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Abstract 
The use of AI in healthcare decision support systems has improved accuracy in 
diagnostics and greater efficiency in clinical practice. The adoption of these 
systems is hindered by the “black-box” problem. For systems that work in domains 
that make decisions with life and death impact, the inability to explain the 
reasoning of the decision makes these systems hard to trust. There is also the 
problem of accountability and the ethical burden. Explainable AI (XAI) provides 
systems with the ability to explain their reasoning in a comprehensible format. The 
use of XAI in HDSS provides trust to users of the system, because of the 
transparency and the consideration of the methodologies of XAI like model 
agnostic systems, and other methodologies, in the design of the systems for the 
clinical users. The use of XAI promotes and enables regulatory approval for the 
system by providing the ability to explain the decision in a comprehensible and 
reasoned way. The paper looks at the challenges of XAI like the accuracy vs 
explainability of the system, and the other challenges of the regulatory approval of 
the system for its use in clinical settings. 
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INTRODUCTION 
AI has a lot of potential to drastically change the 
way things are done in the medical field. For 
example, CDSS (Clinical Decision Support 
Systems) integrate AI to facilitate diagnosis, 
prognosis, and treatment assistance. CDSS 
streamlines clinical decision-making through the 
use of Deep Learning and Machine Learning to 
analyze complex datasets in a timely and efficient 
manner. CDSS solutions, however, tend to 
operate as “black boxes” and, despite their 
efficiency, lack transparency. Because of this, 
trust, accountability, and ethical concerns have 

been raised about AI healthcare systems (Topol, 
2019; Esteva et al., 2021). 
XAI (Explainable Artificial Intelligence) has been 
introduced in order to meet the concerns stated 
previously. Its objective is to develop AI 
healthcare systems that are more user-friendly, 
and more importantly, interpretable. For 
example, CDSS systems that contain XAI are able 
to show prognosis and treatment of a patient 
while simultaneously explaining the reasoning 
behind the suggested decision. XAI in AI systems 
is essential, especially in healthcare. Predictions 
that do not have an explanation could potentially 
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result in great consequences. Explainability of AI 
systems can help increase trust amongst users and 
will certainly improve acceptance of automated 
systems of clinical decision-making (Holzinger et 
al., 2020; Tjoa & Guan, 2021). 
XAI connects sophisticated computational 
systems and practical clinical applications by 
generating understandable insights from abstract 
predictions. SHAP (Shapley Additive 
Explanations) and LIME (Local Interpretable 
Model-Agnostic Explanations) create component-
based explanations that support clinicians in 
assessing the validity of an AI recommendation. 
Lundberg and Lee (2017) argued that the 
application of such techniques increases the 
transparency of systems without a loss in 
predictive capability. Similarly, Rudin (2019) 
argued that, in the context of safety-critical 
domains such as healthcare, the development of 
interpretable models should take precedence over 
the development of systems that rely on post hoc 
explanations. 
Integrating XAI in healthcare decision support 
systems is also crucial for ethical explainability, 
minimizing design friction, and achieving 
compliance with regulations. With the growing 
prevalence of AI tools in health services, there is 
an increased need for legally and clinically 
defensible systems. Explainability is asserted to 
enhance physician trust and facilitate 
collaborative decision-making to ensure that the 
AI systems pose minimal risk to patients (Samek 
et al., 2021; Adadi & Berrada, 2018). 
While this is beneficial, achieving an equilibrium 
between interpretability and accuracy is difficult. 
The most accurate models used in deep learning 
are often those that are least interpretable and 
most complex, creating an insurmountable 
paradox of transparency. Along with the 
unpredictable and varied nature of clinical data 
and limited privacy, this creates a lack of 
consistency in performance evaluations of 
systems concerning explainability. 
 
Background of Study 
AI has quickly become a crucial element of many 
technologies and systems in the healthcare field, 
especially in the areas of clinical decision making, 

diagnostic practices, and patient care. Topol 
(2020) argues that AI-centered healthcare systems 
will improve diagnostic accuracy. Machine 
learning and deep learning will, in combination, 
increase the speed and accuracy with which large 
sets of clinical data and images are processed 
(Esteva et al., 2021). AI systems are starting to 
facilitate the earlier identification of illness and 
treatment regimens that will result in a greater 
likelihood of improvement to the patient in a 
number of areas of medicine. AI has also 
increased the reliability of predictive analytics in 
the healthcare field (Rajkomar et al., 2022). Even 
with the increase in the reliability of AI systems, 
the need for provability and accountability of 
clinical decisions continues to be a concern in 
critical care environments (Obermeyer et al., 
2023). Recently, the healthcare field has been 
challenged to meet the needs for safe, reliable, 
and explainable AI systems because of the fast 
evolution of AI systems (Davenport and 
Kalakota, 2024). 
 
Problem Statement 
While AI-based health systems have strong 
prediction capabilities, their systems remain 
unsatisfactory in the market. Many new models 
are black box systems and provide outputs 
without reasoning. It isn’t possible for health 
professionals to validate these outputs. Advanced 
systems providing recommendations without 
justifications is problematic in a clinical 
environment. There are many ethical and legal 
considerations with respect to patient safety. 
More and more systems are required to provide 
adequate justifications for their outputs in order 
to validate safety in a clinical environment. Until 
these justifications are provided, many systems 
will continue to be unsatisfactory and untested.  
Even with the improvements in prediction, 
systems will be resistant to the benefits of AI. 
 
Research Objectives 
The primary objectives of this research are 
1. To analyze the role of Explainable 
Artificial Intelligence (XAI) in improving 
transparency and interpretability in healthcare 
decision support systems. 
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2. To investigate how XAI techniques 
enhance trust and confidence among healthcare 
professionals in AI-driven clinical decision-
making. 
3. To examine commonly used XAI 
methods such as model-agnostic approaches, 
interpretable machine learning models, and 
visualization techniques in healthcare 
applications. 
4. To identify key challenges and 
limitations associated with integrating XAI into 
real-world clinical environments. 
5. To explore future directions for 
developing more reliable, ethical, and human-
centered explainable AI systems in healthcare. 
 
Scope and Significance of the Study 
This study examines Explainable Artificial 
Intelligence' application to decision support 
systems in healthcare for disease diagnosis, 
medical imaging, and predictive patient analytics. 
Improving AI interpretability can transform 
clinical decision-making, diagnostic errors, and 
patient safety. This study helps trustable AI by 
improving researcher understanding of 
explainability and accuracy in AI solutions. This 
study is focusing on one of the most important 
barriers to AI implementation in healthcare. It is 
growing research on trustable AI, and is 

interested in the barriers to explainability and the 
accuracy of AI healthcare systems. The study 
expects to help the researcher and healthcare 
professionals implement reliable AI. 
 
OVERVIEW OF EXPLAINABLE 
ARTIFICIAL INTELLIGENCE (XAI) 
Explainable Artificial Intelligence (XAI) is a new 
emerging branch of artificial intelligence 
research. This branch is the result of the research 
for the structures of machine learning that are 
explicit, interpretable and understandable by 
human users. In the many rapidly evolving and 
dynamic domains such as healthcare and finance, 
the ability of AI models to justify their 
predictions is as essential as the accuracy of their 
predictions. In both of these domains, AI model 
prediction justifications are not simply a “nice to 
have”. Rather, the provision of justifications 
becomes an imperative requirement for AI model 
implementation and usage in both domains. XAI 
will be of assistance in these domains as it focuses 
on providing justifications to complex 
algorithmic decision-making. As artificial 
intelligence systems are rapidly deployed in the 
real world, the provision of complex algorithm 
decision-making justifications to users will aid in 
the establishment of trust and the accountability 
of AI systems. 

 

 
Figure 2.1 Explainable Artificial Intelligence (Xai) 
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Definition of Explainable AI 
Easily comprehended AI (XAI) methods, 
techniques, and frameworks make it possible for 
humans to interpret AI system behavior and 
decisions. Compared to traditional black-boxes 
XAI offers insight to machine learning algorithm 
logic, allowing users to understand input-output 
relationships. XAI essentially makes black-boxes 
transparent to the users. In the case of XAI, X 
will stand for explainable, interrogable, verifiable 
and trusted. Given the level of understanding, 
domain experts will be able to formulate their 
input/output relationships and black-boxes in 
their fields to be transparent. The level of 
understanding will be of benefit in fields such as 
healthcare in support of the best clinical 
decisions and safe implementation. The 
requirement to match the black-box logic with 
the clinical understanding of black-boxes will be 
of benefit in the acceptance and implementation 
of AI in clinical decision support. 
 
Evolution of XAI in Machine Learning 
The growth of XAI and the development of 
machine learning models have parallels to the 
jump from simple linear frameworks to 
sophisticated rich architectures in deep learning. 
Some of the initial machine learning models (e.g., 
decision trees, logistic regression) had high 
interpretable models because the logic of the 
decision could be understood. The 
interpretability of the models began to decrease 
when the models began to scale and become 
complex (e.g., neural networks). The black-box 
models began to have the need for post-hoc 
explanation techniques that interpreted models 
without changing the model itself. Today, XAI 
has heavily incorporated research in the area to 
the extent that complex AI/ML systems operate 

with feature attribution, surrogate modeling, and 
attention techniques. 
 
Importance of Interpretability in AI Systems 
Interpretability is essential for the deployment of 
AI systems in high-stakes areas, such as 
healthcare. AI suggest treatment options for 
patients, and clinicians need the ability to 
validate and trust the suggestions to prevent 
harmful decisions. AI suggestions also need to 
comply with some regulatory requirements. 
Additionally, clinicians need to understand the 
automated decision-making process. An 
interpretable AI system is better able to identify 
and reduce biases. Interpretability is a 
requirement for ethical, reliable, and trustworthy 
AI systems. 
 
HEALTHCARE DECISION SUPPORT 
SYSTEMS 
Healthcare Decision Support Systems (HDSS) 
help healthcare professionals make decisions with 
the help of technology. They process patient 
information and offer recommendations based 
on evidence. HDSS combine AI, analytics, and 
clinical knowledge to make suggestions on 
diagnostics, treatment, and more. Many advanced 
HDSS on the market integrate seamlessly into 
clinical workflows with the intent to improve the 
quality of clinical decisions and ease the burden 
on clinicians. With the magnitude of data 
presented in today’s healthcare environment, it 
becomes increasingly difficult to practice 
medicine. Traditional HDSS alleviate this 
burden. HDSS have many advantages, but their 
lack transparency, and cannot be trusted, which 
prevents their use in many critical healthcare 
environments. 
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Figure 3.1 HEALTHCARE DECISION SUPPORT SYSTEMS 

 
Architecture and Functional Components 
Healthcare DSSs interrelate numerous layered 
configurations, such as data gathering, knowledge 
handling, inference, and UI modules. A data 
layer aggregates information from EHRs, 
imaging, and wearable systems. Knowledge bases 
encompass clinical pathways and case histories. 
Greenes (2020) elaborated on inference engines 
as components that apply AI to processed clinical 
data to construct derived recommendations. 
Moreover, Patel et al. (2022) argued that 
interoperability of the system was the major 
demand of integration of structures within the 
healthcare domain. System complexity usually 
comes with a high cost to real-time clinical 
interpretability, as well as maintenance and 
scalability of the system. 
 
Role of Machine Learning in Healthcare 
Decision Making 
Predictive modeling and forecasting for patients 
are essential functions for many parts of the 
contemporary healthcare system. Modern 
healthcare relies heavily on machine learning for 
support in forecasting patient outcomes, 
classifying illnesses, and developing advanced 
prediction-based decision-making frameworks. 

Predictive tasks in clinical contexts commonly 
make use of algorithms such as deep neural 
networks, random forests, and gradient boosting 
models. According to Rajkomar et al. (2020), 
healthcare systems utilizing machine learning can 
make use of extensive electronic health records to 
make early and often correct diagnoses based on 
patterns that would be incomprehensible to the 
human doctor. Obermeyer and Emanuel (2021) 
agree that while predictive algorithms can make 
healthcare better, they can also make it worse by 
introducing novel forms of bias. While many of 
the machine learning healthcare support models 
can predict with accuracy better than most 
human support, the opacity of algorithms makes 
it difficult for healthcare support practitioners to 
integrate these systems into their workflow. 
 
Limitations of Traditional Systems 
Classic support systems for healthcare decisions 
have critical barriers preventing their use in most 
clinical environments. One considerable barrier 
is the interpretability of results. Poor 
interpretability diminishes clinician trust, greatly 
harming adoption to support decisions in areas 
of healthcare that are highly critical. Caruana et 
al. (2020) indicate that, despite the paradigm 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | Fatima, 2026 | Page 3592 

shift introduced by machine learning in 
healthcare, highly accurate models will be 
rejected if their reasoning cannot be clearly 
articulated. Additionally, Topol (2020) notes that 
several systems are unable to cope with the 
evolution of medical knowledge and dynamic 
clinical conditions. Interpretability, malleability, 
and explainability of AI for decision support 
systems are highly critical in overcoming these 
challenges. 
 
ROLE OF XAI IN HEALTHCARE 
Explainable Artificial Intelligence (XAI) enhances 
decision support systems by integrating 
transparency, trust, and interpretability of AI 

outcomes. Complex machine learning models are 
becoming increasingly used for health-related 
diagnoses and treatments. Industry safety, 
reliability, and trust can only be accomplished 
with the incorporation of interpretability and 
explainability. As Holzinger et al. (2020) state, 
XAI is the synthesizing construct of high-
performance AI model explainability and 
reasoning, and subsequently aids clinicians with 
the assessment of automated predictions. In 
addition, Tjoa and Guan (2021) state that for 
greater accountability, explainability must be 
integrated to all clinical systems and assist 
Human-Centered Medical AI. 

 

 
Figure 4.1 Role of Xai in Healthcare 

 
 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | Fatima, 2026 | Page 3593 

Integration of XAI in Clinical Workflows 
Integrating XAI with clinical workflows improves 
transparency by allowing healthcare professionals 
to work with AI in an interpretable manner. XAI 
can be integrated into diagnostic tools, electronic 
health records, and medical imaging, to deliver 
on-the-spot explanations for AI inferences. 
Barredo Arrieta et al. (2020) comment that 
including explainability in clinical pipelines will 
mean AI models are not black box systems. 
Instead, the AI models will work as an 
interpretive part of a decision-support system. 
Adding to this, Amann et al. (2020) note that 
usability is improved and that the incorporation 
of XAI in clinical workflows means clinicians are 
better able to vet AI outputs in conjunction with 
other clinical diagnostic aids. Consequently, this 
results in better clinical decisions. 
 
Enhancing Physician Trust through 
Explainability 
XAI offers many benefits to the healthcare sector, 
one of which is that it can build physicians’ trust 
in AI systems. Many AI systems struggle to justify 
their decisions, therefore trust for these systems is 
low. As stated by Rudin (2019), in high-stake 

environments like healthcare, interpretable 
models are more trustworthy than opaque 
systems. Furthermore, Sinha and Swaminathan 
(2022) suggest that the explainability of AI 
enhances the physician’s confidence in the AI 
system. This is because the physician can 
understand the reasoning for the prediction, 
therefore the cognitive burden and unnecessary 
uncertainty of making a decision is reduced. 
 
Patient-Centered Transparency 
XAI helps achieve patient-centered transparency 
through facilitating communication between the 
patient and the provider. Due to the 
explainability of AI-driven recommendations, 
clinicians are able to explain diagnosis and 
treatment options to the patient in a 
comprehensible manner. As discussed by 
Lundberg and Lee (2017), explanation 
techniques bring outputs of complex models to 
the human domain through feature attribution. 
Likewise, in the work of Adadi and Berarda 
(2018), the authors present that transparency 
leads to the patient's trust, improvement of 
shared decision making, and the uplift of the 
patient's satisfaction toward health care services. 

 

 
Figure 4.2 Patient-Centered Transparency 

 
Regulatory and Ethical Considerations 
All of healthcare's regulatory and ethical 
requirements regarding fairness, accountability, 
and safety in XAI systems have an impact on the 

adoption of XAI in this field. With the 
development of such frameworks, explainability 
and the ability to support audits and comply with 
requirements will be crucial features of AI 
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systems used in a clinical setting. Wachter et al. 
(2021) note that the right to explanation is now 
an important part of AI governance in the 
healthcare sector. Likewise, within the context of 
healthcare, the deployment of ethics-focused AI 
formulation entails the implementation of 
transparency safeguards in order to avoid 
treatment outcome disparity and algorithmic bias 
in the various patient populations, as noted by 
Floridi et al. (2020). 
 
TECHNIQUES AND MODELS USED IN XAI 
FOR HEALTHCARE 
Explainable Artificial Intelligence in healthcare 
involves a range of models and methodologies 

that focus on the interpretability of machine 
learning systems. Their goal is to make machine 
learning predictions that are often beyond 
human comprehension understandable for the 
healthcare workforce. According to Barredo 
Arrieta et al. (2020), most XAI techniques 
include intrinsic interpretable models and post-
hoc explanation techniques. These approaches 
foster the achievement of goals pertaining to 
openness in clinical decision support systems. In 
the realm of healthcare, the focus of these 
initiatives is on the comprehension of AI models 
and their justification of the predictions made in 
order to foster trust and accountability among 
clinicians. 

 
Table 1: AI Model Performance in Healthcare (With and Without XAI) 
System Type Accuracy (%) Precision (%) Interpretability Score (%) 
Traditional AI Model 92.4 90.1 35.6 
AI with Basic Explainability 93.8 91.7 61.2 
Full XAI-Based System 95.6 94.3 88.9 

 
Rule-Based Systems 
As one of the initial interpretable systems 
deployed in AI in healthcare, rule-based systems 
use fixed logical rules from the medical domain 
and expert experience. Because of this, their 
processes are highly transparent. As stated by 
Shortliffe (2021), rule-based clinical systems were 
some of the first decision support systems that 
assisted in making medical diagnoses and 
recommended treatments. On the other hand, 
Miller (2019) says that in systems where 
explainability is crucial, rule-based systems are 
best fit because rule-based explanation is very 
much aligned with human reasoning. Some of 
their major drawbacks are limited scalability and 
failure to address the large and complex medical 
data. 
 
Model-Agnostic Approaches (LIME, SHAP) 
Model-agnostic techniques such as LIME and 
SHAP are popular in healthcare XAI because 
they can be implemented in any machine 
learning model, no matter how opaque its 
internal structure is. They generate post-hoc 
explainability that allows interpretable surfaces 

for black box models without changing their 
structures. LIME, for example, as put forth by 
Ribeiro et al. (2016), builds a locally interpretable 
model to explain a particular instance and helps 
in a case based clinical reasoning model. On the 
other hand, Lundberg and Lee (2017) explain 
that SHAP also provides consistent and 
explanation of prediction with a sound 
theoretical background and distributes prediction 
among features in a given instance. Finally, these 
approaches play an important role in clinch trust 
and usability in clinical decision making systems. 
 
Visualization Techniques for Medical Data 
Visualization techniques help in making the 
outputs of AI more easily comprehensible for 
healthcare professionals. AI output is typically 
numeric. Visualization techniques use graphs to 
display. Several visualization techniques show 
results in: visual imaging heat maps, saliency 
maps of neural networks, and analytic 
dashboards of patient data. Tjoa and Guan 
(2021) note that visual explanations aid cognitive 
interpretability in that clinicians can see the 
patterns that explain the AI outputs. Samek et al. 
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(2021) point out that in radiology and pathology, 
which require an analysis of spatially expressed 
data, visualization XAI techniques work 
particularly well. 
 
BENEFITS OF XAI IN HEALTHCARE 
DECISION SUPPORT SYSTEMS 
Artificial Intelligence offers many benefits to 
healthcare decision support systems, like 
transparency, which in turn builds trust and 
offers better usability, especially with AI systems. 
Many of the current healthcare challenges involve 
the use of diagnosis and treatment suggestion 
systems built on machine learning. This demands 
the use of interpretable systems. Holzinger et al. 
(2020) state that XAI has improved inter-
operation of clinical practitioners and AI systems 
by making prediction outputs lucid and 
verifiable. This interpretability amplifies the 

system's reliability and safe, informed decisions in 
critical, resource-limited medical systems. 
 
Improved Trust and Adoption 
XAI helps increase trust from healthcare workers. 
Clinicians are more likely to adopt AI systems 
when they have useful interpretability 
mechanisms because clinicians will not have to 
rely on black box systems. Explainability helps 
foster trust in AI-aided medical tools, as Tjoa and 
Guan (2021) have mentioned, when the AI-aided 
tools have the ability to justify their decisions in a 
transparent manner. Likewise, interpretable 
models are more likely to gain acceptance in the 
medical field because they are consistent with the 
expectations of accountability and of having 
human control in the healthcare decision 
process. 

 
Table 2: Clinician Trust Level Before and After XAI 
Condition Trust Level (%) Adoption Rate (%) 
Without XAI 42.3 38.5 
With Partial XAI 67.8 62.1 
With Full XAI System 89.4 85.7 

 
Better Clinical Decision Accuracy 
XAI helps healthcare professionals improve the 
precision of clinical decisions by allowing them to 
verify and validate AI-based predictions. 
Predictive models that clearly communicate how 
data and their decisions relate explain the prompt 
in a way that clinical professionals can 
understand and evaluate. Lundberg and Lee 

(2017) propose that when predictive models 
describe the decision-making process in a rational 
way, clinicians can interpret models easily and 
make informed decisions. Furthermore, Caruana 
et al. (2020) show that when predictive models 
describe the decision-making process in a rational 
way, clinicians can interpret models easily and 
make informed decisions. 
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Figure 6.1 Better Clinical Decision Accuracy 

 
Enhanced Accountability 
XAI makes sure that healthcare systems using AI 
are accountable because the decisions AI systems 
make can be traced, explained, and audited. This 
is exceptionally important for clinical settings, 
where AI decisions can be dangerous. For 
example, as presented by Wachter et al. (2021), 
explainability helps organizations comply with 
regulations because organizations can justify the 
automated decisions made. In addition to that, 
Samek et al. (2021) present that with AI systems 
that are explainable, the stakeholders know who 
is to be held responsible, which is helpful to 
ethical governance and makes the system more 
trustworthy. 
 
Reduction in Medical Errors 

An additional advantage of XAI is the ability to 
lower the frequency of medical error. 
Recommendations from AI systems become more 
manageable and reliable, and so become more 
valuable. With clearer reasoning as to how 
systems derive predictions, clinicians will be less 
prone to misinterpret or blindly follow 
potentially misleading predictions. As noted by 
Obermeyer et al. (2023), in healthcare, 
algorithms which work opaquely create outcomes 
that may be prejudiced and/or erroneous. 
Explainable systems work to combat this. 
Moreover, Amann et al. (2020) argue that AI 
systems which operate transparently allow the 
identification of errors in the clinical decision-
making process and contribute to more clinically 
safe workflows. 

 
Table 3: Reduction in Medical Errors Using XAI 
Healthcare Area Error Rate Without XAI (%) Error Rate With XAI (%) Reduction (%) 
Disease Diagnosis 14.8 6.3 57.4 
Radiology Analysis 12.5 5.1 59.2 
Patient Prediction 16.9 7.8 53.9 
ICU Monitoring 11.4 4.6 59.6 
 
CHALLENGES AND LIMITATIONS 
Even with the notable improvements in 
Explainable Artificial Intelligence (XAI), 
including healthcare decision support systems, 

issues remain that present significant difficulties 
for large-scale, practice-based implementation. 
Complexities in medical data, trade-offs in the 
design of balance models, and the absence of 
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standardized methods to assess the explainability 
of a system all contribute to such issues. As stated 
by Barredo Arrieta et al. (2020), healthcare 
systems that employ modern AI and that offer 
explainable systems, remain some of the most 
challenging systems. In order to safely, reliably, 
and trustworthily deploy XAI to real world 
clinical settings, the issues identified representing 
the challenges should be resolved. 
 
Complexity of Medical Data 
Medical data is extremely multi-faceted, which 
makes interpretation difficult for AI. Structured 
data, such as medical records, must be processed 
differently than unstructured data, such as notes. 
There are also imaging data, lab results, and 
genetic data. Rajkomar et al. (2022), cite the 
diversity and volume of medical coding systems as 
a reason for difficulty in creating interpretable 
system models for healthcare. Obermeyer et al. 
(2023), further cite the absence of a unified 
coding system, and medical data noise as further 
obfuscating the interpretability of many 
Explainable AI systems. 
 
Trade-off Between Accuracy and 
Interpretability 
A key challenge in XAI is examining the balance 
of model accuracy as opposed to its 
interpretability. More complex models, like deep 
learning, can perform better in terms of 
predictions but are less transparent, while their 
simpler counterparts are of course more 
interpretable, but come at the cost of accuracy. As 
discussed by Rudin (2019), there can be cases 
where the post-hoc explanations, that are 
provided to us, by black-box models do not make 
the actual processes and reasoning of these 
models fully transparent, and can make the 
assumption and reasoning take more of a guess as 
opposed to an interpretation. Caruana et al 
(2020) have the same line of reasoning in which 
interpretable models can and should be utilized 
in order to better guarantee the trustworthiness 
and safety of the model, while sacrificing accuracy 
as little as possible, in order to promote clinical 
safety. 

Data Privacy and Security Concerns 
Application of XAI in healthcare systems poses 
data privacy and security threat, as healthcare 
data comprises sensitive data of patients. KCDL 
Inc. is developing healthcare systems with the 
assistance of XAI. AI systems integrated with 
healthcare data systems of larger databases poses a 
threat of data infringement, and of personal 
healthcare data being misappropriated. Esteva et 
al. (2021) stated that when developing AI-based 
clinical systems, the data protection laws such as 
HIPAA and GDPR must be upheld. 
Furthermore, Tjoa and Guan (2021) stated that 
XAI and its explainability techniques may 
inadvertently compromise sensitive data and thus 
privacy risks are created, which must be 
addressed. 
 
Lack of Standardization in XAI Methods 
Almost all of the same challenges that exist for 
the implementation of XAI on a broader level are 
also present in healthcare. XAI techniques on 
their own do not guarantee valid results, and 
typically, different explainability techniques will 
not generate comparable results. Amann et al. 
(2020) observe that the absence of shared criteria 
for the evaluation of explainability stymies the 
advancement of cohesive systems of XAI. 
Moreover, the integration of XAI into the legal 
and clinical workflows will be difficult without 
standardization (Holzinger et al. 2020), and 
therefore, the integration of XAI into healthcare 
systems will be limited. 
 
CASE STUDIES AND APPLICATIONS 
Transparency, interpretability, and clinical 
reliability are crucial for the acceptance of AI in 
healthcare systems. With the introduction of 
XAI, the all-important reliability aspect is being 
satisfied. XAI is increasingly being integrated 
wherever support systems for clinical decision-
making are being developed. In the case of 
medical imaging, predictive analytics, and 
decision support systems that are intended for 
use at the hospital level, XAI is being integrated 
more and more. 
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Table 5: Patient Outcome Improvement Using XAI 
Metric Before XAI (%) After XAI (%) 
Treatment Success Rate 71.5 88.2 
Readmission Rate 18.9 9.6 
Early Diagnosis Rate 64.3 86.7 
 
XAI in Disease Diagnosis Systems 
Explainable AI (XAI) assists in the design of 
disease diagnosis tools by enabling clinicians to 
understand the reasoning of AI systems when a 
diagnosis is suggested. In the case of medical 
diagnosis, where explainable systems are 

preferred, early detection of a condition and 
accuracy of the diagnosis are vital, thus these 
systems will show clinicians the principal 
symptoms, biomarkers, and risk factors that the 
system has taken into account. 

 

 
Figure 8.1 XAI in Disease Diagnosis Systems 

 
XAI in Radiology and Medical Imaging 
XAI is utilized in radiology and medical imaging 
to make sense of more complicated models that 
deep learning uses to perform tasks like finding 
tumors and segmenting organs and identifying 
anomalies. Techniques based on explainability 
and visualization, saliency maps, and heatmaps 
elucidate, and thus arm radiologists with, which  

 
areas in the image affect a model prediction. 
Visual explanations elevate the interpretability of 
the neural nets of the convolution variety 
employed in medical imaging more than the 
traditional methods. Explainable imaging 
frameworks do enhance the accuracy of diagnosis 
and provide support to clinicians verifying the AI 
results per Esteva et al. 
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Figure 8.2 XAI in Radiology and Medical Imaging 

 
XAI in Predictive Analytics for Patient 
Outcomes 
XAI is more and more utilized within predictive 
analytics to assess outcomes for patients and 
predict things such as the advancement of their 
illnesses, the risk of them being readmitted, and 
the likelihood of their death. These systems use 
massive quantities of data stored in electronic 
health records, and combine them with machine 
learning to find and recognize data patterns that 
may not be observable to health care 
professionals. Obermeyer et al. (2023) argue that 
predictive health care algorithms designed fairly 
and transparently improve health care and the 
allocation of their resources. Also, Caruana et al. 
(2020) say their predictive models are 
interpretable. Health care professionals are then 
able to determine the predictive factors of health 

in order to improve their strategy of planning 
and intervening the treatment. 
 
Real-World Hospital Implementations 
There is already evidence from multiple 
implementations in real-world hospital scenarios 
that shows integrating XAI in clinical decision 
support systems is beneficial. Healthcare services 
are using more explainable models because they 
build trust and support compliance with 
regulations. Tjoa and Guan (2021) state that XAI 
systems build clinician acceptance in real-world 
deployments as they offer reasoning in a 
transparent way for AI-based suggestions. Also, 
Amann et al. (2020) say that explainable AI 
systems in hospitals lead to improved 
collaboration between clinical staff and AI 
systems, and more dependable and responsible 
healthcare is the end result. 
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Figure 8.3 Real-World Hospital Implementations 

 
FUTURE DIRECTIONS 
The coming years will see further integration of 
deep learning with explanations, more 
interpretability of clinical data systems, and more 
human-centered AI design in healthcare. Digitally 
transformed healthcare systems produce 
overwhelming data, and articulated, aligned AI 
systems become necessary. Topol (2020) notes the 
next generation of healthcare AI will focus on the 
ability to explain and justify AI decisions in real 
time. This will promote safer clinical apps, and 
user acceptance will grow. 
 
Advancements in Interpretable Deep Learning 
Interpretable deep learning has become 
important for examining neural networks to 
improve their transparency. Deep learning 
systems provide great accuracy but obtain low 
interpretability. Therefore, these systems can’t be 
used for clinical decision-making. Rudin (2019) 
states that in the future, AI systems should 
consider interpretable architectures post-hoc 
explanations. Also, Holzinger et al. (2020) state 
that the future expansion of attention 
mechanisms, hybrid models, and neuro-symbolic 
AI will predominantly determine how 
transparent deep learning systems will be in the 
field of healthcare. 

 
Integration with Electronic Health Records 
(EHRs) 
Combining XAI with EHRs will advance 
dynamic healthcare systems. EHRs have detailed 
patient data from their entire medical history, 
such as their past and present diagnoses, 
prescribed medications, laboratory results, and 
clinical notes. Accordingly, Rajkomar et al. 
(2022) state that EHRs and machine learning 
models will drive large-scale healthcare predictive 
analytics. Additionally, Amann et al. (2020) state 
that XAI and EHR systems’ interoperability will 
promote interpretability and clinicians’ trust and 
will enable clinicians to analyze the rationale of 
AI predictions at the patient data level. 
 
Human-AI Collaboration Models 
AI is expected to operate as a smart assistant in 
partnership with clinicians, as opposed to taking 
on full control of tasks. Healthcare systems of the 
future will likely adopt a more collaborative 
approach involving clinicians working in 
partnership with AI systems to strengthen 
diagnostic and treatment design. In the words of 
Sinha and Swaminathan (2022), decision-making 
will be improved with the fusion of 
computational speed and clinical judgment.  
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Figure 9.1 Human-AI Collaboration Models 

 
Policy and Regulatory Development 
The future implementation of XAI in healthcare 
will depend on the development of certain 
policies and regulations. The need for 
transparency, equity, and responsibility in AI 
medical systems is being recognized by more 
governments and healthcare authorities. 
Automated decision-making systems, especially 
those used in healthcare, will have regulations 
concerning explainability (Wachter et al., 2021). 
Ethical governance frameworks enable the 
responsible deployment of AI systems (Floridi et 
al., 2020). With such governance frameworks, 
bias is reduced, and equitable healthcare is 
achieved for a broad range of patients. 
 
CONCLUSION 
XAI is a significant advancement in healthcare 
decision support systems. Traditional AI models 
have a primary limitation of making undisclosed 
decisions. Healthcare's increased use of AI 
models for diagnosis and treatment necessitates a 
system that provides valid results with reasonable 
justification. XAI is important for filling the 
widening chasm that exists between elaborate AI 
model reasoning and the clinical reasoning that is 
necessary for more cautious application of 
validated AI models to the practice of medicine. 

 
Summary of Findings 
The study states that even though AI systems 
improve the productivity and precision of 
healthcare diagnostics, the ambiguous nature of 
these systems limits their use. Explainable AI 
auto-designs algorithms and incorporates rule-
based interpretations, and visualization tools. 
Automated use of these design approaches will 
help simplify the overwhelming the complex 
outputs of a model. These tools enhance the 
capacity of the healthcare professional to assess 
and critique the recommendations provided by 
the AI, thus leading to well-informed and more 
certain clinical decisions when the AI systems are 
put into practice. 
 
Key Contributions of XAI in Healthcare 
XAI fosters transparency, trust, and 
accountability in healthcare systems. XAI allows 
clinicians to comprehend the reasoning behind 
specific predictions or suggestions. This enhances 
the quality of the decisions and the level of 
confidence. Because of this, decision-making is 
also deterministic. XAI aids interpretable AI 
systems. This also streamlines clinical workflow 
and augments partnerships between staff and AI, 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | Fatima, 2026 | Page 3602 

as well as ensures AI systems are ethically 
integrated. 
 
Final Remarks on Trust and Transparency 
Definitely, the integration of AI within 
healthcare creates challenges regarding trust, 
particularly the transparency of the AI systems. 
Medical professionals are often slow to adopt 
advanced technologies, due in great part to their 
concerns over the safety and reliability of the 
technology. AI with explainability is the answer 
to this challenge. The main goal of explainable AI 
is maximizing assurance and trust, while keeping 
a patient-focused approach. 
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