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Introduction: Many transformations and uncertainties, such as the fourth industrial revolution and pandemics, have propelled
healthcare acceptance and deployment of health information systems (HIS). External and internal determinants aligning with the
global course influence their deployments. At the epic is digitalization, which generates endless data that has permeated healthcare.
The continuous proliferation of complex and dynamic healthcare data is the digitalization frontier in healthcare that necessitates
attention.

Objective: This study explores the existing body of information on HIS for healthcare through the data lens to present a data-driven
paradigm for healthcare augmentation paramount to attaining a sustainable and resilient HIS.

Method: Preferred Reporting Items for Systematic Reviews and Meta-Analyses: PRISMA-compliant in-depth literature review was
conducted systematically to synthesize and analyze the literature content to ascertain the value disposition of HIS data in healthcare
delivery.

Results: This study details the aspects of a data-driven paradigm for robust and sustainable HIS for health care applications. Data
source, data action and decisions, data sciences techniques, serialization of data sciences techniques in the HIS, and data insight
implementation and application are data-driven features expounded. These are essential data-driven paradigm building blocks that
need iteration to succeed.

Discussions: Existing literature considers insurgent data in healthcare challenging, disruptive, and potentially revolutionary. This
view echoes the current healthcare quandary of good and bad data availability. Thus, data-driven insights are essential for building
a resilient and sustainable HIS. People, technology, and tasks dominated prior HIS frameworks, with few data-centric facets.
Improving healthcare and the HIS requires identifying and integrating crucial data elements.

Conclusion: The paper presented a data-driven paradigm for a resilient and sustainable HIS. The findings show that data-driven track
and components are essential to improve healthcare using data analytics insights. It provides an integrated footing for data analytics to
support and effectively assist health care delivery.
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Introduction

The hallmark digitalised transformation within the healthcare arena has been characterised by the continuous growth of
healthcare data, which has been considered complex and dynamic.' Over time, the global data influx has resulted in many
blessings and challenges in several industries, especially healthcare.”® Among the blessings is the availability of
intelligent decisions and actions to enhance competitive advantage. Many other profitable undertakings that shape
organisations, such as data-driven strategies and planning, have been realised in many industries. Concomitantly, there

were also many dares in the data. In many areas, issues such as violation of privacy, data structure, and social

stratification are some of the known challenges posed by the influx of data, particularly in healthcare.'*?
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Nevertheless, data within the healthcare sector are highly relevant, and at the same time, data can enhance or sabotage
healthcare.

Within healthcare, HIS is a key handler of health-related data. Its deployment has imparted healthcare in many ways
in which traditional healthcare systems have been failed. Information and data exchange is one of the main tasks of the
HIS, which has been the focus of its offerings within the healthcare industry."® Many processes and healthcare
applications have been advanced by HIS.>” However, their deployment is not flawless but entrenched with enough
dare, which warrants the need for their augmentation.® Along with this demand for a resilient and sustainable HIS for
healthcare is the need for quality data. The need for quality data is one of the reported dares associated with HIS
adoption.'®

Data quality in HIS is fundamental in the execution of knowledge to specialists who rely on it for many processes,
such as planning, decision-making and precision healthcare.*” The mediating role of HIS within healthcare enables the
exchange of data and information that contributes significantly to health.*'® Despite this, health data within the HIS are
considered to be complex and require computational processes that are regarded as challenging.'' Regardless of this
premise, the reliance of specialists on health data remains constant due to the fact that many decision-making and
planning processes emanate from HIS data. However, many data science applications have been employed to highlight
the contributions and potential of data insights in augmenting healthcare.

Extant literature reveals insurgent data within healthcare to be problematic and disruptive and, at the same time,
embedded with the potential to revolutionise healthcare.'® Several issues, such as data quality, security, and governance,
are some of the prominent challenges constantly foreshowed in the healthcare context.'>'? Thus, studies that explore the
existing body of research on HIS for healthcare through data lenses are crucial. Therefore, the objective of this paper is to
explore the existing body of research on HIS for healthcare through the data lens to present a data-driven paradigm for
healthcare augmentation that is paramount to the attainment of sustainable and resilient HIS for healthcare. This study
highlights previous data science techniques employed in healthcare. It builds on these prior work to present a data
impetus underpinning a resilient and sustainable HIS for healthcare applications, capitalising on the data-driven track to
enable sustainable and resilient HIS for healthcare that harnesses data-generated insights to render quality health
services.'*

This paper is organised into sections that begin with the introduction (1) and an overview of the existing HIS
frameworks for healthcare (2). Data-driven paradigm for resilient and sustainable HIS in healthcare (3). Data sources (4).
Data actions and decisions (5). Data science techniques (6). Data technique serialisation in HIS (7). The data insights
implementation and applications (8). The conclusion (9) that finalizes the paper.

Methods

The methodology adopted in this study was a systematic, comprehensive literature review. This study is conducted
systematically to synthesise the extant literature within the context and analyse the content to ascertain the value
disposition of data in the HIS in relation to healthcare delivery. Several search engines were used to retrieve related
research publications that fit the scope and context of this study. The main database used was the Web of Science.
Other databases, such as SCOPUS and Google Scholar, were used to obtain additional relevant work associated with
the context. Only articles containing references to the keywords HIS, information, healthcare, health data, and related
healthcare systems were analysed scrupulously for inclusion criteria. Publications that were not within the scope or
context of the study were excluded. The main exclusion criteria were based on publications that did not constitute
a journal or conference proceedings and were not written in English. Articles that did not have the keywords such as
health information systems, healthcare and data were also excluded as they did not align with the scope of inquiry. The
research materials were aggregated for synthesis following the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) framework. This methodology was preferred over others, such as scoping and content
review, because it allowed for more in-depth inquest. Figure 1, the PRISMA flow statement, demonstrates the
methodological phases of this research, along with the exclusion and inclusion criteria implemented for the study
synthesis.
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Figure | Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow statement for the study.

Related Work and Discussion

His Implemented Frameworks for Health Care Applications

A critical review of the extant literature reveals that many benefits of HIS for healthcare applications are compromised by
determinants such as inadequate resources, incompetent staff, data dissemination issues, and investment concerns.” %13
Therefore, to harness HIS potential, many authors have presented frameworks for its enactment in healthcare.'®™"”
However, extant literature has identified the initial design of the information framework as one of the dares for HIS
implementation, revealing the fault line revolving around the ease of access and utilisation of the relevant stakeholders.?
Several frameworks have been developed and reported in the discourse on HIS for healthcare applications, many of
which have been technologically and socially driven.?!** A popular framework is the Technological Acceptance Model
(TAM) employed in HIS to ascertain the perceptions that drive its adoption.'***** The “Human, Organization, Process
and Technology-fit” (HO(P)T-Fit) framework is another that builds on the foundational “Human, Organization, Process
and Technology-fit” (HOT-Fit) framework, designed to decrease HIS-induced medical errors and enhance health safety.?
Other frameworks include the information success system model (ISSM),?® task-technology fit — TTF,>’ Extended
Technology Acceptance model — TAM2,?® Fit between individuals, tasks, and technology (FITT), and unified theory
of acceptance and use of technology — UTAUT.? ** These have been collectively employed in the health arena to drive
the enhancement and adoption of HIS for health care applications.'**°

Conceptual and research frameworks were developed along the same line.'”?%**° Helwig, Bishop-Williams,

Berrang-Ford, Lwasa, Namanya and Grp’® accentuate the importance of HIS evaluation using an eco-health
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framework that highlights stakeholders’ worth. However, despite the development and implementation of these
frameworks, HIS enactment still suffers from major drawbacks that limit its potential in health care applications.
As a result, there is evidence of a hiatus that needs to be filled to maximise the potential of HIS in the
enhancement of health care applications. Furthermore, while there have been many technological focus frame-
works in the current knowledge of HIS, there are limited data-centric frameworks. Consequently, most HIS
frameworks are utterly bereft from the perspective of data sciences, which has enormous potential to leverage
the contribution of modern-day data analytics. Furthermore, they fail to provide cutting-edge solutions for many
problems associated with HIS and healthcare applications. Thus, this study sought to develop a data-driven
framework for a resilient and sustainable HIS for healthcare applications to curb some of the HIS dares within
the healthcare arena.

A Data-Driven Paradigm for Resilient and Sustainable HIS for Health Care
Applications

The impetus for a data-driven paradigm for resilient and sustainable HIS for health care applications is grounded in its
evolutionary capabilities, which afford many promising features, such as ease of access, intelligent decision-making, and
seamless processes. Mohd Nor, Taib, Saad, Zaini, Ahmad, Ahmad and Dhillon®” asserted the future inference of data
mining to healthcare development as a source of opportunities for enhancing healthcare applications. Several applications
of data sciences in the healthcare arena have been alluded to provide insight from clinical narratives and unstructured
data. Data science techniques such as dimensionality reduction, rule-based mining, natural language processing, machine
learning, and deep learning have been employed in many healthcare areas to enhance health care applications.® !
Computational enhancement applications, such as machine learning, deep learning, and artificial intelligence, have been
deployed in many sectors, where their input has afforded quality service delivery. In the healthcare arena, related work
such as “natural language processing”, “machine learning”, and “deep learning” has been done.'"***° However, there
are challenges associated with healthcare data that have led to many shortcomings in computational applications. A study
by Flora, Margaret and Dan’° identifies the incapability of qualifying, scrutinising, and using data to plan and manage
service delivery. Negro-Calduch, Azzopardi-Muscat, Krishnamurthy and Novillo-Ortiz' state that the nature of healthcare
datasets and its associated nature poses various dares allied with their processing, privacy, security, storage, analysis, data
exchange, and usability.

Notwithstanding, Chen, Yu, Hailey and Cui’' theorise that empirical testing and contextual analysis are essential
components associated with data collection processes that can be used to develop frameworks for HIS.>* Thus, this study
aimed to create a resilient and sustainable HIS for health care applications using a data-driven paradigm. An overview of
the data-driven paradigm for resilient and sustainable HIS for health care applications is shown in Figure 2. The figure
shows the healthcare environment in which the HIS is deployed.

The deployed HIS is intended to serve healthcare stakeholders at different levels of care and management functions.
These modules independently handle functions associated with care and management such as diagnostics, admission,
treatment, discharge, and resources allocation. Both Modules directly interact with the health care application processes.
These processes in the healthcare environment iterate across four principal functions: planning, engineering, transition,
and operations. Every health care application provided by healthcare providers is first and foremost planned, engineered,
transitioned, and operated. In the planning phase, what needs to be done is defined. The process is modelled in the
engineering phase before it reaches the transition stage, where it is deployed into a practical enactment. The next step is
the operation stage in which the actions are executed. Across the environment, data that required analysis are generated.
From the data analysed, insights are generated that, when applied, will transform and aid healthcare services. A post-
enactment action serves as a surveyor of the entire framework. This captures the sociotechnical premise that posits that
technology and human intervention are equally valuable in providing efficient and effective healthcare. This flow
demonstrates how data transverses across the environment, indicating the actions to be implemented to attain

a resilient and sustainable HIS for healthcare applications.
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Figure 2 Data-driven paradigm for a resilient and sustainable HIS for health care applications; Source: Author.

Data Sources

Contingent to the type of HIS instance, health data output emerges from the health care applications.” >® These data
frequently have been regarded with contentions around many data-associated issues such as the size, access and
exchanges.”’”® Azzopardi-Muscat, Kluge, Asma and Novillo-Ortiz>® accentuated the need to strengthen data and
information systems for unobstructed interchanges. These needs are anchored in the inability to leverage the vast
availability of various health data emerging from the HIS. The extant literature identifies the lack of health data
standardisation as a major barrier and the basis of an unprecedented global crisis affecting many nations.””>* Several
reasons for the lack of data definition, calculation, and formats have been associated with the delay in data relay between
the HIS and different instances generating data. Coupled with the dearth of integration, interoperability, and trained
personnel to manage and utilise these data within the health system have necessitated the need for a data-driven paradigm
for resilient and sustainable HIS for health care applications within the healthcare arena.’®®® Thus, case study data
revolves around health care applications directly linked to HIS and healthcare stakeholders.

Data Action and Decisions

Data generated from health care applications within the healthcare arena are required to be timely, credible, reliable and
actionable to enable decisions that are data-driven as well as to enable considerate monitoring and forecasting within the
healthcare setting.”®>*°* Decision-making occurs in different sectors within the healthcare space. For these decisions to
be made, data from different modules were targeted in the HIS environment. However, the absence of insight from the
data generated within this environment can hinder the effectiveness of decisionmaking and their precision.®> Gesicho and
Babic®' reported that data underuse in decision-making at various health system levels is prevalent. Thus, data-driven
actions are essential for critical decision-making associated with health care applications and future health
challenges.”>*7%%* The extant literature reveals that the foremost action for a data-driven decision is dependent on
the mechanism established.>'">%% According to Azzopardi-Muscat, Kluge, Asma and Novillo-Ortiz,>® the impetus of
this mechanism is to facilitate data coordination, use, and comparison in both national and international settings to foster
effective coordination and centralisation of diverse data sources. Thus, decision-making employed this contraption to

assimilate and dissimilate consistent and complete data.*®
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Furthermore, extant literature posits that data needs and related processes associated with their flow must be defined
to enforce the rapid intervention needed for health care enhancement.***® Figure 3 illustrates the pathway of effectors’
decision-making supported by the HIS emerging from the data provided. The decision pathway espoused by Panerai®
demonstrates that the foremost data tract influences the healthcare sector. This track stems from the data generated
primarily from the determinants of health and flows through the HIS environment, necessitating an action that requires
decision-making. However, it identified political, environmental, social, technological, economic, and legal (PESTEL)
constraints that affect decision-making in the healthcare system. Health policy, resource allocation, and health services
are effectors determined by decisions emanating from environmental data. The overall impact depends on the population,
including health levels, equity, and satisfaction. The data inference maintains a stronghold for effectors and the people in

the HIS environment.

Data Science Techniques
The emergence of data sciences, in conjunction with statistics and science, has been subsidised to deal with the plethora
of data surges. Extant literature has heralded it as a multimodal paradigm that incorporates knowledge production and
scientific discovery.'>**7 It is also considered to have evolved as a function to curb many ill-defined qualms associated
with data, regardless of the discipline. Priestley and McGrath® posited these applications to be the catalysts emerging
from the fusion of statistics and computer science at their peripheries, fashioning an academic ‘“heterosis” that retort to
the emergence of a novel problem set, for which the different silo discipline was ill-equipped to tackle. Thus, data science
is an umbrella of computerised applications that provide analytical insights when deployed.®® It is posited to provide
descriptive, predictive, and prescriptive analytics that deliver outcomes for precise and imprecise problems and
challenges.®* 7% Specifically, it provides insights into happenings to ascertain a well-defined outcome, predict future
outcomes accurately, and enable the best possible decisions and actions.”*”’> Thus, within the healthcare arena, the
employment of data science affords health analytics that entail a vast majority of applications that enhance health care
applications through prevention, diagnosis, and streamlining operations.®®”*”® However, despite these impactful offer-
ings and promises of data science capabilities, “datafication” within the healthcare setting is considered a source of data-
centric dares and prospects.®® Jeffery, Pagano, Hemingway and Valadez’’ associate meagre outcomes and verdicts with
data impediments such as quality.

Nevertheless, powerful applications of data science techniques in healthcare have revolutionised healthcare
applications.’® These techniques, spanning the pre-processing of data and exploratory data analysis to modelling data,

Determinants of health

A

<«

EFFECTORS POPULATION
D
A DECISION * N
—
T HIS MAKING Health policy *
A * Health levels
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A PESTEL constraints * o
Health Satisfaction
services
Figure 3 Effectors decision making pathway supported by HIS (Source; Panerai 2014).
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have proven indispensable for healthcare analytics that enhance health care applications. In a data-driven paradigm, these
techniques are proposed for incorporation into the HIS to render it sustainable and resilient in pursuing quality health
care. Table 1 presents some instances of different data science techniques employed in the healthcare arena for health
care applications.

The Serialization of Data Science Techniques within the Health Information System
There have been many applications of data science techniques within the healthcare arena to provide insights needed to
transform health care delivery. Many of these applications have been applied to data emerging from the HIS and
experimented with outside its milieu. The need to incorporate serialisation of data science techniques within the HIS
provides a direct stream to implement insights from data and support intelligent decisions. Implementing this will address
many of the existing challenges in the healthcare arena. Benefits, such as reduced time and intelligent decision support,
will be enacted within the healthcare arena for HIS and health care applications. These will subsequently afford and
enable ubiquitous HIS support for health care and health management modules as well as health care applications. Across
the different nodes within the HIS, the data analytics serialisation converts the insights generated from the data analysis
and channels to the appropriate area where they can be utilised to enhance health care applications.

Data Insights Implementation and Applications

The contribution of HIS data is paramount to delivering efficient and quality health care applications, and it has been alluded to
as substantial in development within the healthcare arena.”® The integration of data science techniques, such as machine
learning modelling and artificial intelligence that focuses on data, is also considered paramount to the attainment of resilient
and sustainable HIS for health care applications. Many insights generated from application data science techniques have been
successfully portrayed and deployed to address health care application challenges. Although many computational system
designs are emerging with a keen anchor in data sciences, a lack of incorporation of the generated insight into the
computational pipeline is evident within the healthcare space. This phenomenon is apparent in HIS, where data heterogeneity
is a practical challenge hindering integration.” Thus, a resilient and sustainable HIS for health care applications is envisioned

Table | Data Sciences Techniques Deployed in the Health Arena for Health Care Applications

Authors Data Science Method/ Healthcare Area Data

Techniques

Tamm, Jones, Perry, Campbell, Carten, Davies, Galdikas, Natural language processing Clinical data on colorectal cancer
English, Garbett, Glampson, Harris, Khan, Little, Malcomson, (NLP)
Matharu, Mayer, Mercuri, Morris, Muirhead, Norris, O’Hara,
Papadimitriou, Peek, Renehan, Roadknight, Starling, Teare,

. . 78
Turner, Varnai, Wasan, Woods and Cunningham

You, Doubova, Pinto-Masis, Pérez-Cuevas, Borja-Aburto and Machine Learning (ML) Patients with type 2 diabetes
Hubbard*®
Feldman, Thomas-Bachli, Forsyth, Patel and Khan®® NLP and ML Identify disease activity from digital media
reports
Martins, Ferreira, Neto, Abelha and Machado”? Data Mining Techniques Cardiovascular Disease Prediction
(DMTs) — ML

Medic, Kosaner KlieSs, Atallah, Weichert, Panda, Postma and Deep Learning (DL), ML and Clinical Decision Support Systems in intensive
El-Kerdi”® NLP care for the prognosis and identification of
three disease states

Shimpi, McRoy, Zhao, Wu and Acharya72 DL, ML Periodontitis Decision Support Systems model
Neto, Senra, Leite, Rei, Rodrigues, Ferreira and Machado”* ML Prediction of Hospital Readmission of Diabetic
Patients.
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to incorporate intensive data analysis and modelling for intelligent and ambient healthcare. Combining these capabilities
afforded by health technologies to leverage the potential of data analytics to provide practical evidence that can be used to
initiate health care applications such as diagnosis and treatment, as well as to prevent and detect occurrences of health care
events is indespensable.®® Therefore, the insights emerging from analysed health data can be deployed in all areas associated
with and influenced by the data, facilitating health care applications using a data-driven paradigm.® The enactment of a data-
driven paradigm for resilient and sustainable HIS for health care applications is unparalleled in this digitalisation era.®' It
serves as a mechanism to uplift current healthcare systems.*

Conclusions

Several applications of data sciences in the healthcare arena have been alluded to provide insight from clinical narratives
and unstructured data. Data science techniques that provide descriptive, predictive, and prescriptive capabilities are
highly significant for revolutionising healthcare applications. Although HIS have been transforming healthcare practices
over the years, there have been significant concerns about their forte and aptitude to be harnessed. Implementing a data-
driven strategy is an important step in the realisation of sustainable healthcare, as it provides an integrated footing for
data analytics to support and assist effective and efficient health care delivery.

The aim of this study was to explore the existing body of research on HIS for healthcare through the data lens to
present a data-driven paradigm for healthcare augmentation that is paramount to the attainment of sustainable and
resilient HIS for healthcare. A novel data-driven paradigm for resilient and sustainable HIS in health care applications is
recommended to satisfy this aim. The outline of the data-driven paradigm serves as a robust and reproducible pipeline
that can be employed to enhance health care applications in the HIS environment. Thus, the data-driven paradigm for
a resilient and sustainable HIS converges the collaboration and support of technological advancement to leverage its
abilities and potential to employ data insights for health care applications. Future research is required to implement and
benefit from data-driven paradigms.
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