of contracting diseases are greatly
reduced. Big data aids the quality level of care given to patients by making sure that
decisions are focused on a huge amount of related and updated data.

Big data is promising in the area of identifying public health intervention targeted
through the analysis of large volume and varied data and improved subsequent in-
terventions by the use of large-velocity feedback mechanisms [87]. The quantity of data
generated from the existence of the human race to 2003 can now be obtained in a few
minutes [25]. Also, improved computational models, such as machine learning-based
models, have revealed enormous possibilities in tracing the source or forecasting the
spread of a novel disease in the nearest future [88,89]. Therefore leveraging big data and
intelligent analytics becomes expedient in order to enjoy their use in COVID-19 outbreak
and public health.

3. Big data privacy and ethical challenges in COVID-19

The latest outbreak of COVID-19 has brought the difficulty of securing personal data to a
head in a transnational sense [90]; this is because COVID-19 spreads fast with the
international travel of people [91]. Many countries require international travelers to
disclose their personal information such as the name, gender, date of birth, travel
history, purpose of travel, and residence, among others, and impose quarantine
requirements accordingly [92]. Using a genuine case where the Chinese media secretly
published the sensitive information of a foreign traveler, the article describes that
multiple patterns for LEX cause emerged at each point of dispute-of-law analysis: (1) the
European Union, the United States, and China vary in characterizing the right to per-
sonal data; (2) the expanding centralized approach to relevant legislation lies in the fact
that all three territories either find the law on personal information privacy to be a
contractual law or follow linking factors leading to the law of the forum; and (3) actively
support the de-Americanization of meaningful data privacy legislation. The patterns and
their mechanisms have important consequences in the application of regulations for
transnational information [90].
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Evolving contagious diseases such as HIV/AIDS, SARS, and pandemic influenza, and
the 2001 anthrax attacks, have proven that we appear vulnerable to health risks from
contagious diseases [93—95]. The key expert recommendation for two decades has been
the value of improving global public health surveillance to provide an early warning
[94,95]. Based on digital information sources, including data from smartphones and
other digital equipment, the outbreaks triggered by new findings are of special impor-
tance in infectious diseases [25,93,95], for which the survey data and accurate
predictions are indeed limited. Recent research shows the likelihood of predicting the
spreading of COVID-19 by integrating Government Aviation Guide data with WeChat
App data on human accessibility and other digital platforms run by the Chinese tech-
nology giant Tencent [96].

Smartphone data also demonstrated possibilities for modeling regional cholera
outbreak in Haiti during the 2010 outbreak [97], while using big data analysis demon-
strated efficacy during the Ebola crisis in the year 2014—16 [98]. Moreover, the big data
gathering of cellular data from users around the world, particularly mobile data archives
and social network accounts, also raised questions about security and data integrity
during those epidemics. In 2014, the GSM organization (a sector body that serves the
benefits of major mobile network operators) urged privacy issues to issue privacy rules
for the use of cell phone data to respond to an Ebola outbreak [25,99].

In the information-intensive world of 2020, these issues can easily be compounded by
pervasive data points and automated surveillance devices. China is the area hardest hit
with COVID-19 and has reportedly used omnipresent transmitter data and safety
monitoring software to avoid disease spread [25,100]. The New York Times reports [101]
that how these data are reviewed and recycled for monitoring reasons is not clear. For
instance, the document said that Alipay Health Code, an Alibaba-backed government-
run app that helps decision on who is to be isolated for COVID-19, also seemed to
share details with the police [25,101]. The European Republic in Italy with the highest
figure of COVID-19 incidents, the remote data-privacy agency was advised to issue a
statement [102] on March 2, 2020, to explain the requirements of permissible data usage
for containment and prevention. In its declaration, the expert cautioned against data
gathering and analysis by a noninstitutional body that violates privacy [102,103].

A couple of days later, the European Data Security Committee published a press
release on the idea of securing people information if used to counter COVID-19 and
highlighted relevant research of the General Data Protection Regulation, which include
legal reasons for the handling of people information in the form of outbreaks [90]. For
instance, the article enables the compilation of people information “for purposes of
general interest in the field of health research, including guarding toward severe cross-
border challenges to health,” given that such analysis is directly proportional to the
purpose sought, reverences the principle of the right to data privacy, and safety the rights
and liberties of the person concerned. Big data is recognized as important tools for
COVID-19 pandemic management in this era of technologic advancement; there
must be specific criteria for effective gathering and analysis of data on a global scale.
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They claim that the usage of technologically accessible data and techniques for fore-
casting and tracking, e.g., describing people who have traveled to places where the
infection has transmitted or has been identified and quarantining the people contacted,
is of vital importance in combating the COVID-19 outbreak. However, it is equally
necessary to use these data and technologies responsibly by data privacy legislation and
with proper regard for safety and security. Failure to do so will weaken public confi-
dence, causing people less likely to obey advice or guidelines on global health and more
likely to have worse patient outcomes [48].

Practices of conscientious data management can guide both collection of data and
information processing. The concept of proportionality will apply to the sharing of in-
formation from the persons affected, which means the collection of data must be pro-
portionate to the severity of the hazard to public health, be partial to what is required to
accomplish particular public health goals, and be systematically proven. For example,
obtaining access to personal contact device data tracking purposes may be acceptable if
it happens inside defined limits; if it has a valid reason, such as alert and quarantine
those who have had contact with the infected person or the virus itself; and if no less-
intrusive option, such as using anonymized mobile tracking data, is appropriate for
that reason. Also, health monitoring “do for yourself,” as the Italian data protection
agency has called it, must be resisted.

Data product quality standards are required at the data analysis stage [25,104].
Deficiencies in data protection, which are normal when data from digital personal de-
vices are used, can lead to minor errors in one or more factors [105,106], which in turn
may have an enormous impact on predictive large-scale models. Also, privacy violations,
inadequate or unsuccessful deidentification, and prejudices in databases can become
major causes of public health mistrust [107,108]. Data protection issues are not only of a
technologic aspect but also of a legal and political nature [109,110]. For purposes tracing
the index or infected cases, demanding or guaranteeing access to personal devices may
be more successful than simply exploiting anonymous mobile tracking data.

Taiwanese studies display a compelling method to exploit big data analysis to react to
COVID-19 without fostering public distrust. To improve classifying incidents, Taiwanese
agencies have combined their national health insurance database with customs database
travel history. Certain tools have also been used for surveillance purposes, such as QR
code scanning and electronic monitoring. Such interventions were paired with tech-
niques for official communications including regular health checks and support for
those under lockdown [111]. More nations are planning to use big data and emerging
technology in the battle against the evolving COVID-19 outbreak, so if used appropri-
ately, data and algorithms are one of the main resources in our bow [25].

4. Big data analytics in COVID-19 epidemic

Big data became a big dilemma a few years ago. In the 2000s, big data overwhelmed the
technologies of storage and CPU systems by the abundance of terabytes of data required
to be stored. The IT industries face the problem of data scalability as the need to store a
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large volume of data skyrockets [112,113]. The rapid rate at which health information
technologies advance leads to the need for big data in the hospital environments and the
healthcare system at large. However, the extraction of meaningful information from the
highly loaded datasets is still inadequate and very limited. The decision-support tools
that are required for efficient handling of rich and large-scale healthcare records,
optimizing operational dynamics in the healthcare environment, and extracting relevant
knowledge and information with regard to the health conditions of patients and avail-
ability of additional and efficient healthcare services are seriously lacking in the practice
of general medicine. The healthcare system grows from not being able to handle big data
to wasting huge budgets on its collection and analysis, respectively. As of now, the
healthcare system is leveraging big data to extract essential information that was not
acknowledged in the past.

The healthcare system can now study big data to have a better understanding of the
current situation on health and still be able to track evolving aspects such as patient
behavior by using advanced and sophisticated analytic tools. To gain more insight into
better healthcare intelligence and facts, it is helpful to tap into data that has never been
tapped before. Most of this untapped information will be very new to you as they come
from devices, sensors, third parties, social media, and web applications. Data are
obtained incessantly in a real-time manner from some big data sources. When put
together, one can easily detect that the big data not only is about a huge volume of data
but also focuses on astonishingly diverse data types that can be delivered at varying
frequencies and speeds. Hence it is noteworthy that we now have the coming together of
two technical entities.

The first entity is big data that has been used for enormous and detailed information.
Second, the advanced and more sophisticated analytics, which comprises of a collection
of various types of tools, that includes tools that are based on natural language pro-
cessing, data mining, Al, statistics, predictive analytics, and many more. When all of this
is put together, you get what is called the big data analytics, which is the hottest new
practice today in Heath Intelligence [113—115]. The availability of massive data presents
unlimited opportunities to visualize, manage, analyze, and extract meaningful infor-
mation from huge, varied, dispersed, and heterogeneous datasets that enable making
better medical decisions and improved performance in the healthcare system. Across all
corners of the healthcare system, big data is inspiring a reflective transformation. The
manner with which biomedical research has been carried out and how the delivery of
healthcare services has been managed across the globe are the new transformations in
informatics and analytics research. The analysis of big data in COVID-19 involves several
tools and sophisticated technologies as illustrated in Fig. 8.3. Big data can provide
healthcare intelligence for the COVID-19 outbreak, thereby being useful for govern-
ments, organizations, and healthcare policymakers for smart and quick response during
this pandemic. The big data if not analyzed become a liability and unrealistic to the
owners and users. For intelligent prediction, forecasts, and decision-making, big data
analytics involves mining and extracting useful knowledge. Scalability, visualization, and
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FIGURE 8.3 Big data analytics.

computation of data are the challenges in big data analytics, thus the flow in the amount
of data increases the information security risk.

Making better medical decisions, enhanced patient management, monitoring
systems, and efficient public health supervision are progressively viewed by the gov-
ernment, the general public, and the medical community as a major key to support the
improvement of and reduce the cost of the healthcare arena [49,114]. The operations of
advanced analytic methods on big data are known as big data analytics. With the gigantic
statistical samples that big data provides, an improved result of the analytic tool is also
enhanced. Various tools intended for statistical analysis and data mining are liable to be
optimized for large amounts of datasets [113]. It is a general rule that the accuracy of
statistics and other products of the analysis depends and increases with how large the
data sample is [113,116]. The latest generation of tools for data visualization and ana-
Iytics for in-database functions similarly operates and functions on big data
[113,116,117].

Big data analytics simply is the procedure, techniques, and technologies used in
analyzing big data to discover useful information through the use of nontraditional and
advanced methods [118,119]. It is designed in such a way that it increases accuracy and
scalability when compared to the conventional methods, such as the regression-based
models and many other statistical models. Al, among other advanced techniques, has
been acknowledged as a very significant development in the roles it plays in various
application domains [120], together with other disciplines related to public health [121].
In a vacuum, big data is worthless. Its prospective usefulness can only be tapped when it
is adopted for decision-making. Organizations require an effective means of revolving
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FIGURE 8.4 Processes for extracting insights from big data.

large volumes of fast-growing and varied data into useful insights to facilitate the making
of evidence-based decisions.

The general techniques for extracting useful information from big data can be clas-
sified into five different stages [1,44]; Fig. 8.4 shows the five stages that depict the two
major analytics and management subprocesses. Data management comprises of
methods and technologies that support the means of acquiring, storing, preparing, and
retrieving data for analysis. Conversely, analytics describes the technique used in
analyzing and obtaining intelligence from big data. Hence big data analytics is seen as a
subprocess in the overall technique of extracting insights from big data.

By combining and efficiently using big data in a digitalized manner, the healthcare
system and organizations that range from single-physician workstations and multi-
provider groups to big hospital networks and responsible healthcare organizations stand
to gain many benefits [118,122]. The prospective advantages of big data analytics in
COVID-19 consist of early disease detection, which can then be treated effortlessly and
efficiently; maintaining precise individual and public health; and easy detection of
healthcare frauds speedily and effectively [118].

Addressing numerous questions is made possible with big data analytics. Predictions
and estimations are based on a huge amount of chronological data, which includes how
long a patient will stay, numbers of patients who will prefer an elective surgery, other
hospital-acquired illness/the rate of disease progression, disease causal factors, and risks
of disease advancement in patients [118]. Yearly, big data analytics will facilitate over
$300 billion in total savings in the US healthcare system. Two-thirds of such reductions
amount to approximately 8% in the national healthcare expenses. Two biggest areas of
prospective savings with $165 billion and $108 billion savings are medical operations
and research and development (R&D), respectively [118,123]. Big data will possibly assist
in cost reduction and ineffectiveness in three areas. Clinical operations: relative efficient
research to establish added medically related and cost-efficient ways of diagnosing and
treating patients.

R&D: (1) the use of predictive modeling to reduce the error rate and construct faster,
compact, and more centered R&D pipeline in drugs and devices; (2) statistical tools and
algorithms to progress medical trial design and patient enrollment to match treatments
to patients efficiently by reducing trial failures and encouraging advanced treatments to
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patients, thus reducing trial failures and bringing new treatments to the market; and (3)
to examine medical trials and patient records to detect and follow-up on indications and
adverse effects before the products reach the market. The speedy examination of various
symptoms in diseases, and tracking of disease outbreak in real-time have really help in
public healthcare systems. The BDA has speedy improved the production and devel-
opment of vaccines for COVID-19 outbreak. For example, the conversion of huge
amount of data to a meaningful information has been used to predict, forecast, and
diagnose various infectious diseases and in the development of vaccine for the advan-
tages of the population at large [118,123].

Hence big data analytics has a high ability to innovate the approach so that health-
care providers can use complicated technologies to provide insight from their medical
and many other repositories for data to ensure making informed decisions regarding the
COVID-19 epidemic and the outbreak of any associated infectious disease.

5. Conclusion

The December 2019 COVID-19 is known as a pandemic because it has cut across the
globe. It has become a great threat to global health. It has caused close to 2.5 million
infections and 180,578 deaths in almost 213 countries by April 22, 2020, and the daily
increase in this infectious disease has become a huge challenge to the socioeconomic
development of each country across the globe. The application of big data offers
possibilities for forecasting and analyzing viral behavior for directing healthcare in
individual nations to enhance their readiness for the COVID-19 outbreak. This can be
achieved using different global databases, for instance, the Official Aviation Guide, the
Tencent Location Services (Shenzhen, China), and the Wuhan Municipal Transportation
Management Bureau conducted a model analysis of “now-casting” and prediction of
COVID-19 development inside and outside China that could be used by public health
planning and controlling authorities around the world [124]. Likewise, the WHO
International Health Regulations, the State Parties Annual Reporting Guide, the Joint
External Assessment Reports, and the Infectious Disease Vulnerability Index were used
to evaluate the readiness and vulnerability of African countries to combat COVID-19,
which will help raise awareness among the health authorities in Africa to better plan
for the viral outbreak [48,125].

Big data potentially provide several promising solutions to help combat the COVID-
19 epidemic. The use of big data with different analytic tools will help understand
COVID-19 in terms of outbreak monitoring, virus development, disease control, and the
manufacturing of vaccines. Big data coupled with intelligence-based applications can
create complex prediction models using coronavirus data streams to estimate the
outbreak, thus allowing health authorities to track the spread of coronavirus and plan for
effective preventive measures. Big data models also support future forecasting of the
COVID-19 outbreak through their ability to combine enormous quantities of data for
prevention and treatment. Moreover, big data analytics from a variety of real-world
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sources, including infected patients, can help implement large-scale COVID-19
investigations to develop comprehensive treatment solutions with high reliability
[126,127]. This would also help healthcare providers to understand the virus develop-
ment for better response to the various treatment and diagnoses. As one of the most
effective solutions to combat the COVID-19 pandemic, early treatment and prediction
are of importance. Hence the capability of big data in the fight against the COVID-19
outbreak can be useful and divided into four main areas of application: outbreak virus
spread, monitoring forecasting, diagnosis/treatment of coronavirus, and discovering
vaccines/drugs. In response to the COVID-19 virus globally, different traditional
approaches were dedicated to improve future forecasting, prevention, and treatment,
with other alternatives. However, these approaches are typically costly and time-
consuming, have a low positive result rate, and require different materials, equipment,
and resources. Moreover, most countries are suffering from a lack of testing kits because
of the limitation on budget and techniques. Thus these standard methods are not
suitable to meet the requirements of fast detection and tracking during the COVID-19
pandemic. Therefore the use of connected devices, along with big data, is an easy and
low-cost approach for COVID-19 detection. In the COVID-19 pandemic battle, devel-
oping efficient diagnostic and treatment methods plays an important role in mitigating
the impact of the COVID-19 virus.
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