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ABSTRACT

As the world advances, the population increases and many economic gradients are
impacted in several sectors. The need for an information system that affords intelligent and
valuable insights is a potential upshot to targeting some of the challenges of the current global
transformation. In the healthcare sector, an integrated information system that is salient in
augmenting and enabling healthcare is highly demanded. Thus, a sustainable and resilient
Health Information System (HIS) for quality health care applications in the healthcare space is
paramount. This premise is substantiated by the need for real-time elucidations from an
information system like the HIS that is transient between time and space to enable healthcare
applications for all healthcare stakeholders. However, the current HIS has been posited in extant
literature to be flawed in affording enhanced healthcare. Accordingly, deploying HIS

practically has been challenging with isolated stakeholders' involvement.

Although HIS is inadequate, it still maintains a firm position in the healthcare systems.
The WHO acknowledges its disposition as a core enabling constituent of healthcare and a vital
tool to realise pressing healthcare agendas. Extant literature further asserts the potential of HIS
in realising the sustainable development goal related to health and well-being. Recognising the
value and benefits of HIS necessitates harnessing technological advancement to augment its
capabilities and leverage its weaknesses. Thus, this thesis investigates the HIS for heathcare
applications via a data-driven paradigm with maximum inferences to the stakeholders within
the healthcare arena. This thesis pinpoints and constructs the development of sustainable and

resilient HIS from a data-driven angle as necessary for healthcare augmentation.

The thesis uses a research methodology that traversed the study's main aim at the
intersection of design science research and data sciences in conjunction with a socio-
technological concept to afford a resilient and sustainable HIS for health care applications. To
uncover the knowledge-creation capabilities of health data within the HIS environment and
revolutionise healthcare. Additionally, it highlights data science techniques that have been
deployed in the health arena for health care applications. The thesis also illustrates the
importance of data sciences serialisation and its implementation within the healthcare arena.
This study develops a novel framework for HIS for healthcare that takes advantage of data to

provide a resolution to counter the challenges experience with their deployment and utilisation.
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The concerns of HIS juxtaposition that have resulted in inadequate healthcare and
impermanence among stakeholders are also considered in this thesis. The proposed framework

integrates the socio-technical stance in the face of digitalisation and globalisation.

The thesis’ findings stem from a deeper delve into extant literature to substantiate the
knowledge, constraints, and perception of HIS deliverables. In the course of this study, the
performance of HIS and health care applications was uncovered from the analysis of the extant
body of gen on healthcare to highlight the significance of HIS within the healthcare space. The
findings substantiated the value of HIS and unveiled its untapped benefits to the healthcare
arena. It also highlights an overview of the existing HIS framework, which established the data-
driven paradigm for HIS sustainability and resiliency. It further discusses data sources, actions
and decisions within the healthcare arena. Demonstrating a pragmatic application of generated
insights from data sciences techniques urgently needed to transmute the healthcare systems and
respond to its associated dares. A practical enactment of this efficient and effective holistic
model framework that incorporates data sciences to attain a robust, resilient and sustainable
HIS for health care applications is envisioned to benefit healthcare stakeholders significantly.
In addition, deploying and implementing the proposed framework would benefit the global

healthcare stakeholders to attain its goal of universal healthcare coverage at a minimal cost.
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CHAPTER ONE: STUDY INTRODUCTION AND
BACKGROUND

1.1 Introduction

The current Health Information System (HIS) is considered the core enabling support
that implements digitalisation within healthcare (Tummers et al. 2021a). The deployment of
HIS has enabled remarkable permeation of technological advancement within the healthcare
arena. Overcoming hurdles that included usability and compatibility concerns to fit perfectly in
attaining enhanced health care applications (Gamal, Barakat and Rezk 2021). Many reports
assert the potential of HIS and posit its tremendous support for the healthcare system
(Tangcharoensathien, Mills and Palu 2015; Sahay, Nielsen and Latifov 2018; Gamal, Barakat
and Rezk 2021; Nicol et al. 2021). Evidence that asserts this premise is visible in the role of
HIS in attending to the pandemic as well as unifying and digitising information within the

global space (Al-Marsy, Chaudhary and Rodger 2021; Ye 2021; Feteira-Santos et al. 2022).

The current position of HIS today within the healthcare system features an information
system that is absorbing and enacting current technology such as blockchain, cloud and data
sciences (Al-Marsy, Chaudhary and Rodger 2021; Gamal, Barakat and Rezk 2021; Tummers
et al. 2021a; Mnyawi et al. 2022). However, the progress and development of HIS have led to
increasing challenges associated with the demand for enhanced HIS for health care applications.
Hypothetically, the extolled HIS is acclaimed for its essential role in enabling gen flow and
facilitating integration and interoperability for several units within the healthcare arena (English
et al. 2011; Kien et al. 2018; Alahmar, Crupi and Benlamri 2020; Al-Marsy, Chaudhary and
Rodger 2021). In practice, on the other hand, HIS is considered fragmented and symmetrical,

1



resulting in distorted functions and even death (Sahay, Nielsen and Latifov 2018; Mejia Medina
et al. 2019; Epizitone 2022). Thus emphasizing the demand for proficient strategic management
and improvement of current HIS. Additionally, several prior studies identified the meagreness
of HIS in addressing international healthcare systems transformation (Sahay, Rashidian and
Doctor 2020; Ostern et al. 2021; Epizitone 2022). The aforementioned phenomena confronting
HIS posit a gap that necessitates more studies. Thus, through an integrated data science
approach, this study seeks to present a framework to develop a resilient and sustainable HIS
that will enhance the current HIS and provide empirical findings that realign the global

healthcare transformation.

1.2 Study background

The benefits of an integrated information system in healthcare have been acknowledged
in the literature, with several scholars authenticating the capital accumulation it brings to the
domain (Lluch 2011; Nguyen 2015; Dehnavieh et al. 2019; Najimudeen, Aldheleai and
Ubaidullah 2021; Ostern ef al. 2021; Epizitone 2022). According to English et al. (2011), for
healthcare delivery to be worthwhile, an astute integrated information system (IS) is crucial.
Several scholars have rendered tributes to the efficacious placement of HIS, especially in these
times (Kivinen and Lammintakanen 2013; Sahay, Rashidian and Doctor 2020; Najimudeen,
Aldheleai and Ubaidullah 2021; Ostern et al. 2021; Epizitone 2022). Nonetheless, there are
numerous ongoing challenges centred on institutional and technological optics that limit the
potential of HIS to deliver quality healthcare (English ef al. 2011; Kivinen and Lammintakanen
2013; Waterson, Hoonakker and Carayon 2013; Park 2016; Chen, Baird and Straub 2019;

Sahay, Rashidian and Doctor 2020; Ostern et al. 2021; Epizitone 2022).



According to these scholars, exploration of HIS is regarded as crucial for the attainment
of two exigent primacies of global health, namely, ‘universal health coverage’ and ‘civil
registration’ and ‘vital statistics systems’ (Dye, Reeder and Terry 2013; WHO 2013; Anwar et
al. 2018; Boerma et al. 2018; Sahay, Nielsen and Latifov 2018; Nicol ef al. 2021; Epizitone
2022). Moreover, the realisation of the sustainable development goals focus on healthcare and
IT infrastructure by 2030 is dependent on HIS revisions (AbouZahr and Boerma 2005; Haux
2006; Sahay, Nielsen and Latifov 2018; Mills, Lee and Rassekh 2019; Sahay, Rashidian and
Doctor 2020; Epizitone 2022). Nevertheless, existing insights on HIS research state otherwise
regarding the position of the HIS research offerings (Epizitone 2022). Several authors also
alleged the shortfall of previous studies in ameliorating evolving and foreseen revolution to the
complex healthcare system (Chen, Baird and Straub 2019; Sahay, Rashidian and Doctor 2020;
Ostern et al. 2021; Tummers et al. 2021a; Epizitone 2022). Ostern et al. (2021) complain about
the concentration of HIS exploration on trivial issues and the lack of acknowledgement of
transformative apprehensions within the healthcare arena. Additionally, several scholars
express disappointing apprehensions on the attainment of long-lasting vicissitudes in the
healthcare industries (Eslami Andargoli et al. 2017; Chen, Baird and Straub 2019; Ostern et al.

2021; Epizitone 2022).

A critical assessment of extant literature further emphasizes the necessity for prescient
HIS investigation to leverage its ability to unravel systemic healthcare flaws (Epizitone 2022).
In a bid to supply viable elucidations suited for the healthcare systems and its numerous actors,
such as healthcare professionals, authorities, and technology providers (Ostern et al. 2021;
Epizitone 2022). Lluch (2011) stresses the demand for auxiliary investigation for HIS prime
augmentation and viable applications. Additionally, several authors query the adequacy of the

current HIS in delivering quality healthcare (Sahay, Rashidian and Doctor 2020; Najimudeen,



Aldheleai and Ubaidullah 2021; Epizitone 2022). According to Najimudeen, Aldheleai and
Ubaidullah (2021), the restricted usage of HIS is attributed to impediments such as the lack of
basic amenities, specialists, healthcare workers' e-readiness, and analytical intricacies.
Dehnavieh et al. (2019) categorise these HIS’ dares as operational, accentuating them on the
experiences of the healthcare stakeholders. Tummers ef al. (2021a) study on HIS identified 69
associated obstacles cited in extant literature. These writers advocate for further studies to
bolster the HIS and improve healthcare applications (English et al. 2011; Dehnavieh et al. 2019;
Sahay, Rashidian and Doctor 2020; Epizitone 2022). A hiatus that this thesis seeks to fill by

proposing appropriate improvements to make the current HIS resilient and sustainable.

Furthermore, HIS investigation in extant literature disclosed the lack of empirical rigour
(Sahay, Nielsen and Latifov 2018; Sahay, Rashidian and Doctor 2020; Ostern et al. 2021;
Epizitone 2022). These findings highlight the need for scientific “HIS” research and serve as
the basis for this thesis. Additionally, many other investigations globally reveal a high amount
of HIS dares encountered in developing countries where they are adopted (Najimudeen,
Aldheleai and Ubaidullah 2021). Whereas in developed nations, numerous advances have been
realised. Several authors insisted that these dares are one of the main reasons for stunted HIS
growth, affecting decision-making (Dehnavieh et al. 2019; Delnord et al. 2021; Epizitone
2022). With decision making being critical within the healthcare system, the chaotic and
fragmented state of HIS has been proven to be problematic (Karuri et al. 2014; Gatta et al.

2020). Thus the demand for more investigations that embraces these concerns is paramount.



1.3 Practical motivation

The need to strengthen the HIS has been enthused by aspects such as the lack of
evidence base decision making in the healthcare pitch (Farnham et al. 2020; Saigi-Rubio et al.
2021; Chanyalew et al. 2022). A strengthened HIS goes a long way to improving healthcare
service delivery and quality (Nadri et al. 2017; Benbrahim, Hachimi and Amine 2018;
Moghaddasi et al. 2018; Rudd et al. 2019; Biru et al. 2022). Undoubtedly, the lack of a resilient
and sustainable HIS resulting from the existing challenges confronting the HIS infrastructure is
affecting its stakeholders (Mejia Medina et al. 2019). Grosjean, Bate and Mestre (2020) contend
that HIS deployed technologies have wielded adverse outcomes on its stakeholders. Many
countries still suffer from eerie challenges regardless of the numerous benefits of an efficacious
HIS. Grosjean et al. (2022) attribute these dares to the primary focus of technological solutions
that are responsive rather than pre-emptive, indicating the need for a conventional approach
that develops strategies that curb these challenges rather than providing solutions as they occur.

Additionally, several authors highlight the dithering fragmentation of HIS within the
local, national and global settings as a significant challenge (Braa and Sahay 2012; Sahay,
Nielsen and Latifov 2018; Sahay, Rashidian and Doctor 2020). These issues confronting the
HIS have limited the benefits that can be harnessed from their deployment. Necessitating the
need for scientific cutting-edge design research intensive methods to generate pertinent, astute
and valuable strategic solutions to critical problems facing the HIS enactment and application

globally.



1.4 Theoretical motivation

In the midst of the fourth industrial revolution, the modernization of the healthcare
industry has been met with a great deal of resistance and difficulty. Among these are the lack
of active stakeholders’ engagement and the complexity of the technical deployment in the
healthcare sector. The realization and construction of a reliable healthcare information system
have been linked to the significant role play of technology. Benefits such as improved
healthcare, longevity and more efficient information transmission have been linked to
technological advancements (Epizitone 2022). However, despite the widespread adoption of
digital technologies throughout the healthcare industry, a number of obstacles, including
integration and fragmentation, have been wreaking havoc on the structure of the HIS, which in
turn has influenced decision-making and the distribution of resources (Kien ef al. 2018; Murad
2018; Epizitone 2022). Theoretically, there have been several studies that primarily focus on
the deployment and benefits of HIS on healthcare applications (Sahay, Nielsen and Latifov
2018; Dehnavieh et al. 2019; Sahay, Rashidian and Doctor 2020; Ostern et al. 2021). Many
studies that have been conducted adopted the theoretical lens that employs the evidence base
research and practice (Paré and Kitsiou 2017) to afford elucidations on information systems
phenomena. Limited studies have embraced the socio-technical components in developing HIS
(Palojoki et al. 2017; Pavao et al. 2017). This theory postulates that stakeholders and
technologies are equally valuable; hence stakeholder perspectives should be incorporated into

the design of Information and Communication Technology (ICT).

Additionally, extant literature reveals the lack of stakeholders’ perspectives in the
development of technological solutions for healthcare applications (Pavao et al. 2017,

Grosjean, Bate and Mestre 2020). Pavao et al. (2017) argue that despite HISs’ potential, it



remained underutilized by healthcare stakeholders. These studies identify a gap in research that
employs the socio-technical lens, indicating the need for a theoretical approach that explores
the socio-technical components in the development of ameliorations. As a result, studies that
tackle HIS phenomena via the deployment of design science that incorporates the socio-
technical components (actors, institutions and the technological infrastructure) are required
(Gregor 2006; Kalong and Yusof 2017; Baskerville et al. 2018; Grosjean, Bate and Mestre
2020; Grosjean et al. 2022). Therefore, this study proposes to develop a “resilient and
sustainable information system for Health Care applications”; and enhance the knowledge of
HIS’s implementation through the novel integration of data science and machine learning
techniques in the traction of “Design Science Research” (DSR). It is envisaged that the
realisation of the objectives of this study will contribute toward the attainment of a strengthened
HIS, and the artefact developed by this study will be used to create and drive initiatives that

strengthen the healthcare capabilities and effective utilisation by stakeholders.

1.5 Statement of the problem

Over the course of the past few decades, information technology (IT) has offered a
variety of fields, not only opportunities but also obstacles of similar magnitude. In point of fact,
within the realm of healthcare, IT applications, specifically HISs, have been instrumental in
expediting many benefits and revolutions, such as eHealth, telehealth and mHealth (Momany
et al. 2017; Ammenwerth et al. 2020; Ostern et al. 2021; Persano et al. 2021; Epizitone 2022;
Mnyawi ef al. 2022). In addition, the accurate decision-making capabilities made possible by
HIS are a large part of the reasons why so many countries have invested in and adopted these

systems (Park 2016; Jeffery et al. 2018; Murad 2018; Chen, Baird and Straub 2019; Jabareen,



Khader and Taweel 2020; Ostern et al. 2021; Epizitone, Moyane and Agbehadji 2022).
Regrettably, in the midst of all of this digitalization in the healthcare industry, there have been
a variety of obstacles proffered, including integration, data quality, and the composition of the
HIS (Sahay, Nielsen and Latifov 2018; Farnham et al. 2020; Najimudeen, Aldheleai and
Ubaidullah 2021; Ostern et al. 2021; Epizitone 2022; Epizitone, Moyane and Agbehadji 2022).
According to the researchers, this can be attributed to a lack of apprehension regarding the
revolutionary changes occurring in the healthcare system and the requirement for a more robust
HIS (Sahay, Nielsen and Latifov 2018; Chen, Baird and Straub 2019; Sahay, Rashidian and
Doctor 2020; Ostern et al. 2021; Epizitone 2022; Epizitone, Moyane and Agbehadji 2022). As
a result, it is crucial and essential for the improvement of a nation's HIS that studies be

conducted that focus on addressing these concerns.

1.6 Research aim

This investigation aims to develop a resilient and sustainable integrated IS for Health
Care applications and to enhance the knowledge of its implementation, which can be used to
create and drives initiatives that strengthen its capabilities and effective utilisation by
stakeholders. It is therefore expected to respond to the succeeding main research question:
“How can knowledge generated from an analyse integrated information system be used to
attain a resilient and sustainable integrated information system for Health Care applications? ”
Hence, the following overarching objectives have been defined in order to ensure that the

purpose of this study is met.



1.7 Research objectives

The primary impetus of this thesis is to examine the health information system using the data-

driven track to enhance its resilience and sustainability. In attending to this aim, the succeeding

objectives are defined. To:

Ascertain the knowledge, constraints, and perceptions of the Health Information Systems
deliverables.

Explore knowledge creation that addresses ill-defined problems in the Integrated Health
Information System.

Investigate the performance of Health information systems for health care applications.
Structure an efficient and effective holistic model framework for a robust, resilient, and
sustainable integrated Health Information System.

Empirically validate data science techniques for achieving a resilient and sustainable HIS
and evaluate the developed machine learning model with other models using well-known
metrics.

Enact the best deployment model for enhancing the healthcare information system.
Provide theoretical and practical reflections from the study that may be used to implement

a resilient and sustainable HIS.

Following the realisation of these objectives, the study’s findings are expected to be used to

present recommendations and suggestions tailored to the interests and needs of the stakeholders.

Five research questions are designed to facilitate the achievement of the following research

objectives.



1.8 Research questions

This thesis expands on the inquiry to apprehend the data-driven paradigm in attaining a

resilient and sustainable integrated information system such as the HIS. Following through the

thesis objectives, the study, therefore, answers the following designed research questions:

What are the knowledge, constraints and perceptions of the Health Information
Systems deliverables?

How can Knowledge creation address ill-defined problems in the Integrated Health
Information System?

What is the performance of the health information systems and health care
applications within the healthcare domain?

What framework can be used to achieve a robust, resilient, and sustainable
integrated Health Information System?

How can data science techniques empirically validate HIS resilience and
sustainability, and how can the developed machine learning model be evaluated
relative to different models using well-known metrics?

How can the best model be deployed to achieve a resilient and sustainable integrated
information system for health care applications?

How can the study's findings be used to implement a resilient and sustainable HIS?

10



1.9 Validity and reliability

This study made sure that the information and data used were accurate in terms of
validity and reliability concerns. A data-driven practical enactment using a machine learning
technique was also employed and evaluated to validate the proposed "framework to develop a
resilient and sustainable integrated information system for health care applications." It is also
entirely feasible to have access to a comprehensive, detailed approach that reveals the data
source, as well as a choice of data science techniques and analyses used in this study. To indicate
the robustness of this study's methodology and the validity of the findings, it is realistic that the
study can be replicated by adhering to the same approach, using the reproduce pipeline that is
presented in the study. Confirming the reliability concern that asserts the ability of the study
method to yield the same result. In addition, the use of a variety of outlooks in alignment with
the study objectives helps to ensure that the findings of this study are accurate, consistent, valid,
and reliable. Thus the reliability and validity concerns were pleased as the study can be

replicated using the reproduce pipeline presented in the study.

1.10 Limitations of the study

Every single research study has its own unique set of limitations, and every single
researcher has to contend with those limitations. Within the scope of this investigation, three
fundamental concepts were investigated, namely integrated IT (HIS), health care applications,
and data. As the study progressed, it became blatantly apparent that the keywords for this study
were ambiguous and needed definitions within the frame of reference of the healthcare domain.
Defining the scope of the keywords of this study was one of the limitations of this study.
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Another limitation was finding data that could be employed in this study. Although there were
many choices and open sources for obtaining the data needed, finding the appropriate data for
this study was challenging. Lastly, this study's overall scope was limited to the development of
a data-driven paradigm for a “resilient and sustainable HIS” for health care applications.

Incorporating this designed model into implemented HIS was out of the scope and not executed.

1.11 Findings of the study

This study presents an ample amount of insight to its stakeholders regarding the
development of a resilient and sustainable HIS for its stakeholders. The model developed, and
the experiment afforded some real-world solutions to dares currently facing the health system
globally. A probable application of these offerings might be the direct implementation into an
existing system where HIS is deployed for health care applications. These findings would
contribute to the optimization of integrated information systems in the healthcare arenas as well
as enhance their applications. In addition, the results provided also answered the demand and
the requirement for a strengthened HIS that can anticipate and tackle global transformations in
order to enhance healthcare applications. Using the developed model in the existing healthcare
system will increase the satisfaction of stakeholders as well as solidify the positioning of HIS
in improving healthcare.

Overall the findings assert and encourage the use of data science techniques such as
machine learning to revolutionise healthcare. The developed framework serves as a point of
reference to all stakeholders, and the insight generated from an analysed electronic health record

serves as evidence of the potential of data science to transform HIS to be resilient and
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sustainable. Deployment of the model incorporated in HIS will considerably enhance healthcare

and the efficient healthcare system processes.

1.12 Study contributions

From this study, both theoretical and practical contributions are provided. In chapter
six, the specifics of these contributions are broken down and extensively discussed. The detail
of these contributions is discussed at length in chapter six. These contributions to the research
areas, both theoretically and pragmatically, as well as a summary of the significance, are

presented in the sections that follow below.

1.12.1 Theoretical contributions

The researcher’s theoretical contributions emanating from this study were established
at the accumulation of HIS, health care applications and data sciences implemented using the
DSR methodology. This summarises the body of gen added to the existing core areas of
emphasis. Epizitone (2022) and Epizitone, Moyane and Agbehadji (2022) present the
theoretical insights in this regard that is available in international journals reporting healthcare

and IS core concepts.
Mainly contributing to theory in the following ways:

e Identifying the potential of “resilient and sustainable” HIS in enhancing health care

applications globally.
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Positing the critical need to ascertain HIS scalability in order to capitalize on
opportunities in settings where they are deployed for health care applications
Highlighting the need for resilience and sustainable HIS for health care applications
framework paramount position in the healthcare pitch and asserting that the adoption
and implementation of the resilience and sustainable capabilities of HIS can afford long-
term ameliorations.

Depicting vividly the equal role of the stakeholders and technology in the up-and-
coming enactment of HIS for health care applications and relating the concepts of
social-technical theory to the “sustainability and resilience” of HIS for health care
applications.

Proposing the enactment of a data-driven paradigm for “resilient and sustainable health
information systems for health care applications”.

Contributing to the fortification of HIS through developing and enacting a “resilient and
sustainable” HIS for health care applications that are unparalleled in this digitalisation
era and endowment of an integrated footing for data analytics to support and assist

health care delivery.

1.12.2 Practical contributions

The applied concessions of this study were based on the research work done and the

findings. These contributions were accentuated on considerations concomitant to the

strengthening of HIS and to establishing a “resilient and sustainable Health Information System

for health care applications”(Epizitone 2022; Epizitone, Moyane and Agbehadji 2022). The

utmost relevance of these contributions is first to leverage the impact of weakening HIS and
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work on strengthening it using data sciences. HIS inadequacy is identified as the root cause of

healthcare errors that can be remedied by identifying incidents and events that occurred during

the provision of healthcare (Mejia Medina et al. 2019; Mohd Yusof et al. 2020; Salleh,

Abdullah and Zakaria 2020). The first unique practical contribution of this thesis in line with

the demands of stakeholders is the findings of this study that anchor on data sciences offering.

The insights from data analysis using data sciences techniques like machine learning can enable

data-driven actions needed at the identified incidence and events as they occur. Secondly, using

the insights this study offers to revolutionize healthcare by instituting the consideration at all

levels, from local to national to international, will significantly enhance healthcare. A summary

of the practical contributions is:

Consider reviewing existing HISs to identify their weaknesses and consider employing
insights from data analytics to leverage the deficiencies identified without
compromising on the health care delivery.

Consider implications of the socio-technical stance of HIS within the entire
organisation/practices.

Consider the need for both humans and technology to share value and responsibility
equally.

Leverage the potential of data sciences to mine health data.

Ensure that there is flexibility to model amelioration within the contexts of the set-up.
Implement the proposed framework from local to national and globally to benefit from
its enhanced health care applications capabilities.

Evaluate the performance and adopt practical measures to anticipate future occurrences

from the present lessons and insights.
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1.13 Definitions of terms

Health Informatics is the field that studies medical practice, education, and research's
cognitive, information processing, and communication tasks and their supporting information
science and technology (Bouhaddou, Bennani Othmani and Diouny 2013; Ammenwerth et al.

2017; Aziz 2017).

Health Informatics Tools consist of computers, clinical guidelines, formal medical

terminologies, and information and communication systems (Anshari and Almunawar 2015).

Health Information Technology is an information processing application that involves
computer hardware and software. It deals with storing, retrieving, sharing, and using health care
information, data, and knowledge for communication and decision making (Ghaffari et al.

2021; Malik, Kazi and Hussain 2021).

Electronic Medical Record (EMR) refers to a medical record stored in a digital format

(Almunawar and Anshari 2012).

Electronic Health Record (EHR) refers to an individual patient’s medical record in a

digital format (Almunawar and Anshari 2012; Negro-Calduch et al. 2021).

Electronic Patient Record (EPR) is electronically stored health information about one

individual uniquely identified by an identifier (Almunawar and Anshari 2012).

A personal Health Record (PHR) is an internet-based set of tools that allows people
to access and coordinate their lifelong health information while making appropriate parts

available to those who need them (Negro-Calduch et al. 2021).
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Health Information System is a set of interrelated components that collect, process,
store and distribute information to support decision-making and assist in controlling health

organizations (Lippeveld 2001; Malaquias and Filho 2021)

Health Information System Stakeholders refer to all HIS beneficiaries and users,
including but not limited to physicians, nurses, admin and technical staff, health information

managers, patients, visitors, suppliers, and global health bodies (Tummers et al. 2021a).

Health Information Network refers to an internet-based interchange of health data by
medical providers to enhance health care, automated prescriptions and patient information

accuracy nationally, regionally and globally (Mayer et al. 2017; Ammenwerth et al. 2020).

Health care is the maintenance of the well-being of a person (Tummers et al. 2021b;

Epizitone, Moyane and Agbehadji 2022).

Healthcare is the encapsulated representation of all the businesses, institutions, or
activities offering medical services (Tummers et al. 2021b; Epizitone 2022; Epizitone, Moyane

and Agbehadji 2022).

Healthcare/health care application is the mode of care employed for delivering health

services within the healthcare arena (Epizitone, Moyane and Agbehadji 2022).

Research Ontology is the researcher's conception of the nature of reality (Epizitone and

Olugbara 2020).

Research Epistemology is the relationship between the knower and what is being

studied (Epizitone and Olugbara 2020).
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Research Axiology is the role of values in research and the researcher's stance, and
methodology refers to how the researcher can discover knowledge (Epizitone and Olugbara

2020).

Positivism is a branch of research philosophy that relies solely on observable
phenomena to provide credible data and facts, focusing on causality and law-like generalities

to reduce phenomena to their most basic elements (Epizitone and Olugbara 2020).

Post-positivism is parallel to positivism or thought to have replaced positivism, naive
rationalism to critical realism concentrates on explicating within a context or contexts,
separating the existence of an objective from human thoughts, beliefs, or knowledge (Epizitone

and Olugbara 2020).

Interpretivism is based on the notion and the sense that a simple occurrence is pertinent
for every research problem since the true essence of actuality cannot be established, and it is
driven toward constructivism and interpretivism, which retain that reality is constructed or

interpreted through perception (Epizitone and Olugbara 2020).

Pragmatism is a research philosophy constituent that concedes that there are no
deterministic constructs or theories that sculpt truth or insight, and thus it is not dedicated to

any one system, reality, or philosophy (Epizitone and Olugbara 2020).
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1.14 Thesis organisation

This thesis is organised chronologically, with the core research discussions presented in
chapters that detail the discourse in alignment with the study context. A brief description of

each chapter in this thesis is presented below.

1.14.1 Thesis chapters

Chapter One: Introduces the thesis topic and the foremost overview of this study. These
include the study background, theoretical and practical motivations, and the problem statement.
The research’s aim, objectives and questions that the thesis seeks to address. The validity and
reliability. The study's limitations, findings and contributions (theoretical and practical).
Finally, the definition of keywords used, the thesis structure and a fleeting summary of chapter

one (study introduction and background).

Chapter Two: presents an overview of the existing problems in integrated information
systems related to the health sector. Also, related work associated with the study will be detailed
in this chapter from the extant literature. The chapter defines the health information system in
the study context, featuring the HIS instances enacted in healthcare, the role of information
systems and knowledge management in attaining HIS resilience and sustainability. The
evolution of the HIS with its current benefits. The interoperability, data quality, scalability,
implementation and design of HIS in the healthcare sector. The Internet health information and
the HIS global disposition in developed and developing countries. HIS and health equity is
discussed with the availability of functional infrastructure. The chapter ended with the

conceptual annotation for resilient and sustainable HIS for healthcare (Literature Review).

19



Chapter Three: Focus on the study’s methodology and structure case analysis elements
constructed in the research design phases. The problem overview establishing the data-driven
design is discussed with the research’s method, multiphase design, strategy, data, and material

used (Research Methodology).

Chapter Four: The data-driven paradigm for a resilient and sustainable integrated
information system is presented in this chapter. The HIS-implemented framework in the extant
literature is discussed in the chapter and helps to rationalize the proposed data-driven
framework. The elements that make up the data-driven paradigm are discussed in detail. The

data source, actions, decisions, and state-of-act

Chapter Five: The data preparation and analysis of a health dataset will be presented in
this chapter, along with the subsequent discussion and findings reporting. This chapter will
demonstrate a practical application of a data science technique that can be incorporated in a
HIS environment to renter it sustainable and resilient in the provision of healthcare (The

research analysis, Results and Discussion of a Health dataset).

Chapter Six: The research, theoretical and practical contributions of this study are
discussed. Theoretical findings that add to the body of knowledge are provided in this chapter.
Practical contributions for consideration are also presented to healthcare stakeholders (Research

Theoretical and Practical Contributions of this study).

Chapter Seven: The consolidated study findings under the headings: research summary,
recommendation and Conclusion are discussed. Future research directions are also provided for

stakeholders to facilitate the continuous development of the concepts presented in this study.
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1.15 Summary of the chapter

The general outline of this study's background, motivation and rationale for undertaking
this project is explicated in this chapter. An overview of digitalization (HIS) within healthcare
is presented in this chapter with the constraints that necessitate an enhanced health care
application system with the advent of technological breakthroughs such as the use of
blockchain, cloud, and data sciences. The research objectives and questions that guide this
thesis were also outlined. Furthermore, this study's validity and reliability concerns were also
discussed, along with the abstract of the findings and contributions of the study. Finally, this
chapter described the definitions of key concepts used in this study and thesis organisation. The

ensuing chapter presented the extant literature in the study area.
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CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

Chapter two of this study presents an overview of the existing problems in integrated
information systems related to the health sector. Also, related work associated with the study is
detailed in this chapter from the extant literature. The review presents the theoretical and
conceptual framework that underpins this research study and, subsequently, affords the
foundation for attaining the research objectives. It is essential to point out that in spite of the
surplus of research work conducted on health information systems, there are still many
challenges confronted in the healthcare area that necessitate the need for this study(Flora,
Margaret and Dan 2017). Therefore, extant literature is explored in this chapter to uncover

current and pertinent challenges within the deployment of the HIS, an integrated IS.

2.2 Health Information Systems (HIS)

The HIS are critical systems deployed to help organisations and all stakeholders within
the healthcare arena eradicate disjointed information and modernize health processes by
integrating different health functions and departments across the healthcare arena for better
healthcare delivery (English et al. 2011; Flora, Margaret and Dan 2017; Sahay, Nielsen and
Latifov 2018; Bagayoko et al. 2020; Berrueta ef al. 2020; Rachmani et al. 2020). Over time,
the HIS has transformed significantly amidst several players, such as political, economic, socio-

technical and technological actors that influence its ability to afford quality healthcare services
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(Almunawar and Anshari 2012). The unification of health-related processes and information
systems in the healthcare arena has been realised by HIS. HIS has often been contextualised as
a system that improves healthcare services quality by supporting management and operation
processes to afford vital information and unifying process, technology and people (Almunawar
and Anshari 2012; Haule, Muhanga and Ngowi 2022). Haux (2006) modestly chronicled HIS
as a system that handles data to convey knowledge and insights in the healthcare environment.
Almunawar and Anshari (2012) incorporated this construed to describe HIS to be any system
within the healthcare arena that processes data and affords information and knowledge.
Malaquias and Filho (2021) accentuate the importance of HIS in the same light, highlighting
its emergence to tackle the need to store, process and extract information from the system data
for the optimisation of processes, enhancing services provided and supporting decisions

making.

The definition of HIS was popularised by Lippeveld (2001), who reported HIS to be an
“integrated effort to collect, process, report and use health information and knowledge to
influence policy-making, programme action and research”. Over the course of time, this
definition has been adopted and contextualised countlessly by many authors and WHO
(AbouZahr and Boerma 2005; Bogaert and Van Oyen 2017; Bogaert, van Oers and Van Oyen
2018; Bagayoko et al. 2020; Haule, Muhanga and Ngowi 2022). Although Haule, Muhanga
and Ngowi (2022) claimed the definition of HIS varies globally, in actuality, the definition has
never changed from its inception, but on the contrary, conceptualised over various contexts.
Malaquias and Filho (2021) reiterated the definition in the extant literature. These scholars
reported HIS as “a set of interrelated components that collect, process, store and distribute
information to support the decision-making process and assist in the control of health

organizations” (Malaquias and Filho 2021). The same definition is adopted for this study, and
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HIS is construed as “a system of interrelated constituents that collect, process, store and
distribute data and information to support the decision-making process, assist in the control of
health organizations and enhance healthcare applications”. However, it is paramount to note
that HIS is broad. In many instances, the definition is of minimal relevance due to its
incorporation of external applications related to health developments and policy-making
(Panerai 2014). Hence, emphasis should not be enforced on the definition but on its

contribution to all facets of health development.

HIS's unified front is geared toward assimilating and disseminating health gen to
enhance healthcare delivery. HIS consists of different sub-systems that serve several actors
within the healthcare arena (Taye 2021). These sub-systems are dedicated to specific tasks that
perform various agendas such as civil registrations, disease surveillance, outbreak notices,
interventions and health information sharing within the healthcare arena. It also supports and
links many functions and activities within the healthcare environment, such as recording
various data and information for stakeholders, scheduling, billing and managing. Stakeholders
are furnished with health information from diverse HIS instances. These include but are not
limited to information systems for hospitals and patients, health Institution systems and internet
information systems. Sligo et al. (2017) regard HIS as a panacea within the healthcare ground
that improves health care applications. Despite all the limitless capabilities of HIS, it has been
reported to be asymmetrical, lacking interactions within subsystems (Sahay, Nielsen and
Latifov 2018; Epizitone 2022). Many decision making and policies are reliance on good health
information (Bosch-Capblanch et al. 2021). According to Suresh and Singh (2014), the HIS
enables stakeholders such as the government and all other players in the healthcare arena to
have access to health information which influences the delivery of healthcare. Sundry literature

further reveals accurate health information to be the foundation of decision making and
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highlights the decisive role to be a human constituent (Jeffery et al. 2018; Isleyen and Ulgu

2020; Bosch-Capblanch ef al. 2021; Taye 2021).

Furthermore, HIS can be classified into two cogs in today's era: the computer-related
constituent that employs ICT-related tools and the non-computer component, which both
operate at different levels. These levels include strategic, tactical and operational (Figure 2-1).
The deployment of HIS at the strategic level offers intelligence functions such as decision
support, financial estimation, performance assessment and simulation system (Bagayoko et al.
2020; Sawadogo-Lewis et al. 2021). At the tactical level, managerial functions are performed
within the system, while at the operational level, functions include recording, invoicing,

scheduling, administrative, procurement, automation and even payroll.

Figure 2-1 HIS Levels: Source Author
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2.3 Instances of health information system

The health information system is an extensive system that includes several instances
within the healthcare environment. Some known examples include hospital information
systems (HolS), health institutions information systems (HIIS), Mortality Information Systems
(MIS) and Clinical Information systems (CIS) (Almunawar and Anshari 2012; Moghaddasi et
al. 2018; Combi and Pozzi 2019). Some studies consider these instances one and the same, with
literature claiming that HIS is frequently used interchangeably (Vaganova et al. 2017). This
notation is a contrary delineation of the HIS that holistically houses these instances are
dedicated for specific use. While unique, these instances within the HIS aggregate several
functions that serve different purposes to better healthcare deliveries (Gouda et al. 2017;
Vaganova et al. 2017). An effective HIS is revealed in literature to be associated with a
collection of communal efforts of several forces (Vaganova et al. 2017; Taye 2021). An
integrated enabler within the HIS is paramount for the attainment of the HIS’s objective to
afford quality and better service in the healthcare arena (Haule, Muhanga and Ngowi 2022). In
many sectors in the healthcare arena, one or more of these instances are deployed to strengthen
and enhance health care applications and enable sound decision making (Al-Shorbaji et al.
2018; Jabareen, Khader and Taweel 2020; Biru et al. 2022). Jabareen, Khader and Taweel
(2020) aver HIS is a multidisciplinary purview that employs health information technology
(HIT) to enhance health care services through any amalgamation of increased effectiveness,
improved quality and new opportunities. Resultantly these HIS instances enable digitalised
medicine, health, and patient records to serve stakeholders (Ajami and Arab-Chadegani 2013;

Moghaddasi et al. 2018).
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2.4 Information System and knowledge management in the
healthcare Arena

The presence of Information systems (IS) modernization in the healthcare arena is
alleged by scholars to be a congested domain that seldom fosters stakeholders’ multifaceted
and disputed relationships (Bernardi, Constantinides and Nandhakumar 2017). On the other
hand, it is believed that a significant amount of newly acquired knowledge in the field of
healthcare is required for the improvement of health care (Liu, Tsui and Kianto 2022).
Ascertaining and establishing the role of IS and knowledge management is an important step
in the development of HIS for healthcare. Flora, Margaret and Dan (2017) posited that efficient
‘IS’ and data usage are crucial for an effective healthcare system. Bernardi (2017) alleges that
the underpinning inkling of a “robust and efficient” HIS enables healthcare stakeholders such
as managers and providers to leverage health information to plan commendably and regulate
healthcare, which could result in enhanced survival rates. As a result, it is imperative to ground
these ideas within the context of the healthcare industry to provide a foundation for developing

a robust and sustainable HIS for use in the context of health care applications.

2.4.1 Information system

Information systems (IS) in the healthcare setting play a significant role in the
assimilation and dissimilation of health information. Many continents endorse the deployment
of IS mainly to consolidate mutable information from different sources within the systems.
Although the primary objective for these systems deployment has been centred on bringing
together the unique and different components such as institutions, people, processes and

technology in the system under one umbrella (Flora, Margaret and Dan 2017; Epizitone 2021).
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An overview of the extant literature reveals this has rarely been easy, as integration within this
system has always been difficult in many contexts. In the context of HIS, many reported the
integration phenomena to be problematic, attributing these to the global transformation within
the healthcare arena (Farnham ef al. 2020; Ostern et al. 2021). This revolution, coupled with
the advancement of the healthcare arena, has resulted in the need for robust allied health IS
systems that incorporate different IS and information technology (Flora, Margaret and Dan
2017; Vaganova et al. 2017). These allied health information systems are necessary to
consolidate independent information systems within the healthcare arena to enhance healthcare
applications (Faujdar et al. 2020; Jabareen, Khader and Taweel 2020). Organisations in the
healthcare arena are expected these systems to be sustainable and resilient; however, in order
to satisfy these requirements, an integrated information system is needed to unify all

independent, agile and flexible health IS to mitigate HIS dares(Ayabakan et al. 2017)

An aligned HIS akin-allied is essential as it supports Health Information Networks
(HIN) that subsequently enhance and improve healthcare applications (Mayer et al. 2017,
Ammenwerth et al. 2020). Thus, many organisation within the healthcare settings are fine-
tuning their HIS to be resilient and sustainable. However, the realisation of a robust information
system within the healthcare arena is challenging and is depended on the flow of information
as a crucial constituent for suave and efficient functioning (Seo, Kim and Kim 2019; Soltysik-

Piorunkiewicz and Morawiec 2022).

2.4.2 Knowledge management

The process of constructing value and generation maintainable edge for an industry with
capitalisation on building, communicating and knowledge applications procedures to realise set
aspirations is denoted as knowledge management (Mahendrawathi 2015). Literature reveals
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knowledge management as an important contributor to organisational performance through its
knowledge-sharing capabilities (Kim, Newby-Bennett and Song 2012). In the healthcare
industry, there is a high demand for knowledge to enhance healthcare applications (Nwankwo
and Sambo 2020; Liu, Tsui and Kianto 2022). Several studies reported the deployment of
knowledge management in the healthcare arena is set to enhance healthcare treatment
effectiveness (Kim, Newby-Bennett and Song 2012; Liu, Tsui and Kianto 2022; Soltysik-
Piorunkiewicz and Morawiec 2022). Many stakeholders such as the government, World Health
Organisation (WHO) and healthcare workers rely on the management of healthcare knowledge
to complement healthcare applications. According to Kim, Newby-Bennett and Song (2012),
the focus of knowledge management is to expedite knowledge sharing efficaciously. However,
integrating knowledge from different sources is challenging and requires an enabler (Kim,

Newby-Bennett and Song 2012).

The HIS is an indispensable enabler of health knowledge generated from amalgamated
health information within the healthcare arena (Benis ef al. 2018; Khader ef al. 2018; Delnord
et al. 2021). Dixon, McGowan and Cravens (2009) aver that efficacious modifications in the
healthcare arena are made possible by knowledge codification and collaboration from
information technologies. Similarly, some Authors pinpoint information and communication
technologies within the healthcare arena to be a major determinant in the attainment of a
sustainable health system development (Soltysik-Piorunkiewicz and Morawiec 2022). The
knowledge management relationship with HIS is considered complementary and balanced as it
enables the availability of knowledge that can be shared. The importance of knowledge
management is relevant for the realisation of an enhanced healthcare application via HIS.
Soltysik-Piorunkiewicz and Morawiec (2022) claim that the information society effectively

uses HIS as an information system for management, patient knowledge, health knowledge,
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healthcare unit knowledge, and drug knowledge. The authors herein demonstrate how ‘HIS’

facilitates knowledge management in the healthcare sector to improve healthcare applications.

2.5 The evolution of health information systems

The concept of enhancing healthcare applications has always been the foundation of
HIS, which posit that the intercession of information systems with business processes affords
better healthcare services (Almunawar and Anshari 2012; Tossy 2014). According to
Almunawar and Anshari (2012), many determinants, such as technological, political, social and
economic, have enormously influenced the nature of the healthcare industry. The technological
determinant, particularly the computerised component, is thought to be deeply ingrained in the
enactment and functioning of HIS. According to Panerai (2014), this single attribute can be

held solely responsible for HIS let-downs more than its accomplishment.

The ownership of HIS has been contested in literature, with some authors claiming that
HIS belongs to the IT industries (Vaganova et al. 2017). While IT has enabled many
developments in various industries, it has also resulted in dissatisfaction. Recently, there has
been an insurgent from many industries, particularly the healthcare industries, who
acknowledge the role of IT in optimising and enhancing health initiatives but want
appropriation of their integrated IS. However, according to the definition of HIS, it is presented
to the healthcare sector as “a set of interconnected components that collect, process, store, and
distribute information to support decision-making and aid in the control of health

organisations”. The disposition of HIS was established in its definition without bias; the
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development of HIS was conceived due to unavoidable changes and transformations within the

global space.

A good representation and consolidation of this dispute are within the realisation that
there is a co-existence of different related and non-related components in a system. And in this
case, the HIS is an entrenched system with several features, including technologies. Panerai
(2014) support this notion and theorizes HIS to be broad and states the relevance of its definition
is contextual. In the study, HIS was reiterated as any kind of "structured repository of data,
information, or knowledge” that can be used to support health care delivery or promote health
development (Panerai 2014). Thus, maintaining a rigid definition is of minimal practical use
because many HIS instances are not directly associated with health development, such as the
financial and human resource modules. Moreover, several different HIS examples are
categorised according to the functions they are dedicated to serving within the healthcare arena.
They highlight the existence of outliers’ instances that are not regarded as the normal HIS even
though they contain health determinants data such as socioeconomic and environmental, which

can be used to formulate health policies.

The development of HIS over the years has led many to believe they are solely computer
technology. This notion has contributed dramatically to the misconception of the origin of HIS
and the lack of peculiarity between the HIS conceptual structure and HIS implemented
technology. Extant literature dates back the origin of HIS to be associated with the first record
of mortality in the 18™ century, revealing their existence to be 200 years or older than the
invention of computers (Panerai 2014). This demonstrates the emergence of digitalised HIS
from the availability of commercialised episodes of “electronic medical records” EMR records

in the 1970s (Thomas et al. 2022). Namageyo-Funa ef al. (2018) commend the advancement of
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technologies in the healthcare arena, recounting the implementation of digitalised HIS that has
significantly revolutionised the recording and accessing of health information. A study by
Lindberg et al. (2019) highlight an instance of HIS transition from paper-based to digital-based,
revealing a streamlined workflow that revolutionises health care applications in the healthcare
arena. This HIS transition over the course of time has led to increased adoption of it within the
health care arena. Tummers ef al. (2021a) highlight the landmark of HIS from its transition to
digitalisation and report a current trend in healthcare that has now extended with the inclusion
of blockchain technology within the healthcare arena. Malik, Kazi and Hussain (2021) assessed
HIS adoption in terms of technological, organisational, human and environmental determinants
and reported a variation of different degrees of utilisation. Despite these facts, extant literature
maintained the need for a resilience and sustainable HIS for health care applications within the
healthcare arena at all levels (de Carvalho Junior and Bandiera-Paiva 2018; Malik, Kazi and

Hussain 2021; Epizitone 2022).

Figure 2-2 illustrates the successful adoption of HIS amidst the significant
determinants of its effectiveness. From the figure, the technological, organisational, human and
environmental determinants are the defining concepts with individual sub-determinants in each
domain that influences HIS adoption. At the technological level, the need for digitalisation
drives HIS adoption, especially for stakeholders such as clinicians and decision-makers. The
administrative, management and planning functions are the driving actors within the
organisation level that endorse the implementation of HIS. The environmental and human
determinants are more concerned with the socio-technical components that have been regarded
as complex drivers for HIS adoptions. The perceptions, literacy, and usability are known forces

within these categories that necessitate the adoption of HIS in many healthcare arenas.

32



Technological ~ Orgamizational

Increased Adoption of HIS

Environmental

Figure 2-2 Effective health information system associations with the driving
adoption determinants

Source : (Malik, Kazi and Hussain 2021)
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2.6 Health information systems benefits

HIS, as an interrelated system, houses several core processes and branches in the
healthcare arena to afford many benefits. Among these includes the ease of access to patients
and medical records, reduction of costs and time, and evidence-based health policies and
interventions (Tossy 2014; Ker, Wang and Hajli 2018; Kpobi, Swartz and Ofori-Atta 2018;
Feteira-Santos et al. 2022; Haule, Muhanga and Ngowi 2022). Several authors reveal the
benefits of HIS to widely known and influential within the healthcare domain (Ker, Wang and
Hajli 2018). Furthermore, many health organisations are drawn to HIS because of these
numerous advantages (Vaganova et al. 2017; Alahmar, AlMousa and Benlamri 2022).
Moreover, investment in HIS has enabled effective decision making, real time comprehensive
health information for quality health care applications, effective policies in the healthcare arena,
scale-up monitoring and evaluation, health innovations, resource allocations, surveillance
services, enhanced governance and accountability (Kpobi, Swartz and Ofori-Atta 2018; Dunn
et al. 2021; Krasuska et al. 2021; See et al. 2021). Ideally, HIS is pertinent for data, information,
and knowledge sharing broadly in the healthcare environment. HIS critical features are now
cherished due to its incorporation with diverse technology (Panerai 2014; Nyangena et al.
2021). Extant literature reveals the role of HIS to extend beyond its reimbursement. Table 2-1
presents a summarised extract of various HIS benefits captured in literature and some of its core

enabling components or instances.
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Table 2-1 HIS core enabling components and its Benefits

Source: Authors Core Benefits
enabling HIS
Components
Malaquias and  Filho | Health ER Ease of access to patient and medical information
(2021) eHealth from records.
mHealth Cost reduction
Enhance efficiency in patients’ data recovery and
management.
Enable stakeholders’ health information
centralisation and remote access.
Ammenwerth et al. (2020) | eHealth Upsurge care efficacy and quality. Condense
costs for clinical services.
Lessen the health care system’s administrative
costs.
Facilitate novel models of health care delivery.
Tummers ef al. (2021c) HIS Patient Information Management.
Enable communication within the healthcare
arena.
Afford high-quality and efficient care.
Steil et al. (2019) HIS Enable inter and multidisciplinary collaboration
between humans and machines.
Afford autonomous and intelligent decision
capabilities for health care applications.
Nyangena ef al. (2021) HIS Enable seamless information exchange within the
healthcare arena.
Sik, Aydinoglu and Son | HIS Support precision medicine approaches and

(2021)

decision support.
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2.7 Interoperability of health information System

Interoperability is inferred by Malaquias and Filho (2021) to represent “the degree to
which two or more systems can exchange information through interfaces in a specific context”.
HIS interoperability within the context of healthcare applications has been revealed in literature
to be critically indefensible due to the heterogeneity of data generated from the system
(Jayaratne et al. 2019; Weber and Ho 2020; Malaquias and Filho 2021; Nyangena et al. 2021;
Ladas ef al. 2022). Kuo and Kuo (2017) posited interoperability as an HIS necessity that
addresses issues such as deferral, recurrent blunders and cost within the healthcare arena.
Several authors argued that many countries are confronted with HIS that are not interoperable
(Kapepo and Yashik 2018; Mejia Medina et al. 2019; Tummers et al. 2021c¢). The current HIS
is plaque with the influx of heterogeneous data that need to be integrated to aid core processes
within healthcare, such as clinical decision making, patient care and real-time information
availability (Ayeni ef al. 2018; Malaquias and Filho 2021; Feteira-Santos et al. 2022). Jayaratne
et al. (2019) argue that the upsurge of heterogeneity of generated HIS data has affected

integration within HIS adversely.

Similarly, other authors associated the accumulation of heterogeneous data with
different solutions deployed in the healthcare arena (Malaquias and Filho 2021). Mejia Medina
et al. (2019) posit that problems with interoperability and communication contribute to
resistance to using HIS. Additionally, interoperability challenges can be attributed to other
determinants such as rapid developments of vast Health Information Systems technologies
(HIIT) and unprecedented pressures within the wake of the 4IR and the emergences of
pandemics such as the COVID-19 (Feteira-Santos et al. 2022). These determinants have created

many benefits as well as challenges with the delivery of healthcare that are directly related to
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the interoperability of HIS (Nyangena et al. 2021). Moreover, Paul et al. (2015) reveal the
amassed challenges associated with the lack of interoperability which impedes ambulatory care
within the healthcare arena. Malaquias and Filho (2021) propose using middleware for health
to tackle integration challenges that will subsequently enable interoperability within HIS.
Whilst, Feteira-Santos et al. (2022) recommend the integration of independent IS within the

healthcare arena.

2.8 Data quality of health information system

Data has been established as a core enabling component in the healthcare system.
Stimulated by the advancement of technological applications within the healthcare arena, many
benefits from data have been achieved. An empirical example of these includes better
management of hospitals' and clinics’ tests, administration, and biographical and
epidemiological data (Jinabhai et al. 2021; Malaquias and Filho 2021; Pineros ef al. 2021).
Panerai (2014) regards data as an important constituent of HIS that contributes to health
development. A major need arising from these advancements stems from the challenges of
storing, processing, and extracting information from these data (Malaquias and Filho 2021;
Taye 2021). According to Bogaert, van Oers and Van Oyen (2018), the attainment of a
sustainable HIS is partly reliant on easy access to the superior quality of comparable data that
can serve the purpose of health information generation, management, exchange and translation.
At the same time, Ahmadi (2017) identify data quality within HIS to be integral in the
attainment of decision, planning and insights of healthcare stakeholders. Several authors posit
that the underpinning actions of quality data are paramount to health management decisions

which, as a result, are crucial to governance, management and leadership effectiveness within

37



the healthcare arena (Chaudhry et al. 2006; Riley et al. 2012; Dixon-Woods et al. 2013; Willis
et al. 2013; Faridah et al. 2020). Jeffery et al. (2018) highlight the fundamental role of data
quality within healthcare to be indefensible. Whilst this may seem easy, the nature and sources
of this health data make it difficult to ensure its quality. Several authors emphasised the
heterogeneity of health information data as a common phenomenon in HIS data (Bhattacharya
et al. 2019; Malaquias and Filho 2021). This phenomenon is one of the main contributors to the
HIS integration challenges. Mandacaru et al. (2017) associate poor data quality with the
privation of linkage between different sources of health information data and highlight the
importance of linking and integrating various health data sources. Paul et al. (2015) report the

lack of variable data quality in HIS as a challenge within the healthcare arena.

Another concern associated with the quality of health data is related to the sources.
Although the majority of health data emanates from different technologies that enable the
capturing, retrieval, storing and transmission (Almunawar and Anshari 2012; Malaquias and
Filho 2021) of the data, there are issues of replications of the same information across the HIS
network. Additionally, this results in health data proliferation, adversely influencing data
quality. Farnham et al. (2020) confirm data quality and wholeness’ issues to be problematic due
to many factors, such as solitary HIS instances within the healthcare systems that impair
integration resulting in the dearth of integration of current digital health interventions. Hence
in other to optimise processes and support decisions, the quality of the data in the HIS is more
imperative than the quantity of the data. Additionally, several authors proposed using minimum
data sets in HIS to reduce data redundancy and mend information quality and efficacy (Abbasi,
Khajouei and Mirzaee 2019). As a result, pertinent data would be accumulated, permitting

unnecessary data communication mitigation.
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2.9 Usability of health information systems

HIS, from its definition, affords evidentiary-based medical care to stakeholders in the
healthcare arena by assimilating and disseminating information (Crepaldi et al. 2018;
Ebnehoseini et al. 2018; Kpobi, Swartz and Ofori-Atta 2018; Hypponen et al. 2019; Nicol et
al. 2021; Tummers et al. 2021c). Panerai (2014) posit HIS development and utilisation to be
evidentiary based, implying that apart from its definition, emphasis should be on its
contribution. Several studies attributed HIS contributions to the efficiencies of health care
applications highlighting feats such as ease of use, efficiency, and helpfulness with its usability
in many settings (Hypponen ef al. 2019; Jeddi et al. 2020). Farrahi et al. (2019) highlight the
fundamental role played by HIS in managing many hospital tasks, such as treatment procedures
and appointments. The need and use of HIS stem beyond the affordability of quality health care
applications to the deployment of medical care via robotic interventions in surgical procedures

(Steil et al. 2019).

Extant literature reveals HIS to be a fundamental block in the establishment of many
benefits, such as universal health courage and health care applications (Nicol ez al. 2021). Steil
et al. (2019) accentuate the emergence of intelligent and autonomous capabilities of HIS and
warn on the implications of hybrid clinical team machine interactions. According to their study,
there is a need to envision human and machine interactions within the healthcare arena,
especially where actions and decisions are shared between the two parties (Steil ef al. 2019).
Several authors highlight the importance of frameworks such as “cognitive” walkthroughs in
ascertaining the usability of HIS in a different context (Ghalibaf et al. 2018; Farzandipour,

Nabovati and Sadeqi Jabali 2022).
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Farzandipour, Nabovati and Sadeqi Jabali (2022) recommended the deployment of
“heuristic” appraisal and “cognitive” walkthrough to optimise HIS and identify impediments
associated with HISs’ usability. Additionally, Crepaldi et al. (2018) express concern about HIS
usability in association with its attributes, execution time and managerial benefits. However, in
spite of these concerns, extant literature posits the usability of HIS to be easy and
straightforward (Crepaldi et al. 2017; Crepaldi et al. 2018; Hypponen et al. 2019). Moreover,
several scholars assert the usability of HIS to be satisfactory in many health care applications
and recommend continuous development of HIS to facilitate the services of the stakeholders

(Crepaldi et al. 2017; Hypponen et al. 2019).

2.10 Scalability of health information systems

The scalability of HIS is considered to be the capacity of the system to transform its size
and scale to produce a range of capabilities. There are several developmental steps of HIS,
which consist of Geographical management information system GIS, information system CIS
and MIS (Murad 2018). Depending on the environment could be scaled up or down. The
scaling-up of HIS extends to cover a broad range of services, while its scaling-down delimits
its capabilities to offer an extensive range of services (Hochgesang et al. 2017; Beck et al. 2018;
Krasuska ef al. 2021). Regardless of HIS scalability, it has been highly efficacious in the
planning and allocating of healthcare services (Hochgesang et al. 2017; Murad 2018).
According to Murad (2018), HIS lures the applications of many information systems within the
healthcare arena to handle foremost concerns of health services such as the identification of
facilities locations and distribution, levels of accessibility and needed density of the health

services facility. Extant literature reports an increase in the emergences of HIS adoption within
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the healthcare arena for reasons associated with its ability to aid health data integration and the
merger of extensive digital health information (Paul et al. 2015; Alahmar, AlMousa and

Benlamri 2022).

The scalability features can be attributed to the resilience and sustainable capabilities of
HIS. Scalability was echoed in the extant literature as vital and indispensable property of HIS
in healthcare delivery (Lal ez al. 2022). However, despite this appreciation, stunted progress is
reported due to the low national reliance on HIS and diverted local emphasis on health
innovations (Paul ez al. 2015). Ebnehoseini ef al. (2018) associate unsolved usability delinquent
with HIS scalability enactment. Similarly, Negro-Calduch et al. (2021) associate HIS
undertaking dares to be associated with its scalability. Although extant literature heralds HIS to
be essential to stakeholder engagement in decision-making and planning for health care
applications (Paul et al. 2015; Hurtado-Salgado ef al. 2018; Murad 2018; Steil et al. 2019). It
is imperative to ascertain the HIS scalability in order to tap from potentials in the settings where

they are deployed for health care applications.

2.11 Implementation and design

The design and implementation of HIS have been structured to meet the healthcare arena
needs to support and consolidate urgent health priorities and objectives, amongst which consist
of the mortality registry, civil registry and many health development statistics. While most
designs and implementations have accomplished a lot, there are still many known barriers to
the attainment of HIS offerings (Faridah er al. 2020). Extant literature reveals HIS

implementation and design to be complex undertaken that relies on aspects such as
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technological, organisational, structural and human factors (Cresswell and Sheikh 2013; Sligo
et al. 2017; Malekzadeh et al. 2018; Steil et al. 2019; Faridah et al. 2020). According to Jeddi
et al. (2020), considering different stakeholders' needs and characteristics in the design and
analysis of HIS is essential to drive its usability. Additionally, extant literature highlights the
need to envision machine interactions within HIS, especially in the case where human and
machine actions and decision-making are shared (Steil et al. 2019). A study by Panerai (2014)
identified the “lack of political will, resistance to embrace a culture of informed decision
making, absence of a critical mass of trained professionals, stifling bureaucracy, and
incompetent management” among other determinants as limiting agents. However, the study
posits that generalising the identified limiting determinants can apply to some healthcare

scenarios and further reveals a global concern with HIS implementations and designs.

A study by Kien et al. (2018) contends the positioning of HIS within the healthcare
system framework to be an overlapping constituent with the high importance realisation of
healthcare applications. Similarly, Weber and Ho (2020) argue that there is insufficient
evidence in studies to guide HIS design and specific functionality, such as interoperability,
which is an elusive goal. Nonetheless, Teixeira, de Pinho and Patricio (2019) suggested using
the service design approach that includes visual models and tools to foster user adoption for an
efficacious HIS development and enactment. Despite all these notions, several authors assert
the infrastructure of HIS to be an amalgamation of information structures, information
processes and information technology that supports many health care applications (Nadri ef al.

2017; Benbrahim, Hachimi and Amine 2018; Jabareen, Khader and Taweel 2020).
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2.12 Internet health information

Health information on the internet prevalence has been fostered by the growing reliance
of many healthcare stakeholders. These stakeholders regard and use this information as a
primary means of information inference. The principal concept of internet health information
is dependent on the technologies directly associated with HIS instance. Among which is the e-
health, m-health and telehealth, which emerge from the juncture of public health, medical
informatics and business (Malaquias and Filho 2021). Primarily, these technologies employ the
internet to improve health care services. The Personal Health Record (PHR) is a practical
enactment to make appropriate personal lifelong health information available. The progression
of 3G, 4G, and 5G mobile technologies has propelled these instances in the HIS network and
as well as indorses many possibilities for healthcare solutions. A study by Grosjean, Bate and

Mestre (2020) presents a practical application of m-health in managing Parkinson’s disease.

Similarly, PHR affords integrated and comprehensive health information gestalt that
includes but is not limited to disease symptoms, doctor’s diagnoses, tests result, medical
insurance, medication and pharmaceutical information. Ammenwerth et al. (2020) emphasize
that this instance affords holistic and ubiquitous (regional and national) information logistics
that potentially overcome data silos. This particular HIS instance affords a platform to enhance
healthcare delivery to stakeholders by providing support for management and clinical data,
monitoring and evaluating vital signs, alerting and predicting outcomes and managing
medication administration (Malaquias and Filho 2021). However, the surge of health
information and data on the internet has contributed dramatically to the distorted HIS concept
resulting in the recurrent question mark on the quality and reliability of available health

information (Panerai 2014). Nonetheless, the internet information instance is considered a
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classical HIS as it affords a base for health information and supports many stakeholders’

decisions.

2.13 Health information systems for global healthcare disposition

The global healthcare representation of HIS deployment and utilisation varies with
many admirations as well as aversion for several reasons. Many scholars have presented this
view based on the functionality and infrastructure of HIS (Ahmadi 2017; Gouda et al. 2017;
Ahmadi et al. 2018; Meribole et al. 2018; Mejia Medina ef al. 2019; Al-Marsy, Chaudhary and
Rodger 2021). Regardless of this premise, HIS is highly desirable globally, especially for
assimilating and disseminating health information. Authors Ammenwerth et al. (2017) and Sik,
Aydinoglu and Son (2021) reveal HIS to be fundamental in achieving precision medicine,
health and biomedical informatics. Thus, to afford long-lasting resolution for HISs deployment,

it is crucial to ascertain its global disposition.

2.13.1 Health information systems in developed countries

There have been significant progress and satisfaction derived from the deployment of
HIS in developed countries. These rewards can be attributed to the fact that many developed
countries have amassed inordinate experience in HIS enactments and, as such, have enjoyed a
great benefit from HIS promises. Extant literature reveals that these nations have best practices
and opportunities (Saigi-Rubio et al. 2021; Boikos et al. 2022). Yet that does not rule out
challenges associated with the enactment of HIS for health care applications (Saigi-Rubio et al.

2021; Boikos et al. 2022). These nations have an established base for HIS at the central levels
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of their governments, such as social security, planning and developmental units and their
ministry of health (Panerai 2014). Authors Malik, Kazi and Hussain (2021) argue that
developed countries have active and high levels of HIS adoption and usability. Saigi-Rubio et
al. (2021) postulate that HIS deployment has been employed to address several predictable
health information needs. However, despite these advancements, these nations still encounter
challenges with the HIS enactment (Sarmiento-Suarez ef al. 2022). Literature reveals cases of
segregated HIS that fail to function as a system but instead isolate health databases such as
mortality data, infectious diseases, tropical incidence and chronic diseases, hospital admissions
and health service structure (Panerai 2014; Ammenwerth et al. 2020; Salminen-Karlsson and

Golay 2022; Sarmiento-Suarez et al. 2022).

Moreover, although these nations have developed capacities to harness HIS promises to
enhance health care applications, there is still evidence of dares resulting from issues like data
management and interoperability. Synthesized evidence of this HIS dares in developed nations
is associated with underused. Other identified data-related issues were the long logistics
involved in the assimilation and dissemination of the data (Panerai 2014). Similarly, several
authors emphasise the importance of real-time information at all levels of HIS deployment,
including local, provincial, and national (Aung and Whittaker 2013; Saigi-Rubio et al. 2021).
Thus, even in developed nations, reform and strengthening HIS for health care applications is
highly recommended even in their health settings. Another pertinent concern is the availability
of health information that fluctuates globally, even with the presence of HIS for healthcare.
Developed nations are still lagging in their degree of access to health information. According
to Ammenwerth et al. (2020), Finland, South Korea, Japan, and Sweden are the only four
countries that can fully access health record data. Insinuating that there are still HIS fissures

that are practically and theoretically evident in developed nation context, thus the requisite
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desire for a resilience and sustainable HIS is highly relevant in this setting as well as developing
nations or low-income countries (Bogaert, For and Hlth 2017; Bogaert, van Oers and Van Oyen
2018; Malik, Kazi and Hussain 2021; Epizitone 2022). Moreover, extant literature posits that
the HIS dares are not the same in all nations (Ahmadi et al. 2018), indicating that the problems

encountered in developed countries will differ from those in developing nations.

2.13.2 Health information system fissures in developing countries

The enactment of HIS in developing countries has been considered a fad supplementary
to its enhancement of healthcare services and experiences of patients (Bernardi 2017;
McPherson et al. 2017; Alsharo, Alnsour and Alabdallah 2020; Helwig et al. 2020). However,
in spite of this, HIS in developing countries have been associated with many disappointments,
amongst which include challenges ranging from data qualities, competent stakeholders and
untapped capabilities (Hewapathirana and Sahay 2017; Hariyanto, Denison and Stillman 2018;
Kapepo and Yashik 2018; Kumar ef al. 2018; de Sanjose and Tsu 2019; Higman et al. 2019;
Farnham et al. 2020; Fine ef al. 2022). The HIS and health development have been considered
very instrumental in attaining basic healthcare in many developing nations, supporting the main
aim and purpose of the HIS in the enhancement of quality healthcare (Kpobi, Swartz and Ofori-
Atta 2018; Malik, Kazi and Hussain 2021). However, many determinants are involved, such as
environmental, genetics, demographic, behavioural, economics and social determinants that
influence its enactment (Panerai 2014; Alsharo, Alnsour and Alabdallah 2020; Malik, Kazi and
Hussain 2021). Reynolds ef al. (2022) state that evidence and guidelines for HIS augmentation

lag conventionally in these settings.

Within the healthcare arena, many effectors such as health policies, resource allocation
and health service exert influences on HIS enactment for health care applications. The lack of
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reliable health information in developing countries is a major hindrance in developing
strategies and policies that anchor HIS digitalisation in developing countries (Kumar et al.
2018; Koumamba et al. 2021). These highlight some of the flaws of HIS undertaking in
developed nations and reveal the socio-technical component lagging in HISs’ enactment in this
setting (Kumar ef al. 2018; Kumar, Mostafa and Ramaswamy 2018; Koumamba et al. 2021).
Moreover, the stakeholder component, which represents the population's health levels, equity
and satisfaction, is a curial health effector and a significant challenge to HIS undertakings in
the developing nation context. Regardless, however, the association of these health effectors
has a three-way influence on the data, health determinants and population, which interferes with
decision-making within the healthcare arena. Thus, HIS enactment for health care applications
within this context is a complex undertaking confronted with the challenged inherent nature of

these nations.

According to Kpobi, Swartz and Ofori-Atta (2018) the lack of policies, personnel
incompetency, and flawed workflow are prevalent with HIS implementation, especially in
developing countries. In developing countries, improving the health care applications is an
urgent need; even with the promised benefits of HIS, many developing countries still scuffle
with decision making and planning in the healthcare arena (Bouhaddou, Bennani Othmani and
Diouny 2013; Panerai 2014; Koumamba ef al. 2021). However, few studies delve into the
enactment of HIS in developing countries despite the great potential involved (Bawack and
Kamdjoug 2018). Additionally, concerns with the data quality, integration and functionality of
the HIS in developing counties persist (Bouhaddou, Bennani Othmani and Diouny 2013; Luna
et al. 2014; Meribole et al. 2018). Tossy (2014) synthesises that integration in the HIS is
considered a practical dare in developing countries, especially in Africa and other low-income

countries. Correspondingly, Farnham et al. (2020) reveal data quality issues to be problematic,

47



particularly in the African continent and argue that poor data quality impairs integration and
renders the Sustainable Development Goals (SDG) ineffective. Hence, the HIS data challenge
is painstakingly considered to be salient and needs to be redresses in order to aid the tracking
of SDGs (Boerma et al. 2018; Bhattacharya ef al. 2019; Hoxha et al. 2022). Extant literature
identifies integration challenges in developing nations as a primary concern and urges the
involvement of policymakers to readdress the deployment of HIS to compliments the huge
investments and efforts vested in these systems (Tossy 2014). Another HIS challenge
encountered in developing nations includes the instabilities concerns caused by political
agendas and conflicts that influence and interfere with HIS enactment. Panerai (2014)
associated these instabilities as a significant hindrance to delivering healthcare applications, as

commitment and training cannot be afforded in such conditions.

Several studies have suggested a change in HIS deployment as a means to address the
unyielding dare in developing nations (Luna et al. 2014; Steil et al. 2019). The “bottom-up”
approach has been heralded in literature as it shifts the focus from the “top-down” course
without any exclusion to promote transformation in the HIS development and utilisation (Luna
et al. 2014; Panerai 2014). This approach champion the premise that recognised stakeholders
at the local level have direct contact with health-related issues. Hence their proactive
involvement can aid preventive and interceptive actions and the realisation of HIS offerings.
Although this approach may be inexplicable in developing nations, its implementation could
mitigate many of the HIS dares encountered in developing nations, like shortage of staff, death
of equipment and installations, lack of drugs and other supplies, and service deliveries.
Additionally, certain developing countries like China, India and Brazil have harnessed most of

the limitless potentials of technology to strengthen their HIS for quality health care applications.
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2.14 Health information system and health equity

Braveman (2014) define health equity as the “principle underlying a commitment to
reduce and ultimately eliminate disparities in health and in its determinants, including social
determinants” and health disparities as a “particular type of health difference closely linked
with economic, social, or environmental disadvantage”. Although health equity and disparities
are ambiguous and applied vaguely, it aligns with the objective of HIS to afford the highest
possible standard of health for all stakeholders (Braveman 2014; Cotlear ef al. 2015; Zhang et
al. 2020). These studies highlight the need for special attention that tends to afford health care
to high-risk stakeholders based on social and meagre conditions. Braveman (2014) contended
that health disparities unsympathetically upset certain people who have analytically
experienced greater social or economic obstacles to health. The bases of these disparities are
not limited to racial, ethnicity, religion, demographic and cognitive determinants. All of these
are transient in different health care applications and require a resilient and sustainable HIS to
enhance health equity (Schmidt, Abboud and Bogaert 2021; Sarmiento-Suarez et al. 2022).
Notwithstanding, in order to afford health care to all without compromising is vital to utilise
the total capacity of HIS. The pertinent role of HIS in enhancing health care applications
ameliorates many concerns with health equity and disparities (Al-Shorbaji et al. 2018; Gil-
Borrelli et al. 2018; Khader et al. 2018; Kpobi, Swartz and Ofori-Atta 2018; Jabareen, Khader

and Taweel 2020; Nicol ef al. 2021).
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2.15 Availability of functional infrastructure

The HIS functional infrastructure is instituted globally to afford different levels of aid
to the stakeholders. Current literature reveals the importance of HIS’ functional infrastructure
and commends HIS as an integral building block in the delivery of health care (Gebre-Mariam
and Fruijtier 2018; Roth et al. 2018; Samra, Li and Soh 2020; Tummers et al. 2021c). Roth et
al. (2018) describe HIS functional infrastructure as value-added healthcare IS that emerges
from a state-of-the-art business intelligence of prior integrated IS like enterprise resource
planning. However, sundry extant literature alluded the evidence of meagre HIS’ infrastructure
associated with the health care applications (Mejia Medina ef al. 2019; Khorshed ef al. 2022).
The development of HIS functional infrastructure for health care applications has been reported
in extant literature to be vested with great potential to enhance healthcare applications (Tamm
et al. 2022). Fernandes et al. (2019) describe it as an architecture for health systems for
healthcare applications that support stakeholders such as patients. Jawa et al. (2020) share an
architecture for HIS functionality that can be enacted for resource allocation and oversight of
health concerns like COVID-19 within the healthcare arena. Nyangena et al. (2021) assert the
1solation of HIS functionality and reported the maturity level to be in a nascent emerging stage.
Jeffery et al. (2018) allege the presence of HIS structural flaws in healthcare coverage had

produced a hiatus superfluous with health perils.

According to Nyangena ef al. (2021) study, HIS functional infrastructure, mainly the
digital component, has many health promises that need to be well defined to afford seamless
data exchange and enhance the quality of health care applications. They are highlights of HIS
functional infrastructure that enable integration and interoperability in the healthcare system.

Sundry literature praises HIS integration and interoperability capabilities as a purposeful
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infrastructure delivery (Prasser ef al. 2018; Nyangena ef al. 2021; Santana et al. 2021). Prasser
et al. (2018) posit that the future of medicine within the healthcare arena would be digital,
participatory, preventive, predictive and personalised; thus, HIS architecture that integrates and
harmonises and share big data should be envisioned in the future enactment of HIS for health
care applications. These authors collectively reveal the existing and future HIS functional
infrastructure to be embedded with many capabilities and abilities to address many dares within
the healthcare arena and enhance health care applications (Prasser et al. 2018; Fernandes et al.

2019; Jawa et al. 2020; Nyangena ef al. 2021).

2.16 The conceptual study annotation for sustainable and resilient
Health information systems for health care applications

The aforementioned sundry discussion on the HIS established the existing global
outlook of HIS for health care applications. According to scholars, the existing HISs aids
healthcare systems and their beneficiaries in many ways (Tummers ef al. 2021a; Tummers et
al. 2021b; Tummers et al. 2021c; Epizitone 2022; Epizitone, Moyane and Agbehadji 2022).
These benefits and reliance have led to increased deployment and adoption of HISs within the
healthcare domain. Congruently, there have been increases in HISs’ dares as well as
dissatisfaction with some authors alleging that there is a need for a substantial expanse of efforts
to be invested in HISs’ deployment (Malekzadeh ef al. 2018; Gamal, Barakat and Rezk 2021;
Epizitone 2022; Epizitone, Moyane and Agbehadji 2022). Moreover, despite the unique design
of HIS, several dares, such as constant transformation and evolution of technology, and
increased cost, still maintain a tenacious presence with its enactment (Kumar et al. 2018;

Gamal, Barakat and Rezk 2021). Although these dares vary across the healthcare system
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globally for several reasons related to their contextualisation, there seems to be a consensus in
extant literature that associated these HISs’ dares to its infrastructure, organisational and data
culture (Ahmadi et al. 2018; Malekzadeh et al. 2018). However, a global united front calls for
a strengthened HIS for health care applications to leverage its potential and enhance its

applications.

2.16.1 Sustainable and resilient health information system for health care applications

Different dimensions of well-being have been said to be attainable by the availability of
opportunities presented by the existence of sustainability and resilience of systems such as the
HIS (Gardoni 2019). According to Gardoni (2019), the presence of sustainability and resilience
within a system avail opportunities to current and future generations with minimal disruption
and afford and address certain considerations. In the extant literature, there are several
definitions of these concepts, with some being industry-specific (Doorn, Gardoni and Murphy
2019; Gardoni 2019; Koliou et al. 2020). In general, sustainability is considered as the ability
to measure or deliver a balanced resource offering within an ecosystem while taking certain
concerns into account as resources are generated, whereas resilience is defined as the ability to
withstand peripheral trepidation, acclimate, and swiftly recover to the original state of
functionality or a new one (Zhang and Lin 2010; Gardoni 2018; Gardoni 2019; Gardoni and
Murphy 2020). While these two terms may be used interchangeably, they are two
distinguishable terms. According to Zhang and Lin (2010), a merger of sustainability and
resilience in a system is considered to be the ability to regenerate a loss or injured resource. In
the context of healthcare, there have been many events and needs that have coerced a response
from HIS enactment for health care applications and warrant the condition for these abilities

within the healthcare arena. Over the course of HIS undertaking for health care applications,
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there have been events such as the resurgence of pandemics like COVID-19 and the global
health priorities for SDG 3 attainment that has imposed the need for sustainability and resilience
within the healthcare arena (Adams et al. 2013; Jinabhai et al. 2021; Crooks et al. 2022;

Soltysik-Piorunkiewicz and Morawiec 2022).

Sundry literature also divulged that there are many other additional transformational
dares, such as deplorable infrastructure, lack of human resources, meagre service delivery,
health centres inaccessibility and inadequate HIS associated with the delivery of health care in
the healthcare arena (McAllister and McAllister 2013; Guidotti ez al. 2016; Mutale ef al. 2018;
Nocera et al. 2018; Epizitone 2022). While there have been many attempts to address these
phenomena, the need for these attempts to be robust and long-term is paramount to successful
health care applications. Kpobi, Swartz and Ofori-Atta (2018) highlight the need to anticipate
and plan for HIS’ enactment and sustainability. Similarly, Adams et al. (2013) reveal the need
for post-millennium developmental goals within the healthcare arena to be defined to enable
innovations to anchor on existing attainments and creativity to tackle future health dares under
the clarion call of universal health coverage priorities (Mills et al. 2019). Furthermore, the
critical review literature divulges the paucity of studies that assess the sustainability and
resilience of HIS for health care applications in contrast to the presence of many studies that
target the improvement of HIS for health care applications (Adaba and Kebebew 2018; Bawack
and Kamdjoug 2018; Alsharo, Alnsour and Alabdallah 2020; Alahmar, AIMousa and Benlamri
2022). Authors Adaba and Kebebew (2018) reported the need for studies on the HIS
sustainability for health care applications indicating it to be an essential HIS optimisation and

health care applications.
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The resilience of the HIS system is considered to have tremendous implications on
stakeholders' safety, health and well-being within the healthcare arena (Zhang and Lin 2010).
Gardoni (2019) synthesises that frameworks need to include fundamental functions that enable
the attainment of resilience and sustainability. The presence of many challenges in the health
settings has alluded this need severally, necessitating their applications within the healthcare
arena (Sari and Prayoga 2018; Clay-Williams and Braithwaite 2019). Employing these two
unique capabilities within the healthcare system can successfully tackle HIS dares by providing
a long-term solution. Hence the need for resilience and sustainable HIS for health care
applications framework is paramount in the healthcare arena (Clay-Williams and Braithwaite

2019; Tilahun et al. 2021; Epizitone 2022).

2.16.2 Current challenges of health information systems from related work

The enactment of HIS has created and presented equal opportunities and dares within
the healthcare arena (Askar, Ardakani and Majdzade 2017; Nyangena et al. 2021). It is well
known that there has been enhanced economic and administrative efficiency of health care
applications as well as enhanced patient care quality and interceptive health technologies.
However, with the presence of these opportunities, there are several challenges encountered in
the implementation and deployment of HIS in the healthcare arena (Sligo et al. 2017; Mozaftar
et al. 2018; Price, Green and Suhomlinova 2019; Jabareen, Khader and Taweel 2020; Weber
and Ho 2020; Negro-Calduch et al. 2021; Garcia, De la Vega and Mercado 2022). These
challenges stem from several areas within the healthcare environment. A study by Tummers e?

al. (2021c) report a high dissatisfaction degree of HIS regardless of its high adoption rates.

Similarly, extant literature reveals a rife snag, shortcomings and failures associated with

HIS enactment Negro (Askar, Ardakani and Majdzade 2017; Sligo et al. 2017; Mussi et al.
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2018; Garcia, De la Vega and Mercado 2022). Correspondingly, Vaganova et al. (2017)
signpost these challenges’ areas and associations within the healthcare arena. Identifying the
different needs of health practitioners, the extreme limitations on medical device and equipment
purchases, the external ownership of innovative health products, time-consuming technological

implementations and compatibilities issues as some of the challenges.

Tummers ef al. (2021a) revealed that these HIS dares, such as fragmentation, are the
reason for its encumbered understanding and characterisation. These studies aggregately
highlight the need for solutions for the prevailing dares associated with HIS. Additionally,
although these challenges paint a negative representation of HIS and its enactment in health
care applications, it is important because it highlights practical starting points for the
development of a resilient and sustainable HIS. Additionally, these challenges have been
reported in sundry literature with the anticipation of inciting a resolution that targets health care
applications optimisation in the healthcare arena. A stimulating response is the report of extant
literature with proposed ameliorations. Steil ef al. (2019) propose an inter and multidisciplinary
collaboration between humans and machines in making hybrid health care application

decisions.

Similarly, Crepaldi ef al. (2018) suggest a nuanced and multidisciplinary evaluation for
a favourable outcome of HIS objectives. At the same time, several scholars suggested the
development of a strategic plan that synchronizes and points in the right direction communal
exertions to a more integrated, worthwhile and sustainable HIS (Askar, Ardakani and Majdzade
2017; Awang Kalong and Yusof 2017; Bagayoko et al. 2020). Epizitone (2022) summarised
these dares in line with a proposed the development of resilience and sustainable HIS for health

care application framework. Figure 2-3 present a summarised illustration of these challenges.
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Figure 2-3 HIS Challenges (Sources: Epizitone 2022)

2.16.3 Redesign of HIS: a socio-technical approach

The healthcare arena has been for many years engaged in endorsing technologies in the
delivery of healthcare. Over time there has been a growing evolution of technological

deployment within healthcare, with prominent concepts such as telemedicine, mHealth and
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eHealth taking centre stage (Cook et al. 2016; Hoque 2016; Finet et al. 2018; Maramba,
Chatterjee and Newman 2019; Sharma and Prashar 2019; Ammenwerth ez al. 2020; Grosjean,
Bate and Mestre 2020; Jurkeviciute ef al. 2020; Oberschmidt et al. 2022). Although this has
contributed to the delivery of health care in a broader scope, there are still many concerns
involved with the social component (Bygholm 2018; de Carvalho Junior and Bandiera-Paiva
2018; de Carvalho and Bandiera-Paiva 2020). These instances are also evidence of the
alienation of HIS within the healthcare arena, which has resulted in the passive inference
attributed to these systems. Extant literature questions the interaction of human and nonhuman
intelligence within the healthcare arena (Steil et al. 2019). According to scholars, redesigning
HIS requires a comprehensive overview of stakeholders’ interactions with the system to
ascertain their needs and preferences to incorporate into the design (Eslami, Firoozabadi and
Homayounvala 2018). Citrin et al. (2018) state that “A key opportunity to address these
challenges lies in two inter-related developments in global healthcare systems design: 1) the
expanded scope of community healthcare workers in healthcare delivery systems; and 2) digital

systems for longitudinal care”.

Additionally, highlighting the indispensable need for recognition to be afforded to
healthcare providers for an effective, agile and adaptive population-level data systems
healthcare delivery. While the need for a sustainable and resilient HIS is urgently needed, it is
paramount to address these flaws in the enactment of HIS (Zhang et al. 2020). To mitigate
failures and challenges, a robust and resilient HIS must be redesigned to incorporate and engage
key stakeholders (Beck et al. 2018; Mutale et al. 2018). Teixeira, de Pinho and Patricio (2019)
mentioned the importance of stakeholders like end-user involvement in the designing of HIS.
At the same time, a study by Martikainen, Kaipio and Laaveri (2020) confirms the essential

disposition of stakeholders in the development of HIS for health care applications. While Beck
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et al. (2018) state that HIS feat requires all stakeholders’ alliance and political will, highlighting
that the presence of technologies is not the sole solution. Alsharo, Alnsour and Alabdallah
(2020) argue that stakeholders’ perception of HIS is an interruptive influence in health care
applications that adversely affects its efficacy in the healthcare arena. Thus, this study proposes
incorporating insight from patient data to enhance quality health care applications. The
framework presented in this study capitalised on HIS data as a means to renew health care
efforts and conquer emerging threats like lack of integration in the enactment of HIS and

isolation of stakeholders in the healthcare arena.

2.16.4 Socio-technical theory

Technology deployment within healthcare has been purposeful for specific targets and
objectives. Many of these deployments have been void of the social component that
incorporates communication from stakeholders and decision-makers (Hostgaard, Bertelsen and
Nohr 2017; Hughes-Lartey et al. 2020; Ghaffari et al. 2021). Ghaffari et al. (2021) assert that
the interaction of stakeholders with health information technology (HIT) such as HIS is
important in the development of their competency. According to Panerai (2014), HIS
deployment is beneficial in many ways and maintains a pervasive stance in the healthcare
arena. There is no reservation that the HIS fosters a relationship between stakeholders such as
patients and healthcare providers (de Quiros, Dawidowski and Figar 2017; Bertelsen, Petersen
and Nehr 2020; Faridah et al. 2020; Ayele et al. 2021; Jeyakumar et al. 2021). In actuality,
studies have commended the role of good relationships in attracting, retaining and even
heartening the incorporation of core stakeholders such as patients in decision making (Clay-
Williams and Braithwaite 2019; Steil et al. 2019; Teixeira, de Pinho and Patricio 2019). Extant

literature further associates good relationships with effective communication that subsequently
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enhances health and quality of life and enables the management of chronic diseases (de Quiros,
Dawidowski and Figar 2017; Crepaldi et al. 2018). Additionally, Almunawar and Anshari
(2012) content that for relationships to grow and develop, it must be managed and urges
organizations to acknowledge changing needs and be alert. Despite these premises, the
deprivation of stakeholders' incorporation with healthcare technologies remains evident in
extant literature (Ifinedo 2018; Giussi Bordoni et al. 2019; Mejia Medina et al. 2019; Ghaffari

etal 2021).

HIS is a complex system that requires several aligning corporations where they are deployed
(Eslami Andargoli et al. 2017; Palojoki et al. 2017; Hariyanto, Denison and Stillman 2018;
Prodinger and Taylor 2018; Clay-Williams and Braithwaite 2019). Its survival relies on
incorporating developed technological devices and key stakeholders (Palojoki et al. 2017). Key
stakeholders, such as developers and end users, share a mutual responsibility for the success
and failure of HIS. However, this can hardly be materialised in most settings as parties do not
share the same realities and expectations (Mutale et al. 2018). Vaganova ef al. (2017) report
this difference and indicate that the developer's reality is limited to the technical possibilities,
while stakeholders such as end-users are particularly concerned about costs, returns and health.
These studies reveal the absence of key stakeholder involvement in the development process.
Crepaldi et al. (2018) report the limited point of view of health care recipients in HIS. Although
HIS has been marked in extant literature for its many benefits, the lack of health care recipients’
views reveals the need for a HIS that is depended on the specialised requirements of the
healthcare zone (Teixeira, de Pinho and Patricio 2019). Moreover, extant literature reveals the
development of HIS as a complex socio-technical process imbued with an elevated degree of

uncertainty (Vaganova et al. 2017; Rohani and Yusof 2022).
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Additionally, HIS design and output have been marred with many failures due to the illustration
of HIS as “data on computer” (Panerai 2014). In an attempt to tackle HIS design flaw, several
studies have presented elucidations on the way forward. A study by Teixeira, de Pinho and
Patricio (2019) theorise the use of a service design approach in the development of HIS that
fosters stakeholders’ participation in co-creating solutions via the incorporation of a
participatory, holistic, creative and visual slant on an iterative course of exploration, ideation,
reflection, and implementation. Correspondingly, another study proposes an action-led HIS in
contrast to the data-led one that infused mathematical and statistical scientific techniques to
afford insights into scenarios within the healthcare arena (Panerai 2014). These studies
endorsed the integration of developmental models into current HIS settings (Awang Kalong

and Yusof 2017; Grenha Teixeira, Pinho and Patricio 2019).

A critical review of HIS and health care applications research reveal a pertinent need
for the incorporation of stakeholders’ perspectives for the strengthening of HIS (Awang Kalong
and Yusof 2017; Mutale ef al. 2018; Alsharo, Alnsour and Alabdallah 2020; Ayele ef al. 2021;
Biru et al. 2022). Extant literature postulates HIS’s knowledge and practices among
stakeholders such as doctors and staff to be truncated (Sadoughi et al. 2017). Thomas et al.
(2022) indicate that many countries have different challenges specific to their context that
influence the enactment of HIS; hence incorporating stakeholders’ perspectives is vital for
reinforcing HIS capabilities. Similarly, Citrin et al. (2018) contend that the simultaneous
technological and healthcare workforce advances present an avenue to tackle health care
challenges. However, the presence of organisational concerns that are subjective and impede
coordinated efforts toward theoretically-informed HIS and health care applications exertion

(Cresswell and Sheikh 2013). Nevertheless, Cresswell and Sheikh (2013) state that HIS
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enactments in healthcare settings are fatefully imperative undertakings that need adequate

research attention.

2.16.5 Health information system concepts trend

Over the last decades, there have been many trends and key concepts that have
characterised the HIS for health care applications (Scheplitz 2021). Clay-Williams and
Braithwaite (2019) reveal these trends and concepts to be lagging in the development of a
resilient health care application. A critical look into HIS and health care applications related
studies show that these trends have evolved gradually and still continue to evolve, indicating
the relevance and need for these studies that seek to contribute to the advancement of HIS for
health care applications (Epizitone 2022; Epizitone, Moyane and Agbehadji 2022). Many of
the identified trends are biased toward enhancing and attaining sustainable and resilient HIS for
healthcare applications. As a result, a need to ascertain their aggregate input to healthcare exists
(Epizitone, Moyane and Agbehadji 2022). Figure 2-4 illustrates the isolation of key concepts
in a set of three identified concepts in extant literature. This gap highlights the need for design
studies incorporating core and key concepts in the healthcare arena to attain sustainable and

resilient HIS for enhancing health care applications.
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Figure 2-4: Trends in HIS and Health care applications studies
Source: Author creation.

Furthermore, Clay-Williams and Braithwaite (2019) study on resilient health care
alludes the need for a new approach the regard system thinking to consider the everyday work
variation in the enactment of HIS for resilient healthcare. Kumar et al. (2018) allege that the

assimilation of system thinking keen on reinforcement HIS exertions will decrease HIS design-
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user reality fissure. According to these authors, despite the great potential of sustainability and
enactment of complex health care services mediations, stakeholders must be incorporated for
practical implementations (Braithwaite et al. 2017; Eslami Andargoli et al. 2017; Clay-

Williams and Braithwaite 2019).

2.16.6 Study theoretical frameworks

The theoretical framework that has guided many IS studies within the healthcare arena
has employed the use of the evidence base research and practice theory to afford elucidations
on information system phenomena. Many of these have been centred on the deployment and
benefits of HIS on healthcare applications creating a hiatus in the existing body of knowledge
(Sahay, Nielsen and Latifov 2018; Dehnavieh et al. 2019; Sahay, Rashidian and Doctor 2020;
Ostern et al. 2021; Epizitone 2022). These studies present many application of theoretical
evidenced-based research that has resulted in the creation of a gap, as there are limited studies
that delve into the design and action theory with the human component in view. In many
research studies, the theoretical Framework (TF) often describes the blueprint that enables
researchers to conduct their investigation. On the other hand, the conceptual framework (CF)
builds on the TF to allow for incorporating the researcher's constructs in addressing the study
inquest (Mensah et al. 2020; Lynch et al. 2021; Simsek et al. 2022). Hence, this study employs
the information system (IS) theory of design and action that explores and incorporates the socio-
technical aspects to enable efficient ICT usage and designs in Healthcare (Gregor 2006; Adaba

and Kebebew 2018; Grosjean, Bate and Mestre 2020; Grosjean et al. 2022).

These theories are preferred and supplement the evidence base theory (EBT) and
diffusion of innovation theory (DIT) (de Oliveira ef al. 2020). The DIT theory seeks to drive
the adoption of innovative technology. In the context of HIS, implementation and adoption
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have already been grounded globally. However, the need for this system to be strengthened
shifts the focus away from initial implementation and adoption to post-enactment (Biru et al.
2022). That emphasises the structural and process transformation for healthcare stakeholders
anchoring on extant evidence to redesign existing HIS to be resilient and sustainable, resultantly

improving health care applications.

This theory postulated that stakeholders and technology are equally valuable, and hence
stakeholder perspectives should be incorporated into the design of ICT. It also disputes the
foremost premise that HIS is solely a computer implementation (Panerai 2014). It adopts the
credence that stakeholders can contribute to the development of resilience and sustainable HIS
when included in the development (Faridah et al. 2020; Martikainen, Kaipio and Laaveri 2020;
Sik, Aydinoglu and Son 2021). Faridah et al. (2020) allege there is a considerable value
associated with proper coordination and adaptability of human resources in implementing HIS
for health care applications. Therefore, using data science to present robust and sustainable HIS
for health care applications is the main aim of this study set forth to contribute to the practical
applications of HIS within the healthcare arena and subsequent enhancement of health care
delivery. Extant literature posited that in order to attain favourable outcomes from health
applications, scrutiny is needed that incorporates data-driven sciences and social judgement
(Magdon-Ismail et al. 2019). However, many healthcare data sources can be classified into two
categories: patient-oriented (clinical, administration, Financial and billing) and non-patient
oriented, such as aggregate healthcare data (cost, statistics, procedures and diseases indexes,
reports and scorecards). Regardless of the type of health data categories, many core
stakeholders’ actions are dependent on these data and the insights that can be obtained from it
(Ahmadi 2017; Askar, Ardakani and Majdzade 2017; Flora, Margaret and Dan 2017; Yang et

al. 2017b; Gesicho and Babic 2018; Stout et al. 2018; Hypponen et al. 2019; Mazur et al. 2019;
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Oza et al. 2019; de Carvalho and Bandiera-Paiva 2020; Bosch-Capblanch et al. 2021; Ng'etich,
Voyi and Mutero 2021; Tappis et al. 2021; Boikos et al. 2022; Chanyalew et al. 2022; Ladas
etal. 2022; Lal et al. 2022; Worku et al. 2022; Zuske et al. 2022). This study anchors on these
data to resolve the passive engagement of the healthcare system, namely HIS, in delivering
quality health care applications and demonstrating the socio-technical component value in
implementing robust HIS. Figure 2-5 illustrates the Venn diagram of the core theories

employed in this study.

Data Sciences

Design Science
Research

Figure 2-5 The underlying theories employed for the development of HIS

Source: Author creation.
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2.16.7 Study conceptual frameworks

Although HIS is broad and has amassed myriad definitions that have been applied in
varied contexts, extant Literature highlights the need to distillate its contributions to current and
future health development and its enactment challenges (Panerai 2014). Considering that data
is an essential and expensive resource in the Healthcare arena. Dissecting the data element to
ascertain its role in attaining a sustainable and resilient HIS is crucial. The typical data
processing cycle in an ideal HIS is seen to be tedious and requires isolated functions. Roth et
al. (2018) case report on the scalable analytical platform enactment from the “business
intelligent” system in the healthcare arena illustrates this cycle to be vital yet rely on external
handles. Frameworks or models like the data management and analysis model are a unique
advantage to attaining a resilient and sustainable HIS for health care applications (Joseph et al.
2022). All of which reveal the needed incorporation of the data constituent under the

deployment of an adept.

Several studies present evidence of data constituents' significance in affording insight
and edge in the HIS, which is paramount to its resilience and sustainability for enhancing health
care applications. Hence, integrating data analysis under adept custody directly in the HIS for
health care can afford a strengthened system that will be resilient and sustainable (Combi and
Pozzi2019). Figure 2-6 shows the data management and analysis process in a healthcare space.
The step detailed the critical phase entailed in managing and analysing health-related data
within the healthcare arena to obtain insights. Like most Healthcare frameworks developed, the
case of isolation and void of integration to implement the insight generated is predominant.

However, the isolation of the data management process and analysis can be attributed to the
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lack of socio-technical incorporation at various phases of the process due to the nature and

scope of HIS.

Figure 2-6 Data management and analysis process at the University Hospital Basel
Source: Roth et al. (2018).

Nonetheless, many frameworks that are socio-technically focused have detailed
successful enactment of health care services as they are tailored to enhance HIS. HIS

frameworks such as “Patient-Reported Outcome Measure” (PROM) IS (Curtis and Brandow
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2017; Prodinger and Taylor 2018), and health outcomes through mentoring, assessments
(BHOMA) (Mutale et al. 2018) and “Patient-reported outcome (PRO) (Moloczij et al. 2018)
are practical examples enacted. However, although all these frameworks remain isolated and
dependent on specific constituents of HIS, they necessitate the need for an integrated data-
driven framework that incorporates all components in the healthcare arena to afford quality

health care applications is relevant.

Developing and implementing a data-driven paradigm for a resilient and sustainable
HIS for health care applications would strengthen existing frameworks and enhance the
potential of emerging technological applications for healthcare within the healthcare arena. This
data-driven paradigm is also a critical undertaking needed for developing and strengthening the
global health system (Rudd et al. 2019). However, extant literature reveals limited research on
HIS benefits and influences on healthcare quality, especially in this regard (Ker, Wang and
Hajli 2018). Highlighting the demand for more studies on HIS payoffs and influences on health
care applications. Concomitantly efforts that target the appraisal of HIS enactment have been
deliberated to be strategically advantageous in the attainment of robust health care applications
(Noel, Taramasco and Marquez 2022). Jabareen, Khader and Taweel (2020) emphasise on
supports that aid the need to develop strategies that anchor HIS in digitalisation. Thus, many
facets of health care applications are set to benefit from the development and strengthening of
HIS directly. Similarly, the enactment of data-driven applications, which propel the
employment of HIS in the delivery of health care applications, will subsequently respond to
and fulfil the sustainable development goals for health care for all (Mills, Lee and Rassekh

2019; Nsaghurwe et al. 2021).
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2.17 Summary of the chapter

As the world advances, the population increases and many economic gradients are
impacted. A sustainable and resilient HIS for quality health care applications within the
healthcare arena is paramount. The need for real-time elucidations from HIS that transient
between time and space is essential for stakeholders’ health care. Hence the need for this study
that pinpoints and constructs the development of sustainable and resilient HIS from a data-
driven angle is necessary. The chapter draws from extant theories within the healthcare arena
to present a conceptual context for developing a sustainable and resilient HIS for health care
applications from the review literature. The first part of this chapter presents extant literature
on HIS for healthcare. The latter part establishes the contextualise context that guides the
subsequent chapters. The following chapter detail the methodology employed in the attainment

of this study.
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CHAPTER THREE: RESEARCH DESIGN

3.1 Introduction

This chapter presents the research methodology and maps out the research design and
elements associated with this study. The research methodology articulated to traverse the aim
of this study is grounded on the intersection of socio-technical theory, design sciences research,
data sciences and study impetus, as well as the driving research question. The overarching
question is: How can knowledge generated from an analysed integrated information system be
used to attain a resilient and sustainable integrated information system for Health Care
applications? To explore this main question, the following research objectives were further

formulated for the study to be systematically addressed using a data-driven approach.

e Ascertain the knowledge, constraints, and perceptions of the Health Information Systems
deliverables.

e Explore knowledge creation that addresses ill-defined problems in the Integrated Health
Information System.

e Investigate the performance of Health information systems for health care applications.

e Structure an efficient and effective holistic model framework for a robust, resilient, and
sustainable integrated Health Information System.

e Empirically validate data science techniques for achieving a resilient and sustainable HIS
and evaluate the developed machine learning model with other models using well-known
metrics.

e Enact the best deployment model for enhancing the healthcare information system.

e Provide theoretical and practical reflections from the study that may be used to implement

a resilient and sustainable HIS.
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3.2 An overview of the problem and purposes

The Healthcare arena has in place many systems to afford health care to its stakeholders.
Over time technological deployment has proven to be of great benefit within the healthcare
arena. Many advances have been attained for HIS deployments, such as improving healthcare
and enabling evidence base decisions (Nwankwo and Sambo 2020; Delnord ef al. 2021). The
HIS is an integrated information with many interrelated components; people, processes and
technology have been indispensable for a decade within the healthcare arena. Its employment
for health care applications such as care, treatment and intervention has been commendable.
However, there are many dares associated with the HIS, such as its lack of symmetry and
feebleness that limits its potential to afford sound health care applications (Nehr et al. 2019;
Epizitone 2022). The health care system is posited to be complex and flout simplistic
ameliorations. Regardless, new paradigms of knowledge are replacing outdated approaches
associated with working, thinking and improving healthcare systems (Braithwaite et al. 2017).
Hence, the core of this new shift is reliant on the approach “contextualisation” on a robust and
scientific footing. Thus this study was synthesized in the data science and design science
approaches to afford a resilient and sustainable HIS for healthcare applications. The study
intends to leverage the power of data sciences, which can structure systems to attain a resilient
and sustainable HIS for health care applications within the healthcare arena. Several
methodological steps are taken in order to develop a resilient and sustainable HIS for health
care applications. Figure 3-1 illustrates the proposed “framework to develop a resilient and
sustainable integrated information system for Health Care applications” using data orientated

approach.

71



Post Enactment

' Data generated Data Analyses Insight generated Insight applied
_ HIS
o Health planning
z management i
) ;
25| | g
HIS deploynte = 2 = - Health Care
efnvironme =3 [ B e - s Process
=7 operations Applications _
< 3 \ processes sy
HIS g /
; 0 Health care Transitions
S module
: Data generated Data Analyses Insight generated Insight applied
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3.3 Research Methodology

This study adopts the design science research (DSR) approach, which gained popularity
in the 1990s and is now employed in a wide range of fields, including healthcare (Hevner et
al. 2010; Kao et al. 2016). It is a research methodology that enables explicit guidelines for
iteration and evaluation in a research project (Peffers et al. 2007; Hevner et al. 2010; Wieringa
2014). This approach, over other approaches, presents an outcome-based research strategy that
enables the development and fine-tuning of artefacts such as design, methods and models.
Several fields have adopted and implemented the DSR paradigm (Hevner et al. 2010; Hevner,
Chatterjee and livari 2010; Geerts 2011; Mwilu, Comyn-Wattiau and Prat 2016; Van Aken,
Chandrasekaran and Halman 2016). In the IS domain, the implementation of DSR has been
employed to solve real-life snags and rendered employable artefacts (Peffers et al. 2007; Hevner
et al. 2010; Dresch et al. 2015; Kao et al. 2016). In the healthcare arena, it is asserted to have
several opportunities (Hevner and Wickramasinghe 2018). Many sectors of the healthcare
industries have already benefited from its uses to advance their services (Lapao, Da Silva and
Gregorio 2017; Beinke, Fitte and Teuteberg 2019; Teixeira, Patricio and Tuunanen 2019;

Johnson, Burgess and Sethi 2020).

The research approach formulated to realise the aim of this research study falls within
the footing of design sciences at the intersection of data sciences and information systems
(Provost and Fawcett 2013; Baskerville, Kaul and Storey 2015; Lee, Thomas and Baskerville
2015; Kao et al. 2016; Reubens 2016; Kala et al. 2020; Katarahweire, Bainomugisha and
Mughal 2020). Hevner and Chatterjee (2010) posited the DSR approach is exceptionally

pertinent to information systems research in dealing with key issues that are central, albeit
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contentious, to the role of information technology artefacts. This method was defined in the
extant literature as a pragmatic research paradigm that encourages the creation of ground-

breaking artefacts to solve real-world problems.

Thus, the DSR is paramount to this study in that it affords practical objectives that aid
the successful realisation of the study in the ensuing sequence, which commences with a
problem awareness in the healthcare sector, followed by a proposed artefact that will be
developed and evaluated at the end (Wieringa 2014; Baskerville et al. 2018). Hence, the DSR
is employed to satisfy the driving question; “How can knowledge generated from an analyse
integrated information system be used to attain a resilient and sustainable integrated information

system for Health Care applications?” And the subsequent research questions.

3.4 Multiphase Research Design

Following the DSR, a multiphase method approach was used because it is apt for the
study's main aim as it utilises different methods at different phases that afford problem
awareness, suggestion, development and evaluation at the different phases (Geerts 2011;
Youngs and Piggot-Irvine 2012; Provost and Fawcett 2013; Bell ef al. 2014; Venable, Pries-
Heje and Baskerville 2016; Baskerville et al. 2018; Epizitone and Olugbara 2020). By exploring
the study objectives, a pragmatic observation was conducted in diverse phases, which resulted
in the research questions being explored in different stages of the study with data sciences in
view. These stages were based on health-related data. The unique data cases used in this study
are based on system-generated data. The insights gained from it are intended to be deployed by

practitioners in decision making (Sivarajah et al. 2017; Van der Voort et al. 2019; van der Voort
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et al. 2021). A research objective and related works associated with the goal were addressed at
each phase. Through data sciences, the alignment of the study with the research's overall
objective was explored, with a broad view of data science knowledge creation (Priestley and
McGrath 2019). The case studies were from the integrated information system and the
healthcare domain with the problem at different scopes and structures (van der Voort et al.
2021). In the healthcare domain, knowledge from the health system, such as health data, will
be explored to uncover the pertinent insights applicable to the case study. Table 3-1 illustrates
the different phases and the methodological approach used. In the multiphase research design,
the qualitative and quantitative methodologies were strategized to complement and validate

each other in order to produce a high-quality research artefact output.
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Table 3-1 Multiphase Research Design

Research

Phases Objectives [Approach Method

(RQ)

Phase 1  [RO1 Systematic content Analysis resulted in a

RO2 Qualitative  [comprehensive and systematic literature review|
output.

Phase2  |RO3 ) Data Science techniques are employed at this phase

Mixed method
_ to uncover insights and generate knowledge that can|

(Qualitative and
_ create and add value to current HIS for healthcare

Quantitative)
applications. Techniques such as bibliometric and|
RO4 machine learning analysis are used to design artefacts
Mixed method fthat can be replicated using the pipeline
demonstrated in this study.

Phase 3  |ROS Content review for contextualise problems and|
paradigm modelling that supports decision
formulations using Machine learning and related|

Mixed method human schemes to provide cognitive artefacts on HIS
for enhanced healthcare.

RQ 6 The data model/framework is structured, and|
experiments are developed to demonstrate its
implementations.

Phase 4  |RO7 Study inferences from findings to afford

Qualitative

recommendations, suggestions, implications and|

contributions.
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The research phases, as depicted in Table 3-1, illustrated the methodology employed at
the different stages of the study. The first phase qualitatively explores the first two research
objectives via a comprehensive and systematic content analysis of the relevant literature survey
related to the case and proceeds to phase two. A comprehensive and systematic literature review
output was produced at this stage. The review presents findings that substantiate the need for
HIS sustainability and resilience and was further supported with a bibliometric analysis that
analysed a large volume of qualitative data on HIS. Then the selected materials that make up
the dataset are then analysed in alignment with the healthcare systems' need to identify and
create insightful structure and information. In phase two, an investigation into what kind of
knowledge can be afforded was conducted in relation to objectives three and four using a mixed

methodology.

The bibliometric analysis augmented the information regarding the healthcare systems.
Following the data-driven track to develop a data-driven paradigm can be used to achieve a
resilient and sustainable HIS. In the subsequent research phase, objectives five and six were
explored to validate the proposed model empirically. Machine models are developed and are
evaluated, and the machine's decisions capabilities compared to humans. Through data science
techniques, identified problems from the extant literature were mapped to the health system
data. Several experimental analysis was made in alignment with the study objectives. The
inferences are provided for comparison from human decisions with cognitive artefacts. From
this comprehensive exploration, a qualitative appraisal was rendered between machine and
human choices, and the summary provides empirical validation of the developed data-driven
model. The last phase, objective seven, provides a theoretical and practical reflection that can

be used to implement a resilient and sustainable HIS for healthcare augmentation.
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Thus adhering to the DSR and using data science techniques, identified problems from
the extant literature were mapped to the health system data. All experimental analysis was
conducted in alignment with the study objectives. The inference was used to compare human
decisions with cognitive artefacts. The inquiry in phases 1 through 7 rendered a qualitative
comparison between machine and human choices. Drawing from the initial phases and analysis,
the proposed model was established to aid the attainment of a resilient and sustainable
integrated information system. The transformed and analysed health dataset in the final stage
illustrates the pragmatic enactment of data sciences techniques that could be used to strengthen
the HIS. The yielded computational prototype may also be integrated into the existing
healthcare system to augment healthcare and enhance the HIS. As a result, the findings from
applying and deploying data science approaches were used to construct suggestions and ideas
to support future strategy formation and initiatives in the healthcare system, following the

quantitative and qualitative methodology.

3.5 Research strategy

This study research strategy stems from the need to develop a resilient and sustainable
HIS for health care applications within the healthcare arena. The research elements employed
in this study were selected in conjunction with the appropriate philosophy of science and the
research paradigm dimension (Makombe 2017; Epizitone and Olugbara 2020). Extant literature
reveals these paradigms, namely ontology, epistemology and axiology, to be vital to a
researcher in the underlying the subsequent philosophy adopted for a study (Iofrida et al. 2018;
Epizitone and Olugbara 2020). In line with the DSR, these underlying philosophies, namely

ontology, epistemology and axiology, oversee that the adopted viewpoint permits a socio-
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technical driven stance within the context of the study, that the artefact is developed within the
context to create and improve understanding. Thus the pragmatic philosophical stance was
adopted over positivism, post-positivism and interpretivism because it argues that there are no
predetermined frameworks or theories to shape knowledge or truth. Thus there is no strict

restriction to a single system, reality or philosophy (Epizitone and Olugbara 2020).

Additionally, the pragmatism stance agrees that one or more positions can be adopted
for a study. Thus it is the main premise of the mixed method that incorporates multiple
contextualization to establish an unconventional state that is socio-technological empowered
(Wahyuni 2012; Epizitone and Olugbara 2020). The hybrid method implemented in this study
enabled the scholar to afford new knowledge emerging from the research question within the
context of HIS and health care applications. Similarly, in conjunction with the pragmatic stance,
the research nature adopted for this study was a combination of descriptive, explanatory and
exploratory to afford valuable insight into the attainment of a resilient and sustainable HIS for
health care applications (Kumar 2018; Nabee and Walters 2018; Epizitone and Olugbara 2020).
Additionally, the abductive approach strategy, which combines the inductive and deductive was
adopted on the premise that it permits a flexible movement between the inductive that anchors
on the qualitative and deductive approach that anchors on the quantitative (Asvoll 2014;
Epizitone and Olugbara 2020). These combined slants afford a holistic view of HIS for health
care applications and enable insights into the phenomena associated with these health systems

constitutes.

Thus the methodological choice of this study consists of three paradigms, namely
quantitative, qualitative and mixed methods (Johnson, Russo and Schoonenboom 2019;

Epizitone and Olugbara 2020). The qualitative method is asserted in extant literature to be apt
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for studies that seek to obtain appropriate information on an intrinsically bounded phenomenon
within that context. In contrast, the quantitative method affords measurement of studies
variables using statistical analysis to twig and construe numerical input. Both qualitative and
quantitative methods complement each other in this study that focuses on the development of a
resilient and sustainable HIS for health care applications. In addition to these methods, a hybrid
method that incorporates both ways is used to assemble both numerical and text input to provide
a commendable finding to the research question. Thus, the potential of these research methods
in line with the pragmatic philosophy and research paradigm is effected in the research phases
to aid the augmentation of a “resilient and sustainable” HIS for health care applications which

are highly needed in the healthcare arena.

3.6 Data and Material

The data sciences enactment in this study is based on health care data. A dataset that
contains features that pertain to the healthcare system and applications were used in this
study. Downloaded data from an online repository is used for the experiment in this thesis.
Owing to the standard nature of the dataset benchmark, the preparation of data collection for
the experiments was not taken into deliberation. Nonetheless, the attributes that delineate these
data were deliberated. These included but were not limited to the data nature (binary or
continuous), the number of features and the number of observations. The obtained data were
pre-processed, and exploratory data analysis was done on the dataset to ascertain its features.
The selected characteristics were then analysed, crossed validated, modelled and evaluated. The
detailed appropriate measures are outlined in the upcoming chapters. The dataset obtained from

the online repositories was open-source and represented material associated with health care.

80



The name of the dataset repository is the Mendeley dataset repository, which contains various
datasets that can be used for experiments. It consists of the Electronic Health Record of 4412
individual laboratory report results obtained from a hospital based in Indonesia. More
information on the dataset exploration is provided in Chapter 5. The rationale for using this
dataset is based on the assumption that it represents a standard benchmark dataset for
experimental research and serves as material from a HIS that is apt for this study. The study
required the use of software and programming language for the data analysis experiment. The
R and python programming languages were used as they afford a practical platform with several
library packages apt for data sciences. The software packages have inherent capabilities to
support the data analysis experiments fundamental to the attainment of this study's overarching

objective.

3.7 Summary of the chapter

Framework development of HIS for health care applications is not a new agenda within
the healthcare arena. However, many extant studies on HIS for health care applications reveal
evidence of many dares encompassing the enactment of a resilient and sustainable integrated
health information system. As a result, the design of this research project was geared toward
adding to the existing body of gen on the topic, with the dual objectives of strengthening the
existing HIS and optimising it into practice for various healthcare settings. The research
methodology that traversed the main aim of this study at the intersection of design science
research and data sciences in conjunction with a socio-technological concept to afford a resilient
and sustainable HIS for health care applications was employed to attain these goals. The

knowledge claim used in this study was based on the pragmatic stance that supports a mixed
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method deployment to address the study’s objection. This chapter discusses in detail the
methodological framework that was used for this study in line with the study’s impetus. The
subsequent chapters present a detailed elucidation of the data-driven resilient, and sustainable

HIS for health care applications introduced in this chapter.
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CHAPTER FOUR: A DATA-DRIVEN PARADIGM FOR
RESILIENT AND SUSTAINABLE INTEGRATED
HEALTH INFORMATION SYSTEMS FOR HEALTH
CARE APPLICATIONS

4.1 Introduction

This chapter presents the data sciences technique impetus that underpins the
development of a resilient and sustainable HIS for health care applications. The data-driven
tract serves as the anchor for enabling the attainment of resilient and sustainable HIS that
enhances health care application. Through the incorporation and application of data analytics
insights. Many transformations, such as the fourth industrial revolution and the uncertainty of
certain occurrences, such as pandemics, have driven the adoption and implementation of HIS
in healthcare. Moreover, these HIS deployment for health care applications has been influenced
by external and internal factors aligning with the global transformation. At the epic of these
transformations is digitalisation, which has crept into every nook and cranny of the healthcare
arena with massive data generation. 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 (Negro-Calduch et al. 2021). Thus, the need to harness
data-generated insight to develop a resilient and sustainable HIS for health care applications is

pertinent (Anwar et al. 2018).
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4.2 HIS implemented frameworks for health care applications

A critical review of the extant literature reveals that many benefits of HIS for health
care applications are being compromised by the presence of factors such as inadequate
resources, incompetent staff, data dissemination issues and investment concerns (Ahmadi 2017;
Kpobi, Swartz and Ofori-Atta 2018; Samra, Li and Soh 2020). Therefore, in order to harness
the HIS potential, many authors have presented frameworks for its enactment for healthcare
(Braithwaite ef al. 2017; Alsharo, Alnsour and Alabdallah 2020; Chaney et al. 2021; Dudley et
al. 2022). However, extant literature identified the initial design of the information framework
as one of the dares for HIS implementation, revealing the fault line to revolve around the ease
of access and utilization of the relevant stakeholders (Mezarina et al. 2020). Several
frameworks have been developed and reported in the discourse of HIS for healthcare
applications, many of which have been technological and socially driven (Kalong and Yusof
2017; Joseph et al. 2022). A popular framework is the Technological Acceptance Model
(TAM) employed in HIS to ascertain perception to drive its adoption (Hung and Jen 2012;
Hoque 2016; Alsharo, Alnsour and Alabdallah 2020). 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) designed to decrease HIS induced
medical errors to enhance health safety (Yusof 2019). Other frameworks include the
Information Success System Model -ISSM (Ebnehoseini ef al. 2022), Task-Technology Fit -
TTF (O'Connor, Andreev and O'Reilly 2020), Extended Technology Acceptance Model -
TAM?2 (Omar, Ellenius and Lindemalm 2017), Fit between Individuals, Task, and Technology
-FITT and Unified Theory of Acceptance and Use of Technology - UTAUT (Ammenwerth,

Iller and Mahler 2006; Bawack and Kamdjoug 2018; Kujala ef al. 2020; van Bussel et al. 2022).
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These have collectively been employed in the health arena to drive the enhancement and
adoption of HIS for health care applications (Alsharo, Alnsour and Alabdallah 2020;

Ebnehoseini ef al. 2022).

Similarly, there have been conceptual and research frameworks along the same line
(Andargoli et al. 2017; Mohamadali, Aziz and Zahari 2017; Mezarina et al. 2020; Ng'etich,
Voyi and Mutero 2021; Dudley et al. 2022). A work by Helwig et al. (2020) accentuates the
importance of HIS evaluation using an Eco health framework that highlights the stakeholders’
worth. However, despite the development and implementation of these frameworks, HIS
enactment still suffers major dares that limit its potential to benefit health care applications. As
a result, there is evidence of a hiatus that needs to be filled in order to maximise the potential
of HIS in the enhancement of health care applications. Furthermore, while there have been
many technological focus frameworks in the current knowledge gen of HIS, there are limited
data-centric frameworks. As a result, most HIS frameworks are utterly bereft of the data
sciences perspective, which has enormous potential to leverage the contribution of modern-day
data analytics. Furthermore, failing to provide cutting-edge solutions to many problems
associated with HIS and health care applications. Thus, this study seeks to develop a data-
driven framework for a resilient and sustainable HIS for health care applications as an attempt

to curb some of the HIS dares within the healthcare arena.

4.3 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 on its evolutional capabilities that afford many promising things such
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as ease of access, intelligent decision making and seamless processes. Mohd Nor ef al. (2019)
assert future inference of data mining to healthcare development as a source of opportunities
for enhancing health care applications. Several applications of data sciences in the healthcare
arena have been alluded to afford insight from clinical narratives and unstructured data. Data
sciences 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. These 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
(Yang et al. 2017a; Kasthurirathne et al. 2019; You et al. 2019; Chen and Hengjinda 2021;
Digan et al. 2021; Jauk et al. 2021). However, there are challenges associated with healthcare
data that have led to many computational applications shortfall. A study by Flora, Margaret and
Dan (2017) identifies the incapability to qualify, scrutinize, and use data to plan and manage

service delivery. Negro-Calduch ef al. (2021) state that healthcare datasets nature poses various

dares allied with processing, privacy, security, storage, analysis, data exchange and usability.

Notwithstanding, Chen et al. (2020) theorise that empirical testing and contextual
analysis are essential components associated with data collection processes that can be used to
develop frameworks for HIS (Chen et al. 2021). Thus, this study aims to create a resilient and
sustainable HIS for health care applications via a data-driven paradigm. An overview of the
data-driven paradigm for a resilient and sustainable HIS for health care applications is

illustrated in figure 4-1.
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Figure 4-1 Data-driven paradigm for a resilient and sustainable HIS for health
care applications, Source: Author.

Figure 4-1 illustrates a healthcare environment where the HIS is deployed. The deployed
HIS is intended to serve healthcare stakeholders at different levels for care and management
functions. These modules independently handle functions associated with care and
management, such as diagnostics, admission, treatment, discharges and resource allocation.
Both Modules directly interact with the health care application processes. These processes

within the healthcare environment iterate across the four principal functions: planning,
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engineering, transition and operation. Every health care application provided by healthcare
providers is first and foremost planned, engineered, transited and operated. In the planning
phase, what needs to be done is defined. The process is modelled in the engineering phase
before it gets to the transitions stage, where it is deployed into practical enactment. The next
step is the operation stage, where actions are executed. Across the environment, data is
generated that requires analysis. From the data analysed, insight is generated that, when applied,
will transform and aid healthcare services. A post-enactment action is indicated to serve as a
surveyor of the entire framework. This captures the socio-technical premise that posits that
technology and human intervention are equally valuable to afford efficient and effective
healthcare. The flow demonstrated how data transverses across the environment, indicating the

action to be implemented to attain a resilient and sustainable HIS for health care applications.

4.4 Data sources

Contingent to the type of HIS instance, health data output emerges from the health care
applications (Aziz 2017; Orellana, Estrada and Alfonso 2018). These data frequently have been
regarded with contentions around many data-associated issues such as the size, access and
exchanges (Moloczij ef al. 2018; Braunack-Mayer et al. 2021). Azzopardi-Muscat et al. (2021)
accentuate the need to strengthen data and information systems for an unobstructed interchange.
These needs are anchored on the inability to leverage the vast availability of different health
data emerging from HIS. Extant literature identified the lack of health data standardisation as a
major barrier and the bases of an unprecedented global crisis affecting many nations
(Azzopardi-Muscat et al. 2021; Braunack-Mayer ef al. 2021). Several reasons involving the

lack of data definition, calculation and formats have been associated with the delay in data relay
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between HIS and the different instances generating data. These, coupled with the dearth of
integration, interoperability and trained personnel to manage and utilize these data within the
health system, have necessitated the need for a data-driven paradigm for a resilient and
sustainable HIS for health care applications within the healthcare arena (Moloczij et al. 2018;
Gibler, Lycett and Gall 2022). Thus, the study case data revolves around health care

applications directly linked to HIS and healthcare stakeholders.

4.5 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 (Flora, Margaret
and Dan 2017; Gesicho and Babic 2018; Azzopardi-Muscat et al. 2021; Gamal, Barakat and
Rezk 2021; Gébler, Lycett and Gall 2022). Within the healthcare space, Decision-making
occurs in different sectors. For this decision to be made, data from different modules is targeted
in the HIS environment. However, the absence of insight from data generated within this
environment can hinder the effectiveness of decision making and their precision (Hypponen et
al. 2019). Gesicho and Babic (2018) reported data underuse in decision-making at various
health system levels is prevalent. Thus, the needed actions that are data-driven are essential to
critical decision making associated with health care applications and future health challenges
(Ahmadi 2017; Azzopardi-Muscat et al. 2021; Braunack-Mayer et al. 2021; Delnord et al.
2021; Ng'etich, Voyi and Mutero 2021). Extant literature divulges that the foremost action for
a data-driven decision is dependent on the mechanism established (Hypponen et al. 2019; Chen

et al. 2020; Azzopardi-Muscat et al. 2021; Braunack-Mayer et al. 2021). According to
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Azzopardi-Muscat et al. (2021), the impetus of this mechanism is to facilitate data coordination,
use and comparison in both national and international settings, which are asserted to foster
effective coordination and centralization of diverse data sources. Thus, decision making
employed this contraption to assimilate and dissimilate consistent and complete data (Yang et

al. 2017a).

Furthermore, it is posited in extant literature that data’s needs and related processes
associated with its flow are required to be defined to enforce the rapid intervention needed for
health care enhancement (Yang et al. 2017a; Jauk et al. 2021). Figure 4-2 illustrates the
pathway of effectors' decision making supported by HIS emerging from the data provided. The
decision pathway espoused by Panerai (2014) demonstrates the foremost tract of data influences
within the healthcare sector. It stems from data generated primarily from the determinants of
health and flows through the HIS environment, necessitating the action that requires decisions
making. However, it identified the PESTEL (political, environmental, social, technological,
economic and legal) constraints that affect decision-making in the healthcare system. Health
policy, resource allocation and health services are some effectors that are determined by the
decision emanating from the data in the environment. The overall impact subsequently rests on
the population, including but not limited to health levels, equity and satisfaction. The data still

maintain a stronghold for both the effectors and the population with the environment.
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Figure 4-2 Effectors decision making pathway supported by HIS (Source; Panerai 2014)

4.6 Data science techniques

The emergence of data sciences in conjunction with statistics and sciences has been
subsidized to deal with the plethora of data surges. It is heralded in extant literature to posit a
multi-modal paradigm that incorporates knowledge production and scientific discovery
(Priestley and McGrath 2019). 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
(2019) posit these applications to be the catalysts emerging from the fusion of statistics and
computer science at their peripheries, fashioning an academic “heterosis” that retorts to the

emergence of a novel problem set, for which the different silo discipline was ill-equipped to
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tackle. Thus data science is an umbrella of computerised applications that afford analytical
insights where deployed. It is posited to afford descriptive, predictive and prescriptive analytics
that delivers outcomes for precise and un-precise problems and challenges (Benis et al. 2018;
Feldman et al. 2019; Medic et al. 2019). Specifically, providing insights into happenings to
ascertain a well-defined outcome, predict future outcomes accurately and enable the best
possible decisions and actions (Bozorgmehr et al. 2017; Martins et al. 2021; Neto et al. 2021).
Thus within the healthcare arena, the employment of data science affords health analytics that
entails a vast majoring of applications that enhance health care applications from prevention,
diagnosis and streamlining operations (Tyagi and Singh 2018; Priestley and McGrath 2019;
Martins et al. 2021). However, despite these impactful offerings and promises of data science
capabilities, “datafication” within the healthcare setting is considered a source of data-centric
dares and prospects (Priestley and McGrath 2019). Jeffery et al. (2018) associate meagre
outcomes and verdicts with data impediments such as quality. Regardless, there are powerful
applications of data science techniques in healthcare that have revolutionised healthcare
applications (Tyagi and Singh 2018). Techniques spanning the pre-processing of data,
exploratory data analysis to modelling data have proven indispensable for healthcare analytics
that enhances health care applications. In a data-driven paradigm, these techniques are proposed
to be incorporated into the HIS to render it sustainable and resilient in its pursuit of affording
quality health care. Table 4-1 presents instances of different data science techniques employed
in the healthcare arena for health care applications. The contributions of the state-of-the-art data
techniques such as machine learning, natural language processing and deep learning is
highlighted in this Table (4-1). These techniques have been applied across the healthcare area

to improve healthcare and enhanced processes.
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Table 4-1 Data sciences techniques deployed in the health arena for health care

applications.

Authors

Data Science Method/ Techniques

Healthcare area data

Tamm et al. (2022)

Natural language processing (NLP)

Clinical data on colorectal

cancer

You et al. (2019)

Machine Learning (ML)

Patients with type 2

diabetes

Feldman et al. (2019)

NLP and ML

Identify disease activity

from digital media reports

Martins et al. (2021)

Data Mining Techniques (DMTs) —

ML

Cardiovascular Disease

Prediction

Medic et al. (2019)

Deep Learning (DL), ML and NLP

Clinical Decision Support
Systems in intensive care
for the prognosis and
identification of three

disease states

Shimpi et al. (2020) DL, ML Periodontitis Decision
Support Systems model
Neto et al. (2021) ML Prediction of Hospital

Readmission of Diabetic

Patients.

93




4.7 The serialisation of data science techniques within the health
information system

There have been many applications of data science techniques within the healthcare
arena to afford insights needed to transform health care delivery. Many of these applications
have been applied to data emerging from HIS and experimented on outside its milieu. The need
to incorporate data science techniques serialisation within the HIS affords a direct stream to
implement insights from data and supports intelligent decisions. Implementing this will tackle
many of the existing challenges confronting the healthcare arena. Benefits such as reduced time
and intelligent decision support will be enacted within the healthcare arena for HIS and health
care application. These will subsequently afford and enable ubiquitous HIS supports for the
health care and health management modules as well as the health care applications. Across the
different nodes within the HIS, the data analytics serialisation will convert the insights
generated from the data analysis and channel to the appropriate area where they can be utilized

to enhance health care applications.

4.8 Insights implementation and applications

The contribution of HIS data is paramount to the delivery of quality health care
applications, and it has been alluded to be substantial in development within the healthcare
arena (Tamm et al. 2022). The integration of data science techniques such as machine learning

modelling and artificial intelligence that focuses on data is also considered to be paramount to
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the attainment of resilient and sustainable HIS for health care applications. Many accounts of
insights generated from the application data science techniques have been successfully
deployed to tackle health care application challenges. Although many computational systems
designs are emerging with a keen anchor on data sciences, a lack of incorporation of generated
insight in the computational pipeline is evident. Within the healthcare space, this is apparent
with HIS. Thus a resilient and sustainable HIS for health care applications is envisioned to
incorporate intensive data analysis and modelling for intelligent and ambient healthcare.
Combining these capabilities afforded by health technologies to leverage the potentials of data
analytics to provide practical evidence that can be used to initiate health care applications such
as diagnosis and treatment as well as prevent and detect occurrences of health care events.
Therefore, the generated insight emerging from health data can be deployed in all areas
associated with and influenced by the data, thereby ameliorating health care applications using

a data-driven paradigm (EI Khatib et al. 2022).

4.9 Summary of the chapter

Several applications of data sciences in the healthcare arena have been alluded to afford
insight from clinical narratives and unstructured data. Data sciences techniques that afford
descriptive, predictive and prescriptive capabilities are highly significant in revolutionising
health care applications. Although HIS has been transforming healthcare practices over the
years, there have been significant concerns over its forte and capability to be harnessed. The
enactment of a data-driven paradigm for resilient and sustainable HIS for health care
applications is unparalleled in this digitalisation era (Mardani et al. 2020), as it affords an

integrated footing for data analytics to support and assists health care delivery. These outlines
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serve as a robust, reproducible pipeline that can be employed to enhance health care
applications within the HIS environment. Thus, in conclusion, the data-driven paradigm for a
resilient and sustainable HIS converges the collaboration and support of technological
advancement to leverage its abilities and capability to employ data insight for health care
applications. This chapter discusses in detail the elements of a data-driven paradigm for resilient
and sustainable HIS for health care applications. The ensuing chapters present the application
of a data science technique on a health dataset. The background, analysis, results and discussion

of the dataset explicitly characterized as healthcare data will also be presented.
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CHAPTER FIVE: RESEARCH ANALYSIS, RESULTS
AND DISCUSSION OF A HEALTH DATA

5.1 Introduction

The essence of this chapter is to demonstrate a practical data science technique, such as
machine learning, that could be incorporated into HIS. The attainment of a “resilient and
sustainable” HIS for healthcare necessitates the employment of technological advancement.
Many technological advancement themes are embedded with potential as well as dares. Actions
and steps that focus on optimising these potentials would enhance the capability of existing
systems and leverage the associated dares. Thus this chapter, in alignment with the study
objectives, presents a practical example of a data sciences technique applied to health data
generated from a HIS environment that could be adopted as a reference point for future HIS
implementations for healthcare applications. The chapter commences with related work done
in the context and the present methodological step. The results and discussion are also presented

with the summary.

5.2 Related work on integrated machine learning and data science
approaches for health data

Technology advances have driven many healthcare applications, with many anchors on
artificial intelligence and machine learning to modernised health care applications. Parallel to
this is the plethora of data emanating from many arenas, such as healthcare, that has prompted

many researchers to discover knowledge that can be translated to add value to existing systems.
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Several healthcare datasets have already benefited from data science applications which serve
as the impetus for further applications to be enacted. These computational applications have
been employed as a knowledge strategy to uncover insights that can be used solidified systems
and recolonize processes in many domains. Within the healthcare arena, data sciences
techniques such as machine learning have proven to be indispensable. Extant literature asserts
the substantial impact of artificial intelligence within the healthcare arena that has the potential
to aid stakeholders with healthcare applications (Raza et al. 2022; Sajedul Alam et al. 2022).
Sajedul Alam et al. (2022) assert the recent utilisation of these techniques aiding clinical

publications, genetic information and diagnosis within the healthcare arena.

The deployment of these techniques is relevant to all stakeholders within the healthcare
arena who can leverage its offerings to enhance health care applications. In the healthcare arena
today, there is a need for urgent actions stemming from reliable data as well as its applications
that is directly proportional to its deployment by healthcare’ stakeholders (Averill et al. 2017;
Aziz 2017; Colais et al. 2018; Craig et al. 2018; Tilahun ef al. 2021). The stakeholders’ reliance
on a feed of real time and accurate data that is highly relevant for health care applications is
paramount to healthiness (Askar, Ardakani and Majdzade 2017; Aziz 2017; Craig et al. 2018;
Mills et al. 2019). Medical concerns, diagnosis, treatment courses and interventions are all
depended on data, analysis and interpretation, which, if not appropriately done, could lead to
significant loss at all fronts of the healthcare arena (Aziz 2017; Bozorgmehr ef al. 2017; Anwar
et al. 2018; Bargagli et al. 2019; Malik, Kazi and Hussain 2021; Fine et al. 2022). Lal et al.
(2022) highlight the importance and essence of a robust health system in enabling early
discovery and identification, swift treatment, and effective control of healthcare services.
However, although the employment of artificial intelligence does not equal zero errors, it

significantly enhances health care applications in many ways (Mohd Yusof et al. 2020;
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Schreiner, Thurston and Willemsen-Dunlap 2020; Malik, Kazi and Hussain 2021). Literature
reports attribute the potential of these computational applications to enhance health care
applications (Colais et al. 2017; Sajedul Alam et al. 2022). According to several studies,
technological advancement in the healthcare arena has uplifted many facets with many benefits
such as ease of access to health care, ease of labour from already stress-out staffing issues and
reduced mortality (Mazur et al. 2019; Dunstan et al. 2021; Raza et al. 2022; Sajedul Alam et

al. 2022).

Additionally, these potentials have been posited in extant literature to be unharnessed
as their development is not parallel to their adoptions and implementations within the healthcare
arena where they are indeed needed (Jauk ef al. 2021). Hence, many reports of declining health
care and increased mortality are prevalent with the call for strengthening HIS (Jeffery et al.
2018; Rudd et al. 2019). However, this stance can also be attributed to the increasing reports of
computer induce errors that have been aligned with many mortality cases (Palojoki et al. 2017;
Yusof 2019; Mohd Yusof et al. 2020; Mohd. Yusof ef al. 2020). Nevertheless, both phenomena
stand to benefit significantly from the implementation of these enhanced automated
interventions that not only afford medical support but additionally can be employed to save
lives (Yang et al. 2017a; Kasthurirathne ef al. 2019; You et al. 2019; Jauk ef al. 2021; Raza et
al. 2022; Sajedul Alam et al. 2022). Moreover, the foremost pressing phenomena that
necessitate the need for data sciences analytics are the increase in the global population and the
inadequacy of medical resources such as facilities, specialists and doctors (Sajedul Alam et al.
2022). This increase, coupled with other determinants, such as climate change, implies that
without advanced computational applications, the outcome of these phenomena would be
catastrophic. Indication of this can be perceived in the post-COVID-19 pandemic, where many

deficiencies now exist due to the massive impact that resulted in the loss of health care providers
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and incapacitated facilities (Mardani et al. 2020; Feteira-Santos ef al. 2022; Lal et al. 2022). In
light of these phenomena, resolutions to meliorate these challenges and future challenges are
critical. Hence, expanding on previous work to afford meliorations is the overarching impetus
for this study that seeks to expand on prior related work to present a resolution that can be

implemented.

Globally, healthcare issues are experienced by billions who turn to healthcare providers
for solutions to ease and cure diverse ailments. In order to provide the much-needed
intervention to avert mortality and other associated consequences such as disabilities and
interruption of one's life, many healthcare providers employ supported services that afford
insights into the human systems, such as laboratory tests from patients. The examinations serve
the healthcare providers with inside that can lead to a diagnosis or even afford an intervention
for severe cases as well as allocate the healthcare facility resources (Momany et al. 2017; Muriel
Fernandez et al. 2017). Regularly the outcomes are categorised according to the degree of
severity within a range of mild to extreme, which determines the course of treatment to be
administered as well as the type of resources to be utilised (Jauk ef al. 2021; Sajedul Alam et
al. 2022). Moreover, being empowered with the knowledge of the degree of severity could lead
to a decrease in mortality as well as a timely intervention that would subsequently enhance
health and lead to healthiness (Momany et al. 2017; Kasthurirathne et al. 2019). However,
hindrances and obstacles sabotage these healthcare objectives, such as delay and understaffing
(Dunn et al. 2021). Extant literature reveals that many medical experts are currently
overwhelmed and confronted with the need to make informed decisions that determine health
outcomes, while other stakeholders, such as patients and dependents, are faced with a long

waiting time that often results in devastating losses (Muriel Fernandez et al. 2017; You et al.
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2019; Jauk ef al. 2021). Thus, these decisions are paramount to diagnosing and treating and

saving related costs in the healthcare space.

In light of these healthcare objectives, measures that target the augmentation and
acceleration of essential treatment timeously to enhance health care applications are highly
demanded. Hence the employment of data science is a relevant measure that seeks to augment
health care applications and lead to healthiness. In recent years many disciplines have leveraged
the potential of data sciences to decipher miscellaneous problems (Donoho 2017; Efron and
Hastie 2021). In the healthcare arena, applications such as deep learning and machine learning
have already proven to be valuable in the enhancement of healthcare applications (Yang et al.
2017a; Munoz et al. 2018; Kasthurirathne et al. 2019; You et al. 2019; Bacigalupo et al. 2021;
Jauk ef al. 2021; Raza et al. 2022; Sajedul Alam et al. 2022). The artificial intelligence
application stemming from data sciences has captured the interest of many stakeholders in the
way they deal with complex and even ill-defined phenomena (Colais ef al. 2017; Munoz et al.

2018; Combi and Pozzi 2019).

Over the years, advances in these automated computational applications have driven
many profitable experiences that have resolved many dares (Penfold et al. 2018). Their
deployment for predictions, detections and classification have been used severally to add value
to the plethora of massive data surges as well as revolutionise processes within many arenas
like healthcare. Data modelling has necessitated health care application enhancement within the
healthcare arena, where they have delivered significant health augmentation. The abilities and
versatility of these applications have revolutionised healthcare in many ways. Whereby the
cases of generalisation have been reduced to personalised enactment that has enabled the

improvement of many healthcare functions and tasks. Within the healthcare arena, applications
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such as “deep learning” and “machine learning” have been used to afford insight to facilitate
healthcare improvement. Raza et al. (2022) use an ensemble learning base model to predict
maternity health in an attempt to save lives and mitigate the risk of health complications within
that segment. A study by Sajedul Alam et al. (2022) used multiple approaches to classify

patients' state of severity.

Similarly, a study by Jauk et al. (2021) illustrate the adoption of machine learning
approaches in clinical settings to improve health care in the case of predicting delirium. Another
study by Feldman et al. (2019) employs machine learning, natural language processing and
human expertise to identify disease activity from digital media reports proficiently. You et al.
(2019) employed machine learning to inform decision-makers by exploiting routine
observational diabetes patient data. Correspondingly, Kasthurirathne et al. (2019) also use a
machine-learning approach to automate screening for patients who need advanced care for
depression. A prior study by Yang et al. (2017a) combine machine learning approaches with

inference engines to render clinical diagnosis and treatment strategy meritoriously.

These studies highlight the potential contribution of data sciences techniques in health
and safety improvement in the healthcare arena and underpin the current study’s
implementation. This study employs integrated machine learning techniques such as the
classical and ensemble classifier. The predominant technique used is ensemble learning, namely
the random forests. These artificial intelligence applications are conducted with the vision to
employ their offerings in healthcare. Particularly within HIS to learn from its data and uncover
patterns that can be used to afford robust insights for enhancing health care applications. A
developed model entails data exploration, pre-processing, model training, feature selection,

model optimisation and parameterisation, prediction, and deployment. With the aid of the
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machine processing power unit like graphics, the ingested data enables the parallel processing
of machine-designed models. The machine-designed model accuracy enables class distinction
based on its predictor’s aptitude that can be deployed to aid healthcare delivery within the

healthcare space.

5.3 Material and methods

5.3.1 Methodology

Different phases are required to develop the model to predict the kind of treatment based
on the degree of severity of the patient’s condition. The phases that correspond with the
techniques and method used to indicate the type of treatment mode are elucidated in this section
and can be visualised in the flow diagram in figure 5-1. Figure 5-1 depicts all the actions and

steps involved in the analysis, from the data acquisition to the healthcare applications delivery.

The first phase entailed the acquisition of the dataset from a HIS environment. The
electronic health record (EHR) dataset from the HIS environment is acquired in this phase. The
dataset is obtained from a repository that is openly accessible and available to the public.
Mujiono Sadikin contributed the dataset, which was published on May 10, 2020, in Mendeley
data version 1(Mujiono 2020). Originating from a healthcare arena, an Indonesia hospital, the
dataset is structured and available for research. The dataset was aggregated using a HIS instance
that recorded patients' laboratory results and contained prominent features that determine the

type of treatment prediction.
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The second phase involves the pre-processing and EHR exploratory data analysis
(EHREDA) investigation of the data to ascertain insight into the features and determine and
resolve any concerns relating to missing and unbalanced data. Descriptive statistics are

conducted in this phase, and graphs and charts are employed to visualise the data.

The third phase involved the transformation of data that are in strings to binary for
machine readability. The target feature and associated string variables are converted in this
phase, and the data is then split into two portions in the ratio of 80% to 20%. The more
significant portion is used for training the model, and the residual part is subsequently used for

testing and evaluating the model.

The next phase, the fourth, involves building the model experiments, which are trained

on the 70% sample and tested and evaluated using the 30% quota.

In the fifth Phase, several classified models are built, and the extracted features are used
to train the models and the evaluation metrics; accuracy, classification reports, F1 score, ROC

curve, precision and recall score are used.

In the sixth phase, the hyper parameter tuning is performed on the model with the best
result. Based on the performance results, evaluation is done to finalise the experiment. The
“scikit-learn” free software machine learning library for the Python programming language was
used for model training and tuning (Pedregosa et al. 2011). The experiments are performed
using a personal machine with the following specifications: 11th Gen Intel(R) Core(TM) 17-

1165G7 @ 2.80GHz, 2803 MHz, 4 Core(s), 8 Logical Processor(s).
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Figure 5-1 The Methodological presentation of the data sciences analysis

5.3.2 Electronic Health Record (EHR) datasets

In the healthcare environment, many data sources contribute to the influx of data. These
include the “electronic health record” (EHR), “electronic medical record” (EMR),
“electronic patient record” (EPR), and “personal health record” (PHR). These instances
form the data sources that many health providers’ especially physicians, nurses and other
medical personnel, rely on to model treatment after diagnosis. Though, extant literature reveals
that user interfaces of today's electronic health records (EHR) are not designed to their full

potential, which may be associated with excessive cognitive workload and poor performance
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(Mazur et al. 2019). These digitalised records constitute information pertaining to individuals’
conditions, such as type of disease, prior treatments, and health care. The material employed in
this study consists of the EHR of 4412 individual laboratory report results obtained from a
hospital based in Indonesia. These data were employed to ascertain the course of treatment to
be given based on the degree of severity a decision was taken to afford either “in” or “out”
hospital treatment. The dataset has 11 features, namely Haematocrit, Haemoglobins,
Erythrocyte, Leucocyte, Thrombocyte, MCH, MCHC, MCV, Age, Sex and Source as the target
class. This dataset was downloaded from an open-source data repository with diverse datasets
that can be experimented on and is publicly available (Mujiono 2020). The descriptive statistics

and information of the EHR dataset with its features are illustrated in Tables 5-1 and 5-2.

The EHREDA also reveals the distribution of all the features associated with the target
feature that contains a ratio of 59.6 to 40.4 of the treatment afforded. The “in-care patient”
represents those with a high degree of severity and needing hospitalisation; they represented
40.4% of the data. The highest portion was 59.6%, while the “out care patient” with a lesser
degree of severity. Figure 5-2 illustrates this distribution using the orange colour to represent
the in-care patients and blue colour for the out-care patients. For the final part of the experiment,
the features “SEX” and “MCHC” were excluded due to their contribution. Regardless of the
SEX, treatment needs to be provided, and MCHC is already accounted for in the dataset as it
represents the mean of the MCV and MCH. Thus to prevent the issue of misrepresentation and
maintain health equity, these considerations were regarded. Moreover, for the model to be

deployable care need to be given to the metrics used when reporting the laboratory results.
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Figure 5-2 Type of Treatment care for the patients' ratio

Table 5-1 depicts the qualities and format of these features in the context of health, as
well as their consequences for the type of treatment. The components measured during the test
are referred to as features/attributes. The type of data is shown in the table, along with a sample
of the possible values. Their description of the feature is also provided. The standard/normal
levels represent the range of each recorded attribute. The resulting effects of levels above and

below typical values are also shown in the table below.
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Table 5-1 The EHR dataset features associated information.

Feature/Attribute Data Type Value Patient's laboratory test result Standard Normal Levels Consequences Consequences
Sample When low When high
Haematocrit, Continuous | 35.1 The percentage of red cells in the blood Male - 41% - 50% | Female - 36% | Anaemia Polycythaemia
- float64 -48%
Haemoglobins, Continuous 11.8 Enable the red cell to transport oxygen and | Male - 13.5 -17.5 | Female - 12.0
- float64 carbon dioxide. gram/decilitre -15.5 g/dl
Erythrocyte, Continuous | 4.65 Red blood cells that are the functional | Male - 4.0 -5.9 x | Female — Low levels may indicate B12 or | High levels are
- float64 component accountable for the | 10*12L 3.8 -52 x| folate deficiency and signify | associated with
transportation of gases and nutrients 102L internal bleeding, kidney disease | dehydration, heart
throughout the human body or malnutrition. disease and
polycythaemia
Leucocyte, Continuous | 6.3 Also known as leukocytes are white blood | 4.5-11.0 x 10°/L Risk of infections from diverse | Hyperviscosity
- float64 cells that are clear and colourless and conditions syndrome and impaired
associated with assisting the body in fighting blood flow
germs,
Thrombocyte, Continuous | 3.10 They are pieces of very large cells in the | 150000 — 450000 (platelets per | Bone marrow problems such as | Thrombocythemia Form
- float64 bone marrow called megakaryocytes that | microliter of blood). leukaemia or lymphoma, plastic | a blood clot that can
assist in forming blood clots to slow or stop anaemia block blood flow.
bleeding and help heal a wound.
MCH Continuous | 25.4 Haemoglobin amount per red blood cell 27 — 31 pictograms/cell Hypochromic anaemia Hypochromic anaemia
(Mean corpuscular | - float64
haemoglobin )
MCHC Continuous | 33.6 the amount relative to the size of the cell | 32 — 36 grams/decilitre g/dl Hypochroma Hyperchroma
(Mean corpuscular | - float64 (Haemoglobin concentration) per red blood | 320 — 360 gram per litre g/L Reduce capacity to transport
haemoglobin cell oxygen to the tissue
Concentration)
MCHC = MCH/MCV
MCV Continuous | 75.5 Average red blood cell size 80 — 100 femtolitre Microcytic anaemia Macrocytic anaemia
(Mean corpuscular Volume) | - float64
Age Continuous | 12 Ages of Patience
- float64
Sex Nominal- F/M Genders of Patience; Male and Female
object
Source Nominal- In-Out class target; IN, for “in care patient” and OUT, for “out care patient”
object
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5.3.3 EHR exploratory data analysis (EHREDA)

The EHREDA is employed rudimentary visualisation and descriptive statistics to
uncover any patterns within the dataset and test as well as check for hypotheses and assumptions
that may be present. The main dataset attributes and structure association analysis that aid the
models' prediction aptitude is obtained using the EHREDA. Table 5-2 presents the descriptive
statistics result of the dataset constructed based on the count, mean, and standard deviation;
(std. dev.), minimum; (min), first quartile 25%, median 50%, third 75%, and maximum; (max)
values. The analysis authenticates the non-null count of each variable within the dataset
containing 4412 instances. The minimum and maximum values are the lowest and highest limits
for all features. The distribution of the datasets features from the first quartile 25", second
quartile 50 (median) and third quartile 75". The original data type is shown for the variables
in the datasets (Original Dtype), and to unify the data type, the feature was encoded to machine-
readable format for those that were initially objects and int 64 to float64. For the age variable,
the youngest patient is one year, and the oldest is ninety-nine years old. For the Haematocrit,
Haemoglobins, Erythrocyte, Leucocyte, Thrombocyte, MCH, MCHC and MCYV, their

minimum and maximum values are illustrated in Table 5-2.
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Table 5-2 EHR Descriptive statistics

# | Features/Attributes g:;ii:al Dtype count | mean Std. dev | min Q1-0.25 Q2-0.5 Q3-0.75 max

0 | HAEMATOCRIT float64 float64 4412 38.20 5.97 13.70 34.38 38.60 42.50 69.00
1 | HAEMOGLOBINS | float64 float64 4412 12.74 2.08 3.80 11.40 12.90 14.20 18.90
2 | ERYTHROCYTE float64 float64 4412 4.54 0.78 1.48 4.04 4.57 5.05 7.86

3 | LEUCOCYTE float64 float64 4412 8.72 5.05 1.10 5.68 7.60 10.30 76.60
4 | THROMBOCYTE | int64 float64 4412 257.52 113.97 8.00 188.00 256.00 321.00 1183.00
5 | MCH float64 float64 4412 28.23 2.67 14.90 27.20 28.70 29.80 40.80
6 | MCHC float64 float64 4412 33.34 1.23 26.00 32.70 33.40 34.10 39.00
7 | MCV float64 float64 4412 84.61 6.86 54.00 81.50 85.40 88.70 115.60
8 | AGE int64 float64 4412 46.63 21.73 1.00 29.00 47.00 64.00 99.00
9 | SEX object float64 4412 0.52 0.50 0.00 0.00 1.00 1.00 1.00
10 | SOURCE object float64 4412 0.40 0.49 0.00 0.00 0.00 1.00 1.00
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Figure 5-3 illustrates the EHREDA visualisation of features associated with the target
variable. The colour code in the figure represents the target variable's two classes: orange, the

in-care patients, and blue, the out-care patient.
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Figure 5-3 Features distribution to the target variable.
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The EHR's correlation analysis that reveals the association of the variables in the dataset
is shown in Figure 5-4. The results illustrate the degree of consequential ties and association
among the variables, with the most robust present with positive statistics and the weakest in
negative values. The analysis shows some negative correlation that is demonstrated by the
darker tone in the values. The Erythrocyte negatively correlates with the following features:
MCH, MCV and Age. While MCH, MCV and Age correspondingly negatively correlate with
the Thrombocyte feature. Most features in the dataset exhibit a positive correlation, with the
strongest exerted by the Haematocrit, Haemoglobin, Erythrocyte, MCH and MCV. These
correlation results present a significant output necessary for modelling the EHR data. The

features with high correlation hold a substantial contribution to the modelling.
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Figure 5-4 Statistical analysis of dataset feature for correlation.
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The Haematocrit, Haemoglobins and Erythrocyte present the first most substantial
correlation band at 82, 86 and 97 percentages. Haematocrit and Haemoglobins hold a 97%
correlation. Haematocrit and Erythrocyte follow at 86%. Haemoglobins and Erythrocyte has an
82% correlation. The other features with high correlation are MCH and MCV (93), MCH AND
MCHC (59), MCV and Age (40), MCV and age (35), Haemoglobins and Sex (31), Leucocyte
and Thrombocyte (28), Haematocrit and Sex (27) and Erythrocyte and Sex (25). Due to the
feature being required to determine the type of treatment, all were treated in the model. To
ensures that the deployment and applications at practical levels are consistent and not

compromised as a trade-off for higher accuracy and precision.

Additionally, the pair plot visualisation that presents the preeminent set of the dataset
features is done during the EHREDA. This expounds on the associations in relation to all the
components in a separate cluster, which is used to visualise the datasets and holistically identify
the interrelationships. This is essential as it provides the outlook for the appropriate algorithms
that best suit the dataset. The pair plot has been asserted in extant literature to be vital in the
attainment of feature selection for the modelling of datasets (Raza et al. 2022; Sajedul Alam et
al. 2022). Figure 5-5 presents the pair plot analysis that maps the associated and
interrelationship of the features with the target variable “Source” and demonstrates the
contributions of the individual features for the two classes in the dataset. The pair plot shows a
similar distribution of the Haemoglobin, and the Haematocrit is similar as well as Erythrocyte.
Another equal distribution is also visible for MCH and MCV, confirming the correlations

among these features.
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5.4 Result and discussion

The positioning of HIS within the healthcare system cannot be overlooked as it
significantly contributes to many vital areas. HIS plays a significant part in the health
organization and management of appointments, the admission of patients, the daily control of
hospital beds, the planning and execution of surgical procedures, the maintenance of current
information regarding patient discharges, and the registration of patient transfers either within
or outside the hospital (Farrahi et al. 2019). Similarly, HISs’ generated data facilitate these
procedures within healthcare institutions and significantly contributes to stakeholders and
health organisation administration. Insights generated from HISs’ data could afford a massive
value to all healthcare stakeholders that will revolutionise the healthcare processes. Thus, the
analysis and results of “EHR” data are embedded with the potential to add value and enhance

healthcare systems in many ways significantly.

Proceedings of the exploratory data analysis of the EHR dataset was pre-processed
function that was used to transform the data type into a uniform format that will be accepted
for the model experiment. The dataset's features, which included “SEX” and “SOURCE”, were
encoded into machine-readable forms of 0 and 1. Thus the featured sex encoded from nominal
to binary, where “F” is (0), and “M” is (1) and similarly, for the target feature Source, 0 was
specified as “out” and 1 for “in”. The dataset was further experimented on after being scaled
and normalized. A spot experiment included several machine learning basic and ensemble
algorithms to ascertain the one that was apt for the dataset was done. Several models were built
and compared. The Random Forest model and other ensemble learning models highly
outperformed the other models in the experiment and were selected for further modelling. After

additional processing and experimenting, all the features, including MCHC, which represents
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the mean of MCH and MVC and Sex, a feature with only two instances, were retained and
included to improve the model's accuracy. The experiment uses a hybrid of supervised
algorithms, and the best algorithms were further experimented on to select the one with the
highest performance. The following performance metrics, “Accuracy”, “Precision”, “Recall”,
“F1-Score”, ROC and AUC”, were employed to analyse their results. These performance
metrics are defined in equations 5.2 to 5.6, and the whole meaning of the elements presented in

the equation is shown in Table 5-3.

Table 5-3 Equations elements meaning

Equation elements Meaning

TPR True Positive Rate
TNR True Negative Rate
FPR False Positive Rate
FNR False Negative Rate
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The accuracy of the prediction indicates the measurement of the accurate predictions
from the total prediction of the model (Li and Akagi 2019; Raza et al. 2022; Sajedul Alam et

al. 2022). The equation is provided beneath:

. ~ TPR + TNR 50)
CCUTACY = TPR + FPR + TNR + FNR '

The precision indicates the proportion of accurately foretold samples by the projected
model to all expected positive data samples (Raza et al. 2022; Sajedul Alam et al. 2022). The

precision formula for this metric is given beneath:

Precision = ——~ (5.2)
recision = TPR + FPR .

The recall presents the model’s preciseness (Raza et al. 2022; Sajedul Alam et al. 2022).
It is often regarded as sensitivity, which measures correctly classified positive instances. At the
same time, the proportion of negative cases correctly classified is the specificity. This metric

is calculated using the formula detailed below:

(5.3)
TPR

Recall = ——
€@ = TPR + FNR
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The F1 score epitomizes the “harmonic mean” of recall and precision(Raza et al. 2022;
Sajedul Alam et al. 2022). It strikes the balance of recall and precision to incorporate both cases

of the two classes with regard to their made-up positives and negatives.

2 * Precision * Recall (5.4)

F1S =
core Precision + Recall

The ROC “Receiver Operating Characteristic” curve represents the probability curve
that shows the TPR compared to FPR at different threshold values (Raza et al. 2022). Along
with the ROC, the AUC “Area Under the Curve” is also used to present the value of the bi-
dimensional space under the curve. Higher values assert the superiority of the projected learning
technique performance; thus, the ROC and AUC are robust comparative metrics for model

comparison.

1

ROC Curve = J TPR(FPR)dFPR (5.5)
0

A fleeting description of these techniques is discussed below. They highlighted based

on their strengths and adoption in dealing with real-life issues where they have been cited.

118



5.4.1 Logistic Regression (LR)

Logistic Regression (LR) is a commonly used classifier that provides an output value
that is equivalent to the likelihood of belonging to a given class (Stoltzfus 2011; Gasso 2019).
Thus in the EHR data, the LR inducer seeks out connections between the independent features
and the target class based on their probability. The primary focus is on developing a likelihood
function that ingests input features to present as output that classifies the identity of the class as
per the target (Adeliyi ef al. 2022; Sajedul Alam et al. 2022; Srimaneekarn et al. 2022). Extant
literature asserts LR to be computationally economical, using fewer machine resources (Adeliyi
et al. 2022; Mutanga, Naicker and Olugbara 2022). LR was one of the selected classifiers with

high EHR model evaluation scores. The analysis result for the model can be seen in the table

5-4.
Table 5-4 Logistic Regression Model Report
Logistic Regression
LR Precision | Recall | F1-Score Support

out -0 0.71 0.85 0.77 526
in-1 0.61 0.49 0.57 357
Accuracy 0.70 833
Macro average 0.70 0.67 0.67 833
Weighted average 0.70 0.70 0.69 833

5.4.2 K-Nearest Neighbour (KNN)

K-Nearest Neighbour (KNN) is another simple machine-learning technique that

classifies features by assigning them to a class in the data target(Zhang 2016; Sajedul Alam et
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al. 2022). It is simple supervised learning that also ingests input data and provides an output
classification depending on the predefined function set (Chumachenko et al. 2022; Lin, Lin and
Gu 2022). Over other models, it could be applied to several problems but is restricted as its
accuracy decreases as the number of iterations increases (Zhang 2016). KNN is commonly
known as a lazy classifier because it does not perform any underlying function before its

implementation on the training data (Sajedul Alam et al. 2022).

5.4.3 Support Vector Machines Classifier (SVC)

Support vector machines classifier (SVC) is a straightforward machine learning
classifier that creates a hyperplane to detach and assemble features, with support vectors
maximising the distance between them to make a more exact decision border (Adeliyi et al.
2022; Sajedul Alam et al. 2022). SVC is recognised for its ability to deal with linear and non-
linear problems and provides precise decision boundaries between the features class. SVC has
been deployed in several real-life cases, giving noticeable classification (Suthaharan and
Suthaharan 2016; Pisner and Schnyer 2020; Hansrajh, Adeliyi and Wing 2021; Mqadi, Naicker
and Adeliyi 2021; Lin, Lin and Gu 2022; Mutanga, Naicker and Olugbara 2022). SVC was also
among the top classifiers for ‘EHR’ data modelling. Table 5-5 details the evaluation report

Score.
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Table 5-5 Support Vector Machines Classifier Model Report

Support Vector Machine Classifier

SVC Precision | Recall | F1-Score Support
out -0 0.73 0.83 0.78 526
in-1 0.69 0.55 0.61 357
Accuracy 0.72 833
Macro average 0.71 0.69 0.70 833
Weighted average 0.72 0.72 0.71 833

5.4.4 Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) exerts an optimal application in classifying binary
classes from a linear combination of different features (Jolliffe, Morgan and Young 1996;
Aladjem 1997; Sancho-Gomez ef al. 2018; Gardner-Lubbe 2021). Its application has been
deployed in real-life problems to discriminate different kinds of classes in a given context (Lv
etal. 2017; He et al. 2018; Ahmad et al. 2021). Though, it is one fast and simple algorithm that
surpasses others like the LR. It also has some limitations that limit its potential, such as its
inadequacy to perform well with littler category features. Nonetheless, it also performed well

on the selected dataset. Table 5-6 details the model performance for LDA on the ‘HER dataset.
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Table 5-6 Linear Discriminant Analysis Model Report

Linear Discriminant Analysis
LDA Precision | Recall | F1-Score | Support
out -0 0.71 0.86 0.78 526
in-1 0.70 0.47 0.57 357
Accuracy 0.71 833
Macro average 0.70 0.67 0.67 833
Weighted average 0.70 0.71 0.69 833

5.4.5 Naive Bayes (NB)

Naive Bayes (NB) is another laid-back and fast classifier that works great with a multi-
class forecast (Wickramasinghe and Kalutarage 2021; Sajedul Alam et al. 2022). It is
established on the Bayes theorem that measures the class probability with the premise that
features are independent (Adeliyi et al. 2022). Regardless of its reliance on assumptions, it is
considered as an urbane classifier (Ijaz et al. 2021; Wickramasinghe and Kalutarage 2021). It
has been recorded to have performed better over other classifiers like the SVC in specific
contexts (Kang, Yoo and Han 2012). It is an algorithm that has been widely deployed to address
real-life issues in different fields, including healthcare and marketing (Guzella and Caminhas
2009; Kang, Yoo and Han 2012; Maheswari and Pitchai 2019; Sanchez-Franco, Navarro-Garcia

and Rondan-Cataluna 2019)

5.4.6 Decision Tree (DT)

Decision Tree (DT) is among the commonly used classifiers whose interpretation and

elucidation are straightforward (Blower and Cross 2006; Geurts, Irrthum and Wehenkel 2009;
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Jena and Dehuri 2020). It uses rules inferred during training to determine the predictions of the
target class. DT structure consists of internal nodes that signify the features, branches that
symbolise the rules and leaves that indicate the outcomes (Dortmans and Punter 2022; Raza et
al. 2022). DT deployment has benefited Many real-life phenomena (Tweedie et al. 2013; Teles
et al. 2020; Shan et al. 2022). In healthcare, it has been demonstrated to be apt for predictions
of health-related issues (Maheswari and Pitchai 2019; Zane et al. 2019). However, there are
issues of overfitting data when it comes to DT. Thus, caution is needed when executing the DT

algorithm (Talekar and Agrawal 2020).

5.4.7 Neural Network (NN)

Neural Network (NN) is inspired by the human brain functions composed of many
interconnected nodes, namely neurons, which process and compute operations (Sordo 2002;
Saxena and Saad 2007; Rogova 2008; Bianchini and Scarselli 2014; Geiger 2021). This
classifier relies on establishing layers, namely the input, hidden and output layers. Data is
ingested at the input layers and acted upon at the hidden layers, which then relay the output to
the output layer. Standard NN algorithm applications are Artificial Neural Networks (ANN)
and Multi-Layer Perceptron (MLP) (Zhai et al. 2016). Many applications have been deployed
to handle practical tasks (Rai, Trivedi and Shukla 2013; Tsangaratos and Benardos 2014). The
advantages of NN are based on the fact that it can tackle non-linear and complex associations,
which are reasons for their adoption, especially in the healthcare arena (Naraei, Abhari and
Sadeghian 2016; Roy et al. 2018; Harjai and Khatri 2019; Krishna and Reddy 2019; Srivastava,
Singh and Suri 2020). However, it is subject to overfitting and computationally costly (Zhai et

al. 2016).
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5.4.8 Bagging Classifier (BC)

The Bagging Classifier (BC) is an ensemble learning classifier that employs bootstrap
aggregating to vote with equal weight the results from the aggregate of the individual prediction
to make the final prediction (Kabari and Onwuka 2019). It is one of the typical ensemble
learning Classifiers used (Adeliyi et al. 2022). It has been used in many areas to solve complex
classification tasks (Zareapoor and Shamsolmoali 2015; Agarwal and Chowdary 2020; Yousaf
et al. 2020). It has also been used in healthcare to provide a useful predictive model (Sandag
2020). It is also known to prevent overfitting and decrease variance, thus the reason for its
endorsement in many fields like the healthcare arena (Ganie and Malik 2022). Accordingly, BC
was among the best-performing classifier for the EHR modelling. It yielded good scores for the

classification of the type of treatment to be provided (Table 5-7).

Table 5-7 Bagging Classifier Model Report

Bagging Classifier
Bagging Precision | Recall | F1-Score Support
out -0 0.77 0.84 0.80 526
in-1 0.73 0.63 0.68 357
Accuracy 0.73 833
Macro average 0.75 0.74 0.74 833
Weighted average 0.75 0.76 0.75 833

5.4.9 Extra Trees Classifier (ETC)

Extra Trees Classifier (ETC) is also commonly used in classification problems. ETC is

established on the DT to randomise the trees extremely (Bhati and Rai 2020; Kharwar and
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Thakor 2022). Similar to DT and RF, it has several advantages over other DTs, such as
minimising overfitting and over-learning of data by randomising specific data subsets and
decisions (Sharaff and Gupta 2019). ETC is also inexpensive with computer resources.
Although ETC is alleged to reduce variance and bias, it is prone to over fit large datasets and

underperform when high correlation features are present.

Nevertheless, It is used in many areas to handle classification tasks (Maier et al. 2015;
Kaur and Mittal 2020; Kumar, Singh and Dawra 2022; Ossai and Wickramasinghe 2022). ETC
has also been widely used with other classifiers to deal with intricate issues (Peng et al. 2021;
Rani, Kumar and Jain 2021; Sharma, Kumar and Jain 2022). Therefore, it provided an excellent
classification of the type of treatment from the EHR modelling. Table 5-8 presents the
evaluation report for ETC on the HER dataset. It was one of the best classifiers close to the RF

with a high AUC.

Table 5-8 Extra Trees Classifier Model Report

Extra Trees Classifier
ETC Precision Recall F1-Score Support
out -0 0.76 0.85 0.80 526
in-1 0.73 0.61 0.67 357
Accuracy 0.75 833
Macro average 0.75 0.73 0.73 833
Weighted average 0.75 0.75 0.75 833

5.4.10 Gradient Boosting Classifier (GBC)

Gradient Boosting Classifier (GBC) is another commonly deployed ensemble learning

classifier that gives enthralling results (Ferreira and Figueiredo 2012; Natekin and Knoll 2013;
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Khan et al. 2022). GBC constructs a sequence of weak learners to render them more robust by
optimising the weights of the instance grounded on the pitch of the loss function (Mayr ef al.
2014). Other types of GBC comprise the XGBoost, CatBoost and LightGBM; these focus on
augmenting algorithms’ speed and accuracy(Postnikov, Esmedljaeva and Lavrova 2020;
Asselman, Khaldi and Aammou 2021; Sajedul Alam et al. 2022). It has been recognised and
deployed in many areas to solve problems that directly influence real life (Morid ef al. 2017,

Dhillon and Singh 2019; Akbar et al. 2020; Hancock and Khoshgoftaar 2021).

5.4.11 Ada Boosting Classifier (ABC)

Ada Boosting Classifier (ABC) is an adaptive boosting that relies on the boosting
principle to enhance DT and other weak classifiers (Mayr et al. 2014). ABC is similar to GBC
because it converts weak classifiers into more robust ones by prioritising misclassified instances
from previous classifiers (Bahad and Saxena 2020; Khan et al. 2022). Some inherent deficiency
of ABC is based on its sensitivity to outliers and overfitting with higher iteration(Mayr ef al.
2014). However, ABC is considered one of the leading ensemble classifiers with many

implementations (Dhillon and Singh 2019; Zheng ef al. 2020; Alharbi and Almutiq 2022).

5.4.12 Random Forrest (RF)

Random Forrest (RF) is a supervised machine learning model heralded in extant
literature to be robust in diverse solicitations. This machine-learning technique was proposed
by Breiman et al. (1984) in 1984 and was later popularised (Breiman 2001). Random forest
employs the statistical bagging approach established on a bootstrapped nature that attempts to
aggregate all the trees in the forests to enhance the decision tree model (Verikas, Gelzinis and

Bacauskiene 2011; Forkan, Khalil and Atiquzzaman 2017; Kaur, Kumar and Kumar 2019).
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Over other models, the RF classifier can accurately fit nonlinear relationships and is robust to
noise in the data (Fox ef al. 2017). The technique employed decision trees to learn about the
ingested data by creating a bitwise split at every node of either in or out output. The technique
is optimised using the Gini purity that subjects it to a brute force approach to optimising every
possible outcome. Figure 5-6 depicts the enactment of the random forest technique where the
decision tree and its node represent possible outcomes; the first tree shows how the binary split
points and the middle tree represent a tree with just a 50% chance to be exactly like the tree on

the right.

Out = 16, Out = 16, Out =0, Out = 16,
. In=16 In=16 In=16 In=0

Worst possibility Right possibility

Figure 5-6 Random Forest decision tree illustration

In this study, we employed Bayesian optimization to improve the accuracy. For the final
experiment, the hyper-parameters elected by Bayesian optimization included a “maximum”
depth of 500, “maximum” features of 42 and the number of “estimators” equivalent to 300.

These parameters ensure the trees' adherence in the forest to grow to the maximum depths,

choosing the preeminent tree splits selected randomly at each node to be confined to the
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maximum number of features. Additionally, the Gini impurity coefficient metric, defined in
equation 5.1 where “f” denotes the frequency label of “i” at a node and ¢ denotes the distinct
label, is also implemented for optimisation. Another metric employed is entropy, which is an
alternative to the “gini” criteria. The model algorithm is implemented using the scikit-learn
package in Python 3.0, and the measures are tuned and refined to overcome overfitting for the
optimal outcome (Pedregosa et al. 2011; Biau 2012). The hyper parameter grid search and

random search CV were included in the end to improve the results

< (5.6)
Gini impurity = 2 f;(1 —fi)

i=1

The evaluation metrics employed in this study include the following metrics to evaluate

the model: accuracy, precision, recall, F1 score, and ROC curve accuracy score values.

The result of the machine learning model presented different accuracies for the models
included in the experiments. Several experiments were done to determine which models
performed well. These models included several machine learning and ensemble machine
learning classifiers. The dataset splitting was initiated with an 80% to 20% ratio, followed by a
70% to 30% ratio to analyse the models' performances. Table 5-4 shows the results of the
deployed model at the different split ratios. For the first experiment at the 80/20 ratio, the
following model output was obtained with reference to the accuracy: Logistic Regression
(70.89%), K-nearest Neighbour (68.97%), Support Vector Machine (69.99%), Linear
Discriminant Analysis (70.55%), Naive Bayes (68.63%), Decision Tree (65.69%), Multi-Layer
Perceptron (74.08%), Random Forest (76.33%), Gradient Boosting (75.76%), Bagging

(73.61%), Extra Tree (75.65%) and Ada boost (74.07%).
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A slight difference was observed after applying the scaling to the data partitions. The
following model output was obtained with reference to the accuracy: Logistic Regression
(70.55%), K-nearest Neighbour (72.70%), Support Vector Machine (73.61%), Linear
Discriminant Analysis (70.55%), Naive Bayes (68.62%), Decision Tree (65.45%), Multi-Layer
Perceptron (74.17%), Random Forest (76.21%), Gradient Boosting (75.65%), Bagging
(74.52%), Extra Tree (76.44%) and Ada boost (74.24%). ETC, KNN, SVC, and BG benefited
from the data scaling to improve their accuracy and assert that the applied scaling can alter the

results of the models.

The ensemble learning classifier performed well more than the other simple classifiers.
In the initial experiment, the Random forest model outperformed the other models with the
highest accuracy of 76.1% and 76.33% in all the categories. For the simple classifiers, the
second best model was Logistic Regression (LR) with 70.89%, and the third was Linear
discriminant analysis (LDA) with 70.55%. For the ensemble learning category, the RF classifier
maintained the top performance with an accuracy of 76.33%. Gradient boosting (GB) and Extra
tree classifier (ETC) scored 75.76% and 75.65%, respectively. The Ada boost and Bagging
scored 74.07% and 73.61%, respectively. Table 5-9 presents the results of all the experiments
conducted in this study. From the experiments, the overall model with the highest score was the
RF, with a maximum of 77.01%. The other ensemble learners followed the RF to demonstrate

highly accurate results.
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Table 5-9 Experiments Results of the classifier

Machine Learning Classifiers Model Scores

Machine Learning Classifier Exp. Phase1 | Exp. Phase 1 Exp. Phase 2 | Exp. Phase 2 Split | Exp. Phase Exp. Phase
Split80/20 Split 80/20 Split 70/30 70/30 final —Split final —Split

Standard Standard 80/20 70/30
Scaled Scaled

Random Forest 76.1 76.21 76.13 75.98

Logistic Regression 70.89 55 71.98 71:52 70.44 71.68

Linear Discriminant Analysis 70.55 70.55 70.32 70.31 70.55 70.31

Support Vector Machine 69.99 73.61 70.54 74.92 7191 12.25

K nearest Neighbour 68.97 7211 68.96 73.41

Naive Bayes 68.63 68.63 68.73 69.73

Decision Tree 66.93 65.47 66.54 66.61

Multi-Layer Perceptron 74.18 74.75 74.77 74.41

Ensemble Learning Classifier

Random Forest 76.33 76.21 75.83 75.98 75.98 77.01

Gradient Boosting 75.76 75.65 76.06 76.06

Extra Tree 75.65 76.44 74.70 75.76 75.38 75.20

Ada boost Classifier 74.07 74.29 74.24 74.54

Bagging Classifier 73.61 74.52 73.64 73.11 75.54 75.20
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For the subsequent experiment with all the features retained, the following outputs were
obtained for LR (71.98%), KNN (68.96%), SVC (70.54%), LDA (70.32%), NB (68.96%), DT
(66.54%), RF (76.13%), GB Classifier (76.06%), ETC (74.70%) and Bagging (74.24%). The
splitting ratio was set at 70% to 30% to prevent the models' overfitting. At scale, the was a
significant improvement by most of the models, especially the standard learners like SVC
(74.92) and KNN (73.41). The RF classifier remained the highest in all the rounds of the
experiment. A subsequent investigation was conducted to extract the classification report. It
was found that the RF maintained the highest accuracy of 77.01% and 77.24% with the
randomised search cv hyper parameter. The other ensemble learning classifier, Bagging, ETC,
had 75.56% and 76.22%, respectively. The SVC, LDA, and LR models scored 72.25%, 70.78%
and 70.67%, respectively. In the category, the SVC was the highest. The bar plot of the accuracy

score for the different partitions is presented below. Figures 5-7 illustrate the accuracy of the
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Figure 5-7 An illustration of the model scores 70:30 partition.
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Figure 5-8 illustrates a bar plot of the model scores for the 80% to 20% partitions with

a slight increase in the accuracy toward the 80 range for the greater partition.
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Figure 5-8 An illustration of the model scores at the 80:20 partition
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The final experiment's results accentuate the classifiers with high performances from
the start of the investigation and incorporate features pertinent to the patient’s laboratory result
within the healthcare context. The experiment yielded a higher accuracy of 77.01% for the
Random Forest model, 75.98% for the gradient boosting classifier and 75.38% for the extra tree
classifier. The Support Vector, Linear Discriminant Analysis and Logistic Regression score an
accuracy of 72.25%, 70.78% and 70.67%, respectively. The features used in the final
investigation included Haematocrit, Haemoglobins, Erythrocyte, Leucocyte, Thrombocyte,
MCHC, MCH, MCV and Age. The results demonstrate the classification report of the patient
laboratory data. The out-care patient category scored (0), which is the prevalent class, has a

78% precision score, 85% recall score, and 81% F1 score with the RF classifier.
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Given that the prevalence class was the out-care patients, the F1 score was distributed
accordingly. The in-patient category (1) has a 74% precision score, 66% recall score, and 70 %
F1 score with the RF classifier. Table 5-10 presents the detailed performance score for the
random forest model and all the models deployed at the final stage of the experiment. The

weighted average percentages for the model were as follows 77 for RF, 72 for SVC, 71 for

LDA, 70 for LR, 76 for Bagging and 75 for ETC.

Table 5-10 Model results

RF

RF Precision | Recall | F1-Score Support
out -0 0.78 0.85 0.81 526
in- 1 0.74 0.66 0.70 357
Accuracy 0.77 833
Macro average 0.76 0.75 0.76 833
Weighted average 0.77 0.77 0.77 833

SVC

SVC Precision | Recall | F1-Score Support
out -0 0.73 0.83 0.78 526
in -1 0.69 0.55 0.61 357
Accuracy 0.72 833
Macro average 0.71 0.69 0.70 833
Weighted average 0.72 0.72 0.71 833

LDA

LDA Precision | Recall | F1-Score Support
out - 0 0.71 0.86 0.78 526
in -1 0.70 0.47 0.57 357
Accuracy 0.71 833
Macro average 0.70 0.67 0.67 833
Weighted average 0.70 0.71 0.69 833

LR

LR Precision | Recall | F1-Score Support
out - 0 0.71 0.85 0.77 526
in-1 0.61 0.49 0.57 357
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Accuracy 0.70 833
Macro average 0.70 0.67 0.67 833
Weighted average 0.70 0.70 0.69 833
BC
Bagging Precision | Recall | F1-Score Support
out - 0 0.77 0.84 0.80 526
in-1 0.73 0.63 0.68 357
Accuracy 0.73 833
Macro average 0.75 0.74 0.74 833
Weighted average 0.75 0.76 0.75 833
ETC
ETC Precision | Recall | F1-Score Support
out - 0 0.76 0.85 0.80 526
in- 1 0.73 0.61 0.67 357
Accuracy 0.75 833
Macro average 0.75 0.73 0.73 833
Weighted average 0.75 0.75 0.75 833

Figure 5-9 presents the confusion matrixes of the experimented models. The RF model
obtained the highest prediction, followed by the other ensemble learning model, ETC and
Bagging. The confusion matrix for the RF model can be seen in figure 5-9; from the
visualisation, it is evidence that the model successfully produced a high amount of correct
predictions, a total of 680 from 883 accurate predictions was made. A prior study on the same
data reported 666 correct predictions from a total of 883 total predictions (Sajedul Alam et al.
2022). Over the 883 samples, the BC was second with a total of 667 correct predictions. 664

accurate forecast was obtained for the bagging classifier. 635 accurate forecast was obtained

for the SVC, 623 for LDA and 622 for SVC.
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Figure 5-9 Confusion Matrix
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The ROC and AUC also measure the performance of the predictions for both target
features. The AUC normal range is between 0.5 and 1. A lesser value that is below or equal to
0.5 mmplies that the classifier value is irrelevant. At the same time, a higher value between 0.7
and 0.8 1s a good indication that reflects the classifiers’ worth. The sensitivity measure on the
curve reflects the proportion of the out-care patient, which was correctly classified. A higher
value is attainable, with this being the positive and prevalent instance. At the same time, the
specificity measure on the curve reflects the proportion of the in-care patient, which was
correctly classified. A higher value related to its distribution was also attainable, with this being
the negative and rare instance within the dataset. Table 5-11 reports the AUC for the analysis

of the two data partitions experimented on.

Table 5-11 AUC for the deployed models

Model AUC
Data SvVC LDA LR BC ETC RF
Partition
70/30 76.64 76.00 76.09 80.16 80.84 80.85
80/20 75.41 75.21 75.22 80.58 81.24 81.08

The ROC curve in Figures 5-10 and 5-11 reflects the higher prediction score that
substantiates and validates the RF classifier model with an AUC of 80.85% and 81.08 at the
80%:20% to 70%:30% partition. The ETC had the highest AUC at the 80/20 partition, at

81.24%, followed by an 80.84% at the 70/30 partition, asserting the likelihood of the classifier
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as well as the quality regardless of the classification threshold. The BC was the third with AUC

of 80.58 and 80.16. The other model produced lesser values below the 80 points, with their

performance augmented at the 70:30 ratio SVC (76.64), LDA (76.00), and LR (76.09). Contrary

to the standard learners' the ensemble learners had a higher AUC at the 80:20 ratios.
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This finding, compared to a prior study, presents a high prediction. It improved the

results of previous work done by Sajedul Alam et al. (2022), by increasing the number of correct
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predictions from 666 to 680 over a total of 883 using the lightGBM classifier. This study's
results increased the accurate forecast from 658 to 680 for random forest classifiers in contrast
to prior studies and the overall accuracy to 77.01%. Table 5-12 presents the performance

analysis of this study with prior existing approaches presented in extant literature.

Table 5-12 Performance analysis with existing approaches

Reference Year Framework | Proposed Accuracy | Correct
tool Techniques— prediction
Multiple ML (883)
Sajedul Alam et al. | 2022 Python Random Forest | 76 658
(2022)
Author 2023 Python Random forest | 77 680

In this study, the RF model is presented for predicting the patient's mode of treatment
based on the laboratory result. Based on the model's performance and the selected features, the
model is apt to indicate the mode of treatment of patients when their laboratory results are
known. Empirically, the performance of the prediction likelihood is seen to be superior when
the features MCHC and sex are excluded. The selected features presented a high likelihood of
prediction. The experiments were performed using all the features and a set seed of 42 at the
70:30 ratio of the data. Better results were obtained with selected features in contrast with all
the features. The RF results demonstrate that 77.01% accuracy can be obtained with this model

using the selected features.

Additionally, from the EHREDA, the Haematocrit, Haemoglobins, Erythrocyte,
Leucocyte, Thrombocyte, MCH, MCV and Age are found to be the key features that contribute

to the degree of severity of the patient’s health condition as well as the mode of treatment to be
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administered. These features are used by practitioners to determine the prognosis of the patient.
In the RF model, Thrombocyte was the most significant with a score of 0.21728, followed by
Leucocyte and Haematocrit with 0.12141 and 0.1143. The Erythrocyte score was 0.10204; the
Age score was 0.09867; the MCV score was 0.08665; the Haemoglobins score was 0.08546;
the MCH score was 0.07818; the MCHC score was 0.07754 and Sex was the bottom with a

score of 0.01847. Figure 5.12 illustrate the distribution of the features scores in a bar chat.
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Figure 5-12 illustrates a practical use of data sciences techniques such as the RF model,
which can be incorporated with selected features within the HIS setting to determine the
appropriate health care applications and allocate resources within the healthcare arena.
Assimilating these kinds of applications within the existing HIS environment will go a long
way towards the achievement of quality healthcare and a robust HIS. These will enhance the
quality of health care, be suitable positions within the healthcare arena, and tackle most of the

current dares associated with the existing health care system.

Figure 5-13 enact the application of the best-fit machine learning model from the
experiment that demonstrates how it can be employed. This commences with individuals who
fall ill (patients) and visit healthcare facilities like hospitals and centres (healthcare facilities).
At healthcare facilities, healthcare checks and tests are conducted by specialists who include
but are not limited to doctors, nurses and laboratory technicians. The reports generated from
the healthcare checks and tests are forms of health data (HIS data) that play a critical role in the
decision phase. At this phase, the data analysis techniques, which could be ML, DL and NLP,
are then deployed, and the best model (best learning model) is used to predict the type of

treatment, which the healthcare provider enforces the treatment type after validating the output.
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The laboratory test result is highly relevant in ascertaining the severity of a patient's
health condition. Prompt actions are necessary for emergency interventions that model health
care applications to enhance the patient's well-being and appropriately apportion resources.
This study reveals that these measures can be feasible and timely in averting health
complications that are tantamount to mortality (Mayer et al. 2017; Martins et al. 2022). Thus,

incorporating data sciences techniques in the existing HIS is highly relevant to enhance and
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fortify its offerings within the healthcare arena. Therefore, a data-driven paradigm is a core
enabler in the attainment of a resilient and sustainable HIS that is indispensable and parallel to
the enhancement of health care applications. These insights are believed to be beneficial to
healthcare stakeholders such as nurses and doctors, professionals, and organisations to predict
the type of health care to afford and subsequently alleviate possible outcomes and avert

mortality associated with such conditions.

5.5 Summary of the chapter

Many healthcare studies have observed the availability of data sciences techniques to
predict, detect, classify, and cluster outcomes to afford valuable services for the present and
future. Although there have been many extant works on data sciences in healthcare, their
direction has been accentuated by their capabilities. Little or no focus on their incorporation
within the existing healthcare system has been expressed. Especially in alignment with the
attainment of a sustainable and resilient integrated system such as the HIS for health care
applications. The data analysis results in this chapter offer insights for health care offerings that
include but are not limited to identifying determinants for diseases, the association between
determinants and machine learning applications. A data science technique for predicting,
detecting and classifying health-related predicaments can enable efficient health care
applications for stakeholders who are directly and indirectly concerned. Incorporating these
insights from data analytics of healthcare data affords a framework that can result in a
sustainable and resilient HIS for healthcare applications. Hence, this chapter discusses in detail
the elements of a data-driven paradigm for resilient and sustainable HIS for health care

applications implementation. In line with the study's primary objective, the result presented in
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this chapter established the core element in the development of resilient and sustainable HIS,
an integrated information system employed for health care applications. This chapter details the
background, analysis, results and discussion of a dataset explicitly characterized as health care
data to demonstrate a practical data sciences technique that could be integrated into the existing
HIS environment. Adopting and implementing data sciences techniques like those shown in
this chapter ensure the sustainability and resilience of HIS and its healthcare offering. The
ensuing chapters present the contributions to knowledge and practical operation of healthcare

services delivery afforded by this study.
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CHAPTER SIX: RESEARCH THEORETICAL AND
PRACTICAL CONTRIBUTIONS OF THIS STUDY

6.1 Introduction

Several studies highlight challenges within the healthcare arena, such as increased
patients and workload as the determinants that necessitate the need for ameliorations (Alahmar,
AlMousa and Benlamri 2022; Epizitone 2022; Garcia, De la Vega and Mercado 2022). These
phenomena are the bases for the demand for a resilient and sustainable HIS. To partake in
affording amelioration that will help shape the health care system and HIS. This chapter
proffered this study's theoretical and practical contributions to the attainment of resilient and
sustainable HIS for health care applications. The chapter commences by presenting the
theoretical contributions amalgamation from the literature. Then it progresses to the practical
contribution that validates the purpose of this study to afford insight that enables the
transfiguration of existing HIS employed for health care applications. These contributions align
with the need and call for existing HIS to be strengthened and optimised for health care delivery
to afford knowledge that can structure and mitigate dares associated with these systems within

the healthcare arena when endorsed.
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6.2 Theoretical contributions

6.2.1 Health information systems and health care applications

In this study, the HIS was explored along with health care applications, and several
theoretical contributions were identified concerning information systems within the healthcare
arena. These contributions intersect the core concepts within the health information system
environment. From this study, the case of HIS for health care applications was afforded an
empirical account and a theoretical discourse on the potential function of HIS in the
augmentation of health care applications. These concepts have been extensively discussed and
comprehended within the healthcare and information system field. A systematic literature
review and bibliometric analysis were published in the healthcare journal and a critical review
research in the International Journal of Advanced Computer Science and Applications
(Epizitone 2022; Epizitone, Moyane and Agbehadji 2022; Epizitone, Moyane and Agbehadji
2023). In many ways, ‘HIS’ research is vital for health care applications within the global arena.
However, to my knowledge, little research has been done on how ‘HIS’ can be optimised and
leveraged to unify health care applications within global settings. As aforementioned in the
rationale of this study in chapter one, I contend that limited studies accentuate the optimisation
of ‘HIS’ for health care applications. The gap necessitates the agenda of this study that
underscores the optimisation of ‘HIS’ for enhancing health care applications within the
healthcare arena. This agenda was further capitalised on the data-driven track to augment HIS
and healthcare. Therefore, this study efficaciously bridges these two core constituents within
the healthcare and information system research; to identify the potential of resilient and

sustainable ‘HIS’ in enhancing health care applications globally.
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6.2.2 Scalability of health information system for health care applications

The scope of advances in the healthcare arena and the scalability of HIS for healthcare
applications are predominately evident in many nations. The ability of the system to change its
size and scale in order to provide a variety of capabilities is referred to as the scalability of HIS.
Existing research documents a surge in HIS use in the healthcare industry due to its capacity to
help integrate and merge vast digital health information (Paul ef al. 2015; Alahmar, AlMousa
and Benlamri 2022). According to the extant research report HIS, progress has been stifled due
to low reliance and diverted emphasis on health innovations. Negro-Calduch et al. (2021)
associate HIS enactment dare to be associated with its scalability. Even though existing
literature proclaims ‘HIS’ to be critical to stakeholder engagement in decision-making and
planning for health care applications (Paul et al. 2015; Hurtado-Salgado et al. 2018; Murad
2018; Steil et al. 2019). This study theorises that it is critical to assess HIS scalability in order

to capitalize on opportunities in settings deployed for health care applications.

6.2.3 Sustainability and resilience capabilities of Health Information Systems for health

care applications

The concepts of sustainability and resilience of systems have been heralded in extant
literature to afford diverse dimensions of well-being. Gardoni (2019) stated that the presence
of sustainability and resilience within system avail opportunities to current and future
generations with minimal disruption and afford and address certain considerations. Although
the definition of these concepts varies across industries, in the context of healthcare, the demand

for a response from HIS enactment for health care applications has been provoked by many
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events and needs in the healthcare arena. The resurgence of pandemics, namely COVID-19, the
global health priorities SDG 3 and WHO priorities have imposed the need for sustainability and
resilience within the healthcare arena (Clay-Williams and Braithwaite 2019; Mardani et al.
2020; Epizitone 2022; Lal et al. 2022). Adaba and Kebebew (2018) accentuate the HIS
sustainability for health care applications highlighting the vital essence of HIS optimisation for

health care applications.

Furthermore, Gardoni (2019) synthesize the need for frameworks to include fundament
functions that enable the attainment of resilience and sustainability. The primary grounding of
a resilient and sustainable capability is capitalised on the ‘HIS’ optimisation and the need for
strategic resolution. Thus, this study highlights the need for resilience and sustainable HIS for
health care applications framework paramount position in the healthcare arena, asserting that
the adoption and implementation of the resilience and sustainable capabilities of HIS can afford

long-term ameliorations.

6.2.4 The social-technical Theory in the discourse of Health Information Systems for

health care applications

A pressing agenda uncovered from a critical review of the literature on HIS and health
care applications research is the pertinent need to incorporate and leverage stakeholder’s
perspective to strengthen HIS (Mutale et al. 2018; Alsharo, Alnsour and Alabdallah 2020).
Extant literature indicated the HIS’s knowledge and practices among stakeholders such as
doctors and staff are limited (Sadoughi et al. 2017). According to some authors, many countries

encounter distinct dares relative to their context that influences HIS enactment; thus,
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incorporating stakeholders’ perspectives is crucial for buttressing HIS capabilities (Thomas et
al. 2022). Citrin et al. (2018) argue that the concurrent technological and healthcare workforce
advancements present an avenue to tackle health care dares. However, organisational concerns
that are subjective in nature impede coordinated efforts toward theoretically informed HIS and

exertion in health care applications (Cresswell and Sheikh 2013).

Nevertheless, Cresswell and Sheikh (2013) state that HIS enactments in healthcare
settings are fatefully imperative undertakings that need adequate research attention
substantiating the incorporation of the socio-technical theory. This study captures vividly the
equal role of the stakeholders and technology in the successful implementation of HIS for health
care applications. And it relates the concepts of social-technical theory to the sustainability

and resilience of HIS for health care applications.

6.2.5 Framework for health information systems for health care applications

This study proposed a data-driven paradigm for the attainment of resilient and
sustainable HIS for health care applications. As outlined in section 4.3, there are a number of
different frameworks in existence for HIS for health care applications. These technological,
conceptual and research frameworks have been employed within the healthcare arena for the
augmentation of healthcare (Andargoli ef al. 2017; Bawack and Kamdjoug 2018; Alsharo,
Alnsour and Alabdallah 2020; Mezarina et al. 2020; Dudley et al. 2022; Epizitone 2022; van
Bussel et al. 2022). However, extant literature features the initial design of information
framework among the list of dares for HIS enactment, associating their faultiness with the ease

of access and utilisation of the relevant stakeholders (Mezarina et al. 2020). Furthermore, the
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development and implementation of these frameworks have afforded minimal remedy for HIS

dares and, as such, limits the potential to benefit health care applications.

Moreover, despite many technological focus frameworks in the current knowledge gen
of HIS being present, there are limited data-centric frameworks to my knowledge. Thus, the
advancement of digitalisation and the importance of sustainable and resilient HIS for quality
health care applications within the healthcare arena remain pertinent (Sahay, Nielsen and
Latifov 2018; Dehnavieh et al. 2019; Sahay, Rashidian and Doctor 2020; Zotov et al. 2020;
Ostern et al. 2021). This study lures extant theories within the healthcare arena to present a
conceptual context for the development of a sustainable and resilient HIS for health care
applications from the data track. To propose the enactment of a data-driven paradigm for a

resilient and sustainable health information systems for health care applications.

6.2.6 Resilient and sustainable health information systems for health care applications

data-driven paradigm

The adoption of HIS has been employed globally for its transformative effects on health
care practices. The increase in these adoption has equally driven the call for these systems to
be strengthened. Thus, the enactment of a data-driven paradigm for resilient and sustainable
HIS for health care applications is unparalleled in this digitalisation era, as it affords an
integrated footing for data analytics to support and assist healthcare delivery. The conception
of this study proposed a framework for developing a resilient and sustainable integrated
information system for Health Care applications. In order to enhance the knowledge of HIS’s

implementation through the novel integration of data science and machine learning techniques
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in the traction of Design Science Research (DSR). It was envisaged that the realisation of the
objectives of this study would contribute toward the attainment of a strengthened HIS, and the
artefact developed by this study will be used to create and drive initiatives that strengthen the
healthcare capabilities and effective utilisation by stakeholders. Thus the findings of this study
present many opportunities to harness the potential of HIS for health care applications via a
robust, reproducible pipeline that can be employed to enhance health care applications within
the HIS environment. Theoretically contributing to the fortification of HIS through the
development and enactment of a resilient and sustainable HIS for health care applications that
is unparalleled in this digitalisation era and endowment of an integrated footing for data
analytics to support and assists health care delivery. In so doing, the synthesised concept

elevates HIS theoretically and pragmatically from the theorised synthesis of this study.

6.3 Practical contributions

This study presents the practical contributions to bodies, practices and stakeholders
within the health care arena in the form of practical advice based on my research and findings.
In the context of this study, this refers to stakeholders within the healthcare arena that are
directly and indirectly involved in the execution of health care applications globally. However,
my research study has concentrated on Health information systems, health care and health data.
Many organisations, healthcare practices, practitioners, and educators, can benefit from these

contributions.
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6.3.1 Consideration concomitant to the strengthening of Health Information Systems

There have been many reports of the need to strengthen the HIS as its direct association
with health care application have many consequences, such as the shortfalls of evidence base
decision making as well as ‘HIS’ induced mortality (Farnham et al. 2020; Saigi-Rubio et al.
2021). A strengthened HIS’ benefits and prospects are extremely important to the enhancement
of healthcare service delivery as well as the allocation of resources (Colais et al. 2018).
Contrary to the notion that technology has wielded negative outcomes on its stakeholders, with
many seeing it as disruptive, it has the capabilities to revolutionise the healthcare arena (Nadri
et al. 2017; Benbrahim, Hachimi and Amine 2018; Moghaddasi et al. 2018; Rudd et al. 2019).
HIS enactment affords numerous opportunities to enhance healthcare and service delivery
within the health system. The first contribution of this study corresponds with the state of HIS
in countries and their approach to it. To leverage the impact of weakening HIS and work on
strengthening it, some considerations need to be taken into account. Thus healthcare

stakeholders need to consider establishing the following:

o Consider reviewing existing HIS to identify its weaknesses and consider employing
insights from data analytics to leverage the flaw without compromising on the health
care delivery.

e Consider implications of the socio-technical stance of HIS within the entire
organisation/practices.

o Considered the need for humans and technology to share value and responsibilities

equally.
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6.3.2 Consideration concomitant to establishing a resilient and sustainable Health

Information System for health care applications

From the discourse on HIS, it is evident that numerous challenges are associated with
HIS for health care applications within the healthcare arena. Among them is the proliferation
of health data, which is considered problematic regarding quality and wholeness. Moreover,
several reports highlight the dithering fragmentation of HIS within the local, national and global
settings (Braa and Sahay 2012; Sahay, Nielsen and Latifov 2018; Sahay, Rashidian and Doctor
2020). These phenomena impact and limit the potential of HIS for health care applications. The
development and deployment of HIS carries an imperial role in the development and
strengthening global health system (Rudd ef al. 2019). This preposition served as an impetus
for the need for scientific cutting-edge design research intensive methods to generate pertinent,
astute and valuable strategic solutions to critical problems facing the HIS enactment and
application globally. To support efforts that target the appraisal of HIS enactment are
deliberated to be strategically advantageous in the attainment of augmented health care

applications (Noel, Taramasco and Marquez 2022).

Furthermore, in alignment with these reports that emphasise and advocate for support,
this study adds to the established foundation to aid the need to develop strategies that anchor
HIS in digitalisation (Jabareen, Khader and Taweel 2020). Couple with the benefits that many
facets of health care applications stand to gain from HIS development and strengthening. The
enactment of data-driven applications which propel the employment of HIS in the delivery of
health care applications will subsequently respond to and fulfil the sustainable development
goals for all (Mills, Lee and Rassekh 2019; Nsaghurwe et al. 2021). Therefore, this study

recommends the enactment of the developed data-driven resilient and sustainable Health
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Information System for health care applications presented in this research globally. Hence,
practitioners at all levels, local, national and international, who are involved with HIS should

institute the following considerations for an augmented health care application:

Leverage the potential of data sciences to mine health data through prevailing

techniques afforded.

o Ensure that there is flexibility to model amelioration within the contexts of its set-up.

o Implement the proposed framework locally, nationally and globally to benefit from it
and to enhance health care applications capabilities.

e FEvaluate the performance and adopt practical measures to anticipate future

occurrences from the present lessons and insights.

6.4 Summary of the chapter

This chapter details the study's contributions to the body of gen of healthcare in the
associated areas, namely HIS, health care applications and data. The chapter presents ample
evidence of this study's theoretical and practical contributions that are bestowed with the
potential to shape the healthcare arena. The combination of these contributions gives a concrete
piece of knowledge that is needed and essential for attaining a resilient and sustainable HIS for
health care applications. The next chapter focuses on the research summary and conclusion to
consolidate the empirical findings of this study in a nutshell. The responses to the research
objectives and questions are presented along with the inferences, future research application

direction of this study and conclusion.
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CHAPTER SEVEN: RESEARCH SUMMARY,
RECOMMENDATION AND CONCLUSION

7.1 Introduction

In conclusion, this chapter completes this study by presenting the summary,
implications, and recommendations. Closely aligned with the study objectives and research
questions in chapter one, the responses and summary are provided. The answers to the research
questions and the proposed data-driven paradigm for enacting a resilient and sustainable
integrated information system for health care applications are conferred in this chapter, as well

as conceivable recommendations for improvement on the presented framework.

7.2 Summary of contribution

Research on sustainable and resilient HIS for health care applications has been driven
by many transformation challenges. These phenomena have led to the conclusion that
healthcare needs to fortify and enhance these systems to afford quality care to stakeholders.
Although throughout extant literature, attention has been drawn to the challenges confronting
these systems within the healthcare arena more than to their resolutions. There are intrinsic
characteristics of HIS that remains untapped. Globally, HIS is considered to be very
instrumental in supporting the realisation of WHO healthcare’s objectives as well as the SDG
3 goal that focuses on quality health for all (Sarmiento-Suérez et al. 2022). This emphasizes

HIS dispositions in extant literature. Asserting HIS to be an indispensable tool that underpins
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the priorities of health and well-being attainment, global standardisation, service delivery
synchronisation, accountability and governance fortification (Bernardi 2017; Scott and Gilson
2017). However, with the advancement of technology and the unpredictable occurrence of
disease or pandemics, this magnificent portrait has been blurred, calling into question many
stakeholders' reliance who fail to benefit from its implementation. Equally, the sustainability
and resilience of HIS in supporting health care applications amidst the influx of data have also
been an area of concern that has awakened the need to rectify existing flaws. Thus, these
premises serve as the impetus for this study research agenda that aims to present a data-driven
paradigm for a resilient and sustainable integrated health information systems for health care

applications.

The research agenda of this study, driven by the overarching aim to scrutinise HIS
challenges in association with health care applications, converges the data track toward
developing an effective framework that enhances health care applications and strengthens HIS
within the healthcare arena. The study’s objectives presented in this research's inauguration
have been realised to satisfy the main question, “How can knowledge generated from an analyse
integrated information system be used to attain a resilient and sustainable integrated information
system for Health Care applications? As a result, these objectives are summarised in detail

below, along with their respective questions and responses.

7.2.1 To ascertain knowledge, constraints and perceptions on the Health Information

Systems deliverables

The first objective set forth in this study was driven by the research question: What are
the knowledge, constraints and perceptions on the Health Information Systems deliverables?
To satisfy this objective and respond to the driving question. This research study sets off by
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laying the background of HIS for health care application from its inception to its current
enactment with reference to the challenges confronting it on the global platform in chapters 1
and 2. The potentials and dares associated with HIS for health care applications were uncovered
in the different facets of HIS enactment within the healthcare arena from the developing to
developed nations. The knowledge constraints and perceptions associated with HIS were
covered in detail in Chapter 2, emphasising the importance of involving humans and technology

equally in affording much-needed resilience and sustainable ameliorations.

Further elucidation was afforded on the indispensable role of quality data for health
care applications mediated by HIS. The study also presented insight into the positioning of
information systems and knowledge management within the healthcare arena. The evolution of
the HIS was also demonstrated to highlight critical advances made in the development of the
HIS for health care applications. Essential attributes of HIS in association with health care
applications were also explained. HIS’ implementation and design were also presented in detail.
Thus the response to research question one was satisfied and addressed in the latter part of
chapter one. The study background and motivation discussion was presented first in chapter
one and then in earlier part of chapter two, which delves deeper into extant literature to
substantiate the knowledge, constraints, and perception of HIS deliverables. Thus addressing

and satisfying the first research question and objectives.

7.2.2 To explore knowledge creation that addresses ill-defined problems in the integrated

information system

To address objective three. The question; How can knowledge creation be employed to
address ill-defined problems in the integrated information system? Was asked, and the detailed
response was presented in chapter two. The chapter identified and analysed the significant ill-
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defined difficulties in HIS. These included data quality associated with several determinants
such as data heterogeneity, sources, security and privacy. Another consists of the complex and
ill-defined HIS interoperability that is attributable to the presence of diverse HIS complex
generating data. The usability, scalability, design and the internet were also recognized and
discussed. These ill-defined problems in HIS necessitated the incorporation of a
multidisciplinary perspective that identified healthcare stakeholders, technology and other
actors in the field. As a result, the provided socio-technical paradigm validates and emphasizes

equal human and technological involvement in solution development for HIS dares.

Furthermore, the study established that dealing with HIS’ ill-defined requires an
iterative and systematic strategy, for which the DSR and data sciences were adopted. Chapter
2, sections 2.5 to 2.16, presented a more detailed grasp of the difficulties and their
corresponding explanations. This knowledge was integrated into the study context, resulting in
an understanding that may be utilized as ill-defined HIS challenges persist, and an iterative
approach is required. A systematic literature review was conducted and published in the

healthcare journal to substantiate this systematic and iterative approach.

7.2.3 To investigate the performance of Health information systems for health care

applications

The third research question that guided the objective mentioned above 1s: What is the
performance of the health information systems and health care applications within the
healthcare domain? In order to answer this question, further probing conducted to this extent
presented commendable knowledge and insights into HIS, an integrated information system's
current disposition for health care applications. The study reveals that data generated from HIS
has an integral role in shaping its capabilities for health care applications while concurrently
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addressing many HIS phenomena. In chapter two, this study draws from extant theories within
the healthcare arena to present knowledge and insight that pinpoint and construct the
development of sustainable and resilient HIS from a data-driven angle in chapter three. The
proposed framework to develop a data-driven resilient, sustainable HIS for health care
applications shown in Figure 3-1 was developed, expanding the knowledge in Chapter 2. In
chapter three, a research methodology that traversed the main aim of this study at the
intersection of design science research and data sciences in conjunction with a socio-
technological concept to afford a resilient and sustainable HIS for health care applications is
presented. Additionally, in the course of this study, the performance of HIS and health care
applications was revealed from the analysis of the extant body of gen on healthcare using
bibliometric analysis. A journal publication to this effect was published in the healthcare special

issue of MDPI, a Web of Science and Scopus index journal.

7.2.4 To structure an efficient and effective holistic model framework for a robust,

resilient and sustainable integrated information system for health care applications

The fourth objective of this study was focused on developing a data-driven paradigm
for achieving a resilient and sustainable HIS. The driving question: What framework can be
used to achieve a robust, resilient, and sustainable integrated Health Information System? It
was answered in chapter 4 of this thesis. The proposed model in Chapter 3 was expounded to
demonstrate the positioning of the data-driven paradigm in the healthcare environment where
HIS is deployed. This chapter proffered a detailed elucidation of the data-driven “resilient and
sustainable HIS” for health care applications. The chapter highlighted data sciences' descriptive,
predictive and prescriptive capabilities in revolutionising health care applications. This premise

relied on the nebulous stances of the HIS, whose benefits have been blurred out due to
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challenges that obscure its capabilities to afford quality health care applications. Thus, chapter
four presents an overview of the existing HIS framework with the proposed data-driven
paradigm for its sustainability and resilience. It discusses data sources, actions and decisions
and data sciences techniques within the healthcare arena. Additionally, it highlights data
sciences techniques that could be deployed in the health arena for health care applications to
attain HIS sustainability and resilience (figure 4-1). And illustrate the need for its serialisation
within the healthcare system. The implementation and application of generated insights from

data sciences were also presented to complete the paradigm.

7.2.5 To empirically validate data science techniques for achieving a resilient and
sustainable HIS and evaluate the developed machine learning model with other

models using well-known metrics

For the fifth objective of this study, the accompanying research question was: How can
data science techniques empirically validate HIS resilience and sustainability, and how can the
developed machine learning model be evaluated relative to different models using well-known
metrics? The data-driven paradigm presented and discussed in chapter four is a framework that
can be used to attain a “resilient and sustainable” integrated information system for health care
applications. To validate this response, chapter five demonstrated the enactment of this
framework on a HIS generated data, namely, the electronic health record of patients’ laboratory
tests. This chapter accentuates a data science application of a health data to predict the degree
of severity of patients’ conditions that can be used to determine the appropriate health care

applications as well as allocation of resources within the healthcare arena.
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The study employed state-of-the-art classical and ensemble machine learning models.
The testing and training datasets were assessed to ascertain their performance for each model.
The developed models were evaluated using well-known machine-learning metrics that
indicated their accuracy, precision, recall and F1 scores. The evaluation of the models'
performance enables the model's parameter tuning to enhance their effectiveness. Chapter 5.12
presented the findings and highlighted their application in transforming the health care
application. Applying these techniques demonstrates how a data science technique could
revolutionise the utilisation of HIS to enhance the healthcare system. Thus, the practical
enactment of an effective holistic model framework that incorporates data sciences to achieve
a robust, resilient and sustainable integrated system such as the HIS for health care applications
was asserted. The data-driven paradigm is set to be presented at the US conference promoting

development in Africa.

7.2.6 To enact the best deployment model for enhancing the healthcare information

system

The sixth objective was to answer the following question: How can the best model be
deployed to achieve a resilient and sustainable integrated information system for health care
applications? In Chapter 5, the developed machine-learning models were compared, and the
best model was selected for deployment. The random forest model was the best model among
all the other models. A web interface was developed for the deployment of the model. The
interface can be integrated into an existing HIS to support healthcare providers with automating
decision-making and also enhance healthcare efficiency and effectiveness. Deploying and
implementing this model in the real world would necessitate perpetual monitoring to refine,

maintain, update and retrain it to maintain its effectiveness and efficiency.
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Figure 7-1 presents the model interface. This computational prototype is a
demonstration of the model’s predictions with random numbers can also be seen below, where
the model returned a decision indicating the severity of the patient's condition. Integrating this
model into existing HIS would tackle several issues concomitant with healthcare inefficiencies,
such as long delays, resource allocation and even mortality. Figures 7-2 and 7-3 illustrate the
two types of decisions the model provides based on the input report of the laboratory test. These
target decisions are based on the degree of severity of the patient's health. The first decision
demonstrated in Figure 7-2 indicates the severity of the patient's health to be less critical and
reveals the type of treatment to be home-based. The subsequent decision signposts the severity
of the patient’s health to be highly critical and indicates the type of treatment to be hospital-
based. In this case, the dictation of the mode of treatment could also influence the distribution
of resources in the healthcare arena and save ample time for prompt intervention that

subsequently enhances both the healthcare and its integrated information systems.

162



il

“ C QA @ 1270015000 ® % Bt & & - @
B AsusEService [9 Bing [3 Tipadwsor [3) fontcolor= #645fd.. | Results|Elsevier® )., G journal finder - Goo.. @) Springer Journal Su... [l Find Journal | Wiley [ Publications from P..  [B] IFRS - 1AS 2 Invento... > Q
Patient Laboratory Report o
&
+

Sex

-~ Select an Option --

HAEMOGLOBINS ERYTHROCYTE

Figure 7-1 Model Application interface

163



[im] D Patient Labaratory Result X ‘-I—‘ 7 :’(
€ C QA O 1270015000pedc Aot Qe g e @
ASUSE-Service  [Y Bing [ Tripadvisor [ font color= 2645fd.. | Results| Elsevier® ). G journal finder - Goo.. ) Springer Journal Su.. Find Jounal | Wiley g Publications from P.. [E] IFRS - 145 2Invento.. B Data Science With.. [ Publishing—Adons.. R Logistic Regression... ) Q

Patient Laboratory Report

-- Select an Option --

HAEMATOCRIT HAEMOGLOBINS ERYTHROCYTE LEUCOCYTE

| | |

THROMBOCYTE MCv

| | |

Treat patient out of the hospital!

Figure 7-2 The target decision is "treat patient out of the hospital!"

164



E_ D Patient Laboratory Result X + Z ) ?(
€ C R O 17001500 NG Al ¢ & @
[ AsUSESenvice [ Bing  [Y) Tripadvisor [ fontcolor= #645d.. [ Results|Elseier® ). G joumal finder - Goo..  §) SpringerJournal Su... [ Find Journal | Wiley g Publications from P... [] IFRS - 1AS 2Invento.. (@D Data Science With.. B8l Publishing - Adonis.. R Logistic Regression... > Q
Patient Laboratory Report (4]

&

Sex

‘ ‘ -- Select an Option --

HAEMATOCRIT HAEMOGLOBINS ERYTHROCYTE LEUCOCYTE

| | |

THROMBOCYTE MCv

| |

Treat patient in the hospital!

Figure 7-3 The target decision is "treat patient in the hospital!"

165

==



7.2.7 To provide theoretical and practical reflections from the study that may be used

to implement a resilient and sustainable HIS

Finally, this study's last objective was to answer the question: How can the study's
findings be used to implement a resilient and sustainable HIS? To accomplish this, chapter
six offered practical and theoretical contributions, construed from the research reflections,
to answer this question. They served as recommendations and suggestions tailored to the
stakeholders' needs. These recommendations and guidance have been detailed in chapter six
and presented in this chapter, which affords the final reflection of this study. Chapter six
highlights the theoretical and practical contributions towards attaining a resilient and
sustainable integrated information system for health care applications. The synthesized
contributions serve as reference points that, upon adoption, can augment both HIS and health
care applications. The findings in this study present theoretical constructs for scholars to
expound on the advancement of technological ameliorations within healthcare and
healthcare-related research. The results are practical artefacts for stakeholders’ utilisation
and serve organisations with the base for future healthcare initiative drives. Additionally,
from this study, executive and strategical action can be taken to accentuate the
implementation of a resilient and sustainable HIS for health care applications enhancement

that urgently needed today.
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7.3 An overview of knowledge generated from an analysed
integrated IS for HIS resilience and sustainability

The deployment of HIS is instrumental in realising many sustainable development
goals related to health and digitalisation. Sustainable development goals three and nine of
the United Nations development programme (UNDP) highlight critical needs for which the
knowledge generated from this study could serve as a practical amelioration. Specifically,
goal 3, which focuses on good health and well-being, indicates uneven progress and off-
track trigger. Goal 9, which focuses on industry, innovation and infrastructure, identified
technological progress as a crucial component in achieving abiding solutions to economic
and environmental challenges. These goals demand long-lasting solutions that solve their
respective issues and serve as a foundation for their realisation by 2030. This study aligns
with this strategy to afford theoretical and practical amelioration. The knowledge generated
from this study can be utilised in various ways to benefit the global population. The findings
and contribution could be employed in decision-making processes, monitoring and
evaluation performances, affiliation management, collaborations and knowledge sharing,

strategy development, product optimisations and predictive and forecasting analytics.

Given that knowledge generation from integrated information systems such as HIS
i1s not an isolated function, the principal theory emphasized in this study is the socio-
technological stance. With technology and humans giving equal attention, achieving these
goals would be a reality. The proposed methodological framework presented and enacted in
this work is a novel data-driven approach to sustainability and resilience inspired by the data
influx, technological advances and the need for abiding solutions to global transformation.

The solution developed solves complex and ill-defined problems with the HIS.
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Systematically and iteratively deploying this multidisciplinary strategic output would benefit
many stakeholders, such as healthcare, policy, technology, environmental and scholars. It is
imperative to note that although transformations of any sort can be confined, measures that
distinctive enable the identification of challenges can offer appending solutions. Thus, using
the developed data-driven paradigm for achieving a resilient and sustainable HIS for
healthcare applications could present applaudable benefits to the global society by promoting
good health and well-being, supporting industries development, driving technological

innovations and reinforcing and developing robust smartly enabled infrastructures.

7.4 Inference

From the work in this study, we uncovered that data science could afford valuable
insight into the attainment of a “resilient and sustainable” HIS for health care applications
that stakeholders by themselves are limited. Although this is not an absolute resolution to
many of the challenges confronting the health systems globally. It is, however, an inimitable
offering that affords ameliorations to enhance healthcare. Thus incorporating the data-driven
paradigm within any HIS setting will afford tangible and beneficial outcomes that validate
the input from data sciences as an important constituent within the health care system. The
reproducible pipeline of the data sciences technique employed in this study infers that this
application can be reused within practical settings considering the realistic setting context.
Therefore, to support the attainment of a “resilient and sustainable” HIS for health care
applications, it is necessary to consider the offerings from data sciences as well as the

practical setting context.
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Moreover, considering the contribution of data sciences in a parallel set-up with
system thinking in place is advantageous for the knowledge created in this study to be
incorporated within the healthcare arena. Doing so will enable the augmentation of HIS
technological advancement and assert the possibility of the extension of this work and that
data can be used to create knowledge for humans and humanoids through insight generated
from it. Although this may not be the prime elucidation in the field, it is a rational,
unswerving effort towards addressing many phenomena confronting technological

advancement within the healthcare space.

Furthermore, this novel approach presented in this study anchors on data sciences
applications such as machine learning and artificial intelligence. On its own is limited and
cannot be standalone within the health care systems. The need for stakeholders' active
involvement is demanded within the deployment of this paradigm. There are several
implications of the enactment of artificial intelligence. While it may create value and reshape
systems, it also poses perils from diverse angles within the same systems. Thus, in this study,
the emphasis was on the knowledge-creation capabilities of data sciences. Our discussion
accentuates the value creation and its implementation with emphasis on stakeholders’ active
involvement in the enactment, as certain cognitive abilities within healthcare practices are
complex and not completely grasped. This premise infers that data on itself can not only be
used to scheme HIS capabilities but also be used for scheming itself. Therefore, it is evident
that there are confinements to this extent to which designs created by data using data sciences
techniques are subjective. These reinforce the notion that the definition of any problem is a

human task, not a machine problem.
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Academically, the study implications present vast fissures in the areas of HIS
implementation, healthcare, health care applications and data investigation. These fissures
can be subjugated yonder by academics and practitioners to enhance understanding of what
makes a resilient and sustainable HIS for health care applications via the data track to enact
long-lasting strategic initiatives. These inferences, therefore, serve as a feasible segment for

forthcoming research.

7.5 Future research

Several future research and work directions emanating from this study are
significantly relevant to healthcare and HIS development. These future works are anchored
on core agendas and practical objectives associated with sustainable development
implementations and healthcare applications. There are health care application segments that
are lagging in adopting and optimising HIS for healthcare coverage. These segments require
future research and work that takes into consideration their context to implement practical
and robust enactment of HIS. Thus few of such future research work that delves into

healthcare-related agendas would be to:

Implement pilot projects incorporating data-driving paradigm into existing HIS.

Investigates the data-driven paradigm dares that hinder the enactment of a HIS for

healthcare service delivery.

Investigating the transferability and generalisation of data insight implementation
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Examine the service planning and management tools to uncover the HIS

contributions to health development.

Investigating healthcare and climate change with mediating role of HIS within this

dispensation.

Lastly, another scope of research for the future is the impact of data sciences on the
quality of healthcare to enable proactive measures that combat eminent and uncertain

challenges.

7.6 Conclusion

Technological advancement globally has presented many blessings and perils. Every
technological development contains a parallel advantage and disadvantage. In the healthcare
arena, HIS has been deployed as a core constituent within the healthcare system. Similar to
its technology counterpart, it has offered significant opportunities and threats. There have
been several measures to mitigate this downside and harness the potential of HIS within the
healthcare arena. Thus, this study adds to the existing body on gen on HIS, health care
application and data sciences. The findings serve as a vital tool for mitigating challenges
confronting these areas. Thus, the foremost objective of this study was to employ data to
attain a resilient and sustainable HIS for health care applications. Guided by this objective,
this study fulfilled its purpose. The findings reveal insight from extant literature that
supported the intersection of design science research and data sciences in conjunction with
a socio-technological concept to afford a resilient and sustainable HIS for health care

applications. The findings also acknowledge the existing HIS frameworks and present the
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data-driven paradigm for sustainability and resilience and discourse data sources, actions
and decisions within the context of the healthcare arena. Furthermore, this study
demonstrated the practical enactment of the effective holistic model framework that
incorporates data sciences to attain a robust, resilient and sustainable integrated system such
as the HIS for health care applications. To provide healthcare stakeholders with a unique
offering to enhance healthcare and future research angle that focuses on the model's

implementation.
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Abstract

Health information system deployment has been driven by the transformation and digitalization currently confronting
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instability that has affected several interrelated sectors. Accordingly, many research studies have reported on the
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Abstract

There have been several studies centred on health information systems with many insights provided to enhance
health care applications globally. These studies have provided theoretical schemes for fortifying the enactment and
utilisation of the Health Information System (HIS). In addition, these research studies contribute greatly to the
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Conversely, there has been trepidation about HIS' sustainability and resilience for healthcare applications in the era
of digitalization and globalization. Hence, this paper investigates research on HIS with a primary focus on health care
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Therefore, using a bibliometric approach, this paper measures the performance of health information systems and
healthcare for health care applications using bibliometric data from the web of science database. The findings reveal
solid evidence of the constructive transformation of health information systems and health care applications in the
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healthcare arena to the fourth industrial revolution and, additionally, revealing the resilient alignment of health care
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