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Abstract: Big data analytics tools are the use of advanced analytic techniques targeting large and
diverse volumes of data that include structured, semi-structured, and unstructured data from dif-
ferent sources and in different sizes from terabytes to zetabytes. The health sector is faced with the
need to generate and manage large data sets from various health systems, such as electronic health
records and clinical decision support systems. This data can be used by providers, clinicians, and
policymakers to plan and implement interventions, detect disease more quickly, predict outcomes,
and personalize care delivery. However, little attention is paid to the connection between big data
analytics tools and the health sector. Thus, a systematic review of the bibliometric literature (LRSB)
was developed to study how the adoption of big data analytics tools and infrastructures will revo-
lutionize the healthcare industry. The review integrated 77 scientific and/or academic documents
indexed in SCOPUS presenting up-to-date knowledge on current insights on how big data analytics
technologies influence the healthcare sector and the different big data analytical tools used. The
LRSB provides findings related to the impact of Big Data analytics on the health sector by introduc-
ing opportunities and technologies that provide practical solutions to various challenges.

Keywords: big data analytics, healthcare, data technologies, decision making, information manage-
ment, EHR.)

1. Introduction

Big data analytics tools are used to process, manage, and store complex datasets that
exceed the capacity of traditional data processing systems. As the global population em-
braces technologies, companies such as Google, IBM, and Facebook have presented tech-
nological infrastructures that extract valuable data from large data volumes collected from
their users [1]. This data can be used to revolutionize the health sector by promoting evi-
dence in developing and implementing treatment delivery models and decision-making
regarding critical changes in the health industry [2]. By applying machine learning (ML)
and artificial intelligence (Al) algorithms, big data analytics supports early disease detec-
tion, personalization of interventions, lower medical cost, and higher-quality care that
lead to improved outcomes [3]. In addition, big data can be successfully implemented to
manage chronic diseases [4] and reduce health disparities [5]. Thus, investing in the right
big data analytics tools and infrastructures can improve clinicians, providers, and policy-
makers capability to plan and implement patient-centered and evidence-based interven-
tions characterized by high-quality care, low costs, and higher outcomes.

With this study, we intend to understand how big data analytics technologies influ-
ence the healthcare sector and to identify the different big data analytical tools used. A
systematic review of the bibliometric literature (LRSB) was developed following the four-
step procedure proposed by Mariano et al. [6] to define the protocol, collect references,
evaluate data, and interpret the findings. This LRSB provides findings related to the im-
pact of Big Data analytics on the health sector by introducing opportunities and technol-
ogies that provide practical solutions to various challenges. Thus, this research shows sev-
eral practical implications that big data analytics has in healthcare related to the opportu-
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nities created through the use of modern technologies for all stakeholders, including pa-
tients and care providers. Also, this research has made a theoretical contribution by high-
lighting big data analytics as practical tools to support and revolutionize the health sector.

2. Theoretical Background

In recent years, various institutions have increasingly generated huge volumes of
structured, semi-structured, and unstructured data, referred to as big data. A wide range
of devices, applications, and research activities generate heterogeneous data every day
that needs to be stored, managed, or processed [7]. As the global population grows and
health patterns change rapidly, healthcare providers and clinicians are expected to de-
velop and implement treatment models that evolve based on these changes [8]. Some de-
cisions made throughout these processes require big data to ensure their practicality and
efficiency in addressing global health needs and demands [9]. Thus, like other sectors of
the global economies, the healthcare sector is confronted by the need to generate and man-
age big data from various health systems such as electronic health records, the genome
database, and clinical decisions support systems [10]. This data can be used by providers,
clinicians, and policymakers to plan and implement interventions, detect diseases faster,
predict outcomes, support therapeutic decisions, and personalize care delivery. Thus, em-
bracing big data analytics tools and infrastructures will revolutionize the health care sec-
tor by supporting patient-centered and evidence-based care.

2.1. Defining Big Data Analytics

Definitions of big data are uncertain and confusing due to varying understanding of
the terms among different people. For instance, Gandomi and Haider [11] indicated that
some executives define big data from what it is while others focus on what it does. How-
ever, the common understanding of the term ‘Big Data’ encompasses collecting, analyz-
ing, processing, and visualizing large data sets [12]. Some scholars have defined big data
from the data quality dimensions (DQDs), introducing the 3 Vs (volume, velocity, variety)
approach. Volume refers to the data magnitudes, such as petabytes or terabytes used to
report data sizes. Variety encompasses a dataset’s structural heterogeneity, for example,
data can be structured, semi-structured, or unstructured. Velocity refers to the rate of gen-
erating data and the speed of analyzing and using it in decision-making. Gandomi and
Haider [11] identified one definition of big data based on 3Vs, which states, “Big data is
high-volume, high-velocity and high-variety information assets that demand cost-effec-
tive, innovative forms of information processing for enhanced insight and decision mak-
ing” (p.138). DQDs in big data definitions emphasize the data characteristics needed to
classify the large amounts of data gathered in big data as “quality” data [13]. While this
dimension provides critical insights, it is insufficient in defining big data due to disagree-
ments on whether the 3Vs are exclusively Big Data characteristics or data quality charac-
teristics.

Alternative definitions take multiple approaches. For instance, Emmanuel and Sta-
nier [14] identified three approaches: a comparative approach to definition, attribute-
based definitions, and environmental definitions. The different definitions are based on
themes identified in Big Data literature.

2.1.1. A comparative approach to the definition

The comparative approach compares big data characteristics and relational or tradi-
tional data characteristics. According to Emmanuel and Stanier [14], data management
systems used at the beginning of the Big Data era were founded on the relational data
model, whose characteristics were used to understand the new paradigm through com-
parison. This notion means that the scholars introducing Big Data based their definitions
on the similarities and differences between the new big data technologies and traditional
systems [15]. For instance, McKinsey Institute defined Big Data as “datasets that cannot
be processed, stored and analyzed by traditional data management technologies” [14]
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(p-2). Instead of providing a formal definition of Big Data, this approach focuses on tech-
nological progress by comparing current tools and devices with the previously used ones
[16]. It indicates that Big Data are products of progressive development in science and
technologies and possibly indicates that they may change with time given the rapid tech-
nological advancements [17]. The relational aspect indicates that Big Data technologies
can handle larger data volumes than traditional data management systems since they
have higher processing capabilities and functionality.

3.1.2. Attribute-based definitions

This definition focuses on the characteristics of data, including the 3Vs Volume, Ve-
locity, and Variety. Volume has been recognized as the most visible attribute of big data
since it refers to the amount of data generated from various sources [14]. It refers to the
magnitude of data gathered and analyzed in Big Data, which can also be perceived as the
scale and size of data. However, factors such as the type of data can influence the defini-
tion of volume. For instance, Gandomi and Haider [11] explain that what is considered as
data today may fail to meet the threshold in the future due to changes in storage capacities
and amounts of data captured. Velocity as an attribute of data refers to the speed at which
data is captured, analyzed, and stored. The development of digital technologies such as
sensors and smartphones has influenced the rate at which data is generated and processed
globally, leading to the need for evidence-based planning and real-time analytics [15].
Thus, Emmanuel and Stanier [14] indicated that velocity is defined as "real time or near
real-time and to the streaming of data" (p.2). The importance of velocity as an attribute of
Big Data is reflected in the increased demand for fast and timely data collection and anal-
ysis to ensure its effective commercialization. Variety refers to "structural heterogeneity
in a dataset," classified as structured, semi-structured, and unstructured [11] (p.138). This
attribute indicates that data is generated, processed, and stored in various formats, includ-
ing texts, images, videos, or audio. The 3Vs provide data characteristics that differentiate
Big Data from traditional data.

In recent years, scholars have extended 3Vs to include more characteristics such as
value, veracity, and variability. IBM coined the fourth characteristic, veracity, to indicate
that some data sources are unreliable yet important [11]. For example, some consumers
can publish feedback and opinions about a product or brand on social media, which can
be uncertain yet important for analyzing consumers’ perceptions and engagement. Thus,
Big Data tools and technologies are designed to handle imprecise and uncertain data [18].
Variability indicates that Big Data has varying flow rates, including peaks and troughs.
Data analytic tools should have the capacity to analyze and store information regardless
of changing variability. Oracle developed the value characteristic of big data to refer to its
“low-value density”, indicating that the value of the data generated is low compared to
its volume [11] (p.140). Thus, the large data volumes must be analyzed to separate valua-
bles that can be acted upon from valueless data. Most data-based decisions depend on the
high-value data acquired after analysis.

3.1.3. Environmental definitions

This Big Data definition approach indicates that accurate definitions expand beyond
data attributes, including processes, architectures, and applications. According to the Na-
tional Institute of Standards and Technology (NIST), defining datasets in Big Data re-
quires “a scalable architecture for efficient storage, manipulation, and analysis” [14] (p.3).
this approach identifies the 3Vs as critical data features, which vary based on data context
and process models. Thus, using them to define Big Data is insufficient [19]. Therefore,
the proposed approach integrates these attributes, applications, architectures, and pro-
cessing to create an overview of Big Data rather than providing a formal definition [18].
By accommodating the operations aspect of Big Data, this approach provides a more com-
prehensive approach that accounts for factors such as intended outcomes and cost-effec-
tiveness, which are primary features of Big Data in commercial settings.
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3.2. Big Data in Health Care

Computer programming has created a significant difference between traditional and
big-data health analyses. In the traditional healthcare systems, health facilities depend on
other industries such as IT for data analysis. However, the current generation of large data
volumes requires the facilities and the health sector to embrace functional operating sys-
tems to ensure timely analysis of patient data for effective treatments [20]. Thus,
healthcare providers, professionals, and policymakers recognize the growing significance
of big data analytics in healthcare. Dantanarayana et al. [21] explain that the health com-
munity is currently experiencing an increase in complex and large data content resulting
from corresponding data gathered through its information systems. In addition, service
providers have expanded their services in the form of nursing and primary care, increas-
ing the differentiation and diversity of health care services [22]. Thus, the health environ-
ment has become increasingly complex and challenging, demanding new technological
approaches such as big data analytics that solve these major issues.

Additionally, the digitization of healthcare information creates opportunities and
possibilities for improved care quality, health outcomes, and lower costs. Godbole and
Lamb [23] explain that the health sector is achieving these goals by using data analytics to
analyze various data sources such as electronic health records (EHRs), Enterprise Re-
source Planning (ERP), data from sensors, and other monitoring devices, clinician notes,
and medical images. The combined information provides critical insights about each pa-
tient, allowing the personalization of services and medication [24]. Besides, the diversity
of big data technologies allows hospitals to collect and analyze demographic, social, be-
havioral, and environmental data needed for evidence-based practice and information
practice on unique trends that may not have otherwise been identified in the traditional
data collection and analysis systems [25]. Thus, embracing big data analytics will trans-
form health care by fostering efficiency, enabling patients to manage their health, enhanc-
ing care quality, and promoting sustainable healthcare approaches.

Unlike other business sectors, big data in the healthcare sector is still in its early
stages. Dantanarayana et al. [21] associated the slow progress with multiple challenges
unique to the industry including, the variety and velocity of healthcare data and the ina-
bility to accommodate the large volumes. For instance, healthcare data comes from mul-
tiple diverse sources, including clinical records, financial systems, genomic data, and ad-
ministrative systems [26]. In addition, since most healthcare workers are within health-
related fields, the sector struggles with acquiring skilled analysts to transform the large
data volumes into valuable and applicable information [27]. Thus, embracing the new big
data technologies in the health sector will require changes in the infrastructure and hiring
employees with the needed skills and knowledge.

4. Materials and Methods

The research utilizes a Systematic Bibliometric Literature Review (LRSB) methodol-
ogy to gather and analyze the impact of big data analysis on health sector [28, 29, 30, 31].
Okoli [32] (p.880) defined literature review as “a systematic, explicit, [comprehensive],
and reproducible method for identifying, evaluating, and synthesizing the existing body
of completed and recorded work produced by researchers, scholars, and practitioners”.
Snyder [33] built on this definition, indicating that this integration of findings and per-
spectives from multiple empirical kinds of research makes literature review a powerful
methodology since it answers research questions in ways that other single studies cannot.
These explanations form the rationale for the methodology selection since the researcher
aims to provide valid, reliable, and repeatable findings and conclusions that can be used
to improve care practice and decision-making.

This study employs a step-by-step approach to ensure the use of well-defined and
rigorous criteria for identifying, appraising, and synthesizing existing data. The re-
searcher used the four-step procedure proposed by Mariano et al. [6] to define the proto-
col, collect references, evaluate data, and interpret the findings.


https://doi.org/10.20944/preprints202203.0407.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2022 d0i:10.20944/preprints202203.0407.v1

Under defining the protocol step, the researcher identified the research objectives
and questions to guide the study. The primary research question for the study was: How
big data analytics technologies have influenced the health sector? The objective was to
identify the various big data analytics tools used in the health sector and contribute to its
revolution. In addition, the research identified various challenges and opportunities asso-
ciated with embracing big data technologies and their impact on practice.

To collect references the researcher used the database of indexing scientific articles
SCOPUS, the most important peer review in the academic world. The use of Scopus alone
is due to the fact that it is the main article base for academic journals/magazines, covering
around 19,500 titles from more than 5,000 international publishers, including coverage of
16,500 peer-reviewed journals in the fields scientific, technical, and medical and social sci-
ences. Thus providing a very real view of the researched subjects with scientific and/or
academic relevance. The bibliographic search was limited to academic and scientific doc-
uments, including journal articles, books and book chapters, and conference articles pub-
lished until November 2021.

The literature search began with using the keyword “Big data analytics” to screen
abstracts and titles, where 8844 documents were identified. Mariano et al. [6] recom-
mended repeating steps until a final list of the best quality sources is identified. Thus, the
specific keyword “health” was added to the search query to narrow down the search and
reduce the number of search results.

The data evaluation stage involved analyzing all the references identified for inclu-
sion. The four steps used for the data evaluation were title evaluation, abstract evaluation,
diagonal reading, and full-text reading. These stages ensure that the articles selected
match the research question and objectives.

The findings interpretation phase involved summarizing themes, comparing results,
and synthesizing data. The search and evaluation procedure are summarized in Table 1.

Table 1. Process of systematic LRSB

Database Scopus Screening Publications
Meta-search keyword: Big data analytics 8,844
Inclusion Criterion keyword: Big data analytics, Health 77

. keyword: Big data analytics, Health
Screening . ) 77
Published until December 2021

Source: own elaboration
The 77 scientific and/or academic documents are subsequently analyzed narratively
to deepen the content and the possible derivation of common themes that directly answer
the article’s research question [28, 29, 30, 31]. Of the 77 scientific and/or academic docu-
ments selected, 54 are Conference Papers; 18 Articles; 4 Reviews; and 1 Book Chapter.

4. Literature analysis: themes and trends

Peer-reviewed documents on the topic were selected for the period 2014-2021. The
year 2019 was the year with the highest number of peer-reviewed publications on the sub-
ject, reaching 14.

Figure 1 summarizes the peer-reviewed literature published for the period 2014-2021.
As we can see interest in the subject has varied over time.
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Figure 1. Documents by year. Source: own elaboration.

In Table 3 we analyzed for the Scimago Journal & Country Rank (SJR), the best quar-
tile, and the H index by publication. Renewable And Sustainable Energy Reviews is the
most quoted publication with 3,520 (SJR), Q1, and H index 295.

There are a total of 10 journals in Q1, 6 journals in Q2, 3 journals in Q3, and 37 journals
without publications in Q4. Journals from best quartile Q1 represent 18% of the 56 journals
titles; best quartile Q2 represents 11%, best quartile Q3 represents 5%, and finally, 37 of
the publications representing 66%, the data are not available.

As evident from Table 2, the significant majority of articles on Impact of Big Data
Analysis on Health rank on the Q1 best quartile index.

Table 3. Scimago journal & country rank impact factor

Title SJR Best H index
Quartile
Renewable And Sustainable Energy Reviews 3,520 Q1 295
Fertility And Sterility 2,270 Q1 208
Journal Of Industrial Information Integration 2,040 Q1 24
Science Of The Total Environment 1,800 Q1 244
Sustainable Cities And Society 1,650 Q1 61
Journal Of Dentistry 1,500 Q1 114
Future Generation Computer Systems 1,260 Q1 119
IEEE Transactions On Biomedical Engineering 1,150 Q1 200
International Journal Of Machine Learning And Cybernetics 0,680 Q1 44
IEEE Access 0,590 Q1 127
International Journal Of Environmental Research And Public
Health 0,750 Q2 113
Sensors 0,640 Q2 172
Enterprise Information Systems 0,600 Q2 47
Mobile Networks And Applications 0,450 Q2 85
Journal Of Systems And Information Technology 0,300 Q2 25
Interdisciplinary Science Reviews 0,240 Q2 24
Studies In Health Technology And Informatics 0,300 Q3 58
Sensors And Materials 0,260 Q3 28

IETE Journal Of Research 0,220 Q3 25
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Procedia Computer Science 0,330 =¥ 76
Proceedings 2017 IEEE 19t Conference On Business Infor-
matics CBI 2017 0420 ” H
Proceedings IEEE Symposium On Computer Based Medical
Systems 0.260 * 36
2017 IEEE 5% International Conference On Serious Games 0,250 . 10
And Applications For Health Segah 2017
Proceedings 2018 IEEE International Conference On Big Data
Big Data 2018 0250 ’ 15
19t AIAA Non Deterministic Approaches Conference 2017 0,230 -* 7
Proceedings 2019 IEEE World Congress On Services Services 0,230 . A
2019
Proceedings 2017 5% International Conference On Enterprise
Systems Industrial Digitalization By Enterprise Systems Es 0,200 ¥ 6
2017
Proceedings Of The International Astronautical Congress lac 0,190 ¥ 15
ACM International Conference Proceeding Series 0,180 ¥ 123
Proceedings 2019 22 International Conference On Control 0,140 . 4
Systems And Computer Science Cscs 2019
Proceedings 2019 IEEE International Conference On Smart
Manufacturing Industrial And Logistics Engineering Smile 0,100 ¥ 1
2019
Proceedings Of The Annual Hawaii International Conference 0 P g3

On System Sciences
Proceedings Of The ASME Turbo Expo 0 -* 44

IEEE International Conference On Automation Science And

Engineering 0 - 28
Proceedings 2014 IEEE International Conference On Big Data 0 P 0
IEEE Big Data 2014
Proceedings 2015 IEEE International Congress On Big Data 0 . 16
Bigdata Congress 2015
International Conference On Electrical Electronics And Opti- 0 P 16
mization Techniques Iceeot 2016

2016 IEEE 18t International Conference On E Health Net- 0 . 13
working Applications And Services Healthcom 2016

Pacific Asia Conference On Information Systems Pacis 2015 0 . 10

Proceedings

15t International Conference On Advances In ICT For 0 . 4
Emerging Regions Icter 2015 Conference Proceedings

2015 12t International Conference And Expo On Emerging 0 . .

Technologies For A Smarter World Cewit 2015
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2016 3¢ Mec International Conference On Big Data And
Smart City Icbdsc 2016
Proceedings 2015 24 IEEE International Conference On Ad-
vances In Computing And Communication Engineering 0 -* 9
Icacce 2015

Proceedings Of 2014 International Conference On Electrical

Engineering And Computer Science Iceecs 2014

Proceedings Of The 2014 International Conference On Artifi-
cial Intelligence Icai 2014 Worldcomp 2014

Lecture Notes In Computer Science Including Subseries Lec-
ture Notes In Artificial Intelligence And Lecture Notes In Bio- -* -* -
informatics
2015 17t International Conference On E Health Networking
Application And Services Healthcom 2015
2020 IEEE 4" Conference On Energy Internet And Energy
System Integration Connecting The Grids Towards A Low ¥ ¥ -
Carbon High Efficiency Energy System Ei2 2020

2nd International Conference On Computational Systems And
Information Technology For Sustainable Solutions Csitss -* -* ¥
2017
Asonam 2014 Proceedings Of The 2014 IEEE ACM Interna-
tional Conference On Advances In Social Networks Analysis -* -* ¥
And Mining
Data Democracy At The Nexus Of Artificial Intelligence Soft-

ware Development And Knowledge Engineering

Icevt 2019 Proceeding 6% International Conference On Elec-
tric Vehicular Technology 2019

Iciiecs 2015 2015 IEEE International Conference On Innova-

tions In Information Embedded And Communication Sys- -* -* -
tems
Proceedings CAMP 2021 2021 5% International Conference
On Information Retrieval And Knowledge Management Dig- -* -* -

ital Technology For Ir 4 0 And Beyond

Society Of Petroleum Engineers Abu Dhabi International Pe-
troleum Exhibition And Conference 2020 Adip 2020
Towards Sustainable Technologies And Innovation Proceed-
ings Of The 27% Annual Conference Of The International As- -+ -* ¥

sociation For Management Of Technology lamot 2018

Note: *data not available. Source: own elaboration

The subject areas covered by the 66 scientific articles were: Computer Science (46);
Engineering (28); Medicine (15); Mathematics (12); Decision Sciences (9); Health Profes-
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sions (9); Social Sciences (9); Business, Management and Accounting (5); Energy (5); Envi-
ronmental Science (3); Materials Science (3); Physics and Astronomy (3); Earth and Plane-
tary Sciences (2); Psychology (2); Arts and Humanities (1); Biochemistry, Genetics and
Molecular Biology (1); Dentistry (1).

The most quoted article was “Smart clothing: Connecting humans with clouds and
big data for sustainable health monitoring” from Chen et al. (2016) with 237 quotes, pub-
lished in the Service Industries Journal 0,450 (SJR), the best quartile (Q2), and with H index
(85). The published article focuses on the study of design details, key technologies, and
practical implementation methods of the smart clothing system.

In Figure 2 we can analyze the evolution of articles citations published between <2014
and 2021. The number of quotes shows positive net growth with an R2 of 89% for the
period <2014-2021, with 2020 reaching 220 citations.

240
200
@ 160
o
B 120
P
o 80
40
0
IA N N N N N N N
N o o o o o o o
o = = = = = N N
E [6;] [e)) ~ (0] o o [l
Years

Figure 2. Evolution of citations between <2014 and 2021. Source: own elaboration

The h-index was used to ascertain the productivity and impact of the published work,
based on the largest number of articles included that had at least the same number of
citations. Of the documents considered for the h-index, 12 have been cited at least 12 times.

In Appendix A, the citations of all scientific articles from the <2014 to 2021 period are
analyzed, with a total of 954 citations, of the 77 publications 14 were not cited.

Appendix B examines the self-citation of the document during the period <2014 to
2021, 33 documents were self-cited 169 times, the article "Digital fitness: Four principles
for successful development of digital initiatives" by Melville (2015) published in the Paper
presented at the Proceedings of the Annual Hawaii International Conference on System
Sciences was cited 38 times.

In Figure 3, a bibliometric study was performed to examine the development of sci-
entific information by the main keywords. The study of bibliometric outputs by the scien-
tific software VOSviewe aims at identifying the main research keywords as “big data an-
alytics”, “data analytics” and “Health”. The research relied upon the studied articles on
the use and influence of big data analytics tools in healthcare. The correlated keywords
can be viewed in Figure 4 allowing to making clear the network of keywords that appear
together/linked in each scientific article, as well as knowing the topics studied to identify
future research trends. Also, Figure 5 illustrates co-citations with a unit of analysis of cited
references.
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5. Theoretical perspectives

5.1. The Impact of Big Data Analytics in Healthcare

Big Data has the potential to revolutionize the healthcare sector by promoting accu-
rate patient diagnosis and treatment. With Big Data tools, analysts will collect accurate
information within the health informatics systems, which can be analyzed and imple-
mented to improve care delivery models and approaches [34]. Based on the notion that
value is derived from balancing patient impacts (outcomes) and healthcare spending
(cost), big data can have a significant impact on the patient-centered framework in five
dimensions or pathways illustrated in Figure 6 [35]. By improving patient outcomes con-
cerning the five pathways, the healthcare system will provide more value to the patients
and other stakeholders, leading to significant transformations.

Description
- Right Informed lifestyle choices that promote well-
\ - living being and the active engagement of
“ consumers in their own care
}! Right Evidence-based care that is proven to
{ casrie deliver needed outcomes for each patient
- while ensuring safety
Ecosystem
l * Right Care provider (eg, nurse, physician) feedback
( rgvi o and setting that is most appropriate to loop
b P P deliver prescribed clinical impact
Right Sustainable approaches that continuously
\ .- valgue enhance healthcare value by reducing cost
at the same or better quality
- : :
7 . Innovation to advance the frontiers of
'/’“ Rigis medicine and boost R&D productivity in

-~ / innovation discovery, development, and safety

Figure 6. Big Data-Related Value Pathways in Healthcare. Source: Groves et al. (2013) [35].

5.1.1. Right living
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The right-living pathway refers to patients living a healthier and better life by ac-
tively participating in their treatment. With digital technologies, patients have access to
medical information, which can be used to make decisions and better choices that enhance
their wellbeing [35]. For instance, informed patients are likely to choose the right path for
their diet, exercise, and preventive care, leading to better health outcomes. In addition,
Kowalski [36] explained that patients use the internet and social networking sites to pub-
lish reviews about health services and products. As a result, healthcare facilities and agen-
cies use big data analytics tools to extract valuable information from these reviews to im-
prove their services and products, thus increasing patient access to quality care (Barik et
al., 2018). Besides, the integration of patient feedback can increase their satisfaction and
trust in healthcare procedures, professionals, and providers [24]. This argument indicates
patients” active engagement in value creation in modern healthcare systems, leading to
positive behaviors.

5.1.2. Right care

The right-care pathway ensures that all patients have access to effective treatment. It
is based on providers’ access to similar data and aligned objectives to ensure appropriate
planning and elimination of redundancy. Groves et al. [35] explained that the right care
pathway involves a coordinated approach where caregivers within the network have ac-
cess to similar information and focus on achieving shared goals. Kuiler and McNeely [37]
explained that Big Data health analytics and health informatics facilitate the creation of
knowledge-focused systems that influence the distribution of health information and data
access to support professional research, the establishment of evidence-based policies, and
caregiver and patient participation in treatments. Big Data analytics allow healthcare
stakeholders to leverage large complex datasets obtained from various sources by encour-
aging the creation of frameworks that support electronic health information exchange
[38]. For the information-based systems to effectively function, all the key players includ-
ing clinicians, financial personnel, and administration, must continuously update infor-
mation on the system. This exchange provides valuable data used for decision-making in
care provision.

5.1.3. Right provider

The right-provider pathway requires matching professionals with patient problems
to ensure high outcomes. In this case, only the high-performing professional with the right
knowledge and skills needed to treat a patient’s specific problems should be assigned the
task [35]. This pathway helps avoid misdiagnosis and wrong prescription problems that
can have detrimental consequences [39]. In addition, Brennan and Bakken [40] indicated
that big data and science challenges nurse educators to design curricula that match the
current knowledge and skills demand. By transforming the education systems, big data
will ensure that the professionals attending patients have adequate skills and knowledge
regarding their specific health issues and enhance access to appropriate informational re-
sources [41]. These activities will increase patients” access to the right providers.

5.1.4. Right value

The right-value pathway indicates that big data analytics tools will improve
healthcare value while enhancing its quality. As the availability of new information im-
proves with big data technologies, healthcare providers will better understand effective
and appropriate care approaches [41]. Under this pathway, care providers are expected to
consider multiple alternatives to achieve cost-effectiveness, such as reimbursement poli-
cies and eliminating waste and corruption within the system. Ojha and Mathur [42] con-
tributed to this dimension by indicating that big data provides insights into hidden facts
and figures to present solutions to lowering healthcare costs. The large volumes of data
collected and analyzed can be used to identify various measures that can be implemented
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to increase financial transparency and reduce costs of care [43]. In addition, the infrastruc-
tures and models will help create an ecosystem feedback loop that will continuously im-
prove value co-creation.

5.1.5. Right innovation

The right-innovation pathway focuses on enhancing innovations such as boosting
R&D and advancing medicine. Through innovations, care providers can identify new in-
terventions and strategies for delivering care, thus improving healthcare outcomes and
efficiency [44]. Thus, big data analytics are associated with advancements in the provision
of patient services that promote patient health and wellbeing and can lead to policy
changes, including insurance. Big Data contributes to this by providing the information
needed to identify and exploit opportunities, such as improving traditional medical pro-
tocols or clinical trials [45]. Right innovation can lead to timely identification of new dis-
eases and treatments that will continuously evolve the medicine [46]. Thus, Big Data has
significantly impacted medical innovations and led to the continuous growth of the sys-
tems, procedures, and care models, leading to operational efficiency, reduced costs, col-
laboration, and increased patient outcomes.

5.2. The Impact of Big Data on Healthcare Stakeholders

This section may be divided by subheadings. It should provide a concise and precise
description of the experimental results, their interpretation, as well as the experimental
conclusions that can be drawn.

5.2.1. Patients

Patients” access to medical knowledge from platforms such as hospital websites, clin-
ical forums, and social networking sites increases their capacity for self-management. One
major characteristic of Big Data is decentralized information that allows all stakeholders
access to essential information to support informed decision-making [47]. Patients aware
of their health conditions, medications, and potential home remedies are more likely to
adopt appropriate behaviors and attitudes, increasing health outcomes [48]. In addition,
data analytics tools increase the range of affordable healthcare services and facilitate per-
sonalized recommendations [49]. The data mined and analyzed provides critical insights
on social, medical, and environmental information associated with individual patients,
leading to the implementation of appropriate treatments and prevention care.

5.2.2. Healthcare insurers

The new analytical tools provide health insurers with opportunities to introduce new
and targeted care plans. For instance, they can analyze geographical data to identify oc-
curring diseases in various locations and introduce health plans at minimal premium costs
[47]. In addition, Big Data analytics can provide insights on the correlation between de-
mographic characteristics such as gender, age, incomes, and family history to develop and
implement care plans [50]. Predictive modeling techniques can help insurance companies
analyze unstructured data to predict patterns of factual claims and eliminate fraud among
customers and within the organization [51]. Real-time data acquired through big data an-
alytics can help analyze insurance customers’ behaviors and use the data to develop and
implement new innovative business models that transform work processes and boost cus-
tomer experiences.

5.2.3. Medical practitioners

Big data provides medical practitioners with massive valuable data that provides a
holistic view of patients’ progress and treatment response. The data gathered can include
patient history, laboratory results, medical imaging data, diseases classification codes, and
other critical information captured through sensors and monitoring devices [47]. In addi-
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tion, Big Data increases clinicians’ capability to combine data from multiple sources, in-
cluding socioeconomic data, medical equipment, and public health statistics [1] (p.51).
Consequently, medical practitioners are empowered to conduct targeted health investiga-
tions that lead to higher patient outcomes [52]. Besides, the increased access to data and
technologies allows medical practitioners to improve their understanding of various med-
ical phenomena such as emerging disease patterns and develop appropriate knowledge
and skills to handle them. Thus, Big Data has significantly contributed to medical practi-
tioners” competitiveness.

5.2.4. Pharma and clinical researchers

Big Data has significantly contributed to healthcare reformation through pharmaceu-
tical and clinical research. For instance, predictive models based on big data analytics are
used to understand drug and biological processes, leading to effective drug designs [1].
In addition, pharma companies can use diverse data sources to conduct trials to evaluate
the outcomes of designed drugs [53]. In clinical research, big data analytical tools are used
to collect information from electronic databases for analysis [47]. The data is obtained from
unmodified daily clinical practice routines. Under big-data clinical trial (BCT), the data is
collected from electronic medical record systems, health insurance systems, and adminis-
trative registries for infectious and chronic diseases [54]. The primary advantage of using
big data in clinical and pharmaceutical research is that the outcomes directly reflect the
clinical effectiveness of the studied variables or designs since the researchers use accurate
and timely data gathered from diverse sources [55]. The evidence acquired through re-
search findings can be used to promote patient-centered and evidence-based practice.
Thus, through improved research, big data is transforming the healthcare system by
providing critical data needed to transition from the traditional data management systems
to the new big data systems.

5.3. Application of Big Data Frameworks in Health Informatics

Recent research and developments in the healthcare sector emphasize implementing
various big data frameworks to enhance handling large data volumes. Under this section,
four frameworks: EHRs, machine learning, predictive analytics, and IoT and their contri-
bution to health informatics.

5.3.1. Electronic Health Records (EHRs)

Electronic health records (EHRs) present capabilities to enhance healthcare quality
and efficiencies in health information technology. EHRs present capabilities to reduce
health disparities in populations and include patient records stored in digital forms [50].
They include patient information such as contact information, medical histories and tests,
and treatment plans [56]. EHRs provide considerable benefits that include improved effi-
ciencies, positive patient outcomes, and population health and can analyze huge quanti-
ties of patient information, making the technologies beneficial in improving population
health [57]. In healthcare, the most widespread healthcare application of big data is the
EHRs. The analysis of patient data ensures that patient records are available and shared
via secure information systems to private and public healthcare providers [58]. The infor-
mation systems comprise modifiable files that allow doctors to make changes based on
new medical test results without duplications or further paperwork [59]. Due to their com-
plexity and ability to handle a considerable amount of patient information extracted from
various sources for various purposes, EHRs can be considered intrinsically big data health
resources.

5.3.2. Machine Learning in Healthcare

Machine Learning (ML) is an important layer of secure Big Data-based healthcare
framework. The ML consists of other sub-modules such as early diagnosis, epidemic fore-
casting models, and data analytics that depend on machine learning methods, including
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genetic algorithms and support vector machines [47]. In healthcare, ML is a concept that
is closely similar to data mining. The two approaches entail scanning data to identify pat-
terns. However, the Machine Learning approach uses it to enhance the program’s under-
standing. Unlike data mining, ML changes the program’s function depending on the iden-
tified data patterns [60]. Therefore, Machine Learning is commonly identified as a learn-
ing process based on the input data to develop enough experience to present the required
output. The ML approaches can be supervised or unsupervised [1]. The supervised ap-
proach entails predicting missing data set based on the information and data provided
during the training process, while unsupervised learning does divide data into training
and testing sets [61]. Data are grouped into subsets of similar objects based on their com-
mon and various features, thus enabling the earning process [62]. The Machine Learning
output can help identify, diagnose, and treat disease, streamline healthcare tasks, plan,
prepare, and execute tasks such as surgery. Therefore, ML presents capabilities to improve
patient care delivery strategies.

5.3.3. Predictive Analytics in Healthcare

In healthcare, Predictive Analysis involves using forecasting techniques and predic-
tive analytics to determine conditions with high occurrence probability in the future. Sev-
eral modeling techniques are used to make robust predictions [63]. Such models include
hierarchical linear models and the algorithms such as Artificial Intelligence and ML [64].
Predictive analytics has become a crucial component of personalized patient care. Predic-
tive analytics can use the medical history, patient’s social risk factors, environment, and
genetics to customize a patient’s treatment process in personalized healthcare [47]. Some
of the key uses of predictive analysis include diagnosis, prognosis, improving care quality,
reducing healthcare costs, remote monitoring, reducing adverse events, developing treat-
ment courses, and supporting clinical decisions [1]. Predictive analytics is a crucial cate-
gory of big data analytics that incorporates statistical methods, including data mining and
machine learning, that use the historical patient’s data to predict the future [65]. The pre-
dictive models used are helping healthcare providers identify patients at risk for readmis-
sion and helping healthcare providers make crucial patient treatment decisions based on
the available data [66]. Predictive analysis requires a greater understanding of Machine
Learning methods, which are crucial in predicting future health conditions. Based on cur-
rent and historical data, predictive analytics can help to anticipate and reduce healthcare
risks and chances of patient deterioration.

5.3.4. Internet of Things (IoT) in smart health

Smart health care comprises three application domains classified the healthy living,
home care, and acute care. Healthy living entails tracking fitness, preventing diseases, and
food monitoring [67]. Home Care includes mobile health, self-management, assisted liv-
ing, and telemedicine. Acute Care includes hospitalization, specialty clinic, nursing
homes, and community hospitals. IoT in smart health care provides a combination of con-
nectivity, ambient intelligence, and ubiquitous communications that enhance such appli-
cation domains' achievements [68]. It ensures the connection of all real-world communi-
cations in a cyber-physical paradigm [69]. In addition, it provides an integration of elec-
tronic devices, tablets, smartphones, and other real elements that can share data and in-
formation either wirelessly or physically [67]. IoT technologies enhance the management
of devices and are associated with several benefits and attributes such as increased con-
nectivity, personalized monitoring systems, sensing, location, and identification [71]. The
technology presents capabilities to enhance managing chronic diseases and monitoring
daily fitness goals [72]. Within smart healthcare systems, IoT infrastructures can help to
bridge the gap between patient and their doctors [73]. The infrastructures can collect and
transmit crucial medical information from patients [74]. The healthcare providers can use
remote access to monitor patients and provide remote consultation services [75]. IoT com-
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bines technologies and digital tools such as sensors, local area networks, the internet, mi-
cro-controllers, actuators, and cloud computing technologies to obtain accurate patient
information and results.

5.4. Opportunities of Big Data in Health Care

The Centers for Medicare & Medicaid Services (CMS) and other key players in the
healthcare sector uses predictive modeling to prevent fraud. White [76] describes predic-
tive modeling as a process that use “statistical techniques and historical data to estimate
the probability of future results” (p.16). With the information analyzed, CMS contractors
can differentiate fraudulent and authentic claims before paying for services [77]. In addi-
tion, predictive modeling can be used to understand how patients benefit from care plans
[78]. For example, the model allows practitioners to identify population groups more
likely to benefit from certain care plans (Li et al., 2015) [66]. Therefore, it can be used to
improve resources allocation [79]. Healthcare providers can further use predictive mod-
eling to determine disease patterns and their impact on various population groups based
on characteristics such as geographical location, age, gender, or socioeconomic status.
Thus, the providers can develop and implement targeted investigations and preventions
to reduce the disease burden.

Another opportunity facilitated by big data is to make healthcare green. The diverse
operations within the healthcare industry have raised concerns over its environmental
impacts [23]. For instance, energy and water use and electronic waste (eWaste) can enor-
mously impact the environment, prompting health institutions and regulators to advocate
for green alternatives [80]. Combining big data analytics and cloud computing can help
reduce energy consumption [81]. For example, developing energy-efficient systems [82]
and application architecture such as virtual data storage and servers replacing traditional
IT infrastructure can lower IT power consumption [83]. Besides, the traditional data sys-
tems are significantly reliant on paperwork, adversely impacting forests and the environ-
ment. Thus, Godbole and Lamb [23] indicated that embracing Electronic Medical Records
(EMRs) can help hospitals avoid using approximately 1,044 tons of paper annually and
reduce carbon dioxide emissions by 1.7 million tons in the US. Therefore, embracing big
data and new technologies provide effective solutions to the prevailing environmental
and climate concerns.

Additionally, big data technologies are promoting the use of telemedicine, thus in-
creasing access to medical resources. Although telemedicine is not new, it was only acces-
sible to people in the cities and urban areas [84]. However, with big data, telemedicine is
now accessible to more people, including rural communities, consequently promoting
chronic disease management and enhancing elderly care [23]. In addition, reducing tra
veling to specialists can reduce gas emissions in the transportation industry since health
services can be accessed from a patient’s home or local facility.

5.5.Challenges of Big Data in Health Care

Despite the significant opportunities created by Big Data in the healthcare sector, em-
bracing the developments is faced with multiple problems. Data segmentation is a pri-
mary problem affecting the effective use of big data in healthcare [85]. For instance, the
financial and operational management teams store and manage administrative infor-
mation such as reimbursement claims and costs, while the EHRs store clinical data, in-
cluding diagnostic tests, progress notes, and medical history [76]. This segmentation lim-
its access and exchange of information needed to make clinical decisions. For instance,
combining clinical and socioeconomic data is identified as a critical opportunity for en-
hancing targeted medical investigations, personalized interventions, and modifying re-
source allocation policies [86]. However, storing data in silos throughout the organization
hinders these opportunities. Each department has access to a certain amount of data rele-
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vant to their tasks instead of all the data within the data management systems [87]. There-
fore, exploiting the opportunities presented by big data will require health organizations
to embrace data systems that allow unrestricted flow and access of information.

Another challenge undermining efforts to leverage big data analytics in healthcare is
concern about protecting patients’” privacy. Data analytics revolutionizing the industry
requires sharing data between key stakeholders, such as public health institutions, play-
ers, and providers [44]. However, these independent players, such as insurance compa-
nies and care providers, must protect patients from direct or indirect identification under
the Health Insurance Portability and Accountability Act [88]. However, White [76] indi-
cates that sharing patient information without identifying them while still maintaining its
usefulness is challenging. Thus, in collaborative practices, these institutions remove iden-
tifying data such as names, geographical locations, contact information, and medical rec-
ord numbers, among others [89]. This removal of some important information leads to
insufficient datasets that cannot achieve all desired objectives [90]. For example, in cases
where predictive modeling is used to determine disease patterns in certain locations or
among certain demographics, geographic subdivisions data and information on an indi-
vidual’s medical history such as admission and discharge dates are required. Thus, the
healthcare system needs to establish a strategy that balances data needs and patient pro-
tection policies to optimize big data technologies fully.

6. Conclusions

Big Data analytics have significantly impacted the healthcare sector by introducing
opportunities and technologies that provide practical solutions to various challenges. For
instance, data technologies can generate, process, and store large volumes of data to im-
prove medical practice. Big data frameworks integrated with health informatics include
EHRs, machine learning, predictive analytics, and the internet of things (IoT). Big data has
led to establishing the five pathways model of the healthcare system that involves dimen-
sions including right living, right care, right provider, right value, and right innovation.
Right living involves patients living a healthier and better life by actively participating in
their treatment. With digital technologies, patients have access to medical information,
which can be used to make decisions and better choices that enhance their wellbeing [35].
Right care ensures that all patients have access to effective treatment. This involves a co-
ordinated approach where caregivers within the network have access to similar infor-
mation and focus on achieving shared goals. Right provider involves assigning care de-
livery duties to the most talented practitioners to ensure high outcomes. Only the high-
performing professional with the right knowledge and skills needed to treat a patient’s
specific problems should be assigned the task [35]. Right value ensures that the outcomes
achieved match the costs of care; identify various measures that can be implemented to
increase financial transparency and reduce costs of care [43]. Right innovation ensures
that the data generated through big data is used to ensure consistent developments.
Through innovations, care providers can identify new interventions and strategies for de-
livering care, thus improving healthcare outcomes and efficiency [44]. Thus, this research
shows several practical implications that big data analytics has in healthcare related to the
opportunities created through the use of modern technologies for all stakeholders, includ-
ing patients and care providers. Investing in the right big data analytics tools and infra-
structures can improve clinicians, providers, and policy-makers capability to plan and
implement patient-centered and evidence-based interventions characterized by high-
quality care, low costs, and higher outcomes. Also, this research has made a theoretical
contribution by highlighting big data analytics as practical tools to support and revolu-
tionize the health sector. However, we consider that the study has some limitations. First,
for considering only the SCOPUS database for the Systematic Review of Bibliometric Lit-
erature and excluding the other indexing academic databases [28, 29, 30, 31]. Future stud-
ies may combine various databases for improved generalizability of the results. Second,
the review focused on English language publications and did not include other relevant
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publications in other languages. Third, the review process used articles and review pa-
pers, excluding other publications such as dissertations, books, and book chapters to ex-
tend the range of the data.
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Mixed-methods Case Study ...
Using data science &: big data ana-
2015 - - - 3 3 3 1 1 11
lytics to make healthca ...
Security Solutions for Big Data Ana-
2015 - - - 4 2 2 8
lytics in Healthcare
Mobile sensing and network analyt-
2015 - - 4 4 4 1 3 5 21
ics for realizing smart aut...
H-DRIVE: A Big Health Data Ana-
2015 - - - - 2 3 2 1 8

lytics Platform for Evidence-1. ..



https://doi.org/10.20944/preprints202203.0407.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2022 d0i:10.20944/preprints202203.0407.v1

Indoor Air Monitoring Platform and
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Personal Health Reporting ...
Big Data Analytics Framework for
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System Health Monitoring
Comparitive study on healthcare
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prediction systems using big ...
Adoption of big data analytics in
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Information accountability and
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based system for organizing ...
Implementation of electronic medi-
2014 - - - 2 1 2 1 1 7
cal record in community hea ...
Case studies: Big data analytics for
2014 - 1 - - - - 1 - 2
system health monitorin ...
Spatial big data analytics of influ-
2014 - 2 4 7 31 12 6 5 67
enza epidemie in Vellore, ...
Big Data in Health Informatics Ar-
, 2014 - 1 1 - - - 2 - 4
chitecture
Total 5 27 70 87 182 171 220 187 954
Source: own elaboration
Appendix B

Table A1. Overview of document self-citation period <2014 to 2021

Documents <2014 2015 2016 2017 2018 2019 2020 2021 Total
Autopsy, thanatopraxy, ceme-
Psy praxy 2021 - - - - - - - 2 2
teries and cremat...
Online status assessment o dis-
2020 - - - - - - - 6 6
tribution network transformer ...
Knowledge formulation in the
2020 - - - - - - - 1 1
health domain: A sem...
Random forest for big data clas-
2019 - - - - - 7 1 1 9
sification in the internet of..
Integrating wearable technolo
& & 8y 2019 - - - - - 2 4 6
products and big data analyt...
A big data architectu refor the
2019 - - - - - 1 1 - 2

extraction and analysis of E ...

lot-based healthcare remote 2019 - - - - - - - 1 1
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monitoring platform for ...

Analyzing countermeasure ef-

2019 - - - - - - - 2 2
fectiveness utilizing big ...
A prognostics and health man-
2019 - - - - - - - 1 1
agement framework forwind
Usability Evaluation of a Co-cre-
2019 - - - - - - 2 - 2
ated Big Data Analytics Plat...
Impact ofhealth differences and
2019 - - - - - - 2 2 4
longitudinal changes on dec. ..
Re-architecting oral healthcare
2018 - - - - - - 1 - 1
for the 21st century
Large scale integration of wire-
2018 - - - - - - 1 - 1
less sensor network technolog ...
Improving the use ofbig data an-
P 8 & 2018 - - - - - - 1 - 1
alytics within electronic he ...
Mist Data: Leveraging Mist
2018 - - - - - 4 1 - 5
Computing for Sec...
Big Data Analytics for Air Qual-
& Y Q 2017 - - - - 1 - - - 1
ity Monitoring ata Logistics ...
Efficient Large-scale Medical
2017 - - - - 1 1 1 - 3
Data (eHealth Big Data) ...
Integrating Big Data analytics,
8 &8 Y 2017 - - - - 1 1 2 1 5
virtual reality, and ARAIG t...
-Omic and Electronic Health
2017 - - - - 1 1 - - 2
Record Big Data Analytics ...
Mobile health application run-
2017 - - - - - - - 1 1
ning on public cloud ...
Big data analytics for continu-
2017 - - - 1 - - - 1 2
ous assessment of ...
Big data application: Study and
8 PP Y 2016 - - - - 1 - 1 - 2
archival of mental health da ...
Smart Clothing: Connecting Human
2016 - - 3 9 2 - 2 - 16
with Clouds and Big Data fo ...
Point-of-care testing in the time of
2016 - - - - 1 - - - 1
PS medicine: A preface
Big Social Data in Public Health: A
2016 - - - - 1 - - - 1
Mixed-methods Case Study ...
Using data science &: big data ana-
2015 - - - - 2 1 - - 3
lytics to make healthca ...
Mobile sensing and network analyt-
2015 - - 2 1 2 1 2 2 10

ics for realizing smart aut...
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H-DRIVE: A Big Health Data Ana-

2015 - - - - 1 2 - - 3
lytics Platform for Evidence-1. ..
Big Data Analytics Framework for
2015 - - - 3 - 4 - - 7
System Health Monitoring
Comparitive study on healthcare
2015 - - 1 - - - - - 1
prediction systems using big ...
Adoption of big data analytics in
2015 - - 1 - - - - - 1
healthcare: The efficiency ...
Digital fitness: Four principies for
2015 - 10 19 4 5 - - - 38
successful development ...
Spatial big data analytics of influ-
2014 - 1 2 4 18 3 - - 28
enza epidemie in Vellore, ...
Total - 11 28 22 37 26 20 25 169

Source: own elaboration
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