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Abstract:

Background: Artificial intelligence (Al)-based medical devices and digital health technologies, including
medical sensors, wearable health trackers, telemedicine, mobile health (mHealth), large language models
(LLMs), and digital care twins (DCTs), significantly influence the process of clinical decision support
systems (CDSS) in healthcare and medical applications. However, given the complexity of medical
decisions, it is crucial that results generated by Al tools not only be correct but also carefully evaluated,
understandable, and explainable to end-users, especially clinicians. The lack of interpretability in
communicating Al clinical decisions can lead to mistrust among decision-makers and a reluctance to use
these technologies.

Objective: This paper systematically reviews the processes and challenges associated with interpretable
machine learning (IML) and explainable artificial intelligence (XAI) within the healthcare and medical
domains. Its main goals are to examine the processes of IML and XAl, their related methods, applications,
and the implementation challenges they pose in digital health interventions (DHIs), particularly from a
quality control perspective, to help understand and improve communication between Al systems and
clinicians. The IML process is categorized into pre-processing interpretability, interpretable modeling, and
post-processing interpretability. This paper aims to foster a comprehensive understanding of the significance
of a robust interpretability approach in clinical decision support systems (CDSS) by reviewing related
experimental results. The goal is to provide future researchers with insights for creating clinicianAl tools
that are more communicable in healthcare decision support systems and offer a deeper understanding of
their challenges.

Methods: Our research questions, eligibility criteria, and primary goals were proved using the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guideline and the PICO
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(population, intervention, control, and outcomes) method. We systematically searched PubMed, Scopus,
and Web of Science databases using sensitive and specific search strings. Subsequently, duplicate papers

were removed using EndNote and Covidence. A two-phase selection process was then carried out on
Covidence, starting with screening by title and abstract, followed by a full-text appraisal. The Meta Quality
Appraisal Tool (MetaQAT) was used to assess the quality and risk of bias. Finally, a standardized data
extraction tool was employed for reliable data mining.

Results: The searches yielded 2,241 records, from which 555 duplicate papers were removed. During the
title and abstract screening step, 958 papers were excluded, and the full-text review step excluded 482
studies. Subsequently, in quality and risk of bias assessment, 172 papers were removed. 74 publications
were selected for data extraction, which formed 10 insightful reviews and 64 related experimental studies.

Conclusion: The paper provides general definitions of explainable artificial intelligence (XAI) in the
medical domain and introduces a framework for interpretability in clinical decision support systems
structured across three levels. It explores XAl-related health applications within each tier of this framework,
underpinned by a review of related experimental findings. Furthermore, the paper engages in a detailed
discussion of quality assessment tools for evaluating XAl in intelligent health systems. It also presents a
step-by-step roadmap for implementing XAl in clinical settings. To direct future research toward bridging
current gaps, the paper examines the importance of XAl models from various angles and acknowledges
their limitations.

Keywords: Interpretable ML, explainable Al, responsible Al, Al-based medical devices, wearable medical
devices, unstructured data, medical large language models, clinician-Al-collaboration.

1. Introduction

Nowadays, artificial intelligence (AI) is deeply integrated into our lives, aiding various sectors
in addressing complex challenges and revolutionizing traditional decision-making methods [1].
Machine learning (ML) and AI models can be found in many aspects of our daily lives, such as in
cars for navigation and in smartwatches to track health [2], in smartphones to recognize our voices,
in clinics to predict diseases [3], in hospitals to help physicians for surgery [4], in medicine for
drug discovery [5], etc. Furthermore, various industries are exploring the implementation of Al
solutions into their processes, given their substantial efficiency compared to traditional methods
[6]. In healthcare and medicine, particularly in clinical decision support systems, the application
of Al techniques is consistently evolving and progressing. Accurate predictions in an intelligent
health system require vast amounts of data, and most electronic medical records (EMR) are
multidimensional and extraordinarily complex [7]. Moreover, since classical machine learning
algorithms, such as random forest (RF), decision tree (DT), and linear regression (LR), are less
precise compared to deep neural networks (DNN) in extracting hidden patterns from clinical data,
a complex DNN must be applied [8]. However, as the number of layers, features, and
hyperparameters in these predictive models increases, the operation of these Al tools becomes
progressively more difficult to understand. [9].

The training process in DNN methods is highly sophisticated due to regularization,
hyperparameter tuning, and loss functions. Therefore, an output from DNN algorithms is more
complex to understand and trust compared to outputs from classical ML methods like RF, DT, and
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KNN [10]. According to these results, there is a significant challenge for decision-makers and
caregivers: the Black-Box model [11]. Basic ML models are clearer to interpret. In this context,
interpretation refers to the ability to provide an easy-to-understand explanation aimed at enhancing
clinician-Al communication within the clinical decision support system (CDSS) [12]. Simpler ML
models are considered White-Box models, which do not require added parameters or functions to
yield transparent results. Additionally, there exists a concept that falls between the Black-Box and
White-Box models, known as the Gray-Box models. These methods can be easily explained if they
are well-designed [13]. The following paragraphs will describe the challenges faced by black-box
models in healthcare systems.

1.1.The general concept of interpretability in healthcare

Al is an innovative technology that offers many benefits for decision-makers in real-world
applications. However, modern Al systems face challenges in providing easily understandable
explanations for their decisions due to the complexity of their algorithms. This opacity can lead to
mistrust among end-users, especially in critical fields such as healthcare and medicine [14]. To
address the Black-Box issue, developers must prioritize interpretability over accuracy and
performance. This priority has led to the rise of Interpretable Machine Learning (IML) and
Explainable Artificial Intelligence (XAI) in recent years. Interpreting a machine learning model
involves understanding its predictions and the decision-making process for patients, clinicians, and
developers. Interpretability is crucial in many contexts, whether it be for meeting legal
requirements, preventing biased decisions, or boosting user confidence [15]. Interpretability offers
several advantages, including (1) helping users to find clear patterns in ML models; (2) enabling
users to understand the reasons behind inaccurate predictions; (3) building trust among end-users
in model predictions; (4) empowering users to detect bias in ML models; and (5) providing an
added safety measure against overfitting. In most cases, ML and DL methods function as BlackBox
models, where users are unaware of the internal workings, how features are selected, and how
predictions are made. This lack of transparency often leads to doubts and raises fundamental
questions about the reliability of the models for decision-makers in health systems. Figure 1
illustrates frequent questions and concerns about the Al decision-making process.

XAI has many applications across healthcare and medicine. Currently, interpretability is the
primary focus in the medical domain to provide easy-to-understand results for patients and
caregivers and to enhance their trust in specific applications, such as drug discovery [16], thyroid
[17], parental stress [18], wearable health trackers and biosensors [19], and respiratory disease
[20]. The Black-Box issue in Al arises when a system faces challenges in providing a clear
explanation for how the model arrived at a decision. The terms Black-Box, Gray-Box, and
WhiteBox describe distinct levels of transparency about the inner workings of machine learning
algorithms. The fundamentals of explainability are closely related to interpretability; methods are
considered explainable if humans can understand how they work and make decisions.



When does the
model do well? And
when fail? Which
feature did the
model choose and
why?

Figure 1. lllustration of common concerns about Al in Healthcare, such as the circumstances of the model’s success or

failure, the reasons for feature selection, and the overall trustworthiness of the model’s outputs.

1.2.The Importance of transparency in healthcare

Transparency and explainability are essential for Al implementation in healthcare settings, as
inaccurate decision-making, such as disease predictions, could lead to serious challenges [11].
Caregivers and decision-makers in health systems are overly concerned about the Black-Box
nature of Al tools. The approach involves creating ML models with a balanced trade-off between
interpretability and accuracy, which is achieved by either (a) designing white-box or gray-box
models that are inherently interpretable [21] while maintaining high accuracy, or (b) enhancing
Black-Box models with a basic level of interpretability when White-Box or Gray-Box models
cannot achieve an acceptable level of accuracy. While some researchers believe explaining
BlackBox models can be beneficial, it is preferable to create interpretable models from the
beginning of the development process [21]. Relying on explaining Black-Box tools, rather than
inherently designing interpretable models, might lead to severe outcomes for patients in clinical
settings. The interpretability method goes beyond simple predictions; it provides the extra
information to understand how the Al clinical decision support system works. This is especially
useful for endusers such as developers and clinicians [ 10]. Explainability, on the other hand, offers
the end-user an understanding of the clinical decision-making process, which helps set up trust that
Al tools are making exact and unbiased decisions based on information [1].

In other words, White-Box models are designed for interpretability, making their outcomes
easier to understand but may result in slightly lower accuracy. They are preferred for applications
where interpretability and transparency are critical, such as in medical diagnoses [14]. On the other
hand, Black-Box models, while more correct, are less interpretable. They are preferred for tasks
where achieving the highest level of predictive accuracy is the primary goal and interpretability is
less critical, such as in image recognition for criminal issues. Gray-Box models provide a balance,
offering a good trade-off between interpretability and accuracy. They can be suitable for a wide
range of applications, providing a middle ground between white and black-box models [22]. Figure
2 shows the difference between these models.
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Figure 2. A Comparison of a) White-Box, b) Gray-Box, and c¢) Black-Box models: illustrates the trade-offs between different
types of machine learning models: a) White-Box models are fully transparent and understandable, garnering user trust
despite potentially lower accuracy, b) Gray-Box models provide a balance with some explainability and moderate
complexity, though end-users still seek further clarity, and c) Black-Box models offer high accuracy but lack
transparency, leading to end-user confusion about decision-making processes.

1.3. Balancing accuracy and interpretability in healthcare systems

In healthcare and medicine, researchers strive to find the right models, while clinicians seek
easy-to-understand and interpret models. However, prioritizing achieving the highest accuracy can
result in more complex and harder-to-interpret models. Recognizing this balance is crucial for
effective healthcare decision-making, especially in areas like predictive analytics for chronic
diseases, as Al becomes increasingly prevalent in the medical domain. In some experiments,
combining interpretable models can offer more explainable insights; however, some level of
interpretability may be sacrificed to achieve maximum accuracy. For instance, while DTs (Decision
Tree) are inherently interpretable, when they are used repeatedly and combined in a model like RF,
they become difficult to understand. This underscores that sophisticated models like DNN may
compromise interpretability for greater accuracy. In this context, explainability becomes more
critical because it aids in understanding complex Black-Box systems [22]. For instance, deep
learning techniques like CNN (Convolutional neural networks) are less interpretable than RF, and
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classical ML methods like DT are more explainable than RF. While classical ML models like LR
have fewer functions, making them easier to understand, the model becomes highly complicated
as the number of parameters increases. [23]. Defining a clear boundary between Black-Box, Gray-
Box, and White-Box models is challenging.

It is significant to highlight that some authors note there is no scientific evidence supporting a
general balance between accuracy and interpretability [23]. While most ML models, in their pursuit
of achieving the highest accuracy, tend to sacrifice interpretability, designing for precise
interpretability from the pre-processing stage can lead to a significant trade-off between
interpretability and performance. Additionally, given the critical importance of healthcare decision
support systems and their potentially life-changing impacts on individuals, it is essential to
implement an interpretable system throughout the entire process of intelligent health systems, from
data collection to decision-making. Explanations are vital for understanding the entire process,
enhancing trust between end-users and the system, improving interaction and communication
between clinicians and Al aiding the decision support system in learning and updating over time,
and easing comparisons between different ML models [23]. The importance of IML and XAI
implementation in healthcare and medicine has been increasingly highlighted by researchers in
recent years [24], [16]. This study offers a comprehensive overview of the significance of the
interpretability process in clinical decision support systems, encompassing pre-processing
interpretability, interpretable modeling, and post-processing interpretability. Explainability
transcends academic interest; it will become a crucial aspect of future Al applications in healthcare
and medicine, affecting the daily lives of millions of caregivers and patients.

1.4.Role of explainability in digital health interventions (DHIs)

XAl tools aim to make intelligent health systems more communicable and transparent to digital
health interventions (DHIs), including patients, their families, healthcare professionals, health
system managers, and data services, following WHO (World Health Organization) guidelines [25].
Automated clinical decision-making and problem-solving systems may understand complex
structures in medical multidimensional data but suffer from explaining hidden patterns in
BlackBox models. This demonstrates that Al brings creative solutions and also presents critical
challenges such as security, privacy, inclusion and diversity, and transparency simultaneously [26].
Figure 3 highlights benefits by opening a window to implementing XAl in the DHIs domain.

The classification of DHIs should be used in implementing intelligent health systems to address
health needs, such as interpretable decisions, thereby enhancing clinician Al communication. This
framework offers an overview of needs and challenges to aid decision-makers in emphasizing the
significance of explainability and interpretability for eHealth outcomes [10]. This classification of
DHIs also describes methods suitable for various health systems, such as electronic health records
(EHR), telemedicine platforms, and clinical decision support systems (CDSS). According to WHO
guidelines aimed at enhancing high communicability in the interpretability process of Al, it is
crucial to consider all these DHIs (digital health interventions) categories in medical digital
solutions as transmission and communication systems between targeted and untargeted clients.
Additionally, they serve as decision support, consulting, and communication systems between
healthcare providers [27].



Patients: User friendly and easy-to-understand, increase trust, and
communication with caregivers.

Healthcare Providers: Clinical decision support, time management,
clear explanation, reliable results, and enhance clinicianrAl
communication.

Health system managers: Efficient approaches, improve quality of care,
and cost savings in care delivery.

Data services: Integrate usability, develop products and services, and
design inherent interpretable models.

Figure 3. Role of XAl in digital health interventions: presents the benefits of XAl across different stakeholders in digital
health: improving patient trust, aiding healthcare providers in decision-making, enhancing system efficiency for
managers, and fostering product development in data services.

1.5.Current approaches of interpretability in health application

There are two main explanations for ML decisions: inherent explainability and post-processing
explainability approaches. Inherent explainability refers to the connections between
straightforward and easily understandable input data and the model’s outputs. Models like DT or
LR exemplify this approach. However, even simple, easy-to-understand models can be limited by
hidden factors that are not at once recognized. Studies in human-computer interaction have
revealed that excessive transparency can hinder users’ ability to name and rectify significant model
errors. This may occur because users become overwhelmed with information. This phenomenon
holds true even for intentionally designed models to be clear and easily explainable. Furthermore,
more research has proved that even data scientists can sometimes overly rely on interpretability
tools, leading to difficulties in accurately describing visualizations generated by these tools. Thus,
while interpretability is crucial for understanding and trusting machine learning models, achieving
the right balance of transparency without overwhelming users is still a significant challenge [28].

Unlike inherently explainable models, many modern Al applications involve data and models
that are too complex and multidimensional to be easily understood through a simple relationship
between inputs and outputs. Examples of such complex models include those designed for tasks
like image analysis, text processing, and sound recognition. In these cases, the focus has shifted
towards elucidating the model’s decision-making process, a practice known as explainability.
While popular in medical imaging as a post-hoc explainable tool, saliency maps have limitations.

They may highlight areas holding a mixture of useful and less useful information. Moreover, they
do not offer precise insight into what aspects the model considers important for diagnosis. For
example, it is still unclear whether the model’s decision is guided by a specific anomaly, shape, or
technical detail [29].



Explainability methods in machine learning often face an interpretability gap because they rely
on humans to figure out the meaning of a given explanation. However, humans tend to give a
positive interpretation, assuming the feature they find important is the one the model used. This
tendency is a well-known cognitive error called confirmation bias. Computer scientist Cynthia
Rudin succinctly captures this issue by advocating for a shift away from explaining Black-Box ML
models for high-stakes decisions and promoting the use of interpretable models. This approach
aims to reduce the reliance on human interpretation and mitigate the potential biases introduced by
confirmation bias. By employing inherently interpretable models, such as DT or LR, stakeholders
can have more confidence in understanding and trusting the decision-making process without the
need for complex explanations [21].

In addition to heat maps, various other methods have been developed to explain complex
medical data. These include techniques like feature visualization. Feature visualization involves
creating synthetic inputs that strongly activate specific parts of a machine learning model. This
enables each model decision to be understood as a combination of features detected in the input.
However, a limitation of this approach is that synthetic inputs often do not directly correspond to
easily interpretable human features. Therefore, they face similar interpretability concerns as heat
maps. For instance, if a synthetic input resembles a feature that a human would use to plan (such
as a fur-like texture in a dog-detecting AI model), a human still needs to figure out if this implies
the model made a good decision. In other words, while feature visualization provides insights into
how the model works, the interpretation of these synthetic inputs is still subjective and requires
careful consideration to ensure meaningful insights [30]. Similar concerns apply to other
wellknown current explanation methods like locally interpretable model-agnostic explanations
(LIME) and Shapley values (SHAP). LIME focuses on understanding individual-level decisions
by slightly changing the input example and finding which alterations are most likely to affect the
decision. Image analysis involves occluding parts of the image, resulting in a heat map that
describes the crucial components of the decision. However, these explanations face similar
interpretability challenges as saliency mapping. Both LIME and SHAP are versatile and used
across diverse types of healthcare data, including structured data from electronic health records
and electroencephalogram waveform data [31] [32]. 1.6. Motivations and aims of this review

In recent years, scholars in healthcare and medicine have investigated the role of XAl and IML
in real-world medical applications, such as disease diagnosis. However, most existing reviews and
surveys in this field primarily focus on comparing the differences between various XAl methods
[24], exploring the benefits of White-Box models [33], talking about reasons for avoiding
BlackBox models [34], as well as looking at related guidelines in health systems [26]. Some
reviews highlighted the role of XAI in specific health applications such as oncology [35], heart
disease [36], and drug discovery [16]. Appendix 4 summarizes important surveys on and XAl in
healthcare and medicine. In healthcare and medicine, it is crucial to interpret and understand Al
models throughout the entire process of clinical decision support systems, including the pre-
processing, processing, and post-processing stages. However, based on our current knowledge,
there has been no review that has thoroughly examined the implementation of XAI and IML from
the preprocessing stage. Most existing studies have primarily focused on explaining models and
their outcomes. Additionally, it is essential to use relevant explanation tools during the pre-
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processing phase before delving into the selection of White-Box or Gray-Box models or trying to
understand Black-Box models in predictive analysis and decision-making for patients. These tools
can provide insights into the distribution, quality, and relationships within the data, aiding in
identifying potential issues or biases that may affect model performance. By understanding the
data landscape upfront, healthcare professionals can make more informed decisions about model
selection and interpretation, improving the reliability and effectiveness of Al-driven healthcare
solutions.

In the context of explainability in Al researchers face a significant challenge: explanations often
lack performance guarantees. Their performance is seldom assessed rigorously, and when tested,
it often relies on heuristic measures rather than directly considering the human perspective. This
poses a problem because explanations only approximate the model’s decision process and may not
fully represent how the underlying model behaves. Using post-processing explainable Al tools to
evaluate model decisions introduces an added potential source of error. The explanation generated
can be correct or incorrect, just like the model. Given these challenges, researchers must consider
whether to favor the full, complex model, which may be beyond human understanding but has
high, validated performance, or opt for an explanation mechanism that could lead to reduced and
unvalidated accuracy. Explainability methods, while not useless, do have limitations. They can
sometimes confuse or mislead when understanding complex Al behavior. When they describe how
a model behaves, they cannot always justify its decisions. This gap causes relying on intuition,
which can introduce biases. Over-reliance on explanations can lead to less careful oversight of Al
systems. Detecting and preventing algorithm biases is crucial, but current research efforts fall short.
Instead of using explanations for every prediction, it is better to view them as offering all views of
how a model works. For example, if heat maps consistently show a diagnostic model focusing on
irrelevant areas, it may signal a problem with the test data. As an illustration, in the case of a skin
cancer detection model, heat maps revealed that it was paying more attention to surgical markings
than the actual skin lesions, highlighting potential issues with the model's training or data quality
[37].

Explanations have also helped discover new insights in fields like ophthalmology and
radiography. The collective behavior of explanations offers valuable insights, rather than
depending solely on one for a specific prediction [38]. Explanations alone may not give all the
answers, but that does not imply blind trust in Al predictions. It is imperative to meticulously
confirm Al systems for safety and effectiveness, akin to the evaluation process for drugs and
medical devices. Employing rigorous evaluations, particularly through randomized controlled
trials, is crucial. Moreover, in cases like investigating racial bias in Al, transparency alone may not
suffice. A comprehensive analysis of inputs, outputs, and outcomes is necessary to uncover any
biases. Explanations can serve as a valuable tool for analysis, especially for developers, auditors,
and regulators of Al systems. They are not solely for end users or subjects of Al. This paper
presents a systematic review of the processes of IML and XAI and their application in clinical
domains. Additionally, it provides details on XAI applications in digital health technologies such
as medical sensors, wearable health trackers, and large clinical language models. We also propose
a step-by-step implementation roadmap and discuss key challenges and future directions for
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implementing IML in intelligent health systems. The primary goals of this paper are to review the
process of IML and XAl related methods, applications, and their implementation challenges in the
context of healthcare and medicine, particularly in CDSS. The interpretability process is classified
into pre-processing interpretability, interpretable modeling, and postprocessing interpretability.
Significantly, the paper explores the role of IML in healthcare and medical issues, emphasizing its
necessity in digital health solutions. The paper aims to comprehensively understand the importance
of interpretability in health decision-making systems by reviewing related experimental results.
The goal is to provide future researchers with insights for the more reliable implementation of Al
tools in healthcare and a deeper understanding of the challenges they might face. To our knowledge,
this paper presents the first systematic review of the entire process of interpretability and
explainability in intelligent health systems, accompanied by a step-by-step evaluation and
implementation roadmap. For this reason, we have named 5 research questions using the PICO
framework [39], [40]:

1. Which levels of interpretability have been applied in health applications?

2. Which healthcare applications have used interpretable Al tools?

3. What are the current approaches to interpretability in health applications?

4. How can we implement and evaluate robust interpretable Al for specific end-users?
5

What are the potential future trends and key challenges in the medical domain using
explainable AI?

The structure of the paper is shown in Figure 4.

2. Systematic review method

The recommended reporting elements for systematic reviews and meta-analyses (PRISMA)
criteria were followed in conducting the current systemic review [39, 40]. The search technique,
selection standards, and data extraction were all included in the review protocol. The following
subsection explains this part:

2.1.Search strategy and selection criteria

As the field of digital health and remote care monitoring in the clinical decision support systems
setting continues to evolve, researchers have aimed to track its advancements by conducting
various surveys and experimental results, our effort is to stay updated on this progress.
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Figure 4. Structure of the paper.

In this systematic review, we tried to search for IML and XAl tools and follow their three steps
process that propose solutions for improving transparency, trust, explainability, and interpretability
for IoT-based sensors, wearables, telemedicine, mHealth, medical LLMs, and digital care twins.
For this reason, it was started by applying rapid synthesis of evidence with data mining via a few
keywords in PubMed, Scopus, and Web of Science databases such as “Explainable Al,”
“Interpretable ML,” “Wearables,” and “Telehealth.” This exercise served as a preliminary measure
of exploring research activities in the field of interest, guiding a more targeted search by showing
arbitrary review boundaries within the study time and practical constraints. Therefore, we derived
nine conceptual frameworks to guide structured searching for studies on “Interpretable Remote
Health Monitoring in intelligent health system”: Internet of medical things, telehealth, clinical
decision support system, remote care, sensors, wearable medical devices, medical LLMs, digital
care twins, explainable Al, and interpretable ML. Conducted in PubMed, Scopus, and Web of
Science, we designed search strings for each conceptual framework based on title/abstract and
specific term. The final Boolean search strings for this study were conducted on 16 June 2023.
Following the data mining of evidence, by using the PRISMA guideline and PICO method

As digital health and remote care monitoring in the clinical domain evolves, researchers have
aimed to track its advancements by conducting surveys and experimental studies. In this systematic
review, we tried to search for IML and XAI tools and follow their three-step process to propose
solutions for improving transparency, trust, explainability, and interpretability in IoT-based
sensors, wearables, telemedicine, mHealth, medical Large Language Models (LLMs), and digital
care twins. To start this review, we began by applying rapid synthesis of evidence with data mining
via a few keywords in PubMed, Scopus, and Web of Science databases, such as “Explainable Al,”
“Interpretable ML,” “Wearables,” and “Telehealth.” This preliminary measure served as an
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exploration of research activities in the field, guiding a more targeted search within the time and
practical constraints of this study. Subsequently, we derived nine conceptual frameworks to guide
structured searching for studies on “Interpretable Remote Health Monitoring in intelligent health
systems”: Internet of medical things, telehealth, clinical decision support system, remote care,
sensors, wearable medical devices, medical LLMs, digital care twins, explainable Al, and
interpretable ML. These frameworks aided in designing search strings for each conceptual
framework based on title/abstract and specific terms. The final Boolean search strings for this study
were conducted on June 16, 2023. Following the data mining of evidence, we used the PRISMA
guideline and PICO method for analysis and synthesis [39], [40], We proved criteria to define the
focus and boundaries of this systematic review. The selection eligibility criteria are summarized in

Appendix 2. Selections were conducted by independent reviewers. All titles and abstracts of
included studies were imported into the reference manager Endnote21 to remove duplicates and
then imported into Covidence. Reviewers initially excluded irrelevant studies based on title and
abstract. If there was any doubt about exclusion, studies were accepted for full-text screening. Any
discrepancies between reviewers were resolved through consensus.

2.2.Quality appraisal, risk of bias assessment and search for grey literature

After full-text reviewing, the MetaQAT tool was employed for quality and risk of bias
assessment. This tool functions as a meta-tool for evaluating public health evidence, aiding users
in correctly applying various critical appraisal tools. It provides a larger framework for guidance
and is specifically designed for public health evidence [41]. In this phase, all studies with a
substantial risk of bias were excluded. This approach was adopted as a measure of good practice
to ensure that only studies with robust methodological quality were included, thus avoiding
potentially misleading readers about the reliability of the included studies. Figure 5 shows the
process of this critical appraisal framework. Gray literature was considered not applicable to this
study, which aimed to systematically review research activities to achieve a broad perspective on
the evidence in this field. Following the screening of titles and abstracts, full-text reviewing, and
assessment of the risk of bias and quality, all details of the final included studies and the results of
the selected papers were extracted into a standardized data mining template in Microsoft Excel,

keeping a structured format.
AN AN AN
Reliability ‘ ; ‘ Validity ‘ ; ‘ Applicability ‘

Figure 5. Appraisal framework of MetaQAT tool: each symbolizes a critical assessment phase in the tool’s method.

Relevancy

2.3.Data analysis and search results

The PRISMA 2020 flowchart for the selection process and systematic mapping of all included
studies, based on standardized data extraction tools, was constructed in Covidence. Data were
analyzed and narratively summarized using descriptive statistics in tables or graphs for each study
aim [39], [40]. The structured searching via search strings based on conceptual frameworks yielded
658 studies in PubMed, 1001 articles in Scopus, and 582 publications in Web of Science. The final
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Boolean search operation revealed 2241 studies imported into Covidence. From these 2241 studies,
555 duplications were found. However, 958 studies were removed during the first selection stage
via title and abstract. Subsequently, 482 studies were excluded following the second stage selection
by full-text reviewing. Further, 172 papers were removed following the third step by critical
appraisal and risk of bias assessment. 74 papers, including 10 related review papers and 64
experimental results publications, were selected. Figure 6 summarizes the PRISMA 2020 flow
diagram for the final 74 studies for data extraction, including 10 existing reviews and 64 research
papers. 2.4.Data mapping of included studies

The standardized data extraction tool was employed to map data from all 74 studies included in
this systematic review. This helped a comprehensive examination of all eligibility criteria outlined
in the study. Appendix 4 and Appendix 5 present the results of this data mapping process; Appendix
4 delineates reviews, and Appendix 5 describes the experimental studies. The two authors
meticulously examined the selected papers, with the investigation primarily focusing on the main
approaches used during the process of interpretability in intelligent health systems. The
explainability of the outcomes of the reviewed papers is verifiable, as most of these papers have
been published in top-ranked journals and conferences. Furthermore, many reviewed papers on
explainable Al and interpretable ML tools have already been used in practice, proving their
capabilities.

2.5.Related surveys on explainable Al in healthcare and medicine

Although the number of studies on XAI for real-world health applications is rapidly increasing
(as shown in Appendix 4), there is still a gap between comprehensive surveys of the entire process
of interpretability from data pre-processing to post-modeling explainability in clinical decision
support systems, as well as an XAl evaluation and implementation framework for intelligent health
systems. Several types of review papers on XAl in medical settings exist. Still, most of these
surveys focus on comparing diverse types of XAlI, its application, challenges, and related
guidelines in healthcare and medicine. For instance, in [42], the authors first discuss the definition
of Al-based medical devices and then compare existing XAl guidelines for stakeholders. Similarly,
in [24], the authors emphasize the importance of XAl models in healthcare, highlight distinct types
of XAl methods and their applications in the healthcare system, and provide insights into important
challenges and future directions for XAl in clinical contexts.
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§
Figure 6 PRISMA flow diagram of the selection process for a systematic review, showing the filtration of studies from

identification through databases like PubMed, Web of Science, and Scopus, screening, and eligibility assessment, to the
final inclusion of studies in the review.

Moreover, some of these review studies have focused on specific applications. For instance, in
[35] the authors compared diverse XAl methods, evaluating their benefits and current challenges
to assess interpretability in precision oncology. Also, in [16], a comprehensive study was
conducted on XAI methods, their application, and future insights for researchers and
decisionmakers in the field of drug discovery. For heart disease classification in [36], a
comprehensive systematic review was conducted on interpretability methods, focusing on heart
disease diagnosis from an Electrocardiogram (ECG) signal. [43] attempted to focus on Black-Box
models, their limitations, and opportunities in cardiology applications to underscore the
importance of XAI models in this field. More details and information about the most important
existing surveys on XAl and IML in healthcare and medicine can be found in Appendix 4.

As Figure 7 illustrates, to the best of our knowledge, none of these reviews have conducted a
comprehensive study on the entire Interpretable Machine Learning (IML) process, evaluation, and
implementation framework, as well as several types of Al-based medical devices. Furthermore,
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most of these surveys have been published in the current year, proving the increasing importance
of explainability and interpretability for proving a transparent, trustworthy, easy-to-understand,
and reliable clinician-Al communication system for end-users. This figure highlights the
comparison of our study with some important review papers published in the field of XAI for
healthcare and medicine. Figure 7 provides a qualitative summary of the review papers included
in our paper. This figure presents two visual summaries: a) A world map categorizes regions based
on their contribution to review papers, with different shades showing the contribution level and b)
A pie chart shows the percentage of review papers published from 2020 to 2023, with the largest
share in 2023.

XAl modelsin
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XA g;::rel ens\ XAl methods Our systematic review
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/ trust for different type of end-users
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N

Figure 7. Comparison of our study with other review papers of XAI in healthcare from 2020 to 2023, with a focus on the
comprehensive coverage of the systematic review including a robust framework, interpretability processes, and a stepby-
step roadmap for implementation.

at-ath 60%

N2020 ®2021 ®=2022 w2023

Figure 8. Summary of reviews included: (a) Authors country-wise; a map displaying regions numbered 1 to 4 to indicate the
volume of review papers associated with each. (b) year-wise distribution: a pie chart showing the yearly distribution of papers
from 2020 to 2023, with the largest segment in 2023.
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3. Proposed interpretability process for intelligent health system

How interpretable should the explanation be to enhance communication between Al and
clinicians? How interpretable should the explanation be in addressing end-user requirements?
Since several factors can affect ML model decisions, a diverse range of user-friendly and
trustworthy explanations throughout the entire process of clinical systems is needed. Explainability
aims to understand the predictive models, from data collection and training processes to outcomes.
While there is hope that merely explaining these AI models would be reasonable and
understandable for end-users, this notion should be reconsidered. It is significant to design and
implement inherently interpretable techniques from the preliminary stages in our process of
decision support systems [21]. Nowadays, Al plays an essential role in healthcare and medicine
domains. However, Al tools must be interpretable and transparent for end-users. End-users
encompass anyone who uses or is affected by an ML model, including caregivers, clinicians,
patients, users, data scientists, regulatory bodies, domain experts, executive board members, and
managers [22]. Therefore, due to significant concerns about understanding Al tools’ behavior, the
implementation of Al in medical settings has been limited [14].

For healthcare decision-makers, Al systems must be reliable, exact, and transparent [33]. While
many researchers have focused on using XAl after model selection and in the post-modeling stages,
it is equally important to consider interpretability throughout the entire process: (1) data pre-
processing, (2) during model selection, and (3) post-modeling. Focusing on only one of these
aspects may not provide a clear understanding. Data scientists and developers may benefit more
from understanding the internal workings of the model for performance improvement and
preventing overfitting rather than post-processing interpretability. On the other hand, caregivers
like physicians, nurses, and patients are more interested in understanding how and why a specific
result was generated, along with the key features that influenced that decision. Therefore, it is
critical to tailor explanations to all end-users and the entire decision-making process in the clinical
setting.

For this purpose, we have introduced an interpretable process for healthcare applications,
including pre-processing interpretability, interpretable processing, and post-processing
interpretability. Figure 9 highlights our proposed interpretability process, and Appendix 5
summarizes the interpretable process in existing research papers. This study employs a novel
framework that includes all three interpretability aspects. This approach offers two significant
benefits: (1) It makes the design and development of explainable systems more cost-effective and
easier to understand, and (2) It enhances satisfaction for end-users such as clients, patients, health
providers, developers, researchers, and managers, as they receive a more focused and clear
explanation tailored to their specific needs, rather than a generalized one. Researchers aim to
classify explanation methods used to understand the reasoning behind learning algorithms, and
they try to answer this question: what is the purpose of the interpretability methods? To provide a
comprehensive explanation, interpretability techniques must address fundamental questions such
as why and how the model generates predictions and makes decisions, as explored by many studies
[44]. Error! Reference source not found. proves what we are looking for in each step of our
proposed framework for the interpretability process in health systems. In the following section, we
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will discuss three levels of our proposed interpretability process and its applications in healthcare
and medicine based on the research papers in this systematic review. Moreover, in Appendix 5, the
included studies are summarized.

Table 1. Summary of goals addressing 3 levels of the proposed IML process in healthcare.

Data Pre-Processing Interpretability

Interpretable Model Selection Process

Post-Processing Interpretability

Prel. What type of medical data do we
have? Is it high-dimensional?
Unstructured? High-volume?

Pre2. Why did you collect these features
for these patients? What are we looking for
in this data?

Pre3. What are the key features of this
data?

Pred4. Is clinical data clean and balanced?
PreS. Can we reduce the number of
features to achieve high accuracy? Pre6.
Do we need any data augmentation
methods for better performance? Pre7.
Can we use feature engineering methods
for better explanation in health apps?
Pre8. How can we use any visualization
tools to better understand features related
to patients?

Mod1. How can one consider a feature or
parameter important in predictive
analysis, like disease detection?

Mod2. What are the results of applying
several methods and making different
decisions?

Mod3. What is the association between
these selected features and models?
Mod4. What are we looking for?
Interpretability, performance, or both?
Mod5. Which metrics should we use to
test and confirm the selected model?
Mod6. How can end-users make models
more understandable?

Mod7. How can we use any visualization
tools to better understand predictive
models?

Mod8. How can we make this model
more robust?

Pos1. What is the reason behind the
decision made by the model? Did you
consider ethics and bias?

Pos2. Which features had a high effect
on the models’ prediction? Pos3. Does
it have user-friendly outcomes for
patients and clinician-Al
communication?

Pos4. What if the information is
changed? Did you consider any
continuous improvement in this model?
Pos5. To keep current performance,
what criteria must be met? What should
we do to receive different results? Pos6.
What did we look for? Why is it
important to come to a certain
conclusion or decision?

Pos7. How can we correct errors? When
does the model fail?

Interpretable data pre-proce

ssing

-Exploratory data analysis
-Handling missing values
-Data cleaning
-Normalization

-Feature engineering
-Handling imbalanced data
-Data visualization tools
-Feature selection methods

Interpretable model selection processing

-Inherently interpretable methods

-Hybrid interpretable methods
-Joint interpretable methods

-Designing interpretable models
by modify structure

-Model evaluation metrics

-Attribution methods

-Game theory methods
-Example-based methods
-Visualization methods
-Knowledge extraction methods
-Neural methods

Figure 9. Proposed 3-level interpretability process in intelligent health systems, detailing steps for interpretable data
preprocessing, model selection processing, and post-processing, along with associated techniques and evaluation metrics.

3.1.Data pre-processing interpretability and its health application

The primary goal of this step is to understand and describe the data and its features used in
model development. Interpretability pre-processing includes a wide range of tools that aim to better
understand the dataset and the features used in training ML models. This level of explainability is

17




critical due to the substantial influence of the training dataset on an Al model’s decision-making
process. Therefore, various interactive data analysis tools have been developed to aid in
understanding the input data. Additionally, it is crucial to ensure that the collected data is cleaned,
normalized, and balanced, as the model’s performance relies on it. Understanding data is crucial
for making Al systems more explainable, efficient, and robust. This involves techniques like
exploratory data analysis (EDA), explainable feature engineering, standardizing dataset
descriptions, using dataset summarization methods, and employing knowledge graphs. We will
provide more details for each aspect of the pre-processing level and discuss related research in our
included studies. Error! Reference source not found. shows a taxonomy of pre-processing
explainability techniques.

XAI Data
pre-processing

1 I
[ I T 1

Figure 10. Taxonomy of data pre-processing techniques for enhancing interpretability in XAl, including exploratory data
analysis, feature engineering, dataset standardization, summarizing, and augmentation.

3.1.1. Considering diverse types of datasets

The importance of conducting analysis based on specific data types cannot be overstated,
particularly when dealing with high-dimensional or unstructured data. Different data types require
tailored approaches for interpretation and understanding. For instance, high-dimensional data may
cause dimensionality reduction techniques to extract meaningful insights effectively. Similarly,
unstructured data, such as text or images, may require specialized methods like natural language
processing or computer vision for comprehensive analysis. Understanding the intricacies of each
data type allows for more effective interpretability techniques. Tailoring analysis methods to the
specific characteristics of the data enhances the accuracy and reliability of interpretations, leading
to more robust Al systems [45].

Furthermore, the adaptability of analysis techniques in response to the evolving nature of data
types is vital for sustaining the relevance and efficacy of Al systems in a rapidly changing digital
environment. As new forms of data emerge, such as sensor data from the Internet of Things (IoT)
devices or streaming data from social media platforms, the strategies for data analysis and
interpretation must also evolve. These emerging data types often blend characteristics of structured,
unstructured, and semi-structured data, presenting unique challenges for data processing and
analysis. For example, streaming data requires real-time analysis and decisionmaking capabilities.
In contrast, sensor data from IoT devices demands robust algorithms capable of handling vast
volumes of data in diverse formats.
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In addition to considering diverse types of datasets, it is imperative to delve into interpretability
per data type and explore scenarios where data may be multi-modal, needing fusion of
interpretability results. This section aims to provide insights into the interpretability techniques
tailored to various medical data types and the integration of interpretability results in multi-modal
data settings.

Medical note. Interpretability techniques for medical notes, such as fact checking, often involve
natural language processing (NLP) methods to extract meaningful information from textual data.
Techniques such as sentiment analysis and topic modeling can offer valuable insights into patient
narratives and clinical documentation [46].

Clinical tabular data. Analysis of clinical tabular data may involve methods such as feature
importance analysis and decision tree visualization to understand the relationships between
different variables and their impact on clinical outcomes [47].

Medical images. Interpretability techniques for medical images typically use computer vision
approaches, including heatmaps and attention mechanisms, to highlight regions of interest and
provide insights into diagnostic decisions made by Al models [48].

Medical signals. Interpretation of medical signals, such as electroencephalogram (EEG) or (ECG)
data, often requires time-frequency analysis and waveform visualization techniques to show
patterns indicative of underlying physiological conditions [49].

Each data type presents unique challenges for interpretability. Medical notes may suffer from
data sparsity and ambiguity, while images may show high dimensionality and variability. Signals
may hold noise and artifacts that can affect interpretation accuracy. Understanding these challenges
is essential for selecting proper interpretability techniques and ensuring the reliability of results.

Multi-modal and multi-Centre data fusion. This paper [50] proposes using conceptual
knowledge to train more explainable, robust, and less biased machine learning models, particularly
in the medical domain where various modalities contribute to single results. The central question
addressed is how to construct a multi-modal feature representation space spanning images, text,
and genomics data using knowledge bases. Graph Neural Networks are advocated as a method to
enable information fusion for multi-modal causality, with a focus on achieving a specified level of
causal understanding. The paper aims to motivate the XAl community to delve into multi-modal
embeddings and interactive explainability, emphasizing the pivotal role of Graph Neural Networks
in helping causal links between features within graph structures.

3.1.2. Exploratory data analysis (EDA)

The goal of EDA is to gather important characteristics of a dataset, including its dimensionality,
mean, standard deviation, range, and information on missing samples. Google Facets is a powerful
tool for quickly extracting these features from the dataset [51]. Additionally, an EDA tool can find
biases in the dataset, which may show a problem with class imbalance. When evaluating datasets,
relying only on statistical characteristics is often insufficient. For instance, [52] proposed an
explainable framework considering preprocessing by focusing on EEG data, applying an adaptive
network to analyze data, providing details about their features, and implementing interpretable
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models like LIME and SHAP. To predict type 2 diabetes, in this paper [53], they applied
exploratory data analysis, but they did not consider any feature engineering and visualization tools
for the preprocessing part. Data visualization offers a range of charting options [54]; the most
suitable type of chart depends on the dataset, application, and the specific statistical characteristics
that a data scientist aims to communicate.

Real-world health and medical data are often complex and multidimensional, with many
variables. In [55] and [72], due to the variety of shape sizes, boundary position and shape sizes,
boundaries, positions, and shapes in medical image segmentation, a novel method has been
proposed to enhance explainability in medical image segmentation. This method focuses on
creating more understandable attention feature maps, allowing for the extraction of the most crucial
features in distinct types of medical images, such as CT (Computed Tomography) and MRI
(Magnetic Resonance Imaging) (Magnetic Resonance Imaging) scans. However, visualizing such
high-dimensional medical data faces significant challenges. Using specialized charts like Parallel
Coordinate Plots (PCP) is one approach to tackle this issue [56]. These charts help determine which
features are important to keep or eliminate. Additionally, high-dimensional datasets can be
transformed into lower-dimensional data. Principal Component Analysis (PCA) and t-distributed
Stochastic Neighbor Embedding (t-SNE) are two well-known methods for this purpose [57], and
the Embedding Projector toolbox supports the use of both techniques [58]. PCA is suitable when
the underlying structure is mostly linear, while t-SNE is preferred otherwise. However, it is worth
noting that t-SNE can be slow when applied to large datasets. In such cases, dimensionality
reduction approaches like Uniform Manifold Approximation and Projection (UMAP) may be more
efficient [59], which is claimed to be more exact and scalable compared to t-SNE.

3.1.3. Dataset description standardization

Medical data are often shared without enough description. Standardization can help address
problems like bias and missing values by allowing clear communication between data collectors
and end-users. In addressing this challenge, tools like Datasheets for Datasets can be helpful for
dataset description standardization [60], and Data Declarations for Natural Language Processing
(NLP) [61]. These methods provide different frameworks for specific information related to a
dataset and help in tracking the dataset’s development, content, data collection process, and legal,
and ethical considerations. Scholars have applied various methods for data standardization. For
instance, in the domain of Myocarditis disease prediction using cardiac MRI, researchers in [62]
implemented several steps for pre-modeling interpretability. They employed techniques such as
noise removal, image resizing, as well as CutMix and MixUp algorithms for data augmentation.
Additionally, in the study of human activity recognition [63], a creative method was introduced
called XAI-HAR for feature extraction from data gathered by sensors placed at various locations
within a smart home.

3.1.4. Dataset summarizing methods

Case-based reasoning is an interpretable modeling technique that predicts outcomes for a given
input by comparing it to similar cases in the training data [64]. These similar cases, along with the
model’s predictions, can serve as explanations for the end-user. However, a significant challenge
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is the storage requirement for the entire training dataset, which can be costly or impractical for
large datasets. To overcome this, a representative subset of the training data can be saved; dataset
summarization aims to solve this problem. In data analysis, summarization techniques like
document summarization [65], scene summarizing [66], and prototype selection [67] are used.
Summarizing a dataset involves finding typical samples that give a quick overview of big data. For
instance, in cardiovascular disease diagnosis with a PPG signal, in the data pre-processing stage,
the data was segmented into 30-second intervals, and normalization was applied at the chunk level
by subtracting the mean and dividing by the standard deviation [68]. Data squashing is another
technique for data summarization [69], which aims to create a smaller version of a dataset that
produces related results. Unlike data summarization, this method often assigns weights to samples
in the smaller version of the dataset, using criteria similar to Bayesian learning.

3.1.5. Data augmentation techniques

When the number of samples is insufficient, efficient classification becomes challenging, and
with a small size of the dataset, the risk of overfitting is significant. In such cases, the ML model
struggles to learn from the data accurately and tends to memorize it instead. To address this issue,
a widely used approach is data augmentation. Data augmentation involves generating artificial data
points through various transformations applied to the existing dataset. In this context, SMOTE
(Synthetic Minority Over-sampling Technique) can be viewed as a form of data augmentation. This
is because, while balancing the dataset, SMOTE creates synthetic samples for the minority class,
effectively expanding the overall size of the original dataset. SMOTE, introduced by [70], is an
oversampling technique that relies on k-nearest neighbors to generate synthetic samples. For
instance, in [71], a data augmentation method has been applied to prevent the negative effects of
the small number of dental images for detecting caries. Moreover, Autoencoders (AE) techniques
can be used to generate artificial data, as shown in this study: an Al framework for Early diagnosis
of coronary artery disease, applying SMOTE, autoencoders, and CNN, resulting in higher
accuracy[72].

3.1.6. Explainable feature engineering

Feature attribution refers to understanding the most notable features in the decision-making
process of models [73]. The related features should also be easily explainable, and developers must
understand their meaning and find the most relevant feature explanations for a specific end-user
like health providers. In other words, the accuracy of predictive models is completely related to
the attributes [74]. The two main approaches to feature engineering for interpretability are
domainspecific methods, which rely on input from domain experts and insights from EDA, and
modelbased methods. Model-based feature engineering uses mathematical models to uncover the
underlying structure of a dataset [75]. For example, in [76], a novel explainable method for the
deep feature engineering model-based on Attention ResNetl8 has been applied for asthma
prediction. This process involved pre-processing, training the network, extracting deep features,
prioritizing feature selection, and classification. Statistical analysis for data, pre-processing, and
feature engineering have been used before model development in post-stroke stress and anxiety
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diagnosis [77]. The existing literature on pre-processing interpretability is not limited to the above
paragraphs, the qualitative summary of works is shown in Appendix 5.

3.2.Interpretable process of model selection and its health application

Even if the data is prepared, cleaned, and balanced carefully in the interpretability preprocessing
stage, if the model does not have clear explainability, developers may still struggle to integrate
their ability into the learning process to achieve improved results. Therefore, in addition to
explainable pre-processing for data, understanding the model is critical; interpretable and exact
ML algorithms are essential in applications such as medicine where errors can have severe
consequences on people’s lives. Interpretable processing tries to design models that are inherently
interpretable and explainable. Using inherently explainable models for Al tool selection is often
associated with adopting interpretable modeling. However, current methods still have a tradeoft
between accuracy and interpretability. For instance, while decision trees are interpretable and
widely applied in health and medicine for disease diagnosis, they are consistently surpassed in
accuracy by less interpretable ML models like ensemble methods and DNN; despite their high
computational and memory requirements [11]. The following sections will cover each aspect of
processing interpretability and its application in healthcare and medicine. Also, you can find the
comparison between the four aspects of interpretable modeling in Error! Reference source not
found..

Table 2. Comparison between four aspects of interpretable modeling.

Definition Advantage Disadvantage
Clear and understandable by
design. o .
Designed to be easily Require no added explanation L1m1.tat101?s m hal?dllng. comp lex
relationships or high-dimensional
understandable by humans, | method.
oy . . data compared to more complex
Inherently | with simple structures, Transparent relationship between
White-Box models like DT features and predictions. Well- mod.els. o
and LR. suited for scenarios where Sacrifice predictive performance for
interpretability is a critical interpretability in some cases.
requirement.
Combine inherently
Hybrid interpretable with more Achieve a balance between | It may require another effort to
complex models and aim to interpretability and accuracy. integrate and fine-tune both models.
use the strengths of both
models: white-box and Handle more complex Interpretability might still be limited
black-box. relationships and compared to inherently interpretable
highdimensional data. models.
. Provide interpretability linked to | Computationally intensive,
FOFu.S on generating anq the predictions. Generate costeffective, and requires specialized
Joint traming models to provide explanations simultaneously architecture or techniques.
ex.planatlc.ms. concurrently during the prediction process. The quality of explanations varies
with predictions. .
based on the specific approach used.
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Modify the model's " . Requires ability in model
architecture to enhance its Does not lnece.ssarl ylie(.lulre architecture and design.
Modify | interpretability and make the more explanation techniques or | e ding on the specific

Structure | model’s decisions and ;119dels. both predicti adjustments, there is still a trade-off
behavior more timproves both prediction between interpretability and accuracy.
understandable. performance and interpretability?

3.2.1. Inherently interpretable machine learning models (White-Box)

The traditional approach to implementing interpretable models involves selecting White-Box
methods like DT and LR. For instance, in [78], a DT method was designed as an interpretable ML
technique to show hidden patterns in health records for dementia prediction. Additionally, for
COVID-19 detection, an explainable gradient boosting framework based on DT was applied,
which can be used with wearable sensor data [79]. Moreover, researchers in [80] developed a
Knearest neighbor (KNN) model for more explainable and easy-to-understand risk prediction of
type-2 diabetes mellitus, hypertension, and dyslipidemia. For a better understanding and more
correct stroke prediction models, researchers in [81] constructed Bayesian rule lists. However,
selecting an interpretable model does not always guarantee explainability. Some models, like LR,
can have difficulty simulating high-dimensional data, making them less explainable [23], to
address this issue, some techniques, like regularization, can be used to simplify the model. Some
researchers have shown that it is possible to create models that are both interpretable and
highperforming. The challenge lies in finding the right balance between simplicity for
understanding and complexity for accuracy. For instance, in [68], they have developed learned
kernels to achieve interpretable and more exact PPG signal processing in cardiovascular disease
detection.

3.2.2. Hybrid interpretable methods

To create a high-performance and explainable model, one approach is to combine an inherently
White-Box technique with a sophisticated Black-Box method [82]. This concept forms the basis
of hybrid interpretable methods. On the other hand, the White-Box model can be used in the
regularization step. Examples of such methods include deep k-nearest neighbors (DkNN) [83],
deep weighted averaging classifier (DWAC) [84], self-explaining neural networks (SENN) [85],
contextual explanation networks (CEN) [86], BagNets [87], Neural-symbolic (NeSy) models [88],
and X-NeSyL (explainable Neural-Symbolic Learning) method [89]. In [62], the turbulence neural
transformer (TNT) and explainable-based Grad Cam method were applied to the automatic
diagnosis of myocarditis disease in cardiac MRI. A White-Box model (LR) was combined with a
Black-Box model (ANN) for clinical risk prediction in acute coronary syndrome [90]. Also, to
detect stroke in the early stage, [91] have applied a tree-boosting model and multilayer perceptron
(MLPs), and provided a more explainable prediction.

3.2.3. Joint prediction and interpretable methods

Joint methods focus on simultaneously generating predictions and explanations. In other words,
a complex model can be explicitly designed to clarify its decisions. For instance, the teaching
explanations for decisions (TED) framework [92] is used to enhance training data with
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explanations for decisions. It combines output and explanations during training and provides
userfriendly outcomes. Additionally, [93] have introduced a method similar to TED for generating
multimodal explanations, which requires a training dataset with both textual and visual
explanations. In [55], an explainable multi-module semantic guided attention-based network was
designed for medical image segmentation, such as multi-organ CT images and brain tumor MRI
images, which produced high performance between all metrics. Furthermore, neural additive
models for understandable heart attack prediction were applied [94]. Interpretable predictive
models with an attention-based recurrent neural network were applied for mortality prediction in
the MIMIC-III database [95].

3.2.4. Interpretability through architectural adjustments

Modifying the architecture of a model can be a powerful way to enhance its explainability. For
instance, [96] developed a CNN with an explainable structure using multiple EEG frequencies as
input for abnormality prediction. The modified CNN achieved both more understandable
information and higher accuracy. For brain tumor diagnosis, [97] designed a pre-trained vision
language model (VLM) and proved its effectiveness in providing explainable predictions for
medical applications. The existing literature on processing interpretability is not limited to the
above paragraphs; the summary of included studies is shown in Appendix 5.

3.3.Post-processing interpretability and its health application

In the first two sections of our overview of the Interpretability process, we investigated
preprocessing interpretability and interpretable modelling, which focus on interpretability at the
dataset level and during model development. However, these are comparatively smaller aspects of
interest when compared to post-modeling explainability. This section, which concerns
understanding after the model is built, is where the majority of XAl scientists have directed their
focus and research efforts. The aim of the pre-processing interpretability is to provide user-friendly
explanations to describe more understandable pre-developed methods. It can be categorized into
six parts, and its application in healthcare will be discussed in the following paragraphs if
applicable: (1) attribution methods, (2) visualization methods, (3) example-based explanation
methods, (4) game theory methods, (5) knowledge extraction methods, and (6) neural methods [1].
3.3.1. Attribution methods

In medical image analysis, most attribution methods rely on pixel connections to show the
significance of each pixel in the model’s activation. This assigns a relevance or contribution value
to each pixel in the input image [97]. Over the past few years, several new attribution techniques
have appeared. There are four primary groups of attribution techniques: deep Taylor decomposition
(DTD), perturbation methods, backpropagation methods, and Deep Lift. These will be summarized
in Figure 11, but no other details about the specific method will be provided here as it has been
thoroughly described in the literature. In [63], LIME with a RF classifier was used to develop an
XAl-enabled human activity recognition model for those who have chronic impairments. Another
study by [76] introduced an interpretable attention-based model for asthma detection using
Gradient-weighted class activation mapping (Grad-CAM). This model proved both high
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performance and interpretability. In another study, LIME was used for activity recognition in
elderly individuals using wearable sensors placed in various locations [19].

Attribution
methods
. I . .
Perturbation Deep Taylor . Backpropagation
decomposition DeepLift rgetlll)oc%s
(DTD)
1 1 1 1 I
D ) ) A s 2y
2 Deconventional
Surrogation Anchors Network RISE GradCam, ScoreCam,
Vanilla & Smooth &
Integrated Gradient

LIME, LORE,
CluReFL, SP-LIME,
NormLIME

Figure 11. Taxonomy of attribution techniques used in explainable Al, detailing various techniques such as perturbation
methods, deep Taylor decomposition, and backpropagation methods, further breaking down into specific approaches like
LIME, LORE, and Grad-CAM.

3.3.2. Visualization methods

Exploring the inner workings of an Al model by visualizing its representations to uncover
hidden patterns is a fundamental idea. These visualization techniques are commonly applied to
supervised learning models. Notably, this includes techniques like partial dependence plot (PDP)
[98], accumulated local effects (ALE) [99], and individual conditional expectations (ICE) [100].
In the context of hepatitis and liver conditions, a transparent model was developed that integrates
SHAP, LIME, and PDP. These tools were purpose-built to improve the clarity of decision-making
[101]. Moreover, regarding the interpretability of ML models for predicting hypertension, this
study [102] employed five global interpretability techniques (feature importance, partial
dependence plot, individual conditional expectation, feature interaction, global surrogate models)
and two local interpretability techniques (local surrogate models, Shapley value).

3.3.3. Example-based explanation methods
Example-based explanations, also known as case-based explanations, include methods such as
prototypes and criticisms [103], counterfactuals [104], and adversarial examples [105] for
generating this type of explanation.

3.3.4. Game theory methods

In 1953, Lloyd Shapley started exploring how each player in a game contributes. Later, this idea
was applied in ML to understand the relationship between interpretability and predictions
[106]. In this context, the ‘game’ refers to a single prediction in a dataset, the ‘gain’ is the difference
between the actual prediction and the average of all predictions in the dataset, and the
‘players’ are the features that work together to figure out the gain. The Shapley value of a feature
tells us how much it contributes to a specific prediction. Additionally, the SHAP provides a unified
method for interpreting the output of any machine learning model. It uses the best Shapley values
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from coalition games to explain individual predictions [107]. The SHAP method is extensively
used in healthcare applications. For example, in [18], an XAI model with SHAP was constructed
to forecast the next day's perceived and physiological stress levels of pregnant mothers. This
process involved finding crucial risk factors for predicting parental stress later. Furthermore, SHAP
techniques were developed to predict the risk of amiodarone-induced thyroid dysfunction, serving
as a tool for personalized risk assessment and aiding in clinical decision-making [17]. An
interpretable model using the SHAP approach enhanced mental stress detection using heart rate
variability data, providing detailed visualizations of outcomes for physicians and offering a deeper
understanding of the results [108].

3.3.5. Knowledge extraction methods

Understanding the internal workings of the Black-Box models is a challenge. For instance, in
ANN algorithms, modifications to hidden layer filters/kernels can lead to complex internal
representations. Extracting explanations from an ANN involves translating the knowledge bought
by each layer into a format comprehensible to humans. The literature provides various techniques
for extracting insights from Black-Box models, primarily relying on rule extraction [109] and
model distillation methods [110]. For instance, in [108], a neural additive explanation was
developed for heart attack prediction, enhancing the efficiency of model performance.

3.3.6. Neural methods

Neural network interpretation techniques are vital for understanding and gaining insights from
complex neural network models, making them more transparent and understandable. Methods such
as feature importance and sensitivity analysis have been applied to interpreting neural networks
[111]. Applications in healthcare have been presented for each aspect of pre-processing
interpretability where applicable. However, it is important to note that the existing literature on
post-processing interpretability extends beyond the methods discussed here. A summary of the
studies included is provided in Appendix 5.

4. Application of interpretability in Al-based medical devices

In the realm of medicine, Al serves a dual purpose: it can complement existing medical devices
or function independently as one. According to the European Medical Device Regulation, a
medical device encompasses a wide array of instruments, software, implants, and materials
designed for specific medical purposes, either alone or in combination [112]. Al-based medical
devices form a category of health technologies that enhance human capabilities. They are used for
predicting diseases, classifying data for disease management, perfecting medical treatments, and
aiding in disease diagnosis. The U.S. FDA (Food and Drug Administration) (Food and Drug
Administration) (Food and Drug Administration) (Food and Drug Administration) categorize
Aldriven medical software as “Software as a Medical Device” when it is intended for disease
prevention, diagnosis, treatment, or cure the increasing prevalence of digital health and Al-based
medical devices underscores their potential to provide fair access to professional healthcare on a
global scale [113]. This has the capacity to mitigate global health disparities and elevate the overall
quality of life [114].

26



Despite the ongoing advancements in technologies such as IoT-based medical sensors and
wearables, telemedicine, medical LLMs, and digital care twins, concerns persist among end-users,
including patients and clinicians, about the trustworthiness of these technologies and their
outcomes. Addressing these concerns needs answering several critical questions: How can we
enhance the interpretability of digital health technologies? How can we effectively communicate
deliverable outcomes to end-users? How can we improve interpretable decision-making for
clinician-Al communication in Al-based medical devices? How can we ensure diversity and
inclusion in an intelligent health system? [26, 115].
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Figure 12. Comparison between current XAI applications in Al-based MDs illustrates a pie chart comparing the distribution
of current XAl applications in Al-based medical diagnostics, highlighting a variety of conditions such as Covid-19,
Alzheimer's, cancer types, and other diseases, highlighting the diverse areas where XAl is used.

In this section, we conducted searches using phrases such as telemedicine, mHealth, digital care
twins, medical LLMs, biosensors, and wearables. However, we only found applications of XAl in
the next section, where we will delve into interpretability and its application in medical sensors,
wearable health trackers, and medical large language models. To the best of our knowledge, this
systematic review stands for the first comprehensive examination of XAl applications covering
these categories of digital health technologies. Error! Reference source not found. offers a
comparison of current XAl applications in Al-based MDs.

4. 1.Interpretability applications in loT-based biosensors and wearable medical devices

The integration of body sensor data into healthcare has captured considerable attention from
researchers owing to its diverse applications in smart healthcare systems [116, 117]. However, this
integration has presented challenges, particularly concerning transparency and explainability. XAl
addresses these concerns by offering users comprehensive insights into the inner workings of the
model [118].
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By integrating XAl into the Internet of Things (IoT)-based medical sensors and wearable health
trackers, we can develop a system that efficiently manages Big Data and enhances transparency
and interpretability for end-users. This integration empowers users to understand better and trust
the insights provided by these devices, fostering more informed decision-making in healthcare
settings. Table 3 provides a summary of existing XAl applications in wearable medical devices
(WMD). However, the use of XAl in the Internet of Medical Things (IoMT)-based medical devices
extends beyond the scope of Table 3, which presents only a choice of notable examples in this
domain.

Table 3. Examples of wearable health tracker applications employing interpretability processes.

Ref Application IoT Wearable Medical Devices

[119] Diabetes in pregnant women Blood pressure and pulse rate sensors

[20] Respiratory infections - COVID-19 HRYV and BPM with wrist-worn biometric wearables

[120] | Respiratory symptoms for the pandemic MS Band 2 wristband — monitor cough and fever
[2] Hypoglycemia detection and diabetes Smartwatch sensors - detect hypoglycemia

[63] Human activity recognition Motion sensors, temperature-sensitive devices

Smartphone, ECG patch providing day/night movement
monitoring, pulse meter providing oximetry monitoring, weight
scale, sphygmomanometer for blood pressure monitoring.

Chronic obstructive pulmonary disease

[121] (COPD) monitoring

Recognizing the physical activity of

[122] older people Wearable wellness system (WWS), wearable WBan system
[19] Human activity recognition ECG electrodes, accelerometer, gyroscope, magnetometer
[123] Mental stress detection Wrist sensors (EDA data) and chest-worn (HRV data)
Monitor various cardiovascular .
[68] Chest PPG, ECG, accelerometer, electrodermal, and wrist PPG
parameters.

4.2.Interpretability applications in ChatGPT and medical LLMs

Recent advancements in Al have led to the development of sophisticated Large Language
Models (LLMs) such as GPT-4 and Bard. These models hold significant promise in healthcare,
offering potential applications ranging from aiding in clinical documentation to serving as chatbots
for patient inquiries. However, of LLMs into healthcare requires careful consideration due to their
unique characteristics, which sets them apart from regulated Al technologies, particularly in the
critical context of patient care [124]. Regulating LLMs, including models like GPT-4 and other
generative Al systems, in healthcare poses a challenge. It requires striking a delicate balance
between ensuring safety, upholding ethical standards, and safeguarding patient privacy, all while
using transformative potential. Without adequate human oversight and responsible implementation
practices, applications of generative Al in healthcare risk spreading misinformation or generating
inaccurate content, potentially compromising patient care and trust in the healthcare system.
Therefore, robust regulatory frameworks and ethical guidelines are essential to guide the
integration and deployment of LLMs in healthcare settings, ensuring that they help patients while
upholding the highest standards of safety, accuracy, and privacy protection.

It is important to note that these tools are known to have the potential for errors, misinformation,
and biases. For instance, ChatGPT lacks transparency due to its opaque nature, which may pose a
challenge for healthcare professionals who require clear explanations. Additionally, biases in the
training data may change accuracy, potentially leading to incorrect diagnoses or treatment
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recommendations [125]Therefore, medical professionals must thoroughly review and validate
ChatGPT suggestions before incorporating them into the clinical decision-making process, from
pre-processing to post-processing. Recently, researchers have used interpretability and
explainability techniques in applying LLMs in the medical domain. Error! Not a valid bookmark
self-reference. highlights a selection of notable examples in this field, although only a few studies
have applied XAI in LLMs. Additionally, detailed descriptions of specific methods are not
provided here as they have been thoroughly described in existing literature.

Table 4. List of medical large language models using interpretability process.

Ref Application Medical LLMs and ChatGPT

[126] Mental Health Care Pre-trained language models (PLMs), ChatGPT, Prompt Engineering
[97] Medical Image Diagnosis Pretrained vision-language models (VLMs) such as CLIP

[111] Heart Disease Contextual prompts, zero-shot and few-shot prompt learning based on LLMs

5. Quality evaluation and improvement of the interpretability process

In this section, we delve into assessing and evaluating the effectiveness of our proposed
interpretability framework for healthcare and medicine. Our primary focus is evaluating the
comprehensibility of the explanations by end-users, who often serve as the ultimate
decisionmakers. We specifically prioritize individuals holding key roles in healthcare, such as
patients, doctors, nurses, caregivers, health system managers, and other domain experts.

This evaluation is crucial for gauging the utility and efficacy of our explainable artificial
intelligence (XAI) system in practical, real-world scenarios. This segment encompasses (1)
accuracy, (2) reliability, (3) robustness, (4) interpretability, (5) usability, (6) human-Al interaction,
(7) ethical considerations, (8) responsiveness to feedback, (9) compliance with regulatory
standards, (10) clinical validation and evidence base, (11) transparency, and (12) scalability [192].
Table 5 offers a comprehensive description of all these aspects, while Error! Reference source not
found. provides a visual representation of the quality level for the explainability process.
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Figure 13. lllustration of interpretability quality assessment in the context of human-Al interaction, mapping key attributes like

scalability, reliability, robustness, usability, and transparency.

Table 5. Description of XAl system quality control and improvement dimensions.

Dimension of quality

in XAI system Description of each dimension in healthcare applications
Accuracy Will the XAI system provide correct and reliable outputs, diagnoses, or recommendations?
I How often does the XAl system fail? (The consistency of XAl systems in producing exact results
Reliability . .
across different scenarios and datasets.)
How long does the XAI system last? (The ability of XAl systems to perform effectively and keep
Robustness . . .
accuracy even in the presence of noisy or incomplete data.)
. How is it easy to understand? (The extent to which the XAl system's decision-making process can be
Interpretability .
understood and explained to users.)
Usability How is it user-friendly and accessible for healthcare professionals to interact with and integrate into
sabili

their workflows?

Human-AlI interaction

How is it easy to be incorporated into existing healthcare IT (Information Technology) infrastructure
and workflows?

Ethical considerations

XAI systems must run in a manner consistent with ethical guidelines, respect patient privacy, and avoid
biases.

Responsiveness to
feedback

How long does it take to debug and provide a request? Is it helpful? (The XAI system’s ability to learn
and adapt based on feedback from healthcare professionals and patients.)

Compliance with
regulatory standards

Adherence to legal and regulatory requirements governing the use of XAl in healthcare.

Clinical validation and
evidence-based

There is a wealth of rigorous clinical studies and evidence proving the effectiveness and reliability of
the XAI system in real-world healthcare settings.

Transparency

The openness and clarity with which the XAl system's capabilities, limitations, and potential risks are
communicated to users.
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The ability of the XAl system to handle increased volumes of data and users without a significant loss

Scalability of performance.

6. Step-by-step roadmap to implement responsible clinician-Al-collaboration framework
This section outlines a systematic approach for integrating robust explainability and
interpretability into healthcare and medicine, as depicted in Error! Reference source not found.. A
crucial part of the successful implementation of robust XAl and IML processes within health
systems involves setting up a Health-to-Data Center (D2H). This center encompasses four essential
components: (1) Clinician-Al Communication Desk, (2) Data Scientist Help Desk, (3) Quality
Assessment Board, and (4) Ethical Review Board. The center emphasizes close collaboration
among these groups to help step-by-step decision-making with Al in healthcare. Error! Reference
source not found. offers detailed insights for implementing this framework in intelligent health
systems, encompassing pre-processing, processing, and post-processing stages, followed by
evaluation of the process. It explains the ML decision tailored to meet specific end-user needs.
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Figure 14. Responsible clinician-Al-collaboration framework to implement trustworthy Al in healthcare, showing the flow from
a Data to Health Center through stages of explainable data pre-processing, model processing, and post-processing,
culminating in quality assessment and interaction with end-users.

In the entire process of the three-level interpretability approach, from data pre-processing to
model selection and post-processing, it is crucial to consider the questions provided in Figure 9.
By contemplating these questions, we can offer more comprehensive explanations for each step of
our Al systems tailored to specific end-users, such as patients, clinicians, health managers, or
developers. Following the explainability process, it is critical to develop and design quality
assessment tools to evaluate the decisions made by ML methods and the robustness of the XAI
system. In the context of robustness, a comprehensive evaluation of the ML decision-making
process includes assessing the resilience and stability of the models [127]. Robustness is ensured
by incorporating methodologies that address potential adversarial attacks, data perturbations, and
variations in real-world scenarios. Additionally, it is crucial to design and implement quality
assessment tools that evaluate the accuracy and efficacy of the ML decision and gauge the
robustness of the entire XAl system. These tools play a critical role in confirming the system’s
reliability under diverse conditions and contribute to building trust in the decision-making
capabilities of Al within healthcare settings [128].

7. Discussion
Al-based medical devices have become increasingly prevalent in healthcare and medicine, as
shown by the distribution of published studies applying IML and XAI in medical settings over the

32



years. This trend underscores the growing importance of developing a responsible and interpretable
Al framework to enhance trust among end-users in health systems, particularly between clinicians
and Al. Appendix 5 provides a comprehensive summary of the papers examined in this review,
shedding light on the methods and approaches used in many studies.

According to the review study, SHAP and LIME are among the most often employed XAI
methods in healthcare applications. Post-processing methods have appeared as the predominant
approach for providing explainability in health applications, as revealed by our analysis.
Interestingly, the overview of examined XAI methods shows that black-box models are more
commonly used than white-box methods for developing interpretable systems for clinical decision
support. Despite employing complex techniques to achieve high accuracy, researchers often see
post-hoc explainability methods to elucidate their intricate frameworks and enhance
interpretability.

Our findings underscore a notable gap in the application of XAl and IML methods to wearable
medical devices and biosensors for health tracking. Despite the increasing use of these devices,
only a small fraction of studies in this area have utilized XAI methods to enhance the
interpretability of decisions made by wearable health trackers. Similarly, there is limited research
applying XAl methods to LLMs and generative Al for healthcare applications, showing a potential
area for further exploration.

Among the 74 articles reviewed, only around 10 experimental results are presented in The
integration of body sensor data into healthcare has captured considerable attention from researchers
owing to its diverse applications in smart healthcare systems [116, 117]. However, this integration
has presented challenges, particularly concerning transparency and explainability. XAl addresses
these concerns by offering users comprehensive insights into the inner workings of the model
[118].

By integrating XAl into the Internet of Things (IoT)-based medical sensors and wearable health
trackers, we can develop a system that efficiently manages Big Data and enhances transparency
and interpretability for end-users. This integration empowers users to understand better and trust
the insights provided by these devices, fostering more informed decision-making in healthcare
settings. Table 3 provides a summary of existing XAl applications in wearable medical devices
(WMD). However, the use of XAl in the Internet of Medical Things (IoMT)-based medical devices
extends beyond the scope of Table 3, which presents only a choice of notable examples in this
domain.

Table 3, proving the application of XAl methods in wearable health trackers. Additionally, only
three studies in Recent advancements in Al have led to the development of sophisticated Large
Language Models (LLMs) such as GPT-4 and Bard. These models hold significant promise in
healthcare, offering potential applications ranging from aiding in clinical documentation to serving
as chatbots for patient inquiries. However, of LLMs into healthcare requires careful consideration
due to their unique characteristics, which sets them apart from regulated Al technologies,
particularly in the critical context of patient care [124]. Regulating LLMs, including models like
GPT-4 and other generative Al systems, in healthcare poses a challenge. It requires striking a
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delicate balance between ensuring safety, upholding ethical standards, and safeguarding patient
privacy, all while using transformative potential. Without adequate human oversight and
responsible implementation practices, applications of generative Al in healthcare risk spreading
misinformation or generating inaccurate content, potentially compromising patient care and trust
in the healthcare system. Therefore, robust regulatory frameworks and ethical guidelines are
essential to guide the integration and deployment of LLMs in healthcare settings, ensuring that
they help patients while upholding the highest standards of safety, accuracy, and privacy protection.

It is important to note that these tools are known to have the potential for errors, misinformation,
and biases. For instance, ChatGPT lacks transparency due to its opaque nature, which may pose a
challenge for healthcare professionals who require clear explanations. Additionally, biases in the
training data may change accuracy, potentially leading to incorrect diagnoses or treatment
recommendations [125]Therefore, medical professionals must thoroughly review and validate
ChatGPT suggestions before incorporating them into the clinical decision-making process, from
pre-processing to post-processing. Recently, researchers have used interpretability and
explainability techniques in applying LLMs in the medical domain. Error! Not a valid bookmark
self-reference. highlights a selection of notable examples in this field, although only a few studies
have applied XAI in LLMs. Additionally, detailed descriptions of specific methods are not
provided here as they have been thoroughly described in existing literature. This approach enabled
synthetic alignment between probabilistic narratives and structural intuition nodes.

Table 4 have explored using XAl methods in LLMs and ChatGPT for healthcare purposes.
These findings underscore the need for more research in these areas to improve the trustworthiness
and interpretability of Al-driven healthcare systems.

Our study emphasizes the critical role of interpretable processes in enhancing trust in clinical
decision-support systems and providing easily understandable results for specific end-users. We
propose the establishment of a data-to-health center, fostering close collaboration among
clinicians, data scientists, and ethical and quality control boards to ensure the robustness and
trustworthiness of health system performance. Figure 15 provides a comprehensive summary of
the studies included in our review, highlighting key findings and areas for future research.

The pie chart in the Figure 15 stands for the distribution of several types of Al tools used in the
medical studies reviewed. It shows that a vast majority (80%) of the tools are classified as Al tools.
This category encompasses a broad range of Al technologies. Meanwhile, 15% of the tools are
Wearable Medical Devices (WMD), showing a moderate representation in the studies. The smallest
part (5%) is attributed to LLMs like ChatGPT, suggesting their emerging but still minor role in the
context of the reviewed studies.
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Figure 15. Summary of two-part graphical summary of included articles: (a) a pie chart distribution of Al-based medical devices
(MDs) showing the predominance of Al tools, and (b) a bar chart displaying the distribution of machine learning process stages,
namely pre-processing processing, and post-hoc analysis.

The bar graph illustrates the prevalence of different approaches to explainability at various
stages of processing within healthcare applications. The stages are pre-processing, processing, and
post-hoc. The data shows that post-hoc methods are used in over 0% of the cases, which suggests
that in some studies, more than one post-hoc method may have been applied. The processing stage
is also significant, though less than post-hoc while pre-processing shows the least use among the
three. This trend shows a preference for explaining Al decisions after the fact (post-hoc), rather
than integrating explainability into the model itself (pre-processing) or during the model’s
operation (processing).

Figure 15 supports the narrative that although Al tools are widely used in medical studies, the
specific areas of wearable devices and language models are less explored. Additionally, the
preference for post-hoc explainability suggests a trend in the field towards providing explanations
after Al systems have made their decisions, which may reflect the complexity of integrating
explainability into more dynamic, real-time systems.

8. Open challenges and future insights for XAI in health systems

It is important to highlight that despite the abundance of XAI strategies, metrics, and tools,
many questions remain. For instance, which method provides the most effective explanations, and
how should we evaluate the quality of these explanations? How can we tailor explanations to a
specific end-user? How can we strike a balance between performance and interpretability? How
can we design our system for specific health applications and ensure continuous improvement?
This section examines the challenges of implementing the interpretability process in healthcare
and medicine. We discuss concerns in this field and show what must be achieved to enhance trust
among end-users in clinical decision support systems.

8.1.Misuse of post-processing explainers in health application

The current Black-Box nature of Al has raised concerns about its use in critical areas such as
medicine. There is a belief that explainable Al could build trust among healthcare professionals,
offer transparency in decision-making, and potentially help address biases. However, we argue that
these expectations for explainable Al may not be realistic due to the intrinsic issues with posthoc
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explainers that may make their results untrustworthy. It is unlikely that current methods will fully
achieve the goals of providing decision support at the patient level. The paper posits that relying
solely on post-processing explanation algorithms to meet the legal requirements for explaining
machine learning algorithms in healthcare may not be effective. This ineffectiveness stems from
the need for explanations in situations where various parties have conflicting interests, wherein the
explanation might be manipulated to serve a particular agenda. The inherent uncertainty of these
explanations further complicates the issue, making it difficult to meet the transparency goals
mandated by law. The paper recommends that there be a more open and honest discussion about
the potential and limitations of post-processing explanations, especially in clinical decision support
systems, which directly affect patients’ lives and where conflicting interests may arise.

8.2.Designing XAl framework for specific health application

This section underscores the importance of adopting a structured roadmap for the application of
XAI in healthcare and medicine, an approach embodied by what is termed the “Data to Health
Center.” As depicted in Error! Reference source not found.4, this framework significantly focuses
on the pivotal role of end-users. It also brings attention to the necessity of tailoring the XAI
framework to meet the unique requirements of each specific health application or goal, ensuring
that relevant queries are considered at every stage of the process.

A crucial aspect of this tailored approach is the ongoing effort to balance performance with
interpretability. This involves a delicate compromise between developing high-performing Al
models and keeping a level of transparency that is understandable to users, thereby fostering trust
and ensuring that the AI’s decision-making processes can be assessed and confirmed. Finding this
balance is essential, as it directly changes the effectiveness and acceptance of Al in clinical settings.
The roadmap implies an iterative, user-centric design process where performance metrics and
interpretability guidelines are continuously refined in collaboration with healthcare professionals
to meet the evolving demands of patient care and medical research [129].

8.3. Trade-off between interpretability and accuracy

The discussion on the trade-off between interpretability and accuracy addresses a fundamental
aspect of XAl in healthcare systems. It has a profound impact on how end-users, including patients
and healthcare professionals, perceive and trust the decisions made by ML models. The concept
posits that as the explainability of an Al system increases, its performance might inversely
decrease. As a result, Al systems are often categorized into Black-Box, Grey-Box, and White-Box
models, depending on the level of transparency they offer in their decision-making processes
[130132].

Ideally, healthcare systems receive help from models that provide both important levels of
explainability and satisfactory performance. Nevertheless, a compromise often arises between the
system’s ability to present patterns in a manner understandable to humans and its ability to fit
complex data accurately. This balance is critical as it involves mitigating the clinical and human
risks that come with the potential for misclassification, an issue that should be clearly
communicated to end users to align their expectations and understanding of the system’s
capabilities and limitations [21]. Furthermore, achieving a high degree of transparency is not
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limited to the models alone. It also encompasses data pre-processing—ensuring that the data fed
into the model is processed in an explainable manner, which significantly affects the overall
interpretability of the ML model. This implies that for an Al system in healthcare to be fully
interpretable, the entire pipeline, from data preprocessing to model decision-making, must be
designed with transparency in mind.

8.4.Ethical guidelines (Inclusion and diversity)

The section on Ethical guidelines (Inclusion and diversity) highlights the evolution of principles
and guidelines for ethical Al by various organizations amidst ongoing debates about the definition
of ethical Al and the standards necessary for its application. The text underscores the critical yet
often overlooked aspect of gender equity in digital health initiatives, particularly worsened during
the pandemic. These initiatives, while aimed at empowering women by improving healthcare
access and reducing unpaid care work, have inadvertently contributed to gender disparities. This
is due to issues like increased domestic violence, higher female unemployment, and more burdens
of familial care, fueled by limited access and prevailing harmful stereotypes. This situation
underscores the urgent need for dedicated efforts to address gender inequities within digital health
contexts [26].

Furthermore, the application of ethics in Al, especially within healthcare, is presented as a
multifaceted challenge that requires interdisciplinary collaboration. The spectrum of ethical
concerns includes fairness, bias, privacy, and security, which can be technically mitigated through
strategies such as data preprocessing and algorithmic adjustments. However, ethical considerations
are also deeply influenced by the specific application domain. For instance, medical Al systems
bring forth unique ethical challenges related to patient safety and privacy, causing specialized
technical and legal frameworks [133] [134].

The navigation of ethics in Al is described as requiring a bespoke, domain-specific approach.
Initiatives like the IEEE Global Initiative for Ethical Considerations in Al and Autonomous
Systems and the EU Ethics Guidelines for Trustworthy Al are highlighted for their contributions
to setting up frameworks and recommendations for the ethical development and implementation
of Al These efforts reflect a growing recognition of the need for rigorous ethical guidelines that
are sensitive to the nuances of various application domains, including healthcare, to ensure that Al
technologies are developed and deployed in a manner that is fair, secure, and respects the privacy
and safety of all individuals [135] [136].

8.5.User-Centered Al system

This section emphasizes the significance of tailoring Al systems in healthcare to the needs and
understanding of end-users, including patients and clinicians. It notes the importance of
demystifying the internal workings and outcomes of ML methods to foster trust within these key
stakeholder groups. Highlighting research findings, it points out that current efforts in interpreting
and explaining Al decisions are developer-centric, often overlooking the actual needs of end-users.
This misalignment calls for a more user-focused validation of Al systems to ensure they meet the
benchmarks of transparency, accountability, and fairness [137-140].
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The discourse further underlines the necessity of close collaboration between ML experts and
clinicians to bridge the communication gap between Al technologies and clinical practice. Such
collaboration is pivotal not just for enhancing the mutual understanding between these groups but
also for refining Al systems based on clinical insights. Clinicians’ critical role in interpreting XAl
outputs and pinpointing opportunities for model enhancement is particularly stressed [141] [142].

Moreover, the section touches on the different expectations and preferences for explanations
among specialists and the general user base. While ML professionals might gravitate towards more
technical, mathematical explanations, clinicians and patients may find visual or more intuitively
understandable explanations more useful. This discrepancy underscores a broader challenge in the
field of XAl—achieving a balance between technical accuracy and user comprehensibility in
explanations [143]. Sociological research is cited to suggest that effective explanations are those
that are concise, socially acceptable, and capable of contrasting different outcomes or scenarios,
thereby pointing towards a need for designing XAl outputs that cater to a diverse audience with
varying levels of technical ability. Addressing these differences in preferences and feelings is
crucial for the successful implementation of XAl in healthcare, ensuring that Al-driven insights
are accessible, actionable, and meaningful to all end-users [144] [145].

8.6.Evaluation metrics (Quality control tools)

When assessing the interpretability of Al in healthcare systems, it is essential to use the right
evaluation metrics. The complexity of applying uniform quality control metrics across differing
goals presents a significant challenge for XAI systems. A practical solution involves adopting
various scales tailored to the specific dimensions of each evaluation, enabling a nuanced
differentiation in the assessment process. For example, in gauging user trust, a range of variables
can be meticulously analyzed through different scales, employing methodologies such as surveys
and interviews. This allows for a comprehensive understanding of trust as it relates to the Al
system. Furthermore, to effectively evaluate the quality of explanations provided by Al systems, it
is important to consider user satisfaction concerning the explanations’ comprehensibility,
usefulness, and adequacy of the information provided. These factors can be assessed through
targeted feedback mechanisms designed to capture the user’s experience and belief of the Al
system [146].

In the context of iterative design, a strategic balance of diverse design methodologies and
assessment types is crucial. This ensures that the design goals of the Al system are in harmony with
the evaluation metrics chosen, particularly for healthcare applications. Such an approach not only
aids in refining the Al system to meet specific healthcare needs but also aligns with the overarching
goal of making Al systems more transparent, understandable, and user-friendly for healthcare
professionals and patients alike. This alignment is key to fostering trust and confidence in Al-
driven healthcare solutions, contributing to better health outcomes and more efficient care delivery
[147] [148].

8.7.Cognitive and usability engineering
Cognitive engineering in healthcare is centered around creating systems and technologies that
are in harmony with the cognitive abilities of healthcare professionals and patients. This approach
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aims to deeply understand human cognition—its strengths and limitations—and how these aspects
influence the design of interactive systems. A key focus is on user-centered design principles that
aim to minimize cognitive load and enhance the clarity of communication. Through the
optimization of information presentation and the provision of relevant clinical decision support
promptly, cognitive engineering eases more effective decision-making processes.

Moreover, cognitive engineering is instrumental in developing tools that are not only
straightforward and easy to use but also supportive of patient needs. This encompasses enhancing
the usability of health information systems, such as electronic health records, and aiding in
complex cognitive tasks, including the interpretation of medical images. By finding and addressing
cognitive biases and strongly emphasizing patient safety, cognitive engineering fosters a
synergistic relationship between technology and human cognitive processes, thereby ensuring the
delivery of high-quality healthcare.

In the realm of XAl, integrating cognitive and usability engineering principles is paramount.
This integration ensures that Al frameworks within clinical settings are designed with a keen
awareness of the cognitive demands placed on users. By doing so, these systems not only become
more accessible and intuitive for healthcare professionals and patients alike but also promote a
safer and more effective healthcare environment. This comprehensive approach underscores the
necessity of considering both cognitive and usability aspects in the development and
implementation of XAl systems, ensuring they are aligned with the cognitive workflows and needs
of their end users [149, 150]. 8.8.Uncertainty quantification

This section highlights the significance of assessing and understanding the inherent
uncertainties within medical predictions, diagnoses, and treatment outcomes. This aspect becomes
increasingly vital with the integration of Al models into healthcare, where the ability to make safe
and informed decisions depends on accurately estimating the levels of uncertainty associated with
Al-generated insights. [145]. The study underscores the importance of continuous improvement
and bias mitigation in Al models to enhance the fairness and equity of healthcare delivery. It
advocates for a collaborative approach involving caregivers, data scientists, quality assessment
professionals, and ethical boards. This multidisciplinary collaboration ensures that enhancements
to Al models are informed by clinical ability and adhere to ethical standards, thereby aligning
technological advancements with the core values of healthcare [151].

Furthermore, the establishment of a robust feedback loop with end-users and stakeholders is
identified as crucial for finding potential areas for improvement. This engagement helps the
refinement of the Al systems, making them more adaptable to the changing dynamics of healthcare
needs. Through this iterative feedback and improvement process, Al healthcare applications are
poised to become more reliable, exact, and interpretable. Such advancements in Al capabilities are
instrumental in improving patient care, decision-making processes, and the overall effectiveness
of medical treatments. The emphasis on uncertainty quantification and continuous improvement
reflects a commitment to advancing Al technologies in a manner that prioritizes patient safety,
treatment efficacy, and the ethical implications of automated decision-making in healthcare [152]
[153] [154].
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8.9.Explainable casual inference techniques

Causal inference plays a crucial role in the realm of Al, particularly when giving reliable advice
in uncertain situations. This process involves determining whether an observed relationship
between variables reflects a cause-and-effect dynamic. For Al systems to offer trustworthy
recommendations, they must find these relationships and articulate the rationale behind their
suggestions, including any associated risks. This capability is achieved through the deployment of
causal models, which map out the connections between various actions and their potential
outcomes, thereby showing the system's comprehension of the possible consequences of different
actions [155].

Moreover, a sophisticated Al system is characterized by its adaptability to changes in a user's
intentions and aims. Such a system is adept at recognizing alterations in the user's plans, promptly
adjusting its responses based on previously learned patterns or, when necessary, engaging in more
deliberate reasoning to learn the most proper course of action. This level of responsiveness and
understanding underscores the importance of causal reasoning in Al, enabling it to function
effectively across various scenarios. By harnessing the principles of causal inference, Al
technologies can advance beyond mere pattern recognition, moving towards a deeper
understanding of the intricacies of cause and effect, which is essential for generating insights and
advice that are both relevant and reliable [156]. 8.10. Kaizen and continuous improvement

Upon a comprehensive evaluation of the XAl process within our system, it becomes clear that
continuous improvement stands out as the most crucial element. The philosophy of Kaizen, which
focuses on continuous, incremental improvement, offers substantial benefits to healthcare and
medicine by enhancing quality, safety, satisfaction, trust, efficiency, and the interpretability of Al
systems for end-users. By systematically reducing errors, defects, and variability, the Kaizen
method significantly improves the transparency, robustness, and efficiency of the care monitoring
process and its outcomes [152, 157].

In the context of XAI in healthcare, the application of Kaizen principles is essential for
improving patient outcomes and keeping the trustworthiness of Al-driven systems. This approach
entails an iterative cycle of refining models, algorithms, and interpretability techniques informed
by real-world feedback and the continuous evolution of medical knowledge. The regular update of
models to include new data, research findings, and clinical insights is fundamental, allowing Al
systems to remain relevant and effective in changing healthcare demands and landscapes.

Moreover, the accuracy of automated disease diagnosis can be compromised by several factors,
including data noise. This highlights the importance of quantifying and communicating the
uncertainty inherent in AI models to ensure the reliability of Al diagnoses. By embracing the
Kaizen approach within the XAI framework, healthcare organizations can foster a culture of
continuous learning and improvement, leading to more reliable, understandable, and user-friendly
Al applications that support high-quality patient care and informed clinical decision-making [158].

8.11. XAl for wearable health trackers and medical LLMs
In the healthcare sector, wearable Internet of Things (IoT) devices stand for a significant
advancement, serving as patient-worn gadgets that connect directly to the cloud. These devices are
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instrumental in collecting and transmitting health data in real time, helping with ongoing health
monitoring, and enabling rapid responses to medical needs. Wearable technology has proven to be
exceptionally beneficial in various aspects of healthcare, including the management of chronic
diseases, delivery of therapy, support in rehabilitation, diagnostics, and physical activity tracking
[159].

As of 2022, the market for wearable medical devices was estimated at approximately $22.44
billion, projections suggesting it could escalate to around $60.48 billion by 2027. This expected
growth, featuring a Compound Annual Growth Rate (CAGR) of 21.9%, is driven by several key
factors: the rising incidence of lifestyle-related chronic conditions, an expanding elderly
population, increased demand for home healthcare and remote monitoring solutions, and a greater
focus on personalized patient care. Notably, 86% of patients have reported experiencing improved
health outcomes because of wearable technologies. This surge in demand has led to a growing
number of healthcare providers seeking specialized wearable software, which ensures the efficient
and secure transmission of Patient-Generated Health Data (PGHD) to cloud-based servers and into
Electronic Health Records (EHR) or Electronic Medical Records (EMR) systems. Moreover, such
software is equipped with advanced analytics capabilities that further refine healthcare monitoring
and decision-making processes [160].

Wearable medical devices, complemented by their associated applications, provide healthcare
professionals with a detailed overview of a patient's health status, empowering patients to actively
take part in checking their health. This collaborative approach can significantly improve care
outcomes. Despite the increasing adoption and clear importance of wearable technology in
healthcare, there is still a notable gap in the application of XAI within this domain. Given the
substantial growth and reliance on wearable technologies, as highlighted by the statistics, it is
imperative to focus on developing and designing a robust, interpretable framework for these
devices. Such advancements would enhance the functionality and user experience of wearable
medical devices and ensure their decisions are transparent and understandable to patients and
healthcare providers, thereby fostering trust and reliability in wearable healthcare technology.

9. Conclusion

In conclusion, artificial intelligence (Al) is poised to significantly influence the future of
medicine, aiming to maximize patient benefits. Nonetheless, the exclusive reliance on
explainability to guide individual patient decisions might not stand for the best strategy. Current
explainability methods fall short of guaranteeing the correctness of specific decisions, fostering
trust, or justifying the clinical application of Al recommendations. This does not diminish the
importance of explainability in ensuring Al safety; it still is an asset for diagnosing issues within
models and auditing systems to enhance their performance and uncover potential biases or
problems.

For now, explainability methods should serve as instruments for developers and auditors. Unless
there are groundbreaking developments in explainable Al, it might be necessary to approach these
systems as black boxes, placing trust in them based on their empirically verified performance. The
quest for explanations that are understandable to humans in the context of complex machine
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learning algorithms presents an ongoing challenge. Consequently, healthcare professionals should
exercise caution when relying on Al-generated explanations. Similarly, regulators should
deliberate carefully before mandating explanations for the clinical implementation of Al
technologies.

This study highlights the paramount importance of Trustworthy Al in healthcare, offering a
thorough examination of the Explainable AI (XAI) literature landscape. It proves standard
definitions and categorizes interpretability across data pre-processing, model selection, and
postprocessing stages. The suggested roadmap for XAl implementation advocates for setting clear
design goals, engaging a diverse range of end-users, and fostering interdisciplinary collaboration.
Furthermore, the study tailors its approach to meet the specific needs of various user groups for
explanations. It underscores the merging of critical factors such as fairness, privacy, accountability,
sustainability, and robustness to create reliable Al pipelines in clinical decision support systems.

Significant strides have been made in enhancing the explainability of ML models through the
cooperation of the Al and healthcare communities. However, translating these advancements into
practical applications within real-world settings is still essential for building genuine trust in
intelligent health systems. Closing the gap between legal requirements and technological progress
is crucial for developing risk-aware scenarios and broadening the scope of trustworthiness
requirements. While interpretable Al in healthcare aims to foster better understanding and trust,
the current methodologies may not suffice to realize fully explainable Al systems. Therefore,
interactive systems that offer explanations and ask for feedback play a vital role in convincing
endusers and decision-makers of the reliability of Al, easing its adaption without reservations.
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Appendix 1. Abbreviations

IML Interpretability Machine Learning DL Deep Learning

XAI Explainability Artificial Intelligence RF Random Forest

CDSS Clinical Decision Support System DT Decision Tree

DHTs Digital Health Technologies LR Logistic Regression

DHIs Digital Health Interventions KNN K-Nearest Neighbors

IHS Intelligent Health System SVM Support Vector Machine

HCI Human-Computer Interaction ANN Artificial Neural Network
WMDs Wearable Medical Devices DNN Deep Neural Network

MDs Medical Devices CNN Convolutional Neural Network
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WHTs Wearable Health Trackers RNN Recurrent Neural Network

IoMT Internet of Medical Things NLP Natural Language Processing

MLLMs Medical Large Language Models VLM Vision Language Model

mHealth Mobile Health LSTM Long Short-Term Memory networks
DCTs Digital Care Twins EDA Exploratory Data Analysis

SDOH Social Determinants of Health PCP Parallel Coordinate Plots

EMR/EHR | Electronic Medical/Health Records LIME Interpretable Model-agnostic Explanations
WHO World Health Organization SHAP Shapley Additive Explanations

Appendix 2. Criteria for study selection using PRISMA 2020 and PICO.
Inclusion Criteria ‘ Exclusion Criteria

. Al-Based Medical Devices, and Clinical Decision Support System
Population (CDSS)

Language English.

Review protocols, and review

Study design | All peer-reviewed and open-access articles in journals and conferences. e

Studies that were focusing on:

Studies on the XAI and IML in Al-based MDs and CDSS to improve Using classical ML tools

Int ti . . [ .
fitervention quality and interpretability in intelligent health systems.

Comparison All studies with the comparison of interventions.

Studies reported results that featured any domain of IML and XAl in

Outcome Al-based MDs and CDSS as its main finding or as one of the main
findings.
Time limit All publication dates were accepted. (2012 - 2023) Duplicate of the same study.
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Appendix

3. Results of the structured searching.

("internet of medical things"[tw] OR "loMT"[tw])
("internet of things"[tw] OR "IOT"[tw])
("Telehealth"[tw] OR "Telemedicine"[tw] OR "Telecare"[tw] OR "Telemonitoring"[tw])
("Remote Health"[tw] OR "Virtual Health"[tw] OR "eHealth"[tw] OR "Digital
Health"[tw])
("Smart Devices"[tw] OR "Intelligence Devices"[tw] OR "Wearable Medical Device"[tw]
#1 | PubMed " " S o 658
OR "Wearable Sensors"[tw]) ("Digital Twins"[tw])
("Medical Large Language Models"[tw] OR “Health Large Language models” [tw] OR
“Clinical Large Language Models"[tw])
AND (“Explainable Artificial Intelligence"[tw] OR “Interpretable Machine Learning”
[tw] OR “Transparent machine learning” [tw] OR “Reliable AI” [tw])
({internet of medical things} OR {IoMT})
({internet of things} OR)
({Telehealth} OR {Telemedicine} OR {Telecare} OR {Telemonitoring})
({Remote Health} OR {Virtual Health} OR {eHealth} OR {Digital Health})
({Smart Devices} OR {Intelligence Devices} OR {Wearable Medical Device} OR
#2 | Scopus {Wearable Sensors}) 1001
({Digital Twins})
({Medical Large Language Models} OR {Health Large Language models} OR {Clinical
Large Language Models})
AND ({Explainable Artificial Intelligence} OR {Interpretable Machine Learning} OR
{Transparent machine learning} OR {Reliable Al})
("internet of medical things" OR "loMT")
("internet of things" OR "IOT (Internet of Things)")
("Telehealth" OR "Telemedicine" OR "Telecare" OR "Telemonitoring'")
("Remote Health" OR "Virtual Health" OR "eHealth" OR "Digital Health")
("Smart Devices" OR "Intelligence Devices" OR "Wearable Medical Devices" OR
#3 We.b of "Wearable Sensors") 582
et ("Digital Twins")
("Medical Large Language Models" OR “Health Large Language models” OR “Clinical
Large Language Models")
AND (“Explainable Artificial Intelligence" OR “Interpretable Machine Learning” OR
“Transparent machine learning” OR “Reliable AI”)
#4 | Final (#1) AND (#2) AND (#3) 2241
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Appendix

4. Summary of important surveys on IML and XAl in healthcare and medicine.

Al-Based Medical Devices

IML Process

B . Robust Interpretability Approach to Enhance IML and XAI processes in healthcare,
* R:)v‘iI:w 2023 }l/;tematlc Trustworthy Al in Healthcare: A Systematic Review Evaluation, Implementation, and several * * * *
cview of the Past Decade Toward a Proposed Framework types of Al-based MDs
Mayo . i Health Technology Assessment of Performance, deli Ith akehold " "
1 [42] 2023 Clinic Scoping review Interpretability, and Explainability in Al-based MDs Guidelines & Healthcare Stakeholders
. . R A Brief Review of Explainable Artificial Intelligence i N "
2 [24] 2023 arxiv Brief Review in Healthcare XAI methods in healthcare apps
Systemati Application of explainable artificial intelli i
3 [161] 2023 Elsevier ystematic pplication of explainable artificial intelligence in Usability and reliability of XAI " "
Review medical health
. X Precision oncology: a review to assess interpretability Comparison of XAI methods in Precision
4 [35] 2023 Oxford Narrative review . . * *
in several explainable methods oncology
s 36] 2023 MDPI SysteI}iatic Interpretable MI-J Technique§ in E-CG-Based Heart interprc?table ML tech‘niques by focusin.g on " " "
Review Disease Classification heart disease diagnosis from an ECG signal
s . Explainable Artificial Intelligence for Drug XAI methods. thei lication in d
6 [16] 2023 arxiv yster'natlc Discovery and Development--A Comprehensive methods, t 'e1r application in drug * *
Review S discovery
urvey
Science Systematic Application of explainable Al for healthcare: A . .
[ [162] 2022 Direct Review systematic review of the last decade (2011-2022) Comparison of XATmethods/in healtheare * *
Isevi . . Opening the Black Box: The Promise and Limitations . diol N N
8 [43] 2021 Elsevier Narrative review of Explainable Machine Learning in Cardiology XAl in Cardiology
X . A Survey on Explainable Artificial Intelligence . . e -
9 [163] 2021 IEEE Narrative review (XAI): Toward Medical XAT XAI methods in medical
. . Explainable artificial intelligence models using L . . N N
10 [131] 2020 Oxford Scoping review realworld electronic health record data XAl in biomedical and medicine HER
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5. Compact summary of existing papers on interpretable intelligent health systems.

Interpretability
Process

XAl-enabled h fivit ition (HAR) method, reli Physical activiy for I d recogniti by Local Interpretable Model
| [63] 2023 Frontiers -enabled human activity recogni ion ( )’me 0d, relies on people with chronic mproved recognition accuracy by Local Interpretable Mode « N «
crucial features extracted from smart home’s sensor data impairments Agnostic (LIME) with a Random Forest (RF) classifier.
Predicting the Next-Day Perceived and Physiological Stress of Shapley Additive Explanations, Built XAI models & showed " "
2 (18] 20z IMIIR Pregnant Women by Using Machine Learning and Explainability frcnalaliiess risk factors to predict next-day parental stress.
3 | 2003 MIR Explainable Machine Learning Techniques to Predict Amiodarone- Thyroid Shapley additive explanation (SHAP) a tool for Personalized " "
(17 T Induced Thyroid Dysfunction Risk yrot Risk Prediction and Clinical Decision Support.
. Heart Rate Variability-Based Mental Stress Detection: An Heart Rate & Mental SHAP Global Explainability provides more details for
4 [123] 2023 Springer o B 2 .. LT * *
Explainable Machine Learning Approach Stress physicians by visualizing outcomes.
5 5 2023 WILEY Transparent machine learning suggests a key driver in the decision Dizb logic learning machine, supporting evidence-based medicine in " " "
(53] to start insulin therapy in individuals with type 2 diabetes 1abetes real-time data.
6 164 5003 INFORM Interpretable Policies and the Price of Interpretability in o . Markov decision process (MDPs), monotone, clear, efficient, " " "
[164] S Hypertension Treatment Planning PEHETEn and effective policies for empower decision-making
o ine the P £XALin P Based Health Contextual prompts, zero-shot and few-shot prompt learning
7 [165] 2023 ECAI amessing the ower o me rompt-Based Healtheare Heart Disease based on LLMs, Important insights on feature significance to * * *
Decision Support Using ChatGPT .. . .
support clinical decision-making processes
8 [126] 2023 arXiv Towards Interpretable Mental Health Analysis with ChatGPT Mental health pre-trained language models (PLMs), ChatGPT is an XAl tool. e & ©
9 o7 2023 ICML A ChatGPT Aided Explainable Framework for Zero-Shot Medical Brain T Pretrained vision-language models (VLMs), CLIP, N N N
[97] Image Diagnosis ram tumor effectiveness of VLMs & LLMs for medical applications
10 (2] 2023 SPIE A user interface to communi.cate i-nterpretable Al decisions to Breast Cancer Improved the readers’ conflldhence & accuracy in clinical " " "
radiologists decisions
Learned Kernels for Interpretable and Efficient PPG Signal Cardi | L 4 Kermels. Reliable & cl ol i
m [68] 2023 Duke Quality ar dli(;/:zzu ar earned Kernels, 1 (e): v:/a A ; & :1:;?1; :;gna assessment in N N N
Assessment and Artifact Segmentation P
CHIL
(Conferen
ce on . . . . . .
12 (166] 2023 Health, Missing Values and Imputat?on in Hefllthcare Data: Can Infant Death Explainable Boosting Machines (EBMS) , understand missing % % %
Interpretable Machine Learning Help? data, and risks
Inference,
and
Learning)
An Interpretable Machine Learning System to Identify EEG R . ) o N " "
13 [167] 2023 Duke Patterns on the Ictal-Interictal-Injury Continuum Brain injury in ICU Proto Med-EEG, Increased end-user's trust of ML prediction
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Science Explainable attention ResNet18-based model for asthma detection Gradient-weighted class activation mapping (Grad-CAM),
14 [76] 2023 . . Asthma . . b
Direct using stethoscope lung sounds obtained high accuracy and explainable results
1 5 2023 Science Adazd-Net: Automated adaptive and explainable Alzheimer’s Alzhei LIME, SHAP, and MS, Adaptive Flexible Analytic Wavelet
(2] Direct disease detection system using EEG signals Zhemer Transform (AFAWT), precise and explainable AZD detection
Explainable Risk Prediction of Post-Stroke Adverse Mental Post-stroke adverse Shaplev additi omati S i . .
16 [77] 2023 MDPI Outcomes Using Machine Learning Techniques in a Population of mental outcome Epley Eikiive &3 anan;ns ( -y P ataceinieantion
1780 Patients (PSAMO) ater a stroke.
An Explainable Deep Learning Model to Prediction Dental Caries . ResNet-50, better performance compares to EfficientNet-BO
17 [71] 2023 MDPI . N . Dental Caries
Using Panoramic Radiograph Images and DenseNet-121
18 2 2002 Xi Automatic Diagnosis of Myocarditis Disease in Cardiac MRI M ditis Di Turbulence Neural Transformer (TNT), Explainable-based
(e2] araty Modality Using Deep Transformers and Explainable AT S CRGIRICEEE Grad Cam method
19 2002 Science Explainable multi-module semantic guided attention-based multi-organ CT images, multi-module semantic guided attention-based network
(53] Direct network for medical image segmentation Brain tumor MRI images (MSGA-Net), high performance of all metrics
Interpretable Deep Learning Models for Better Clinician-AT Margin predictions & shape predictions, More
20 [168] 2022 Duke AU Mammography . o
Communication in Clinical Mammography explainable perdition models
21 118 2022 XAloT framework to track physiological health with the hvsiological health Ease hospital crowding, offer clear medical explanations for
[118] IEEE smartwatch. Physiological healt each patient, and faster diagnosis by tracking individually.
ilizing X i lainable deep 1 . hni Shapley additive explanation (SHAP) to provide local & global
22 [119] 2022 Springer Citiziafioeleompuin 2 e?n exp amable ee'p 'eammg leCHubEE Gestational Diabetes explanation and early prediction with cost cost-effective
for gestational diabetes prediction .
solution.
23 [169] 2022 Elsevier Neural Additive Models for Explainable Heart Attack Prediction Heart Attack Neural Additive Models, evaluate prediction efficiency
Enhancing interpretability & usability of local factors in X . SIBYL, an interpretable & interactive visualization tool for
24 [170] 2022 IEEE ca : Child Welfare Screening - .
decisionmaking predictive algorithms
Created CNN using multiple EEG frequencies as input & 4
Consist £ Feature I " Aleorithms for Int tabl methods for feature importance: LRP (Layer wise Relevance
25 [96] 2022 PubMed onsistency © eEa]:ée Ar;lpo an]c:s Dg(t)nt' s for Serpretable EEG Abnormality Propagation) (Layer wise Relevance Propagation) (Layer wise
normatity Letection Relevance Propagation), Deep LIFT, IG, & Guided Grad CAM.
2% (171] 2022 - Enhancing XAI by examining subgroups of features within a ML Alzheimer Harvard—Oxf(?rd (Subcor'tice?l) Atl&'is', evaluat'ing expert
model definition categories in decision making.
Interpretability and fairness evaluation of deep learning models on " . IMVLSTM69. Simplified Interpretative model for learning
27 [172] 2022 Nature the MIMIC-1V dataset Mortality prediction network parameters & feature importance at the same time
Application of early detection mortality or unplanned readmission Shapley variable selection tool (Shapley VIC), Enhancing
28 [173] 2022 PLOS in a retrospective cohort study Unplanned Death Interpretability of Prediction Models for Decision Makers
29 174 2002 Fronti Prediction of Online Psychological Help-Secking Behavior Mental Health Shapley additive explanation (SHAP),
[174] rontiers During the COVID-19 Pandemic: An Interpretable ML ental Healt Enable quick, early, and easily understandable detection
e 75 P AT Logic Learning Machine-Based Explainable Rules Accurately Primary Biliary logic learning machine (LLM), an efficient individual-level
[175] Stratify the Genetic Risk of Primary Biliary Cholangitis Cholangitis predictive tool with interpretable rule extraction.
2022 Measuring the Usability and Quality of Explanations of a ML Oral Tongue Cancer System Usability Scale (SUS) and system Causality Scale
31 [176] 0 MDFPI ‘Web-Based Tool for Oral Tongue Cancer Prognostication (SCS), Provide deliverable usability & explainable outcome
% i o000 - Machine Learning Approaches for Hospital Acquired Pressure Hospital-Acquired Shapley additive explanation (SHAP), real-time predictive
77 RS Injuries: A Retrospective Study of Electronic Medical Records Pressure Injuries methods to prevent unnecessary harms
A New XAl-based Evaluation of Generative Adversarial Networks Physical fatigue i . . Lo i
33 [178] 2022 IEEE Logic Learning Machine aids in finding the fake dataset

for IMU Data Augmentation

monitoring
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Opening the black box: interpretable machine learning for

Post-hoc model-agnostic interpretation methods found the most

Bl 7 A2z Y predictor finding of metabolic syndrome Wistimlie symitere reliable predictors.
3 80 2022 Finding the presence and severity of dementia by applying R Decision trees, correct prediction of the existence and severity
5 [180] PMC interpretable ML techniques on structured clinical records Dementia of dementia disease
Explainable machine learning methods and respiratory Genetic Programming & Grammatical Evolution aided
36 [181] 2022 PMC oscillometers for the diagnosis of respiratory abnormalities in Respiratory diseases clinician decision-making and enhanced pulmonary function
sarcoidosis service productivity.
Application of machine learning techniques for predicting survival . .
37 [182] 2022 PMC ovarian cancer SHAP method + DT + RF, more reliable & transparency

in ovarian cancer
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Passive detection of COVID-19 with wearable sensors & XAI

Explainable gradient boosting prediction model based on

38 [183] 2021 Nature COVID-19 decision trees, Highlighted applicability in Settings without
tools Self-Reported symptoms from any device.
A case-based interpretable deep learning model for the interpretable Al algorithm for breast lesions, more exact and
39 [184] 2021 Nature . . - [ Breast Cancer . . . .
classification of mass lesions in digital mammography explainable even with the small size of the image dataset
I 185 2021 IEEE An automated feature selection and classification pipeline to Kidney, cardiovascular, Ensemble Trees ML models, Pipeline to find the best feature
] improve the explainability of clinical prediction models diabetes selection and ML methods
Human activity recognition using wearable sensors, discriminant . .
. Local Interpretable Model-Agnostic Explanations (LIME),
41 [19] 2021 Nature analysis, and long short-term memory-based neural structured Elderly people . .
. Detect people’s behavior in different settings
learning
o 186 oo AT Early Detection of Septic Shock Onset Using Interpretable Septic Shock 8 ML models, diagnosis with real-time clinical &
[186] Machine Learners SEHCIEIOC administrative data within the first 6 hours of admission
“Explainable Al in Cardiology”: A Tool to Provide Personalized Role of XAl tools like Shapley Addictive Explanations
43 [187] 2021 ESC Predictions on Cardiac Health States Among Older Adults Cardiology (SHAP) to measure the feature importance in practical clinical
Engaged in Physical Activity applications.
. Predicting the Probability of 6-Month Unfavorable Outcome in X Global & local interpretability techniques, death reduction of
44 [187] 2021 Springer . . . Ischemic Stroke 5 . c ea :
Patients with Ischemic Stroke stroke by aiding caregivers in the decision-making process
Find th ion b Hected heart f HRV & Infection prediction 48 hours (about 2 days) prior to any
45 [20] 2021 Sensors ind the connectAlon et\yeen collected heart gatures ( Covid-19 symptoms by Local Interpretable Model-Agnostic
BPM) from medical devices & COVID-19 by interpretable Al .
Explanations (LIME).
4 o 2021 S Augment data from IoMT Sensors with GAN, & use XAl to Chronic Obstructive NG bi dd ith real d
121} ensors compare with real data Pulmonary Disease ? o 1D, (CIOTTTEETFIEE SEnCeiist] G Tl il GO
Shapley additive explanations (SHAP), Local Interpretable
47 [101] 2021 Springer An Explainable Artificial Intelligence Framework for the Hepatitis & Model-agnostic Explanations (LIME), and partial Dependence
pring Deterioration Risk Prediction of Hepatitis Patients liver disease Plots (PDP), improve the transparency & decision-making of
complex models
48 (18] 2021 BMC SMILE: systems metabolomics using Alzheimer’s disease linear genetic programrning} (L-GP), clear and easy-tounderstand
interpretable learning and evolution predictive models
Pati I Ivtics f Lainabl type-2 diabetes mellitus, K ohbor. Practical method to devel
49 [80] 2021 BMC atient s1mll. aflt}; a_m]i(ytlc; (t)r explainable hypertension & -nearest neighbor, rzlic.nce:)lm;:/}Lo to develop more
clinical risk prediction dyslipidemia explainable
b f bili d Reliability in Clinical i logistic regression (LR), artificial neural network (ANN), and
50 [90] 2021 PubMed ANewAAkpprozf: : or.Interpreta ility an lze iability in linica Acute coronary syndrome clinical risk score model (namely the Global Registry of Acute
Risk Prediction: Acute Coronary Syndrome Scenario (ACS) Coronary Events - GRACE)
. . i i SHAP (Shapley Additive Explanations) to attribute features &
51 [2] 2020 ACM Diabetes detection by using data from smartwatch sensors Diabetes explain decisions clearly on smartwatches.
5 95 2020 IE Interpretable Predictions of Clinical Outcomes with an Predict mortality in the Recurrent Neural Network,
193] Attentionbased Recurrent Neural Network MIMIC-III database Higher accuracy and more interpretable by visualization
hi i Jainabili dict 10 " SHapley Additive explanations (SHAP), Local Interpretable
53 [189] 2020 10S Press Machine Learning EXP ainability to predict 0-year overa Breast Cancer Model-agnostic Explanations (LIME), better acceptance of Al
survival of breast cancer tools
54 190 2020 MDPI Explainable Machine Learning Framework for Image Gli C Compare White Box vs Black Box models, with transparent
[190] Classification Problems toma tancer feature extraction method, & explainable prediction framework
Opening the black box of artificial intelligence for clinical Tree boosting & multilayer perceptron (MLPs), modern ML
55 [91] 2020 PLOS Stroke

decision support

methods can provide more explainability.
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se 191 2020 PMC Ada-WHIPS: explaining AdaBoost classification with Computer Aided Adaptive-Weighted High Importance Path Snippets (Ada-
e applications in the health sciences Diagnostics (CAD) WHIPS), proved a better explanation
5 102 2019 PMC On the interpretability of a machine learning-based model for H . 5 global interpretability techniques (Feature Importance,
[102] predicting hypertension ypertension Partial Dependence Plot, Individual Conditional Expectation,
Feature Interaction, Global Surrogate Models) & 2 local
interpretability techniques (Local Surrogate Models, Shapley)
Enhancing interpretability of automatically extracted machine Brai & Rl = 4 4. highlichts th
58 | [192] 2018 Elsevier learning features: application to RBM-Random Forest system on LET) SITTIER AIRemitonm I, ey (0 windleiiizmil, N illighis e
. . . Ischemic stroke pattern
brain lesion segmentation
MediBoost: a Patient Stratification Tool for Interpretable Decision
59 [193] 2016 Nature Making in the Era of Precision Medicine Precision Medicine MediBoost, a single & easy to understand tree with high
accuracy which like ensemble methods
Interpretable Deep Models for ICU Outcome Prediction
60 [194] 2016 PubMed Acute lung injury (ALI) Gradient boosting trees Explainable results for clinicians
INTERPRETABLE CLASSIFIERS USING RULES AND
61 [81] 2015 Elucid BAYESIAN ANALYSIS: BUILDING A BETTER STROKE STROKE Bayesian Rule Lists, more exact & easier to understand
PREDICTION MODEL
6 195 2014 izl Interpretable Associations over DataCubes: application to hospital ® C COGARE method, simpler rules, and enhanced explainability
[es] uoMe managerial decision making IR G improved overfitting
Ant Colony Optimization Algorithm for Interpretable Bayesian Heart Disease & Ant Colony Optimization, as well as Bagging and boosting
63 [144] 2014 PLOS . L . . L . .
Classifiers Combination Cardiography models, improved communication with patients
X - . Interval coded scoring (ICS) system, Enhanced patientclinician
64 [143] 2012 PLOS A Mathematical Model for Interpretable Clinical Decision Support Gynecology communication

50




10. References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Alia, S., et al., Explainable Artificial Intelligence (XAI): What we know and what is left
to attain Trustworthy Artificial Intelligence.

Maritsch, M., et al. Towards wearable-based hypoglycemia detection and warning in
diabetes. in Extended Abstracts of the 2020 CHI Conference on Human Factors in
Computing Systems. 2020.

Nasarian, E., et al., Association between work-related features and coronary artery
disease: A heterogeneous hybrid feature selection integrated with balancing approach.
Pattern Recognition Letters, 2020. 133: p. 33-40.

Kinoshita, F., et al., Development of artificial intelligence prognostic model for
surgically resected non-small cell lung cancer. Scientific reports, 2023. 13(1): p. 15683.
Jiménez-Luna, J., F. Grisoni, and G. Schneider, Drug discovery with explainable
artificial intelligence. Nature Machine Intelligence, 2020. 2(10): p. 573-584.

Enholm, I.M., et al., Artificial intelligence and business value: A literature review.
Information Systems Frontiers, 2022. 24(5): p. 1709-1734.

Kronk, C.A., et al., Transgender data collection in the electronic health record: current
concepts and issues. Journal of the American Medical Informatics Association, 2022.
29(2): p. 271-284.

Saxe, A., S. Nelli, and C. Summerfield, If deep learning is the answer, what is the
question? Nature Reviews Neuroscience, 2021. 22(1): p. 55-67.

Li, H., et al., 4 survey of Convolutional Neural Networks—From software to hardware
and the applications in measurement. Measurement: Sensors, 2021. 18: p. 100080.
Gunning, D., et al., XAI—Explainable artificial intelligence. Science robotics, 2019.
4(37): p. eaay7120.

Vilone, G. and L. Longo, Notions of explainability and evaluation approaches for
explainable artificial intelligence. Information Fusion, 2021. 76: p. 89-106.

Ou, YJ., et al. A user interface to communicate interpretable Al decisions to
radiologists. in Medical Imaging 2023: Image Perception, Observer Performance, and
Technology Assessment. 2023. SPIE.

Guidotti, R., et al., A survey of methods for explaining black box models. ACM
computing surveys (CSUR), 2018. 51(5): p. 1-42.

Arbelaez Ossa, L., et al., Re-focusing explainability in medicine. Digital health, 2022.
8: p. 20552076221074488.

Gruendner, J., et al., 4 framework for criteria-based selection and processing of fast
healthcare interoperability resources (FHIR) data for statistical analysis: design and
implementation study. IMIR medical informatics, 2021. 9(4): p. €25645.

Alizadehsani, R., et al., Explainable Artificial Intelligence for Drug Discovery and
Development--A Comprehensive Survey. arXiv preprint arXiv:2309.12177, 2023.

Lu, Y.-T., et al., Explainable machine learning techniques to predict
amiodaroneinduced thyroid dysfunction risk: Multicenter, retrospective study with
external validation. Journal of Medical Internet Research, 2023. 25: p. e43734.

Ng, A., et al., Predicting the next-day perceived and physiological stress of pregnant
women by using machine learning and explainability: algorithm development and
validation. JMIR mHealth and uHealth, 2022. 10(8): p. €33850.

Uddin, M.Z. and A. Soylu, Human activity recognition using wearable sensors,

discriminant analysis, and long short-term memory-based neural structured learning.
Scientific Reports, 2021. 11(1): p. 16455.

51



20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Hijazi, H., et al., Wearable devices, smartphones, and interpretable artificial
intelligence in combating COVID-19. Sensors, 2021. 21(24): p. 8424.

Rudin, C., Stop explaining black box machine learning models for high stakes decisions
and use interpretable models instead. Nature machine intelligence, 2019. 1(5): p.
206215.

Bhatt, U., et al. Explainable machine learning in deployment. in Proceedings of the
2020 conference on fairness, accountability, and transparency. 2020.

Lipton, Z.C., The mythos of model interpretability: In machine learning, the concept of
interpretability is both important and slippery. Queue, 2018. 16(3): p. 31-57.

Sadeghi, Z., et al., A4 Brief Review of Explainable Artificial Intelligence in Healthcare.
arXiv preprint arXiv:2304.01543, 2023.

Organization, W.H., WHO guideline: recommendations on digital interventions for
health system strengthening: web supplement 2: summary of findings and GRADE
tables. 2019, World Health Organization.

Jobin, A., M. Ienca, and E. Vayena, The global landscape of Al ethics guidelines. Nature
machine intelligence, 2019. 1(9): p. 389-399.

Sousa, S., P. Martins, and J. Cravino, Measuring Trust in Technology: A Survey Tool to
Assess Users’ Trust Experiences. 2021.

Ghassemi, M., L. Oakden-Rayner, and A.L. Beam, The false hope of current
approaches to explainable artificial intelligence in health care. The Lancet Digital
Health, 2021. 3(11): p. €745-e750.

Rajpurkar, P., et al., Chexnet: Radiologist-level pneumonia detection on chest x-rays
with deep learning. arXiv preprint arXiv:1711.05225, 2017.

Olah, C., et al., The building blocks of interpretability. Distill, 2018. 3(3): p. el0.
Biecek, P. and T. Burzykowski, Local interpretable model-agnostic explanations
(LIME). Explanatory Model Analysis Explore, Explain and Examine Predictive
Models, 2021. 1: p. 107-124.

Slack, D., et al. Fooling lime and shap: Adversarial attacks on post hoc explanation
methods. in Proceedings of the AAAI/ACM Conference on Al, Ethics, and Society. 2020.
Marques-Silva, J. and A. Ignatiev, No silver bullet: interpretable ML models must be
explained. Frontiers in Artificial Intelligence, 2023. 6: p. 1128212.

Krause, J., A. Perer, and K. Ng. Interacting with predictions: Visual inspection of
blackbox machine learning models. in Proceedings of the 2016 CHI conference on
human factors in computing systems. 2016.

Gimeno, M., K. Sada del Real, and A. Rubio, Precision oncology: a review to assess
interpretability in several explainable methods. Briefings in Bioinformatics, 2023: p.
bbad200.

Ayano, Y.M., et al., Interpretable machine learning techniques in ECG-based heart
disease classification: a systematic review. Diagnostics, 2022. 13(1): p. 111.

Winkler, J.K., et al., Association between surgical skin markings in dermoscopic images
and diagnostic performance of a deep learning convolutional neural network for
melanoma recognition. JAMA dermatology, 2019. 155(10): p. 1135-1141.

Arcadu, F., et al., Deep learning algorithm predicts diabetic retinopathy progression in
individual patients. NPJ digital medicine, 2019. 2(1): p. 92.

Moher, D., et al., Preferred reporting items for systematic review and meta-analysis
protocols (PRISMA-P) 2015 statement. Systematic reviews, 2015. 4: p. 1-9.

Shamseer, L., et al., Preferred reporting items for systematic review and meta-analysis
protocols (PRISMA-P) 2015: elaboration and explanation. Bmj, 2015. 349.

52



41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Rosella, L., et al., Meta-tool for Quality Appraisal of Public Health Evidence. The
Journal of the Canadian Health Libraries Association= Journal de 1'Association des
Bibliothéques de la Santé du Canada, 2015. 36(2): p. 83-83.

Farah, L., et al., Assessment of Performance, Interpretability, and Explainability in
Artificial Intelligence—Based Health Technologies: What Healthcare Stakeholders
Need to Know. Mayo Clinic Proceedings: Digital Health, 2023. 1(2): p. 120-138.
Petch, J., S. Di, and W. Nelson, Opening the black box: the promise and limitations of
explainable machine learning in cardiology. Canadian Journal of Cardiology, 2022.
38(2): p. 204-213.

Preece, A., Asking ‘Why’in Al: Explainability of intelligent systems—perspectives and
challenges. Intelligent Systems in Accounting, Finance and Management, 2018. 25(2):
p. 63-72.

Ye, M., et al. Medretriever: Target-driven interpretable health risk prediction via
retrieving unstructured medical text. in Proceedings of the 30th ACM International
Conference on Information & Knowledge Management. 2021.

Sun, Y., et al.,, Med-MMHL: A Multi-Modal Dataset for Detecting Human-and
LLMGenerated Misinformation in the Medical Domain. arXiv preprint
arXiv:2306.08871, 2023.

Di Martino, F. and F. Delmastro, Explainable Al for clinical and remote health
applications: a survey on tabular and time series data. Artificial Intelligence Review,
2023.56(6): p. 5261-5315.

Rajpurkar, P. and M.P. Lungren, The current and future state of Al interpretation of
medical images. New England Journal of Medicine, 2023. 388(21): p. 1981-1990.
Ivaturi, P., et al., 4 comprehensive explanation framework for biomedical time series
classification. IEEE journal of biomedical and health informatics, 2021. 25(7): p.
23982408.

Holzinger, A., et al., Towards multi-modal causability with graph neural networks
enabling information fusion for explainable Al. Information Fusion, 2021. 71: p. 2837.
Wexler, J., Facets: An open source visualization tool for machine learning training
data. Google Open Source Blog, 2017.

Khare, S.K. and U.R. Acharya, Adazd-Net: Automated adaptive and explainable
Alzheimer's disease detection system using EEG signals. Knowledge-Based Systems,
2023. 278: p. 110858.

Musacchio, N., et al., Transparent machine learning suggests a key driver in the
decision to start insulin therapy in individuals with type 2 diabetes. Journal of Diabetes,
2023.15(3): p. 224-236.

Waskom, M.L., Seaborn: statistical data visualization. Journal of Open Source
Software, 2021. 6(60): p. 3021.

Karri, M., C.S.R. Annavarapu, and U.R. Acharya, Explainable multi-module semantic
guided attention based network for medical image segmentation. Computers in Biology
and Medicine, 2022. 151: p. 106231.

Tilouche, S., V. Partovi Nia, and S. Bassetto, Parallel coordinate order for
highdimensional data. Statistical Analysis and Data Mining: The ASA Data Science
Journal, 2021. 14(5): p. 501-515.

53



57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.
68.

69.

70.

71.

72.

73.

74.

75.

Van der Maaten, L. and G. Hinton, Visualizing data using t-SNE. Journal of machine
learning research, 2008. 9(11).

Smilkov, D., et al., Embedding projector: Interactive visualization and interpretation
of embeddings. arXiv preprint arXiv:1611.05469, 2016.

Mclnnes, L., J. Healy, and J. Melville, Umap: Uniform manifold approximation and
projection for dimension reduction. arXiv preprint arXiv:1802.03426, 2018.

Gebru, T,, et al., Datasheets for datasets. Communications of the ACM, 2021. 64(12):
p. 86-92.

Bender, E.M. and B. Friedman, Data statements for natural language processing:
Toward mitigating system bias and enabling better science. Transactions of the
Association for Computational Linguistics, 2018. 6: p. 587-604.

Jafari, M., et al., Automatic diagnosis of myocarditis disease in cardiac MRI modality
using deep transformers and explainable artificial intelligence. arXiv preprint
arXiv:2210.14611, 2022.

Javed, A.R., et al., Toward explainable Al-empowered cognitive health assessment.
Frontiers in Public Health, 2023. 11: p. 1024195.

Caruana, R., et al. Case-based explanation of non-case-based learning methods. in
Proceedings of the AMIA Symposium. 1999. American Medical Informatics
Association.

Lin, H. and J. Bilmes. 4 class of submodular functions for document summarization. in
Proceedings of the 49th annual meeting of the association for computational
linguistics: human language technologies. 2011.

Simon, 1., N. Snavely, and S.M. Seitz. Scene summarization for online image
collections. in 2007 IEEE 11th International Conference on Computer Vision. 2007.
IEEE.

Bien, J. and R. Tibshirani, Prototype selection for interpretable classification. 2011.
Chen, S.F., et al., Learned Kernels for Interpretable and Efficient PPG Signal Quality
Assessment and Artifact Segmentation. arXiv preprint arXiv:2307.05385, 2023.
DuMouchel, W., Data squashing: constructing summary data sets. Handbook of
Massive Data Sets, 2002: p. 579-591.

Chawla, N.V,, et al., SMOTE: synthetic minority over-sampling technique. Journal of
artificial intelligence research, 2002. 16: p. 321-357.

Oztekin, F., et al., An Explainable Deep Learning Model to Prediction Dental Caries
Using Panoramic Radiograph Images. Diagnostics, 2023. 13(2): p. 226.

Nasarian, E., et al., Al Framework for Early Diagnosis of Coronary Artery Disease: An
Integration of Borderline SMOTE, Autoencoders and Convolutional Neural Networks
Approach. arXiv preprint arXiv:2308.15339, 2023.

Murdoch, W.J., et al., Definitions, methods, and applications in interpretable machine
learning. Proceedings of the National Academy of Sciences, 2019. 116(44): p.
2207122080.

Al-Shedivat, M., A. Dubey, and E.P. Xing, The intriguing properties of model
explanations. arXiv preprint arXiv:1801.09808, 2018.

Tallon-Ballesteros, A.J., et al. Feature selection and interpretable feature
transformation: a preliminary study on feature engineering for classification
algorithms. in International Conference on Intelligent Data Engineering and
Automated Learning. 2018. Springer.

54



76.

77.

78.

79.

80.

81.

82.

&3.

&4.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

Topaloglu, L., et al., Explainable attention ResNetl8-based model for asthma detection
using stethoscope lung sounds. Engineering Applications of Artificial Intelligence,
2023.126: p. 106887.

Oei, C.W., et al., Explainable Risk Prediction of Post-Stroke Adverse Mental Outcomes
Using Machine Learning Techniques in a Population of 1780 Patients. Sensors, 2023.
23(18): p. 7946.

Vyas, A., et al., Identifying the presence and severity of dementia by applying
interpretable machine learning techniques on structured clinical records. BMC medical
informatics and decision making, 2022. 22(1): p. 1-20.

Gadaleta, M., et al., Passive detection of COVID-19 with wearable sensors and
explainable machine learning algorithms. NPJ Digital Medicine, 2021. 4(1): p. 166.
Fang, H.S.A., et al., Patient similarity analytics for explainable clinical risk prediction.
BMC medical informatics and decision making, 2021. 21(1): p. 1-12.

Letham, B., et al., Interpretable classifiers using rules and bayesian analysis: Building
a better stroke prediction model. 2015.

Chou, T.-N. An explainable hybrid model for bankruptcy prediction based on the
decision tree and deep neural network. in 2019 IEEE 2nd international conference on
knowledge innovation and invention (ICKII). 2019. IEEE.

Papernot, N. and P. McDaniel, Deep k-nearest neighbors: Towards confident,
interpretable and robust deep learning. arXiv preprint arXiv:1803.04765, 2018.

Card, D., M. Zhang, and N.A. Smith. Deep weighted averaging classifiers. in
Proceedings of the conference on fairness, accountability, and transparency. 2019.
Alvarez Melis, D. and T. Jaakkola, Towards robust interpretability with self-explaining
neural networks. Advances in neural information processing systems, 2018. 31.
Lengerich, B.J., et al., Discriminative subtyping of lung cancers from histopathology
images via contextual deep learning. medRxiv, 2020: p. 2020.06. 25.20140053.
Brendel, W. and M. Bethge, Approximating cnns with bag-of-local-features models
works surprisingly well on imagenet. arXiv preprint arXiv:1904.00760, 2019.

Garcez, A.d.A., et al., Neural-symbolic learning and reasoning: A survey and
interpretation. Neuro-Symbolic Artificial Intelligence: The State of the Art, 2022.
342(1): p. 327.

Diaz-Rodriguez, N., et al., EXplainable Neural-Symbolic Learning (X-NeSyL)
methodology to fuse deep learning representations with expert knowledge graphs: The
MonuMAI cultural heritage use case. Information Fusion, 2022. 79: p. 58-83.

Valente, F., et al., 4 new approach for interpretability and reliability in clinical risk
prediction: Acute coronary syndrome scenario. Attificial intelligence in medicine,
2021. 117: p. 102113.

Zihni, E., et al., Opening the black box of artificial intelligence for clinical decision
support: A study predicting stroke outcome. Plos one, 2020. 15(4): p. €0231166.

Hind, M., et al. TED: Teaching Al to explain its decisions. in Proceedings of the 2019
AAAI/ACM Conference on Al, Ethics, and Society. 2019.

Park, D.H., et al. Multimodal explanations: Justifying decisions and pointing to the
evidence. in Proceedings of the IEEE conference on computer vision and pattern
recognition. 2018.

Balabaeva, K. and S. Kovalchuk. Neural Additive Models for Explainable Heart Attack
Prediction. in International Conference on Computational Science. 2022. Springer.

55



95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.
106.

107.

108.

109.

110.

I11.

112.

113.

Sha, Y. and M.D. Wang. Interpretable predictions of clinical outcomes with an
attention-based recurrent neural network. in Proceedings of the 8th ACM International
Conference on Bioinformatics, Computational Biology, and Health Informatics. 2017.
Knispel, F., et al., Consistency of Feature Importance Algorithms for Interpretable EEG
Abnormality Detection, in German Medical Data Sciences 2022—Future Medicine:
More Precise, More Integrative, More Sustainable! 2022, I0OS Press. p. 3340.

Liu, J., et al., A ChatGPT Aided Explainable Framework for Zero-Shot Medical Image
Diagnosis. arXiv preprint arXiv:2307.01981, 2023.

Goldstein, A., et al., Peeking inside the black box: Visualizing statistical learning with
plots of individual conditional expectation. journal of Computational and Graphical
Statistics, 2015. 24(1): p. 44-65.

Apley, D.W. and J. Zhu, Visualizing the effects of predictor variables in black box
supervised learning models. Journal of the Royal Statistical Society Series B: Statistical
Methodology, 2020. 82(4): p. 1059-1086.

Hyvérinen, A., J. Hurri, and P.O. Hoyer, Natural image statistics: A probabilistic
approach to early computational vision. Vol. 39. 2009: Springer Science & Business
Media.

Peng, J., et al., An explainable artificial intelligence framework for the deterioration
risk prediction of hepatitis patients. Journal of medical systems, 2021. 45: p. 1-9.
Elshawi, R., M.H. Al-Mallah, and S. Sakr, On the interpretability of machine
learningbased model for predicting hypertension. BMC medical informatics and
decision making, 2019. 19(1): p. 1-32.

Kim, B., R. Khanna, and O.0. Koyejo, Examples are not enough, learn to criticize!
criticism for interpretability. Advances in neural information processing systems, 2016.
29.

Wachter, S., B. Mittelstadt, and C. Russell, Counterfactual explanations without
opening the black box: Automated decisions and the GDPR. Harv. JL & Tech., 2017.
31: p. 841.

Molnar, C., Interpretable machine learning. 2020: Lulu. com.

Roth, A.E., The Shapley value: essays in honor of Lloyd S. Shapley. 1988: Cambridge
University Press.

Lundberg, S.M. and S.-I. Lee, 4 unified approach to interpreting model predictions.
Advances in neural information processing systems, 2017. 30.

Liu, H., et al., Prediction of online psychological help-seeking behavior during the
COVID-19 pandemic: an interpretable machine learning method. Frontiers in Public
Health, 2022. 10: p. 814366.

Craven, M.W., Extracting comprehensible models from trained neural networks. 1996:
The University of Wisconsin-Madison.

Hinton, G., O. Vinyals, and J. Dean, Distilling the knowledge in a neural network. arXiv
preprint arXiv:1503.02531, 2015.

Linardatos, P., V. Papastefanopoulos, and S. Kotsiantis, Explainable ai: A review of
machine learning interpretability methods. Entropy, 2020. 23(1): p. 18.

Bouquet, V. and E. Fouassier, Dispositifs médicaux: responsabilité civile du mandataire
apres l’entrée en vigueur des reglements 2017/745 et 2017/746. Médecine & Droit,
2019.2019(157): p. 71-76.

Kokol, P., et al., The quality of digital health software: Should we be concerned? Digital
Health, 2022. 8: p. 20552076221109055.

56



114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.
127.

128.

129.
130.

131.

132.

133.

134.

Ibrahim, H., et al., Health data poverty: an assailable barrier to equitable digital health
care. The Lancet Digital Health, 2021. 3(4): p. €260-¢265.

Mathews, S.C., et al., Digital health: a path to validation. NPJ digital medicine, 2019.
2(1): p. 38.

Smith, A.A., R. Li, and Z.T.H. Tse, Reshaping healthcare with wearable biosensors.
Scientific Reports, 2023. 13(1): p. 4998.

Williams, G.J., et al., Wearable technology and the cardiovascular system: the future of
patient assessment. The Lancet Digital Health, 2023. 5(7): p. e467-e476.

Krzysiak, R., S. Nguyen, and Y. Chen. XAloT-The Future of Wearable Internet of
Things. in 2022 18th IEEE/ASME International Conference on Mechatronic and
Embedded Systems and Applications (MESA). 2022. IEEE.

El-Rashidy, N., et al., Utilizing fog computing and explainable deep learning
techniques for gestational diabetes prediction. Neural Computing and Applications,
2023. 35(10): p. 7423-7442.

Zhang, W., et al.,, Toward a wearable crowdsource system to monitor respiratory
symptoms for pandemic early warning. leee Network, 2021. 35(3): p. 56-63.

Vaccari, 1., et al., A generative adversarial network (gan) technique for internet of
medical things data. Sensors, 2021. 21(11): p. 3726.

Papagiannaki, A., et al., Recognizing physical activity of older people from wearable
sensors and inconsistent data. Sensors, 2019. 19(4): p. 880.

Banerjee, J.S., M. Mahmud, and D. Brown, Heart rate variability-based mental stress
detection: an explainable machine learning approach. SN Computer Science, 2023.
4(2): p. 176.

Mesko, B. and E.J. Topol, The imperative for regulatory oversight of large language
models (or generative Al) in healthcare. npj Digital Medicine, 2023. 6(1): p. 120.
Harrer, S., Attention is not all you need: the complicated case of ethically using large
language models in healthcare and medicine. EBioMedicine, 2023. 90.

Yang, K., et al., Towards interpretable mental health analysis with ChatGPT. 2023.
Marcus, G., The next decade in Al: four steps towards robust artificial intelligence.
arXiv preprint arXiv:2002.06177, 2020.

Mincu, D. and S. Roy, Developing robust benchmarks for driving forward Al innovation
in healthcare. Nature Machine Intelligence, 2022. 4(11): p. 916-921.

Gupta, P., Machine learning: The future of healthcare. Harvard Sci. Rev, 2017.

Yang, G., Q. Ye, and J. Xia, Unbox the black-box for the medical explainable Al via
multi-modal and multi-centre data fusion: A mini-review, two showcases and beyond.
Information Fusion, 2022. 77: p. 29-52.

Payrovnaziri, S.N., et al., Explainable artificial intelligence models using real-world
electronic health record data: a systematic scoping review. Journal of the American
Medical Informatics Association, 2020. 27(7): p. 1173-1185.

Wang, F., R. Kaushal, and D. Khullar, Should health care demand interpretable
artificial intelligence or accept “black box” medicine? 2020, American College of
Physicians. p. 59-60.

Figueroa, C.A., et al., The need for feminist intersectionality in digital health. The
Lancet Digital Health, 2021. 3(8): p. €526-e533.

Char, D.S., M.D. Abramoff, and C. Feudtner, Identifying ethical considerations for
machine learning healthcare applications. The American Journal of Bioethics, 2020.
20(11): p. 7-17.

57



135.

136.

137.

138.

139.

140.

141.
142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.
156.

Chatila, R. and J.C. Havens, The IEEE global initiative on ethics of autonomous and
intelligent systems. Robotics and well-being, 2019: p. 11-16.

Smuha, N.A., The EU approach to ethics guidelines for trustworthy artificial
intelligence. Computer Law Review International, 2019. 20(4): p. 97-106.

Abdul, A., et al. Trends and trajectories for explainable, accountable and intelligible
systems: An hci research agenda. in Proceedings of the 2018 CHI conference on human
factors in computing systems. 2018.

Ehsan, U. and M.O. Riedl, On design and evaluation of human-centered explainable Al
systems. Glasgow’19, 2019.

Ribera, M. and A. Lapedriza Garcia. Can we do better explanations? A proposal of
user-centered explainable AI. 2019. CEUR Workshop Proceedings.

Barda, A.J., C.M. Horvat, and H. Hochheiser, 4 qualitative research framework for the
design of user-centered displays of explanations for machine learning model
predictions in healthcare. BMC medical informatics and decision making, 2020. 20(1):
p. 1-16.

Kroll, J.A., Accountable algorithms. 2015, Princeton University.

Gualdi, F. and A. Cordella, Artificial intelligence and decision-making: The question of
accountability. 2021.

Van Belle, V.M., et al., 4 mathematical model for interpretable clinical decision support
with applications in gynecology. PloS one, 2012. 7(3): p. e34312.

Bouktif, S., et al., Ant colony optimization algorithm for interpretable Bayesian
classifiers combination: application to medical predictions. PloS one, 2014. 9(2): p.
e86456.

Seoni, S., et al., Application of uncertainty quantification to artificial intelligence in
healthcare: A review of last decade (2013-2023). Computers in Biology and Medicine,
2023: p. 107441.

Cahour, B. and J.-F. Forzy, Does projection into use improve trust and exploration? An
example with a cruise control system. Safety science, 2009. 47(9): p. 1260-1270.
Hoffman, R.R., et al., Metrics for explainable Al: Challenges and prospects. arXiv
preprint arXiv:1812.04608, 2018.

Zhou, J., et al., Evaluating the quality of machine learning explanations: A survey on
methods and metrics. Electronics, 2021. 10(5): p. 593.

Dodge, J., et al. What Should Be in an XAI Explanation? What IFT Reveals. in IUI
Workshops. 2018.

Rader, E. and R. Gray. Understanding user beliefs about algorithmic curation in the
Facebook news feed. in Proceedings of the 33rd annual ACM conference on human
factors in computing systems. 2015.

Graban, M., Lean hospitals: improving quality, patient safety, and employee
engagement. 2018: Productivity Press.

Goyal, S. and E. Law, A4n introduction to Kaizen in health care. British journal of
hospital medicine, 2019. 80(3): p. 168-169.

Graban, M. and J.E. Swartz, The executive guide to Healthcare Kaizen: leadership for
a continuously learning and improving organization. 2013: CRC Press.

Graban, M. and J.E. Swartz, Healthcare kaizen: engaging front-line staff in sustainable
continuous improvements. 2018: CRC Press.

Pearl, J., Causal inference. Causality: objectives and assessment, 2010: p. 39-58.

Cox Jr, L.A., Information structures for causally explainable decisions. Entropy, 2021.
23(5): p. 601.

58



157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

Michaels, M., et al., Adapted Kaizen: Multi-Organizational Complex Process Redesign
for Adapting Clinical Guidelines for the Digital Age. American Journal of Medical
Quality, 2023. 38(5S): p. S46-S59.

Jahmunah, V., et al., Uncertainty quantification in DenseNet model using myocardial
infarction ECG signals. Computer Methods and Programs in Biomedicine, 2023. 229:
p- 107308.

Khozeimeh, F., et al. Importance of Wearable Health Monitoring Systems Using IoMT;
Requirements, Advantages, Disadvantages and Challenges. in 2022 IEEE 22nd
International Symposium on Computational Intelligence and Informatics and 8th IEEE
International Conference on Recent Achievements in Mechatronics, Automation,
Computer Science and Robotics (CINTI-MACRo). 2022. IEEE.

Nahavandi, D., et al., Application of artificial intelligence in wearable devices:
Opportunities and challenges. Computer Methods and Programs in Biomedicine, 2022.
213: p. 106541.

Band, S.S., et al., Application of explainable artificial intelligence in medical health: A
systematic review of interpretability methods. Informatics in Medicine Unlocked, 2023:
p. 101286.

Loh, H.W., et al., Application of explainable artificial intelligence for healthcare: A
systematic review of the last decade (2011-2022). Computer Methods and Programs in
Biomedicine, 2022: p. 107161.

Tjoa, E. and C. Guan, 4 survey on explainable artificial intelligence (xai): Toward
medical xai. IEEE transactions on neural networks and learning systems, 2020. 32(11):
p.- 4793-4813.

Garcia, G.-G.P., et al., Interpretable policies and the price of interpretability in
hypertension treatment planning. Manufacturing & Service Operations Management,
2023.

Nazary, F., Y. Deldjoo, and T. Di Noia, ChatGPT-HealthPrompt. Harnessing the Power
of XAl in Prompt-Based Healthcare Decision Support using ChatGPT. arXiv preprint
arXiv:2308.09731, 2023.

Chen, Z., et al. Missing Values and Imputation in Healthcare Data: Can Interpretable
Machine Learning Help? in Conference on Health, Inference, and Learning. 2023.
PMLR.

Barnett, A.J., et al., An Interpretable Machine Learning System to Identify EEG
Patterns on the Ictal-Interictal-Injury Continuum. arXiv preprint arXiv:2211.05207,
2022.

Barnett, A.J., et al. Interpretable deep learning models for better clinician-Al
communication in clinical mammography. in Medical Imaging 2022: Image
Perception, Observer Performance, and Technology Assessment. 2022. SPIE.
Balabaeva, K. and S. Kovalchuk. Neural Additive Models for Explainable Heart Attack
Prediction. 2022. Cham: Springer International Publishing.

Zytek, A., et al., Sibyl: Understanding and addressing the usability challenges of
machine learning in high-stakes decision making. IEEE Transactions on Visualization
and Computer Graphics, 2021. 28(1): p. 1161-1171.

Plagwitz, L., et al., Supporting Al-Explainability by Analyzing Feature Subsets in a
Machine Learning Model. Stud Health Technol Inform, 2022. 294: p. 109-113.

Meng, C., et al., Interpretability and fairness evaluation of deep learning models on
MIMIC-1V dataset. Scientific Reports, 2022. 12(1): p. 7166.

59



173.

174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

Ning, Y., et al., 4 novel interpretable machine learning system to generate clinical risk
scores: An application for predicting early mortality or unplanned readmission in a
retrospective cohort study. PLOS Digit Health, 2022. 1(6): p. €¢0000062.

Liu, H., et al., Prediction of Online Psychological Help-Seeking Behavior During the
COVID-19 Pandemic: An Interpretable Machine Learning Method. Front Public
Health, 2022. 10: p. 814366.

Gerussi, A., et al., LLM-PBC: Logic Learning Machine-Based Explainable Rules
Accurately Stratify the Genetic Risk of Primary Biliary Cholangitis. J Pers Med, 2022.
12(10).

Alabi, R.O., et al., Measuring the Usability and Quality of Explanations of a Machine
Learning Web-Based Tool for Oral Tongue Cancer Prognostication. Int J Environ Res
Public Health, 2022. 19(14).

Levy, J.J., et al., Machine Learning Approaches for Hospital Acquired Pressure
Injuries: A Retrospective Study of Electronic Medical Records. Front Med Technol,
2022. 4: p. 926667.

Vaccari, 1., et al., A Generative Adversarial Network (GAN) Technique for Internet of
Medical Things Data. Sensors (Basel, Switzerland), 2021. 21.

Zhang, Y., et al., Opening the black box: interpretable machine learning for predictor
finding of metabolic syndrome. BMC Endocr Disord, 2022. 22(1): p. 214.

Vyas, A., et al., Identifying the presence and severity of dementia by applying
interpretable machine learning techniques on structured clinical records. BMC Med
Inform Decis Mak, 2022. 22(1): p. 271.

de Lima, A.D., et al., Explainable machine learning methods and respiratory
oscillometry for the diagnosis of respiratory abnormalities in sarcoidosis. BMC Med
Inform Decis Mak, 2022. 22(1): p. 274.

Sorayaie Azar, A., et al., Application of machine learning techniques for predicting
survival in ovarian cancer. BMC Medical Informatics and Decision Making, 2022.
22(1): p. 345.

Gadaleta, M., et al., Passive detection of COVID-19 with wearable sensors and
explainable machine learning algorithms. NPJ Digit Med, 2021. 4(1): p. 166.

Barnett, A.J., et al., 4 case-based interpretable deep learning model for classification
of mass lesions in digital mammography. Nature Machine Intelligence, 2021. 3(12): p.
1061-1070.

Moreno-Sanchez, P.A. An automated feature selection and classification pipeline to
improve explainability of clinical prediction models. in 2021 IEEE 9th International
Conference on Healthcare Informatics (ICHI). 2021. IEEE.

Misra, D., et al., Early detection of septic shock onset using interpretable machine
learners. Journal of Clinical Medicine, 2021. 10(2): p. 301.

Loh, D.R., et al., “Explainable Artificial Intelligence (ai) in Cardiology”: A Tool to
Provide Personalized Predictions on Cardiac Health States Among Older Adults
Engaged in Physical Activity. Circulation, 2021. 144(Suppl_1): p. A10437-A10437.
Sha, C., M. Cuperlovic-Culf, and T. Hu, SMILE: systems metabolomics using
interpretable learning and evolution. BMC bioinformatics, 2021. 22(1): p. 284.
Jansen, T., et al., Machine Learning Explainability in Breast Cancer Survival. Stud
Health Technol Inform, 2020. 270: p. 307-311.

Pintelas, E., et al., Explainable machine learning framework for image classification
problems: case study on glioma cancer prediction. Journal of imaging, 2020. 6(6): p.
37.

60



191.

192.

193.

194.

195.

Hatwell, J., M.M. Gaber, and R.M. Atif Azad, Ada-WHIPS: explaining AdaBoost
classification with applications in the health sciences. BMC Medical Informatics and
Decision Making, 2020. 20(1): p. 1-25.

Pereira, S., et al., Enhancing interpretability of automatically extracted machine
learning features: application to a RBM-Random Forest system on brain lesion
segmentation. Medical image analysis, 2018. 44: p. 228-244.

Valdes, G., et al., MediBoost: a patient stratification tool for interpretable decision
making in the era of precision medicine. Scientific reports, 2016. 6(1): p. 37854.

Che, Z., et al. Interpretable deep models for ICU outcome prediction. in AMIA annual
symposium proceedings. 2016. American Medical Informatics Association.

Prados De Reyes, M., et al., Interpretable associations over DataCubes: application to
hospital managerial decision making. Stud Health Technol Inform, 2014. 205: p. 131-
5.

61



	1. Introduction
	1.1.The general concept of interpretability in healthcare
	1.2.The Importance of transparency in healthcare
	1.3. Balancing accuracy and interpretability in healthcare systems

	1.4.Role of explainability in digital health interventions (DHIs)
	1.5.Current approaches of interpretability in health application
	2. Systematic review method
	2.1.Search strategy and selection criteria
	2.2.Quality appraisal, risk of bias assessment and search for grey literature
	2.3.Data analysis and search results
	2.5.Related surveys on explainable AI in healthcare and medicine
	3. Proposed interpretability process for intelligent health system
	3.1.Data pre-processing interpretability and its health application
	3.1.1. Considering diverse types of datasets
	3.1.2. Exploratory data analysis (EDA)
	3.1.3. Dataset description standardization
	3.1.4. Dataset summarizing methods
	3.1.5. Data augmentation techniques
	3.1.6. Explainable feature engineering

	3.2.Interpretable process of model selection and its health application
	3.2.1. Inherently interpretable machine learning models (White-Box)
	3.2.2. Hybrid interpretable methods
	3.2.3. Joint prediction and interpretable methods
	3.2.4. Interpretability through architectural adjustments

	3.3.Post-processing interpretability and its health application
	3.3.2. Visualization methods
	3.3.3. Example-based explanation methods
	3.3.4. Game theory methods
	3.3.5. Knowledge extraction methods
	3.3.6. Neural methods

	4. Application of interpretability in AI-based medical devices
	4.1.Interpretability applications in IoT-based biosensors and wearable medical devices
	4.2.Interpretability applications in ChatGPT and medical LLMs
	5. Quality evaluation and improvement of the interpretability process
	6. Step-by-step roadmap to implement responsible clinician-AI-collaboration framework
	7. Discussion
	8. Open challenges and future insights for XAI in health systems
	8.1.Misuse of post-processing explainers in health application
	8.2.Designing XAI framework for specific health application
	8.3. Trade-off between interpretability and accuracy

	8.4.Ethical guidelines (Inclusion and diversity)
	8.5.User-Centered AI system
	8.6.Evaluation metrics (Quality control tools)
	8.7.Cognitive and usability engineering
	8.9.Explainable casual inference techniques
	8.11. XAI for wearable health trackers and medical LLMs

	9. Conclusion
	Declaration of competing interest
	Acknowledgments
	10. References

