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Chapter 1

Explainable artificial intelligence (XAI) in
medical decision systems (MDSSs): healthcare
systems perspective

Oluwafisayo Babatope Ayoade’,

Tinuke Omolewa Oladele’, Agbotiname Lucky Imoize>?,
Joseph Bamidele Awotunde®, Adetoye Jerome Adeloye?,
Segun Omotayo Olorunyomi’ and
Ayorinde Oladele Idowu’

Abstract

The healthcare sector is very interested in machine learning (ML) and artificial
intelligence (AI). Nevertheless, applying Al applications in scientific contexts is
difficult due to explainability issues. Explainable AI (XAI) has been studied as a
potential remedy for the problems with current Al methods. The usage of ML with
XAI may be capable of both explaining models and making judgments, in contrast
to Al techniques like deep learning. Computer applications called medical decision
support systems (MDSS) affect the decisions doctors make regarding certain
patients at a specific moment. MDSS has played a crucial role in systems’ attempts
to improve patient safety and the standard of care, particularly for non-
communicable illnesses. They have moreover been a crucial prerequisite for
effectively utilizing electronic healthcare (EHRs) data. This chapter offers a broad
overview of the application of XAI in MDSS toward various infectious diseases,
summarizes recent research on the use and effects of MDSS in healthcare with
regard to non-communicable diseases, and offers suggestions for users to keep in
mind as these systems are incorporated into healthcare systems and utilized outside
of contexts for research and development.
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Keywords: Explainable artificial intelligence; Healthcare medical decision
support systems; Non-communicable diseases; Sickle cell disease; Diabetes
mellitus; COVID-19 pandemic

1.1 Introduction

The healthcare industry is increasingly utilizing big data, cloud techniques, Internet
of Things (IoT), and artificial intelligence (Al)-based technology for a range of
applications, including clinical automatons, automated medical diagnostics, preci-
sion medicine, and individualized healthcare [1]. The application and usability of
these systems in the medical field are thought to be of greater interest to nurses,
hematologists, and other healthcare professionals than patients, despite the fact that
performance and accuracy metrics of these technologies and Al-based systems may
be of interest to recipient of the health facilities. Nevertheless, medical doctors and
other healthcare workers might not have the requisite training to fully understand
some of these technologies and other Al-based systems [2,3].

As a result, there is a situation that prevents the use of cutting-edge technology
that may automate labor-intensive repetitive analysis tasks, on the first hand, and
while, on the other hand, precludes the benefits of linked productivity. It also restricts
the quantity of information that may be utilized to assist the development, validation,
and iteration of Al-based systems for the delivery of healthcare solutions in con-
junction with particular healthcare activities. Medical decision support systems
(MDSSs) and the models that underpin them are the subject of a research area known
as explainable Al (XAI), which focuses on techniques and approaches that make it
simpler to understand and communicate how these technologies operate [4].

Researchers have contributed to the study in a variety of fields as a result of the
advancement and widespread usage of technology, with the majority of studies
focusing on how it is used in focused areas such as business, healthcare, and edu-
cation. In line with this, researchers must examine the link between the works
articulating these benefits and the reality of technology implementation in real-
world settings in order to assess the benefits of integrating new technologies in
healthcare [2-5].

The increasing use of various Al-based technologies and the resulting legal
constraints have increased interest in XAl research in the healthcare industry. The
shift from an information technology-based economy to a digital economy is a
subject that is actively being debated when looking at contemporary structural
management prototypes [6,7]. In a high-tech, astonishingly swift information
environment, a corporation is being formed to handle the issue of the digital
economy. This ecosystem enables the development of goods that may be perso-
nalized for customers and provide value for manufacturers. Information technology
addresses the information-based strategy for the present and upcoming operations
of the firm [8].

The development of novel resources like big data, the IoT, Al, and machine
learning (ML), as well as the possibility of their analysis and construction based on
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interpretation technologies and endwise business processes, are what is paramount
in this situation [8,9]. Al and big data examples include their capacity to classify
unrelated things utilizing a range of sign, classification, and explanatory systems,
change and exist in real time, as they come from several sources, etc. It is possible
to forecast seasonal diseases and establish prescription supply levels using data on
the patterns of explicit healthcare demand in online apothecaries. In order to
replace the conventional method of developing research-based medical information
systems, a new business model has been developed. This approach makes good use
of IT services. As a result, scientific research and medical decision-making are
linked to the usage of Al, ML, and big data in the healthcare industry [2,10,11].

Healthcare MDSS (HMDSS), often referred to as evidence-adaptive decision
support system (DSS), is one of the numerous examples of descriptive technologies
for decision making. HMDSS assist medical personnel with understanding medical
research and data so that they can draw conclusions from it [12,13]. These initia-
tives seek to enhance the way medical information is presented so that it can be
applied more effectively in a range of situations. They achieve this by focusing on
actual medical decisions and fusing the expertise of medical professionals with
computerized medical data. The center of interaction of hematologists, geneticists,
biomedical science, healthcare organizations, physicians, etc. is where a body of
knowledge concerning effective MDSSs (HMDSS) for healthcare is continually
growing [14].

Given that each individual has a different genetic makeup and set of physical
characteristics, it is evident that care must be given while selecting the right
treatments for both communicable and non-communicable diseases. The knowl-
edge base needs to be updated frequently because medical conditions, diagnosis,
recommendations, and treatment algorithms are always evolving. Furthermore, it is
undeniable that personalized medicine is on the increase and will improve as a
result of sophisticated information technology [15]. Instead of being a set of rules
in this case, the knowledge base with HMDSS is a particular software solution that
uses cloud and classified-explanatory technologies. The disparity between HMDSS
research, its relationship with other fields like XAlI, its application by medical
personnel, and its beneficial contribution to the effectiveness of the healthcare
sector are all areas that have received little attention in healthcare settings not-
withstanding the depth of study on multi-criteria decision-making techniques,
healthcare procedures, and related domains [14—16].

Complete electronic medical record (EMR) systems with features and resour-
ces that facilitate outcome and sharing of information are crucial elements of
healthcare. When used properly, HMDSS can support patient-specific decisions
that are made in accordance with professional medical guidance [17]. After these
benefits and in spite of spending vast sums of money on technical deployment,
most of the African countries are still having problems embracing EMR, in contrast
to other developed nations. A key barrier to the introduction and adoption of the
HMDSS as a component of EMR in various African countries is the poor adoption
of EMR and personalized medicine as sources of medical data. How can the branch
succeed if the HMDSS source fails in its utilization? [18-20]
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Consequently, to support healthcare decision-makers in their future delibera-
tions over non-communicable disorders and delivering archived ready-made tran-
scriptions of HMDSS in the healthcare sector to academic academics, this chapter
presents an overview of healthcare MDSSs (HMDSS), XAl, and the usage of single
or combined HMDSS with the support of XAl

1.2 Overview of HMDSSs

The majority of human acts are decided upon throughout the day. Optimal
decision-making is seen to be an art. According to studies, the majority of indivi-
duals act weaker than they should. One may argue that all human events and
activities, regardless of the area of life, are the outcome of decision-making pro-
cesses [19]. Today, decision-making is acknowledged as a problem-solving activity
since it is a process that is linked to problem-solving. In other words, a person
experiences mental difficulties when their desired situation departs from their
current reality. In such a case, the person first tries to alter the position or state they
are in, and then they are willing to modify the surroundings around them in order to
attain their goals [21,22].

Given the importance of making an informed decision at the right time, the
availability of a system to aid people in making judgments is highly significant.
DSSs are systems that take part in even the most fundamental corporate decision-
making processes in addition to providing information. DSS is a computer-based
information processing system that was primarily developed to address managerial
and commercial needs. Several authors claimed that DSSs may be used to any
system that supports decision-making [22,23]. DDSs may also be thought of as
information systems that assist with administrative, institutional, likewise corporate
processes that are somehow related to decision-making. In situations when things
are changing fast and it is challenging to forecast or foretell what will happen in the
future, DSSs are essential [13].

One of the main issues in public health is medical mistakes, which are seen as
dangers to the safety of patients. In healthcare, patient security plays a significant
role. Information technology advancements have been proposed by researchers as a
viable technique to enhance the caliber of healthcare services and patients’ health.
Medical decision support systems (HMDSSs) are among the most significant and
practical information systems. Medical decision-making is, in reality, a wonderful
area of DSS deployment [22-24].

Currently, the field of health encompasses a vast body of knowledge that
genuinely calls for expert advice and assistance, particularly in light of the ongoing
expansion of medical knowledge across various facets of the healthcare system. All
three phases of primary, secondary, and tertiary prevention are covered by these
features, which also encompass diagnosis, medication, treatment, and follow-up
[16]. Medical decision support system (HMDSS) is interactive software built on the
foundation of expert systems to help and support the decision-making of doctors,
healthcare professionals, and other staff members working in more generalized
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areas of health-care systems. It should be mentioned that HMDSS links health
observations with health information to enhance healthcare practitioners’ decision-
making. The use of Al in both public and private health-care systems is demon-
strated by the HMDSS [12,25].

HMDSSs are regarded as active systems of knowledge that produce patient-
specific medical recommendations utilizing two or more categorization orders.
This proves that HMDSS is a DSS that focuses on knowledge management in
health-care matters to arrive at a medical recommendation based on a limited
number of difficulties. The primary objective of developing modern HMDSSs is to
support medical professionals, including doctors, nurses, geneticist, at various
points throughout professional care systems. As a result, the healthcare profes-
sionals and personnel must actively interact with HMDSS to make the best possible
diagnosis and analysis based on patient data [25].

Earlier guidelines and convictions of HMDSS were based on using it to diag-
nose patients with a medical doctor. In the past, medical doctors would only act in
line with HMDSS results after giving it information and waiting for it to reach the
correct decision. The modern methodology for using HMDSS forces medical
doctors and healthcare professionals to interact with HMDSS and simultaneously
uses both knowledge to better analyze patient data and arrive at a more accurate
diagnosis and more accurate healthcare services, in contrast to earlier methods that
only used these two. Usually, HMDSS categorizes and provides doctors and
healthcare personnel with suggestions as well as a list of desired outputs. In this
vein, doctors and other healthcare professionals explicitly choose pertinent data and
reject unhelpful system recommendations [13].

Healthcare workers are only seen as a support for medical sciences experts,
healthcare services, healthcare personnel, diagnosis, and treatment in HMDSSs,
which are not intended to replace medical doctor. These technologies make it easier
to provide particular diagnoses, prescriptions, and treatment. They also eliminate
the need for expert consultation, which considerably lowers healthcare system costs
and improves the quality of healthcare services [26].

In light of this, the use of information technology, such as the HMDSS, will
surely help and support healthcare administrators, policy makers, staff members,
and medical professionals. Several components of the healthcare system are using
HMDSS to improve their services and cut down on medical error rates. This
chapter research’s goal is to spread awareness of HMDSS, its theoretical founda-
tions, and its health-related benefits.

1.2.1 MDSSs in healthcare system

Computerized tools called MDSSs were developed to help nurses, hematologists,
geneticists, doctors make decisions about their patients, such as those involving
diagnosis and treatment. HMDSSs, which are computer applications, are developed
to assist healthcare professionals in making scientific decisions regarding certain
patients [22,26,27]. In other words, MDSS are active knowledge systems that
provide suggestions for a given case based on at least two patient data points. These
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software programs help doctors make better decisions about things like pre-
ventative, acute, and chronic care, diagnostics, ordering specialist tests, and pre-
scribing procedures. They accomplish this by using pertinent medical and scientific
data, rules from a knowledge base, and applicable information [25].

A MDSS provides a clinician with advice, assessments, and prescriptions by
fusing information regarding baseline demographics with a reliable knowledge
base, or help that is tailored to the patient. Patient data can be manually entered into
computer systems by patients, healthcare providers, or clinic employees.
Alternately, you can query EMRs to get patient characteristics (EMR). Physicians
can discover and choose the optimal course of action with the aid of these decision-
support technologies [12]. The decision-support services offered are built on
sophisticated algorithms and outcomes evaluation methods that scour information
repositories for the most recent improvements in best practice. Whatever the defi-
nition of MDSS, it is critical to recognize that the field is unregulated and
expanding swiftly. Particularly in terms of the efficiency of medical personnel, the
standard of treatment, and patient outcomes, MDSS has a lot of potential to be
helpful. If systems are not adequately designed and tested, they run the danger of
being hazardous [14].

Different types of professionals must make medical decisions on patient data
with a hazy understanding of the patients’ state of health. Computer technologies
have been created to support both veterinary and human healthcare practitioners in
this decision-making process in order to help manage this ambiguity. These tech-
nologies were created for a number of reasons, which including enhanced infor-
mation retrieval, patient record analysis, and intelligent systems that directly
support decision-making via ML. Some computational techniques have been
developed since the 1950s. A 1979 evaluation that looked at the benefits and
drawbacks of the early clinical algorithms, databanks, and mathematical models
that allowed computer-based clinical decision support systems also contained
documentation of these early tests [17].

Since the historical book release titled “To Err Is Human™ in 2000, MDSS and
computer-based physician order entry systems have been crucial in evaluating and
enhancing patient care. With MDSS, it has been discovered that patient outcomes
and healthcare expenses are both improved [18]. They have shown to decrease
analytical errors and their diagnostic procedures have shown to enable more
accurate diagnoses by warning the clinician of potentially dangerous prescription
combinations. MDSS may be used in a variety of ways in clinical settings [24].
Among the principal applications are the following:

(i) supporting the patient’s decision-making;
(i1) deciding on the best treatment plans for certain individuals;
(ii1) assisting overall health strategies by calculating the clinical and financial
results of various therapy approaches;
(iv) calculating therapeutic effects in situations when unmethodical studies are
either not feasible or not possible.
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For instance, according to [23] as cited by [24], a study of 100 patient studies
was undertaken, and the results showed that MDSS improved diagnosis in 64% and
patient outcomes in 13% of the studies examined. In the same year, decision sup-
port systems considerably enhanced medical practice in 68% of all trials, according
to a thorough analysis of 70 separate instances undertaken by Duke University. The
success of the two analyses was due to the MDSS properties listed below:

(i) seamless incorporation into the clinical process;
(i1) nature of electronic medical reports;
(i) not before or after the patient participation, but at the time and place of
therapy, decision assistance should be offered;
(iv) substitution of indicated care for care evaluation.

In two areas of healthcare, the pharmacy and diagnostic (out-patient depart-
ments — OPD) sectors, MDSS have had a particularly significant influence. Batch-
based order checking systems are being used more often by pharmacies to check
orders for potentially hazardous drug interactions and notify the patient’s ordering
physician about them. OPDs have used MDSS to evaluate both likely treatment
trajectories and common medicare conditions in order to develop treatment plans
that achieve the perfect balance among patient care, medication prescriptions, and
financial expenses.

1.2.2  Basis of HMDSS

Healthcare professionals, staff, patients, and other people can benefit from exper-
tise and skillfully selected facts about a single person and given at the right times to
enhance medical care and wellness. The Ministries of Health of various countries
has long expressed concerns about the quality of healthcare in African nations and
has long promoted the use of health information technology (IT), such as electronic
MDSS (e-health), to raise medical standards [28]. The governments of several
African nations have also supported the use of EMRs, and adoption of electronic
health records has been modest but growing (e-health). However, it is crucial to
keep in mind that these health IT systems are merely a tool, not a goal in and of
itself, to enhance the quality of treatment [28-30].

An alternative viewpoint on MDSS, commonly referred to as evidence-
adaptive DSSs, assists users in making selections informed on medical evidence
and research. These systems emphasize on medical judgments in real-world set-
tings by merging electronic medical data with physicians’ discretion, enhancing
how medical knowledge is presented so that it can be applied more effectively.
Even though decision-making technologies, its multi-criteria (MC) techniques, in
such domains, and medical approaches, the discrepancy between MDSS research
and the practical application of end users and its contribution to organizational
performance has received little attention [30].

In this instance, a number of MDSS strategies may have avoided the phar-
maceutical interaction. These instruments could include pop-up warnings about
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possible drug interactions when a new prescription is provided, risk assessment
standards for the patient’s painkiller, clinical recommendations for the treatment of
sickle cell disease (SCD), or requests for timely follow-up. This hypothetical
example demonstrates how EMRs are the foundation for raising patient safety and
the caliber of healthcare, but MDSS is necessary for completely achieving these
objectives [31,32].

1.2.3  Characterizing and categorizing HMDSS

MDSSs come in a very wide variety of styles across the healthcare industry.
Throughout the last 10 years, there has also been a substantial change in the funda-
mental principles of architecture and strategy. A variety of healthcare MDSS qualities
are linked to or directly impacted by the scientific effectiveness, functionality, error
avoidance, possibility of acceptability in the medical community, system portability,
cost-efficiency, and other characteristics of health sector. As a result, it is essential to
explain HMDSSs in a way that makes it easy for us to understand the range of
decision support systems. Understanding categorization and the earlier mentioned
common healthcare decision-making processes offer a powerful collection of foun-
dational assumptions that are beneficial to the creators and reviewers of HMDSSs. As
a result, having defined HMDSSs in varieties of phenomenon, this chapter will
attempt to categorize HMDSS by fusing a number of resources to produce a thorough
categorization that captures important aspects of HMDSS strategy and purpose with
regard to non-communicable illness in healthcare.

According to Figure 1.1, Refs. [33,34] asserted that the five axes of DSS —
context axes, knowledge axes, decision support axes, information delivery axes,

KNOWLEDGE/DATA SOURCE DECISION SUPPORT
* Clinical knowledge source [© ] * Reasoning method
« Data source [© ] * Clinical urgency
« Data source intermediary [ © ] |:> » Recommendation explicitness
« Degree of customization * Logistical complexity
« Update mechanism * Response requirement
INFORMATION DELIVERY
« Delivery format
« Delivery mode
CONTEXT « Action integration
« Clinical setting « Delivery interactivity/explanation availability
« Clinical task

* Unit of optimization
« Relation to point of care OR
« Potential external

barriers to action

WORKFLOW System user/ B
D £ workfl Target decision System user/Output Target decision
mogration ek intermediary [©] maker©

Figure 1.1 Outline of MDSS taxonomy axes
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and workflow — may be used to classify the HMDSS. Each of them has a unique
subpart that contributes to the system’s development. From the figure, the smileys
notations © and |© | symbols represent humans and possible human roles within
the systems, respectively. The following are thorough explanations of them.

1.2.3.1 Context axes

The generalized and relevance of a HMDSS are influenced by the environment in
which it is used and evaluated. These are their main areas of influence on the
healthcare industry:

(@)

(b)

Clinical setting: The healthcare facilities’ inpatient and outpatient settings are
included in this. Here, the HMDSSs may be utilized in an inpatient or out-
patient context or independently of any healthcare organization (e.g., a web-
site for smoking termination). Medical students may participate in
educational settings of such.

Clinical task: The target task of MDSSs, such as prevention or screening,
diagnosis, therapy, drug dosage or prescription, and test ordering, has con-
ventionally been the foundation for evaluation. This include chronic illness
management and health-related activities (like exercises) to these tasks since
MDSSs for chronic diseases may be more prone to failure. Under this cate-
gory, we have the following procedures:

(1) Diagnostic assistance: The HMDSS offers likely diagnoses depending
on the patient’s information and the system’s database of knowledge. It
is possible to combine complicated data retrieval systems, such as
electrocardiogram (ECG) with diagnostic aid. It aims to pinpoint “what
is true” with relation to a specific patient.

(1) Therapy consultation and criticism: The order-entry process used by
medical doctors may contain this capability as an example. It evaluates
the course of treatment, checks for faults and inconsistencies, com-
pares possible drug interactions, and stops the prescription of allergic
medications. It has been demonstrated that the therapeutic significance
of HMDSSs is greatly increased by the need that a medical doctor
explains a valid justification for any deviation from the guidelines. The
HMDSS can offer an ideal treatment plan and support adhering to it
employing patient information acquired from the EMR together with
protocols and evidence-based recommendations. These HMDSSs
answer the issue “what to do” with a patient and often make recom-
mendations for more analytical analysis (i.e. which X-rays, CT scans,
to tests-order, and so on) [33]. With the help of such software, you may
ask more questions and give even more detailed recommendations for
subsequent therapy (and diagnosis).

(i) Medication dosage or prescription: To guarantee that a prescription
conforms with guidelines and recommendations, HMDSS can lower the
number of dangerous pharmaceuticals in a prescription and shorten the
time it takes to maintain therapeutic control. If the system is linked to an
EMR, it can prevent the administration of drugs that have negative side
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effects. These systems are well accepted because they incorporate
automated order input forms, electronic transmission to pharmacies, and
effortless incorporation into the clinician’s routine practice. One of a
doctor’s most common behaviors is to prescribe medication, which is
also one of the clinical duties where HMDSSs are most frequently used.

(iv)  Alerts and reminders: Real-time auditory, visual, or tactile warnings can
be sent by an expert system (e.g. e-mail, SMS, pager) that is incorpo-
rated with a monitoring equipment or healthcare information system
(such as a test center information system or EMR). Reminder systems
are made to prepare the medical practitioner to important chores that
must be completed before a certain occurrence (like not taking drug
therapy before to major surgery or fasting prior to actually endoscopy).

(v) Information gathering: Locating pertinent information in large

knowledge systems or on the Internet

(vi) Understanding and recognizing images: Today, a portion of the
interpretation of scientific pictures from CT scans, magnetic resource
imaging (MRI), angiograms, etc. may be done automatically. More
crucially, HMDSS can serve as a tool for mass screening in which
software identifies photos that need the clinicians’ specific attention.

(vii) Others are choosing testing procedures, preventing, detecting, using a
skilled laboratory system and treating lingering illnesses.

1.2.3.2 Knowledge axes

The sources, quality, and personalization of the information and data provided by
the HMDSS are the topical issues of this axes. They use knowledge base techniques
in relation to the following:

(a)

(b)

(c)

Scientific sources of information: It may come from reputable sources
(including directives from national or professional societies, observational
studies, and randomized supervised investigations, or by involving medical
professionals who will ultimately use the software).

Data source: An EMR, a medical device (such as blood pressure monitor), or
another data source can provide the patient-specific information. It is possible
that the information will be given by a person or a paper chart. The data must
then be fed through a data input intermediate into the system. This feature has
a considerable impact on the likelihood that HMDSS will be used in real-
world applications. It has been demonstrated that automatically sending data
to the system via computers is preferable (e.g., via an EMR). A doctor who
feeds data into a data source is referred to as a data source intermediate (see
above). Patients themselves might serve as intermediaries.

Data coding: 1t is preferable to utilize a widely used coding scheme, such as
version 10 of the International Classification of Diseases (ICD-10) or
Systematized Nomenclature of Medicine (SNOMED), for a number of rea-
sons (including financing and epidemiology). Obviously, plain text might also
be used for the data.
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(d) Personalized data: HMDSS has a higher likelihood of being clinically rele-
vant and beneficial the more patient-specific targeted suggestions it generates,
according to age, gender, co-occurring diseases, etc.

(e) System updating: As already mentioned, the knowledge base needs to be
instantly created and contemporary. Both knowledge-based and knowledge-
free systems are included in HMDSS. A knowledge-based system’s knowl-
edge base, inference engine, and communication mechanism make up the
majority of its components. They can reason using the information they get
from the many sources mentioned above because they have professional
clinical knowledge of very particular facts and actions. These systems com-
monly employ probabilistic links between acquired knowledge and data.

The inference engine, which mixes and it links patient data to knowledge-
based standards, is the brain of Al in knowledge-based systems. In essence, the
inference engine makes inferences and comes to new inferences using the data. In
contrast, the non-knowledge-based systems rely on the concepts of ML, such as
neural networks or genetic algorithms, where computers acquire new abilities via
previous experience and/or search for patterns in a patient’s scientific data.

1.2.3.3 Decision support axes

The most crucial aspect of HMDSS is undoubtedly addressing an appropriate
decision-making process.

(a) Reasoning approach: HMDSS reasoning engines include, among others:

(@)

(i)

(ii1)

Rule-based systems: Different expert knowledge bases are utilized by
rule-based systems in the form of expressions and it can be broken
down into IF-THEN rules (production rules). Such a system is an
illustration of an empirical technique, whereby distinct logical claims in
the form of production rules are acquired through professionals’
observation, interview, and debriefing, and then merged in an effort to
mimic knowledgeable thinking. This method was originally employed
in the MYCIN (an Al technology designed for DSS) to choose the best
antibiotic treatment for a patient.

Neural networks: A non-knowledge-based adaptive HMDSS called an
artificial neural network employs ML-based models to learn from
understandings and spot outlines in clinical data.

Bayesian network: The Bayesian network is a common example of a
knowledge-based decision-making system, referred to as a causal
probabilistic network or belief network at times. Using the Bayes the-
orem’s conditional probability, it shows probabilistic relationships
between groups of data, like disease and symptom data. In this network,
the causality of the linkages is needed explicitly. The fact that clinical
knowledge oftentimes struggles to express itself clearly A major barrier
is “what is the impact” and “what the cause” to this network’s capacity
to accurately forecast how an illness will progress over time and how
several diseases will interact.
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(b) Model-based systems: Patient-specific modeling is the most recent
accomplishment.

(c) Logical condition: Decisions are made using logic based on the value of a
specific variable. If the value is inside or outside of the predetermined para-
meters, the decision-making process will provide various results.

(d) ML and data mining procedures: The database of the system indicates that
these strategies are based on probabilistic decision-making. Large and well-
designed databases are desirable because they enable accurate retrieval of
patients who are comparable to the current patient. The optimum therapy for
the present patient is chosen based on an analysis of how those patients
responded to various therapies.

(e) Genetic algorithm: Iterative techniques are used by this non-knowledge-based
approach to reorganize itself and offer the best possible outcome depending
on patient data.

(f) Medical emergencies: The provision of decision assistance for hastily needed
choices. According to the dictum “cure first what kills first,” HMDSS should
devote its resources initially to problems with a clear clinical importance. Better
patient outcomes and medical doctor performance are the result of this trait.

(g) Emphasis on explicitness: In-depth instructions that clearly lay out a parti-
cular course of action are more likely to be followed by end users.

(h) Adequate prompt responses: It is possible to inquire about the utilizing phy-
sician’s response to the HMDSS’s suggestions. Numerous strategies can be
used to do this, such as acknowledging the advice, outlining any replacement
actions performed, and providing a justification for failure.

1.2.3.4 Information delivery axes

The goal of these axes is to give the user access to recently produced information.
They contain the following subsections:

(a) Delivery format: Using extra technical tools such as phone, pager, or e-mail,
or using paper-based, electronic (online or incorporated into an EMR), or
electronic methods.

(b) Delivery mode: Whether it is a notification, a prompt, or a request for opti-
mization, the ideas may be provided upon the decision-request maker’s
request or alternatively, they may be provided without the decision-agreement
maker’s request. The software is initially inactive since it requires the doctor
to make extra effort to obtain a diagnostic or therapeutic evaluation, recognize
when the advice would be beneficial, and “go to the program” to input data.
The so-called “push systems,” which provide solutions autonomously, might
be more advantageous, and extensively used. Because of their work in data
management, they actively assist decision-making (e.g., monitoring, EMR
supervision). The findings of the system’s decision analysis are provided
without the need for further work on the part of the physician since system
decision logic is in a sense incorporated inside the patient database that has
already been compiled from a variety of sources. How to minimize “alarm



XAI in MDSSs: healthcare systems perspective 13

fatigue,” which occurs when a physician is too alerted to tiny anomalies that
are ordinarily observed and understood, is an important issue to think about in
this situation.

(c) Integration of actions: The HMDSS must give the decision-maker the tools
necessary to quickly implement the advised actions. For instance, the program
is able to offer direct connections to order entry forms and therapy planning
section of the EMR, as well as suggestions for therapeutic review. Similar to
verifying a mark, the therapy adjustment activity should be completed in a
few clicks. The utility and acceptance of HMDSS are clearly increased by
action integration.

(d) The availability of justification: In order to clarify its suggestions and give
evidence, the system offers links to books, articles, or knowledge base entries.

1.2.3.5 Workflow axes

Despite the fact that HMDSS is sometimes referred to as a procedure, it actually
functions more as a technology intervention at the point of care and may result in a
disruption. Systems that function in unison with the institution’s workflow are more
commonly used and more successful in improving practitioners’ performance.

1.3 Case study of XAI enabled with MDSSs in various
infectious diseases

1.3.1 SCD

Even though the “era of data” has access to improved computer and storage cap-
abilities, the challenges associated with understanding these enormous data sets
have risen significantly. Many industries, including those in education, health,
business, and organizations, are developing intelligent systems to address these
issues by utilizing relevant concepts and methods including data mining, data sci-
ence, ML, and even Al. One of the most active areas in computer science is Al. As
a result, it imparts insight and importance to the data [35,36].

Ref. [36] asserts that the daily growth in data velocity and the development of
digital technology result in the continuous generation of new data across a range of
data collecting tactics. In the area of Al, computers help people understand data in a
way that is comparable to a person. In this field of Al, computational learning and
pattern recognition are included. ML, a subfield of Al, is impacted by advances in
human knowledge technology. This has to do with changes made to systems that do
various Al-related tasks, such as robotics, planning, prediction, analysis, and
recognition [36,37].

The quantity of data and knowledge that our civilization is able to produce and
retain is growing exponentially every day, but our capacity to absorb it is not
keeping up [4]. It is crucial to employ current technology to balance the seemingly
incompatible aims of scalability and usability in data and information interpretation
in order to overcome these difficulties. According to [38], several data and infor-
mation analysis techniques have been developed and used all over the world with
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the intention of making them more complicated. Particularly in a number of orga-
nizational sectors, the most prominent of which is the healthcare sector, which
encompasses several subsections such as genetics, human genetics, and medical
genetics, humans must be involved in the early stages of data analysis and infor-
mation generation. A primary objective and top priority for many governmental
and commercial sector companies is to improve data analysis processes.

The need to provide new and appropriate services, as well as the need to
improve productivity and adhere to rules, all have an impact on the illumination of
medical data analysis. In the current digital era, healthcare systems are swamped
with data, yet having access to this data and expertise is insufficient to fully capi-
talize on improving patient health. The ability to combine, adjust, or anonymize
data from many sources, including EHRs, health surveys, administrative data,
physician notes, and consultant reports, to mention a few, is therefore required by
both private and public healthcare organizations. The patient would receive a
complete medical assessment of their condition as a result [39]. Various patient
data are combined, examined, and reported on using healthcare data analytic
technologies. Additionally, healthcare organizations make wiser clinical, adminis-
trative, and financial choices that improve patient care and engagement. The
importance of utilizing information and communication technology (ICT) to
change patient medical data with regard to their health cannot be overstated [40].

In order to improve healthcare diagnosis, management as well as appropriate
decision-making, the optimal framework for patient medical data analysis and
decision support systems must be effectively managed as IT in data analysis in the
health sector increases. When the healthcare industry transitions to a value-based
paradigm, medical consultants, hematologists, geneticists, and others may find
themselves in danger of not respecting patient decisions. As a result, reviewing
medical data to guide judgments is no longer a good idea but rather a need [41-43].

SCD is a red blood cell (RBC) disorder brought on by the deficiency of oxy-
gen. The end consequence is a group of diseases known as hemoglobinopathies, the
most prevalent of which are thalassemia and sickle cell anemia (SCA). There are no
additional treatment options for adults with SCD, a congenital abnormality of the
hemoglobin structure, which can only be treated in infants by bone marrow or cord
blood transplantation [44]. Hemoglobinopathies (abnormal Hb or anemia),
according to [44], are brought on by genes that affect around 5% of the world’s
population. The prevalence of sickle cell gene carriers is higher compared to the
prevalence of affected newborns because healthier individuals have thalassemia
than SCA (who acquire just one mutant gene from their parents). In Ref. [45] it is
said that among the diseases for which ML algorithms have been used to model,
forecast, and diagnose include SCD, cancer, and malaria. One of the most serious
medical illnesses in the world, SCD, has a variety of symptoms that can vary from
moderate to catastrophic.

SCD, for instance, is one of the most prevalent genetic RBC illnesses in
humans in Nigeria and affects people of all ages, resulting in hemolysis and vaso-
occlusive crises. Studies show that Nigeria, where over 150,000 births occur
annually, has the largest number of people with SC illness. The RBCs of patients
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with SCD exhibit aberrant hemoglobin, such as hemoglobin S or sickle hemoglobin
[46,47]. Hemoglobin, a protein that transports oxygen throughout the body, is
found in human RBCs. SCD is a genetically based non-communicable illness that is
passed on from parent to child [48]. Like Ebola, Zika, tuberculosis, or the typical
cold and flu, it is not contagious. Patients with SCD have long-term acute pain
[vaso-occlusive episodes (VOEs)], long-term suffering, multiple organ damage
(including kidney failure, heart failure, and others), a short lifespan, bone infec-
tions, and stroke, to name a few symptoms and problems [49,50].

Apparently, a single-point mutation (glutamic acid substitution) of valine at
position 6 in the hemoglobin component known as beta globin (-globin) causes
sickle hemoglobin (HbS) to deform or transform, according to [45,48]. According
to [48], those who have two copies of the HbS mutation are homozygous (HbSS)
and have the sickle cell phenotypic form of the disease, as opposed to those who
have one copy of the gene, who are heterozygous carriers (HbAS), who do not. In
order to lower the mortality rate and other issues that SCD patients face, it is crucial
to give medical officers, hematologists, and healthcare managers a platform to
strategize on how to make life meaningful and fulfilling for these patients by
integrating ML algorithms into the analysis of SCD medical datasets [51].

In order to address practical issues like significant variation, low accuracies,
the presence of feature noises and biases, as well as medical doctors’ decisions
based on the data gathered, the involvement of healthcare MDSSs with the support
of explanatory Al should be developed [52]. As a result, the availability of enor-
mous databases containing pertinent genomic data would enable researchers to
focus on developing new approaches for diagnosing and treating human genetic
diseases like SCD. Due to the size and diversity of the data, it may be challenging
to effectively employ genomic databases for SCD in this situation without the
proper development of advanced data analysis tools [53].

In order to provide proper management and follow-up on SCDs, this section
provides a review of SCD along with its correlation and the participation of
explicable Al in healthcare decision support systems. The effectiveness of these
explanatory Al technologies will reassure medical experts, other healthcare
workers, researchers, and patients who are suffering from this condition.

1.3.1.1 Historical perspective with SCD
Doctors have found it difficult and time-consuming to correctly diagnose SCD and
forecast the patient’s chances of survival and life expectancy over time. According
to studies, conventional or clinical tests take a long time to discover the presence of
SCD or its variants. As a result, explanatory Al technologies are being employed
more often to provide SCD patients with a non-clinical diagnosis. In 30-50% of
cases, SCD is regarded to be avoidable [36,44]. In order to provide accurate,
objective, and systematic forecasts of human blood cells, advanced computer
approaches such as XAI are needed [2].

One cannot overestimate the importance of medical data analysis and medical
decision support systems to any nation’s economy [39]. One of the challenges faced
the healthcare sector is decision-making and medical data analysis issues,
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particularly in the context of non-communicable disorders like SCD. When com-
pared to the inadequate local medical infrastructure that is appropriate for this
human genetic concern in the examination of medical data, the birth rate in Africa
continent is quite high and at a critical stage [54]. When learning from huge medical
histories and their datasets like SCD, difficulties including missing parameter values
(incompleteness), systematic or data random noise, and inappropriate parameter
selection have all arisen. It will be possible to handle the difficulties that medical
datasets like SCD bring using a HMDSS with support of XAl technologies [55].

1.3.1.2 Synopsis of SCD

A patient with SCD inherits mutant hemoglobin (Hb) genes from both parents and
has hematological abnormalities in RBCs. SCD is a non-communicable illness. SC
problems are brought on by the RBCs’ lack of oxygen [44]. In Figure 1.2, some of
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Figure 1.2 Sickle erythrocytes from single gene mutation (GAG-GTG and CTC-
CAC) resulting in a defective hemoglobin due to deoxygenation
exposure (1: mononuclear cells and platelets {light blue and dark blue};
2: ligands, and 3: receptors {dark green}; NO: nitric oxide) [56]
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the pathophysiologic elements of the disease are shown in a streamlined manner.
The pathophysiology of the illness is described in depth in several researches. The
basic assumption that sickle cells are only responsible for creating vascular
blockage or vaso-occlusion is no longer correct after red cells assume the pathog-
nomonic sickle cell form after being subjected to deoxygenation. SCD is brought
on by a single gene mutation that results in complex physiologic abnormalities,
whereas vaso-occlusion is essential to understanding the illness and can bring about
localized hypoxia and inflammation. The illness manifests itself in many ways as a
result of these alterations. In addition to vaso-occlusion, anemia, and hemolysis, it
is now known that SCD is a disorder characterized by issues with arginine meta-
bolism, increased inflammation, hypercoagulability, and oxidative stress.

According to [45], SCD is one of the most hazardous diseases in the world,
with a wide spectrum of symptoms that can be anything from mild to fatal. SCD
affects people of all ages, is one of the most prevalent genetic RBC illnesses in
Nigeria, and causes hemolysis and vaso-occlusive crises. The sickled erythrocytes
and irregularities that develop as a result of low oxygen levels in RBCs are seen in
Figure 1.3. With approximately 150,000 parturitions (births) per year, African
continent especially Nigeria has the highest number of individuals living with SC
disease, according to studies. The survey found that hemoglobin S or sickled
hemoglobin was present in the RBCs of SCD patients, along with other hemoglobin
abnormalities [46,47]. Table 1.1 shows the fundamental medical signs of SCD in
both children and adults, along with the many possible symptoms.

1.3.1.3 Importance of XAl support in HMDSS for SCD

In areas including patient deterioration, readmissions, mortality, improved doc-
umentation, sickness diagnosis, patient relocation, and chronic care management,
predictive modeling in healthcare has been driven by digital transformation.
Thanks to advancements in big data, Al, cloud computing, and the IoTs, conse-
quently, mixing data from various sources, offer massive computing, and store
shared resources are made possible by the modern technologies. Hence, connect
data to one another through devices, sensors, software, and other technologies, and
exchange data with them [2]. AI’s success in a range of applications results in a
large number of autonomous systems and accurate projections for decision support.
In healthcare, predictive modeling encompasses forecasting illness states and their
trajectories, hospital readmission, adverse medication responses, and drug—drug
interactions, using the interrelatedness of organ dysfunctions to predict the survival
of sepsis patients, and finding off-label usage of pharmaceuticals.

Healthcare predictive modeling may be challenging, counterintuitive, and
frequently difficult to explain. Due to their opaque nature in the healthcare field,
these traits prevent predictive solutions from being adopted widely or having much
value in the clinical situation. In order to improve their capacity to be understood,
predictive solutions in healthcare require a successful strategy. A greater under-
standing of the model, enhanced value of its output, and improved patient care
outcomes may result from improving model explainability [5].
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Figure 1.3 Normal and sickled erythrocytes showing abnormality forming
irregular stiff rods [39]

In some functional areas of healthcare, like personalized medicine for SCD, Al
can help doctors make better clinical judgments or even take the role of human
judgment in some situations. With the use of pertinent clinical questions developed
in collaboration with healthcare experts, cutting-edge Al algorithms like XAI may
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Table 1.1 Medical indicators of children and adult SCD (adapted from [38,49])

Children
with SCD

Indications/
symptoms

Infants

The program is able to
offer direct connections
to order entry forms

Chest, stomach, and

limbs/joints pain ane-
mia, dactylitis, mild
cyanosis, fever, en-
larged spleen, upper
respiratory infections
that are common

Pain (acute or chronic),
severe anemia, in-
fections jaundice, in-
adequate nutrition
and metabolism,
failure in school, and
premature puberty

significant joint pain,

persistent leg ulcers,
retinal disease, throm-
boembolic side effects,
neurological problems,
drug tolerance/depen-
dence

Complications

CNS
Eye
Lung
Heart
Spleen
Liver
Kidney
Gall
bladder

Genitals

e Bones/
joints
e Skin

Stroke, retinopathy
caused by retinal
artery blockage, ACS,
and asthma
hypertrophy of the
left ventricle,
Cardiomyopathy,
acute sequestration of
the spleen, reduced
immunity ( such is
sepsis or a viral
infection)
Hyposthenia
Priapism, perivas-
cular necrosis,
proteinuria-renal neu-
rocognitive, chole-
lithiasis, persistent
sores, usually on

the ankles

Hemorrhagic stroke
and recurrent ischemic
stroke Progressive ret-
inal disease, persistent
ACS, chronic pulmon-
ary illness, pulmonary
hypertension, an early
form of coronary
artery disease, heart
attack, Auto-
infarction, Asperenia
with function

liver sequestration
liver failure brought on
by excessive transfu-
sions of iron
Nephropathy, Urinary
tract infections
frequently

Chronic leg ulcers,
cholelithiasis, priap-
ism, avascular necro-
sis, and early loss of
bone density

Keys: CNS, central nervous system; ACS, acute chest syndrome.

uncover clinically pertinent information concealed in the vast amount of healthcare
data. Most clinical trials for medical research include well-defined hypotheses or
particular questions. Given a collection of characteristics, the Al algorithms are
taught to anticipate specific events, and via the prediction, insights may be gained
[3]. Recent developments in deep learning have attracted a lot of interest. Deep
learning is a neural network with numerous hidden layers that allow for the
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exploration of more intricate nonlinear patterns to enhance prediction accuracy.
Understanding forecasting outcomes and how Al systems function to produce
predictions are challenging tasks.

This portion of the chapter discusses the numerous data sources used to support
SCD predictive modeling in healthcare, along with its benefits and drawbacks.
Additionally, it would include some examples of predictive modeling in healthcare.
The necessity of explainability in Al for HMDSS is next discussed in order to win
the confidence of medical experts in predictive modeling for SCD. To explain
internal decisions, behaviors, and actions to the interacting humans, a smart Al
system must include an explanation model. Additionally, the information-based
and instance-based clarifications in XAI using HMDSS for SCD healthcare
prediction modeling will be covered.

1.3.2  Diabetes mellitus (DM)

Every year, emergency departments in hospitals serve millions of patients.
Although a sizable number of the patients are not emergencies, forcing hospitals to
assign medical staff where it is not absolutely necessary, making inefficient use of
personnel and handling genuine patient emergency situations [57,58]. In addition,
there is an increasing shortage of doctors in rural areas, which results in under-
served patients, in especially because of the changing demographics and an
increase in the number of elderly patients [59,60]. Future application of Al-based
models in healthcare as a proponent of systems medicine could be one way to solve
these issues [61].

One of the most prevalent non-communicable diseases and a leading cause of
morbidity and mortality worldwide is DM [62]. By 2030, diabetes is expected to
overtake heart disease as the seventh biggest cause of death worldwide, affecting an
estimated 422 million people [63,64]. In every nation, there are more persons with
type 2 DM (T2DM), the most prevalent kind of the disease [62]. Between 1990 and
2010, the prevalence of diabetes nearly tripled in the United States [65], moreover,
1.7 million new adult cases were detected in 2012 [66]. There are 26% more
Americans who have the condition than those who are 65 or older (4). For diabetic
patients, hypoglycemia (HG) is known as the primary limiting factor in effective
glycemic control [67,68]. Significantly detrimental consequences have been found on
cardiovascular safety and quality of life [69,70]. Additionally, it raises the economic
costs associated with managing HG and its effects through the use of healthcare
resources, and additionally from patient disengagement and lost output [71].

Many diabetic patients are uninformed when HG begins, specifically those
with recurrent bouts, notwithstanding the possibility of fatal and major adverse
consequences. Finding patients who are particularly at risk for HG may offer the
chance to take action and lower the frequency of occurrences [72]. It is difficult to
identify HG using computer-based techniques and EMRs, due to the inconsistent
use of HG diagnosis codes and the possibility of undercounting. Only an unstruc-
tured, narrative (text-based) style may be used to document the signs or symptoms
of a given episode of HG, especially if they are not severe.
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DM is diagnosed, treated, and monitored by physicians with relatively low rates
of adherence to guidelines [73]. Alternative approaches to real-time patient mon-
itoring are necessary due to time restraints, patient overcrowding, and complex
requirements. MDSSs and monitoring systems, which are rapidly developing, offer
an efficient answer to these issues. The goal of chronic illness means of combating is
no longer to cure the patient, but to improve the patient’s adherence to the treatment
regimen, and to enhance the quality of life through collaboration. Because of this,
the value of safeguarding, preserving, and enhancing health has been prioritized
over the treatment of symptoms, fostering the idea of “self-care” [74].

Diabetes is a persistent medical condition. Patients with diabetes frequently
experience difficulties during treatment, such as psychological issues and trouble
adjusting to lifestyle modifications. In addition to the normal discomfort brought on
by symptoms, consequences, and therapies. Future concerns for the patient have an
impact on his social, cognitive, and emotional health [75]. In people with health
issues like diabetes that require substantial treatment and support, self-efficacy
beliefs are crucial, adjusting one’s lifestyle and picking up new abilities to deal
with the disease progression. Diabetics are required to possess considerable self to
manage sophisticated diabetes treatment and management. By raising their levels
of self-efficacy, diabetics can enhance their self-care habits [76].

Substantial proof studies carried out by professionals at the national and
worldwide level serve as the foundation for the creation of DM standards and
guidelines. The criteria for diagnosis are laid out in DM management guidelines,
and the standards for diagnostic process are standardized [77]. The disease is then
categorized based on the patient’s medical history, physical assessment, and test
results. The recommendations make recommendations for which tests should be
run and which patient risk factors should be examined. Following diagnosis and
differential diagnosis, the doctor is given various treatments based on the pre-
scriptions provided by the evidence-based studies. These recommendations include
a methodical approach to therapy and follow-up in accordance with the diagnosis
and outlook [78].

Primary care physicians are crucial in the identification, management, and
control of DM illness. According to the World Health Organization, primary
healthcare is crucial in lowering chronic illness deaths and morbidity. All nations
are working to improve primary care to ensure the management of chronic condi-
tions. Therefore, adjusting the doctor’s strategy to the most recent DM management
recommendations and creating a consistent strategy will result in notable
improvements in blood sugar control. The patient’s life will be longer and of higher
quality if their diabetes is under management. Patient applications to primary
healthcare providers will decrease as a result of this. As a result, doctors will spend
more time on each patient.

For the management of chronic diseases, a number of computerized MDSSs
have been created [79]. The MDSS is used in primary care for a number of pur-
poses, including depression, hypertension, and drug reviews [80-82]. Additionally,
a number of Al-based and rule-based DSSs have been created for the diagnosis of
diabetes [83,84].
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According to research, measures started initially in pregnancy can lower the
rate of DM in expectant mothers who are overweight or obese [85-87]. Applying
remedies in every situation, meanwhile, can be expensive and time-consuming. A
ML-based MDSS can be useful in supplying a strong and impartial computerized
tool to support physicians in identifying women at risk of DM. By enabling focused
intervention, it would significantly cut down on time and expense. Clinical settings
offer significant promise for the MDSS, especially in light of the fact that many
doctors have used telemedicine to keep a distance from patients during the COVID-
19 pandemic [88].

Despite the literature on their effective deployment, MDSSs offer a potential to
significantly improve healthcare delivery. There is a lack of MDSS data, particularly
MDSSs that based on ML-based algorithms. In addition to system accuracy, authors
in [89] noted that for a MDSS to be adopted and implemented into healthcare setting,
efficiency and attractiveness are crucial. In order to easily get system outputs while
juggling a heavy clinical workload, a MDSS should be time-saving, intuitive, and
simple to operate. Additionally, they emphasized that black-boxes are unacceptable
for MDSSs. This is consistent with the findings of authors in [90], who said that
explainability is a crucial element for a MDSS to be successfully incorporated in
practical application. A ML-based system can mirror the pattern in the training data,
as demonstrated by a well-known example by authors in [91] but not transcend to
clinical practice since it is at odds with medical understanding.

According to their computer model, people with a history of asthma were less
likely than the general population to pass away from bronchitis. This is due to the
vigorous treatment that patients who had asthma and had pneumonia typically
received, which reduces their risk. Even if the system accurately recorded the
training data, using it in clinical settings without knowing why the model per-
formed this way would indeed be troublesome. Al-based model that is compre-
hensible and explainable can solve these issues and this is called XAl. The use of
XAI in MDSS has been shown to offer numerous advantages, including boosting
acceptability and credibility of the system, as well as raising the causality
hypothesis and decisions assurance. However, the published literature as a whole
clearly lacks the applicability and implementation of XAI in MDSSs [90].

1.3.3 Hypertensive retinopathy (HR)

Vision loss is a result of the retinal condition known as HR, which is brought on by
persistently high blood pressure (hypertension). Millions of people around the
world are afflicted with HR disease as a result of high blood pressure [92]. The
irregularities, such as tortuous retinal arteries, abscess formation, cotton wool pat-
ches, hemorrhages, and enlargement of the optic disc (OD), are brought on by
hypertension. Ophthalmologists can investigate these indicators of retinopathy
brought on by HR by taking digital pictures with a fundus camera [93]. There are
no early warning indications for this condition, and frequently, When the condition
results in blindness or vision loss, HR is discovered at a later stage. As a result,
hypertension people should often get their eyes examined. Figure 1.4 displays
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Figure 1.4 (a) A basic fundus retinal image, including the arteries, veins, OD, and
macula. Additionally, smaller and larger venular branches and arteriole
branches are visible; (b) fundus retinal picture was damaged by HR,
and there were some hemorrhages, cotton wool spots, and OD edema

normal and HR pictures along with the fundamental fundus constituents and
alterations, which are visible on the fundus because HR is present.

Systems for computer-aided diagnosis are frequently employed in the health-
care sector. Various retinal disorders are detected with computerized diagnostic
techniques and are beneficial to both patients and ophthalmologists. These auto-
mated devices allow the ophthalmologists to adhere to the disease’s treatment
strategy. A form of computer-aided diagnostic system that can automatically detect
and grade HR using retinal fundus images must therefore be developed. HR is also
used as a marker for injury to certain target organs. Through HR indications, doc-
tors can foresee the likelihood of heart illness, stroke, and even mortality [94]. The
development of the HR signs and symptoms typically occurs in more established
phases of the illness. These indicators support clinical therapy and rules for patients
with hypertension [95,96]. There are various levels and grades in HR.
Arteriovenous ratio (AVR) is the foundation for HR phases [97], which is regarded
as a useful metric for the identification and evaluation of HR.

The evaluation of medical images is an essential tool for the computer-aided
diagnosis of many diseases. Due to their dependability and adaptability, DL-based
AL-based models are more prevalent in disease analysis than traditional image
processing methods [98]. Computer vision has a promising possibility to evaluate
these retinal disorders through image segmentation for early identification, diag-
nosis, and treatment of some retinal diseases that are linked to blindness or visual
loss [99]. For quicker screening and computer-aided analysis of numerous retinal
illnesses connected to retinal anatomy, DL-based technologies are widely
acknowledged [100]. Due to their intricate structure, retinal blood vessels serve as
crucial biomarkers for identifying and assessing various retinal dysregulation and
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associated disorders [101]. Medical image categorization, one of many deep
learning techniques, aids ophthalmologists and other medical professionals in
making many challenging diagnoses. Segmentation techniques lessen the need for
manual illness image recognition and DL-based semantic segmentation is a cutting-
edge method for classifying medical images pixel-by-pixel, whether for diagnosis
or symptom screening [102]. Due to the aberrant proliferation or deterioration of
these capillaries, diabetes and hypertension cause changes in the retinal vessels,
which can be found by precisely segmenting the retinal blood vessels [103].

There is a diagnostic load placed on medical specialists because to the labor-
ious and time-consuming manual investigation and identification of this retinal
vasculature; obviously, automated technologies could enable quicker diagnostics
[104]. The thickness, surface roughness, formation, and removal of these retinal
vessels can all be used as diagnostic cues [105]. A retinal condition known as HR is
linked to hypertension and gets worse with elevated blood pressure. A retinal
condition known as HR is linked to hypertension and gets worse with elevated
blood pressure, specifically, localized and arteriolar shortening [106]. Vascular
changes due to diabetes and hypertension can be subtle, necessitating a sharp eye
for detail in retrospective analysis to detect the important changes brought on by
the disease [107]. Deep learning has the ability to diagnose many illnesses and
assist medical professionals in various medical applications [108,109].

Similar to this, resilient architecture and DL-based classification techniques
can identify minute variations in the retinal blood vessels and can assist doctors in
identifying the associated changes to make quicker and more accurate diagnosis.
There are a number of deep feature-based techniques for detecting retinal blood
vessels [110]. The creation of low-cost, reliable techniques that can precisely detect
vasculature with slight alterations is nevertheless necessary. Additionally, current
segmentation-based approaches [111] solely concentrate on segmentation rather
than offering a comprehensive solution for the identification of HR.

1.3.4 Carcinoma

Non-melanoma skin cancers (NMSCs), which can afflict both sexes, are the fifth
most prevalent type of cancer globally. According to estimates, there are more than
a million new cases of NMSC each year, with squamous cell carcinoma (SCC)
accounting for about 20% of all skin cancers [112]. Each year, more than 1.8 mil-
lion new cases of NMSCs are recorded in the United States, and skin cancers are
common, with cutaneous SCC being the most common type [113,114]. SCC is
more common in Asian Indians and African Americans, and additionally, it is the
second most common among Asians of Chinese/Japanese descent and Hispanic
descent [115]. SCC has been identified as a keratinocyte-related cancer type. The
skin condition carcinoma-in-situ, commonly known as actinic keratosis (AK), has
been linked in multiple studies to the development of SCC. About 5-10% of all
high-risk SCC cases are extremely challenging to identify and treat, with radiation
or surgery being the preferred treatments in the majority of these situations.
Therapies for such high-risk metastatic skin cancer are less likely to be
effective, especially in an elderly population [116], demonstrating the urgent need
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for an effective but organized diagnosis and treatment plan for SCC [117]. The
amount of microarray data is increasing, and the knowledge it provides about the
genes that control for a point mutation is being employed for variation classifica-
tion and investigation, in addition to other possibilitics. Microarrays are a relatively
new approach that analyzes gene expression in samples by placing hundreds of
DNA probes on a small chip that are matched to target genes. Comparing cancer
and healthy tissues was one of the approach’s main applications, among other
factors, diverse cancer subtypes, people with different prognostications [118]. In
terms of recognizing microarray samples, support vector machines (SVMs) [119],
ANNSs [120], logistic regression, Naive Bayes [121], and other commonly used ML
techniques performed wonderfully [122].

Many research use metabolomic data to understand the metabolites that char-
acterize each organism state, and how those metabolites behave in different envir-
onments. Systems biology is incredibly dependent on the “omics” field. It has
recently been widely adopted in a range of sectors due to its concentration on small
molecules and relationships, such as the detection and acquisition of biomarkers, drug
development, and personalized healthcare, among others [123]. Pioneering omics
data investigations have produced tools for normalization like NOREV A [124—126],
and ANPELA, a combined approach for data label-free quantification (LFQ) [126].
Various areas of scientific research have benefited greatly from these techniques.

Using ML-based techniques, previous studies have identified vital biomarkers
in the search for genes with greater SCC risk prediction value, and this has helped
scientists find compounds that have better predictive value [127]. Scientists are
increasingly using Al-based and ML techniques to investigate the genetic diversity
of cancer. It can be used to increase the accuracy of diagnoses, generate efficient
biomarkers, as well as the success of cancer treatments [128]. Al refers to a robot’s
capacity to replicate human behavior, which is especially beneficial when working
with enormous amounts of data. ML-based is one of the most significant applica-
tions of Al models, which enables computers to acquire knowledge through
observation without explicit programming [129,130]. ML models can be viewed as
a modeling technique that relies on gaining expertise together with performance
improvement. These models are meant to assist in locating advantageous compo-
nents and their relationships [131].

Over the past several years, Al has improved, transitioning from a mainly
intellectual to a practical implementation condition. There are now strong prospects
for the use of Al in many different industries, ML has already been used to analyze
survival in cancer studies, in particular and predict models for advanced naso-
pharyngeal cancer, breast cancer, pancreatic cancer, and a number of other malig-
nancies [132]. While ML algorithms in particular seem to be effective in producing
results and predictions, and they suffer from opacity, which makes it difficult to
understand their fundamental workings. It exacerbates the issue since it offers
serious risks to entrusting crucial decisions to a system that is unable to adequately
defend itself.

To solve this problem, XAI proposes a paradigm change toward more trans-
parent and understandable Al Its goal is to create a set of tactics that produce more
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comprehensible models while maintaining high accuracy and achievement. The
requirement to justify the model’s judgments or forecasts to users and experts led to
the creation of XA and it is attracting increasing amounts of interest in Al.
Numerous XAl techniques have been established with diverse methodologies, and
several classification schemes for XAl models have been presented by authors in
[133], based on the size, length of the information extraction process, or model Al.

1.3.5 COVID-19 pandemic

Governments all over the world have adopted policies for social isolation, quar-
antine, and ultimately lockdowns due to COVID-19’s extremely contagious exis-
tence [134]. Nigeria was not exempt from the significant health and economic
problems brought on by these occurrences [135]. To aid in decision-making on the
part of the federal and local governments, it is necessary to test the huge majority of
the population. COVID-19 tests are only available to healthcare experts and patients
with serious diseases due to a lack of resources. Consequently, it does not reach the
vast majority of people. Since the pandemic started, the digital health landscape has
captured everyone’s interest to offer potential health solutions in this period of
unprecedented medical crisis in order to lessen the effects of this epidemic [136].

Although Al techniques have previously been used to support clinical deci-
sions, “Emergency AI” is currently in demand. There are chances for Automation
decisions based on gathered vitals, test results, medication orders, and diagnoses
throughout the patient care route [137]. There are still crucial factors to take into
account while creating and verifying Al models in light of the continuously
expanding datasets. Al techniques can be used to comprehend patient categories,
direct clinical decision-making, and enhance both patient- and operation-centered
results. This viewpoint emphasizes the advantages of these tools as seen in many
therapeutic contexts and explains the importance of ML and Al techniques. When
thoughtfully constructed, they might be enhanced during the COVID-19 pandemic.

ML models have been shown to predict the presence of clinical factors from
medical imaging with remarkable accuracy. However, these complex models can be
difficult to interpret and are often criticized as “black boxes”. Prediction models that
provide no insight into how their predictions are obtained are difficult to trust for
making important clinical decisions, such as medical diagnoses or treatment.
Explainable ML (XML) methods, such as Shapley values, have made it possible to
explain the behavior of ML algorithms and to identify which predictors contribute
most to a prediction. Incorporating XML methods into medical software tools has the
potential to increase trust in ML-powered predictions and aid physicians in making
medical decisions. Specifically, in the field of medical imaging analysis, the most
used methods for explaining deep learning-based model predictions are saliency
maps that highlight important areas of an image. However, they do not provide a
straightforward interpretation of which qualities of an image area are important.

It has been demonstrated that ML-based models can accurately predict the
existence of clinical variables from medical imaging [138]. ML models can deliver
better predictions thanks to technologies that can capture intricate correlations
between features, which may lead to “black box” models that are challenging to
understand [138]. These techniques take patient MR images as inputs and output the
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patient’s projected likelihood of a particular result without revealing how the prog-
nosis was made. As a result, even if these techniques can surpass conventional pre-
dictive models, a possible deterrent to using these predictions in clinical decision-
making is the lack of openness in how they are made. Understanding what variables
affect a model’s prediction and gaining insight into these ML “black box” models is
important. The application of XML techniques is receiving a lot of attention.

Numerous research focus on the diagnosis of COVID-19 by chest imaging,
including radiography and computer tomography (CT). While precise in recog-
nizing occurrences that are positive, most of these instruments are unable to dis-
tinguish COVID-19 from other lung illnesses [139]. Additionally, studies
demonstrate implausible ideal outcomes, which are probably the result of issues
with data leakage and a lack of transparency in the experimentation process, thus,
making their work neither marketable nor replicable. By examining [140,141], it is
obvious that the majority of methods rely on advanced DL and computer vision
methods as well as image data. To assist doctors and field experts, model inter-
pretability and prediction explanations are, however, given little to no importance.

A straightforward and incredibly effective ML method for identifying the
COVID-19 utilizing basic features based on patient questionnaires was described
by authors in [142]. Age, symptoms including fever and sore throat, and proven
contact with an infected person were among the factors used. The test sets’ results
reveal an area under curve (AUC) measure of 0.9, which is regarded as a high
standard result in the medical industry. The most important variables, such as
cough, fever, and contact with an infected person, were discovered through Shapley
additive explanations. This method has two important drawbacks: the first one
cannot recognize patients without symptoms; additionally, the second is that it
might be biased toward negative cases. Since the authors note that patients with
negative test results may underestimate their symptoms, this tool can undoubtedly
aid field agents on early trials in better managing COVID-19 tests in limited supply
and guiding patient ward placement.

Al-based approaches should be encouraged and implemented as standard
practice in the implementation of DL techniques for multimedia categorization,
notably for issues with medical diagnosis. In actuality, when increasingly complex
neural network topologies emerge, their inability to be debugged and inability to
provide human-centered justification for their decisions continue to limit their
utility. One of the key instruments in overcoming what continues to be a significant
barrier for future Al is XAl, the “black-box technique,” which involves creating
easily interpretable models to deal with practical problems, to increase human
comprehension of Al-based models [143].

In terms of clinical trials and medication repositioning, Al should be an addi-
tion to human procedures, to ensure that ML/DL tactics are adapted to particular
contexts, it is carried out in multidisciplinary teams. Moreover, it is essential to
research and intensify the challenges of building innovative approaches for mole-
cular regeneration, recommended practices for data exchange are also mentioned
[144]. Clinical trials and medication repurposing are two topics. Although there are
commonalities between clinical research and computationally predicted drug
repurposing, notwithstanding the promised applications of Al in this area, we were
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unable to locate any specific proof that computational guidance was used to con-
duct clinical trials. As far as we are aware, the bulk of the research analyzed did not
follow DL predictions with clinical proof. The collections of possibilities produced
by computational approaches for possible pandemics should be encouraging, this
can later be put to the test in studies or inspections. However, there is additional
work to be done in this area of inquiry.

Regarding text modeling approaches, the majority of them integrated NLP
approaches with a specially honed strategy for COVID-19-related data and after
that displayed the conclusions drawn from such data. In our perspective, studies on
string patterns did not provide anything fresh to test analysis or clinical testing. In
terms of time series analysis, taking into account studies employing COVID-19
forecasts, the best model to utilize is not generally agreed upon. The anticipated
mortality toll from COVID-19 is fluctuating, and a wide range of forecasting var-
iances have been shown by all prediction models. Sadly, the paucity of information
on COVID-19, particularly at the start of the pandemic, and additionally, policy
changes have increased the significance of research that uses limited datasets or
enhances the precision of mathematical model (such as the SIR model) [145], that
anticipate smaller data. There is not an approach that consistently outperforms
others, and it depends on preparation and fine-tuning. Utilizing data fusion
approaches, as in [146,147], to combine time series from several data sources is a
correct approach that we recommend. During the COVID-19 pandemic, Figure 1.5
depicted various areas where Al-based models could be applied.

Identifications

Figure 1.5 Some fundamental functions of Al in combating COVID-19 pandemic
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Additionally, pattern identification, forecasting, describing, and classifying
medical data are all areas where Al is particularly helpful. Infections with
COVID-19 are projected, diagnosed, treated, be improved so that decision-making
by government officials, medical professionals, and other policymakers can pro-
duce useful results. Al can assist in COVID-19 patient discovery, prediction,
prevention, and monitoring of outbreaks, but it cannot replace scientific knowl-
edge. The Al-based model can be used for cleaning up the environment, helping to
make monoclonal antibodies and other treatments, managing health care, con-
ducting business and trade, increasing transparency, and formulating policy,
among other things.

1.4 XAI research trends and open issues

XAl intends to assist people in comprehending the reasoning behind a machine’s
choice and determining whether or not it is reliable. XAl is therefore unavoidably a
paradigm for bridging Al and human intelligence, with the intention of facilitating
and increasing human participants’ acceptability of Al systems [148]. XAl can be
thought of as “Al for citizens” in this context.

Although intelligent systems have a lot of potential, the concerns about pro-
viding such intelligent systems too much power without even being able to ade-
quately explain the decision-making process underlying such complex systems to
domain specialists are raised by the XAI research program (doctors, attorneys,
financial specialists, etc.) a language and a format that they can understand. This
not only clarifies the reasoning behind particular conclusions reached by such
technologies but also inspires the study and urges academics to develop more
humanistic (human-like) alternatives, and improved knowledge of the brain as
natural phenomena for cognitive processing. Furthermore, user rights must be
preserved because machines are increasingly replacing humans in making decisions
in many aspects of daily life. Machine intelligence still struggle to process complex
and deeper knowledge or abstract information unless it is first transformed into an
algorithmic format. (attributes, results, and labels).

In several Al application fields, the aforementioned crucial issue has taken on a
significant importance. For instance, a patient’s intervention may be influenced by
a decision made by a computerized diagnosis process; therefore, doctors must
comprehend the rationale behind the decision and assess the associated risks. If we
take autonomous drones for medical use, the reasons, circumstances, and locations
of automated treatment, management, or monitoring by drones must be known to
the doctors. Thus, a reliable XAl system becomes a crucial requirement before Al
can be used to solve almost any real-world issue. Currently, a lot of study is being
done on how to solve these kinds of issues.

Modern Al methods like DL have their origins in the simulation of the human
brain. Finding a way to match human intellect is the fundamental objective in order
to make DNNs understandable, to figure out a means to create a human-made
“brain” that can comprehend, at least at a higher degree of functionality, the
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neuronal activity in the human brain, connect the multilayered brain knowledge
stream processors to the deep structures.

The properties of contemporary orthodox DL and the human brain differ
significantly in two ways. First, the human brain lacks the ability to maintain very
precise characteristics, more resembling an analog circuit. Second, unlike the
meticulously “handcrafted” topologies of the contemporary standard DL, synapses
in the human brain are densely linked. Therefore, it is odd that the mainstream DL
literature has harsh criticism for supposedly “handcrafted” aspects [149], never-
theless is reluctant to acknowledge that the designs it is advancing are “hand-
crafted,” very problem-specific as well as a variety of contextual, including stride,
kernel sizes, the number of layers, and others.

Given the aforementioned issues, XAl can contribute to a mutually advanta-
geous bridge between DL and neurology. On the one hand, neurology and cognitive
science can assist in developing XAl models that are logical and easier for humans
to comprehend [150,151]. The mechanisms of intelligence in the human brain can
also be better understood using XAI models derived from DNNs, on the other hand
[152,153]. The quest of fully comprehending how human intellect derives from
neurons could be recast as the ultimate objective of XAl

1.4.1 XAl perspective in healthcare

Putting more of an emphasis on prototype-based models is one possible avenue for
future study [154,155] rather than on deeply engrained, abstract frameworks.
Models based on prototypes are not new like the work of authors in [156] putting
the simplest first (and very effective kNN example), by using ANNs of the RBF
variety and IF..THEN criteria. Tibshiran recognized the potency of prototype-
based models in the study of authors in [156], but, however, these have not yet been
produced in the context of DL, where they can combine a more complex infra-
structure with a manner of representation that is easily comprehensible. Despite
being effective, the kNN method is not a learning method in the strictest sense
because it needs all the data to be present and stored. A certain amount of sparsity is
required, which might come from straightforward unsupervised learning methods
like clustering or more intricate end-to-end auto-encoders.

There is a widespread misperception that the only type of learning is para-
meterized learning achieved through cost (or loss) function reduction. In reality,
humans pick up prototypes from data samples utilizing resemblance to learn.
According to this reasoning, the position becomes the central focus of the learning
in prototype-based models. as opposed to the parameters/weights-centered
approach that predominates in the mainstream, and the characteristics of the pro-
totypes in the feature/data space. Additionally, there is a fundamental distinction
between statistical learning and similarity (i.e., two different methods for analyzing
the divergence and difference between two data items). While statistical measures
require a large number of data points or samples, similarity can be defined over two
(conceivably limitless) number of separate observations for the data.

The construction of Turing’s type-B random machines is another viable path
(or chaotic machinery) [157,158], additionally random Boltzmann machines, which
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might result in a generic Al. New cognitive neuroscience results will be included
into XAI models, which will legitimize XAl investigation, likewise, such cross-
disciplinary application will make XAI valuable for others outside of the field of
Al but potentially assist in resolving century-old problems on how to comprehend
human intelligence. The following are open questions in this field: (a) how should
the network/model architecture be determined?; (b) how should features be
extracted and represented?; (c) what are the most accurate distance measurements,
and what are the consequences?; (d) which way of optimization works the best?;
and (e) how to select the group of prototypes that best capture the data (if an
approach based on prototypes is employed)?

1.5 Conclusion and future directions

XAI is a recent research area that emphasizes ML interpretability and seeks to
develop a more open Al. The main objective is to provide a set of interpretable
methods and frameworks that produce representations that are easier to compre-
hend while retaining superior prediction accuracy. Unfortunately, there is not a
standardized approach of what is explainable should accomplish. Although some
scholars discriminate between the terms interpretability and explainability, others
use them identically. The basic objective of XAl is to create a collection of
approaches that offer models that are easier to understand while still having highly
predicted accuracy. MDSS are computer programs created to influence physician
decisions on a range of patients as soon as necessary and, most often, in real-time.
The atmosphere for using XAl and MDSS innovation is rapidly changing, and
most researchers have tried to see how these innovations is applicable in health-
care systems so as to make their adoptions in healthcare environments acceptable.
Therefore, this chapter covers the current requirements and development issues for
XAI and MDSS. The summary of potential areas for open issues, and further study
comes towards the end of the chapter. The most recent statistics on the application
of and effects of MDSSs and XAI in practice were given, and offered recom-
mendations for users to take into account as these systems start to be integrated
into commercialized products, and put into practice outside of research and
development environments. Therefore, the chapter will provide wider knowledge
for both academic researchers and healthcare policy makers and give access to a
historical ready-made transcription of HMDSS in the healthcare sector, this can
assist them in their future decision-making processes with respect to non-
communicable diseases.
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