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Abstract (200~350 words)

Background:

The reduced quality and risks to life brought on by Bronchial Asthma (BA) have

heightened the need for trustworthy risk assessment solutions with deliberate



interpretability and transparency. Improper management of BA such as ignoring
symptoms, improper inhaler technique or recent admissions to the ICU puts a patient
at a higher risk of future asthma exacerbations, complications or even death. This
paper details a systematic literature review on recent literature to identify and analyse
current Explainable Artificial Intelligence (XAI) risk assessment models used in

Bronchial Asthma or the assessment of risk in healthcare using XAl

Methods: A systematic review of English literatures was conducted through Science
Direct, Association for Computing Machinery (ACM) Digital Library, Springer,
PubMed, and Scopus from January 1, 2019 until October 26, 2023. All studies that
incorporated Explainable Artificial Intelligence or Risk fAssessment Models for
Bronchial Asthma or Health were included for this “teviews"A combination and
permutation of the following search term$ was used: Explainable Artificial
Intelligence, Risk Assessment, Risk Assessment Model, Asthma, and Health.

Results: A total of 43 literatures were ine¢luded after screening through 689 literatures
combined from the specified sources, witheduplicates and materials not meeting the
inclusion criteria removed. Among them, five of the literatures conducted research on
asthma, while seven conducted tesearch on lung related diseases using explainable
machine learningsor deep learning techniques. The model that had better performance
when compared'to the other models in the 12 most relevant literature out of the 43
was Extreme Gradient Boosting (XGBoost), with it having better performance two
out of the three times it was compared to other models. The most common output was
risk prediction with 36 literatures, followed by diagnosis with seven literatures and
classification with one.

Conclusions: Explainable Artificial Intelligence has been used within the domain of
asthma for diagnosis or prediction of future hospital visits, however there is a scarcity
for studies on explainable predictive models for asthma exacerbation risks. Research
on XAl within this domain has the potential to contribute towards explainability in
asthma risk prediction.

Keywords: Explainable Artificial Intelligence; Risk Assessment Model; Bronchial



Asthma; Healthcare

Highlight Box (no more than 250 words)

Key findings

®  Explainable Artificial Intelligence has significant application in asthma risk prediction.

® Random Forest was the most tried machine learning model in recent literature.

® XGBoost was the machine learning model with the better performance in the 12 most

relevant literatures.

What is known and what is new?

® Future risk of asthma exacerbation or a diagnosis ©f high risk@in a patient is usually

assessed by the patient’s doctor or using a My»Asthma Action Plan formulated by their

doctor.

® Explainable Artificial Intelligence” has shown promise in the prediction of risk with

deliberation towards accuraey, interpretation, explainability and patient risk assessment.

What is the implication, and what should change now?

® Research in Explainable Artificial Intelligence for risk prediction is seeing rapid

development.

1. Introduction

1.1 Background

Bronchial Asthma is a chronic respiratory disease that is prevalent in the lives of an
estimated 300 million people worldwide and the cause of around 1000 deaths each
day (1). This long-term condition impacts the lives of the individuals living with
asthma where there is a reduced quality of life or even the risk of death. Improper
management of an individual’s asthma condition, such as ignoring symptoms, may

put that person at risk of experiencing asthma exacerbations which are severe cases of



asthma symptoms that makes it difficult to breath due to the narrowing of the lung’s
airways, inflammation, swelling, and increased production of (2). Each patient would
have a Written Asthma Action Plan written specifically for them by their doctor to
allow the patients to monitor their own symptoms and react accordingly (1). A Written
Asthma Action Plan would have the dose of medication for a patient and the next
action to be taken by the patient such as going to the nearest hospital if condition
worsens. It also allows the patients to check whether they are in the green zone, the
yellow zone, and the red zone, with green being in “good condition,” yellow being
“getting worse” and red indicating that patients should be alert as their condition is
even worse. Inattentiveness towards asthma symptoms canibe life-threatening.
Artificial Intelligence (AI) has been broadly used in the imedical field such as in
medical imaging, healthcare tasks (3) and utilised in_the caréwof Bronchial Asthma
where it is used for the diagnosis and screeming of asthma in patients, classifying
patients, managing and monitoring asthma, and for the treatment of asthma (4). It is
expected to enhance medical care using'machine learning or deep learning models.
However, Al Is still confronted with/ithe,issues regarding transparency, interpretability,
and explainability which could “affect,the users trust towards the Al model (5). The
complex inference mechanisms of the Al models make it incomprehensible to its
users. This limitationtin Al is known as the “Black Box” where the Al model
processes input data through mathematical algorithms and produces output data, but it
is not always known how the Al model reached the decision or prediction it has made.
There are certain limitations in Al that research in Explainable Artificial Intelligence
(XAI) wishes to address. Especially within the medical sector where risk prediction
models are required to be accurate, trustworthy, and precise.

1.2 Rationale and knowledge gap

The increasing interest of using Al for risk prediction within a clinical setting extends
the need for the models to be explainable. The scarcity of recent publications for
Explainable Artificial Intelligence application in risk prediction for Bronchial Asthma
is highlighted within this literature review. Although many studies have used Al for

diagnosis of asthma, lung related diseases, and prediction for other diseases in the



healthcare sector, there is a lack of literatures particularly on XAI for prediction of
risk in BA. This paper aims to review the existing literature and find connections
between them by sectioning and examining the selected literatures to procure a
detailed insight regarding XAl-based risk assessment models by examining the
models used, their architecture, their performances, the input data, and the outputs of
the models before concluding with the potential suitable XAl risk assessment model
for BA.

1.3 Objective

The objectives for this review were to analyse the current XAl risk assessment models
for BA and their performances, the optimum explanation technique and to conclude
which XAl risk assessment model would work better for risk assessment in BA. This
includes any risks to patients that are related to BA; includingspredicting the risk of
the next asthma exacerbation, predicting thedrisk .of being a higher or lower risk
patient, which would indicate the need for alertness towards patients’ need for
hospitalization and anything related to assessing risk in bronchial asthma. We present
this article in accordance with the), PRESMA reporting checklist (available at

https://jmai.amegroups.com/article/view/10.21037/jmai-24-204/rc).

2. Methods

The systematic literature review was conducted in 8 steps using the methods in a
paper by Yu and Watson (6) for conducting a systematic literature review as a guide.
Figure I shows the summary of the systematic literature review search process for the
selection of XAl models. Figure 2 shows the PRISMA flow chart of the systematic
literature review process. The search process is divided into 3 different stages, where
the first stage, indicated by the blue box, comprises of the planning stage with Step 1
and Step 2 of the systematic literature review, which are addressing the research
problem and specifying the review protocols. The second stage, indicated by the green
box, is the process of the literature review itself with steps 3 to 7, which are literature
identification, inclusion screening, eligibility, extracting data and analysing the data.

Finally, in the last stage indicated by the yellow box, is step 8, reporting the findings.



Step 1: Addressing the research problem

The first step in this systematic literature review is to detail the research problem
which would in turn steer the direction of the review (7). It is rudimentary to set a
clear boundary and scope to narrow down on the problem at hand. A major problem in
Al is the lack of interpretability or also known as the black box problem. The demand
for interpretability in AI models is increasing especially in the medical field (8). This
research provides us with an important opportunity to contribute to the field of XAl
for risk assessment in Bronchial Asthma by exploring current related literatures, the
data used for feature selection, the performance of models used, the current
explanation models used and drawing a conclusion for the next steép in future research.
Step 2: Specifying the review protocols

The review protocols are specified before starting’ the literature search. They are
constructed by considering the purpose of the study, the research questions, the
inclusion criteria for literatures, the search strategies, how the screening of the
literature would be conducted, procedurefof data procurement, analysis, and reporting
the findings (9,10). To start the progessiof determining the review protocols, an initial
general search was done using broad keywords such as “Artificial Intelligence in
asthma,” “Artificial Intelligence in healthcare,” “Explainable Artificial Intelligence in
asthma” and “Explainable Intelligence in healthcare.” It was then decided that the
term Al would be removed from the search terms and only XAI would be kept to
narrow down the search. However, some literatures that did not distinctively specify
that they were applying XAl still showed up in the search and was included in the
review after a thorough screening. In addition to that, the domain of the search was
limited to asthma and other diseases within the medical field where XAI techniques
are applied for risk assessment. The decision to limit the domain to only asthma and
other diseases was set because limiting it to only asthma would not yield enough
literature while not limiting it to be within only the medical field would yield too
many results. It was also decided that literatures using different terms such as
Explainable Machine Learning and Explainable Deep Learning instead of Explainable

Artificial Intelligence were accepted. Apart from this, literatures with both ad-hoc and



post-hoc types of XAI were included.

Inclusion criterion. The inclusion criteria are as follows: 1) Literature that included
Explainable Artificial Intelligence in their research, both machine learning and deep
learning, and post-hoc and ad-hoc, and literature that did not explicitly specify
research for Explainable Artificial Intelligence however the model used in their
research is considered under explainable models. 2) Literature that uses XAI within
the asthma or medical field or using XAI for risk assessment. 3) Literature from the
years 2019 until 2023 were included in this literature review to construct a review
based on recent publications. 4) Literature written in English. 5) Only articles with
available full text.

Exclusion criteria. The exclusion criteria are as follows: 1)/Literatures that were not
directly relevant to the research topic. 2) Not writtén in English. 3) Unavailable full
text literatures.

The search strategy used was to search through selected databases using the
formulated search terms with consideration’ toward the research topic. The five
databases used were Science Direct, Association for Computing Machinery (ACM)
Digital Library, Springer, PubMed, and Scopus. The initial search terms used before
narrowing it down were “Afttificial Intelligence,” “Explainable Artificial Intelligence,”
“Risk Assessment,” “Risky Assessment Model,” “Asthma,” “Healthcare” and the
combinations and permutations of the search terms such as “Artificial Intelligence and
healthcare,” “Artificial Intelligence and asthma,” “Explainable Artificial Intelligence
and healthcare,” “Explainable Artificial Intelligence and asthma,” “Explainable
Artificial Intelligence” AND “risk assessment” AND “health,” and “Explainable
Artificial Intelligence” AND “risk assessment” AND “asthma.” The search terms that
provided broad results were further narrowed down and combined to create more
specific search terms. The search terms were then refined to only include a search on
XAIL In conclusion, the 4 decided search terms were “explainable artificial
intelligence” AND “asthma,” “explainable artificial intelligence” AND “risk
assessment” AND “health OR asthma”, “explainable artificial intelligence” AND

“risk assessment model”, and “explainable artificial intelligence” AND “risk



assessment model” AND “asthma.”

The screening of the literature would then be conducted by manually reading through
all the identified literatures after filtering them to determine which literature would be
relevant based on the set inclusion criterion. The procurement of data would be
carried out by listing all the selected literature in an excel file, separated by their titles,
abstracts and keywords. Several categories would then be created to try to find
similarities between the chosen literatures. Any categories that could be combined
would then be combined. The analysis of the data is then carried out by deciding how
to categorise and find similarities between the literatures. Followed by a discussion to
report the findings of the literature.

Step 3: Finding the literature

The systematic review was then conducted by Searchig through literature
concentrating on XAl techniques for risk assessmentiin healthcare or asthma research
using the determined searched terms through the'S databases. The screening of the
literatures was done by one reviewer/ The literatures that were included were
published between January 1, 2019 until October 26, 2023. The determined search
terms, “explainable artificial intelligence” AND “asthma,” “explainable artificial
intelligence” AND “riske"assessment” AND “health OR asthma”, “explainable
artificial intelligence® JAND “risk assessment model”, and “explainable artificial
intelligence” AND “risk assessment model” AND “asthma” was all used in the same
manner for all the databases following the rules of the Boolean operators to specify
the search.

The search was conducted through five databases which were Science Direct,
Association for Computing Machinery (ACM) Digital Library, Springer, PubMed,
and Scopus by one reviewer. A search using the combined search term “explainable
artificial intelligence” AND “asthma” through the databases Science Direct, ACM,
Springer, PubMed, and Scopus initially yielded a total of 211 studies, not including
preview only content for Springer. The search was then refined by using the filters to
only include work from 2019 until 2023, English written literature, free full text, full

text and abstracts, research articles, books and conference proceedings which yielded



a total of 151 studies. For the combined search term “explainable artificial
intelligence” AND “risk assessment” AND “health OR asthma” through the five
databases, it returned an initial total of 281 studies. After being filtered with the same
constraints as above, the search yielded a total of 191 studies. Furthermore, the
combined search term “explainable artificial intelligence” AND “risk assessment
model” yielded an initial of 191 studies. After being filtered, a total of 108 studies
were left. Finally, the combined search term “explainable artificial intelligence” AND
“risk assessment model” AND “asthma” returned a total of 6 studies, and with 5 left
after being filtered using the same constraints used for the other search terms. The
initial screening of the literature using the search terms and filtets produced a total of
455 research papers from the combined 5 databases.

Step 4: Literature screening for inclusion

The titles and abstracts of the screened studiés were then read by one reviewer to
determine their relevance to this research on Explainable Artificial Intelligence Risk
Assessment Model for Bronchial Asthma® After manually going through the titles and
abstracts of the literatures combingd fromsthe 5 databases to exclude non-relevant
literatures and removing 11%duplicates, a total of 51 studies were determined to be
related to the research of XAl risk assessment for asthma including a few articles on
XAI risk assessmeént models for health conditions other than asthma such as chronic
cough, cardiovascular disease, acute kidney injury and allergies.

Step 5: Assessing the eligibility of literature.

The 51 literatures selected based on their titles and abstracts were then further
evaluated to determine their relevance and eligibility by going through and reading
the full text of the papers. 8§ articles were excluded because the full-text writing of the
articles could not be retrieved. A total of 43 research papers were included in this
research. The 43 research papers left were sorted using Microsoft Excel, listing their
titles, keywords and abstract for easier categorization. The literature search process is
summarised in Figure 1.

Step 6: Extracting data from the literature.

Information was then withdrawn from each research paper for the purpose of



generalization, categorization, and meta-analysis. The information was manually
extracted by one reviewer from each research paper by reading through them and
taking notes on what each paper has, such as if it focused on asthma or lungs or other
healthcare related topics. Mendeley was also used to help with organizing and sorting
the reference papers. Tags in Mendeley were manually created to help with the
sortation of the papers. The papers were tagged by whether they implemented
Machine Learning or Deep Learning, whether they were asthma, lung, other
healthcare related papers, whether they used predictive or diagnostic models, and
what kind of data they were using. Any literature with missing data or is an ongoing
study was kept but noted as ongoing. The results were then re€orded in tables for
further categorisation. It was determined that the selected literature could then be
sorted into several categories under three main sections: It wasdecided that the three
main sections would be application, architecture, and their models, under which the
papers will be further sorted into categories based on their shared characteristics. This
provides an insight on current research trends on XAI based risk assessment models
in Bronchial Asthma or healthcare ‘andwoverall performance of the models in
improving the quality of care,by means of risk assessment within their category. Each
paper may belong to one of more eategories.

Step 7: Analysing the data

In this step, we examine the selected literatures to procure a considerable detailed
insight regarding XAl-based risk assessment models. A possible cause of
heterogeneity would be the scarcity of literatures focused solely on XAI based risk
assessment models within the domain of Bronchial Asthma. The search if limited to
the specific research topic, procured limited results and thus the need to expand the
search topic to include XAI risk assessment models in healthcare as well. However,
similarities were found between them. The selected literatures were sorted under three
sections which are application, architecture, and the type of models being used in the
selected literature. The author(s), the data used, the architecture of the algorithms;
whether they are Machine Learning or Deep Learning or others, the models used, its

specific application and the performance metrics used is the information extracted



from the literatures and listed in the tables as a way of analysing the data. The input
data used by the literatures were sought to find an insight regarding the features that
the XAI models used in their application domain. The performance results of the
models used in the studies were analysed to eventually draw a conclusion on which
XAI model would be suitable for the risk assessment of Bronchial Asthma.

Step 8: Reporting the findings

Step 8 of reporting the findings was incorporated throughout steps 1 to 7 therefore
step 8 was completed through the documentation of steps 1 to 7.

3. Results

A total of 43 literatures were found to be within the inclusion criteria. The 43
literatures were then sorted according to their similaritie$ by.exploring the XAl
techniques used to assess risk, the data used by the modé¢ls, theirperformance metrics,
and their level of relevance towards this studyy where some papers are more relevant
than the others. Although there are several studies that researched XAl techniques for
diagnosis, risk prediction and identification of levels of risk in other health issues,
only a limited number of literaturesswere specifically examining XAl for asthma risk
prediction. The 43 literatures,are sorted under three sections: application, architecture,
and the type of models.

The first section,@pplication, refers to where the Artificial Intelligence algorithms are
being applied. The application section is separated into three categories which are
literatures that have an application in asthma, lungs, or others. The others category
includes applications in the healthcare sector that are not related to asthma or lungs
such as the prediction of sepsis, risk of mortality or heart attacks, and other healthcare
related literatures. The application section was also separated into these three
categories to set apart literatures that would be more relevant to this research, which
would be literatures related to XAl and asthma. The next most relevant category
would be literatures that employ XAI models in application to lung related problems
or diseases. Some literatures may also belong to one or more categories. Table 1,
Table 2, and Table 3 lists down the literatures that have applications in asthma, lungs,

or other sectors respectively.



Section 1: Application

Literature in the asthma application category.

The asthma application category under the application section highlights the scarcity
of literatures directly relevant to risk assessment for asthma using XAl as shown in
Table 1 Literature with research in artificial intelligence models related to asthma
were listed in this category. 5 out of the 43 selected literatures were within the asthma
domain. The literatures by Tomita et al (11), Ray et al (12), and Lotfata et al (13)
covered Random Forest, making it the algorithm that showed up the most among the
literatures within this category. In two of the literatures, Extreme Gradient Boosting
(XGBoost) is used namely by Tomita et al (11) and G. Luo et al (14) making it the
second most common used algorithm in this category. Medel performance will be
discussed in discussion section.

Literature in the lung application category.

Due to the limited literatures specifically on XAI risk assessment for asthma,
literatures relating to XAI for risk prediction within the healthcare field were also
included. We first look at XAI (for, [ung” related diseases which may contain
similarities in features needed for antasthma XAI risk assessment model as depicted
in Table 2. 7 out of 43 literatures was categorised under the lung application category.
6 of these literatures distinctively specified research in explainable or interpretable
artificial intelligence techniques. After an analysis of the literature, it was found that
the most used algorithm by the literatures under the lung application category was
Random Forest which appeared 5 times across several literatures, and was either used
as a model or as a comparison for their own model. This was followed closely by the
Support Vector Machine (SVM) algorithm with 4 appearances and Logistic
Regression and XGBoost algorithm that was each found to be used in 3 of the
literatures. The performances of the models would be discussed in the discussion
section.

Literatures in the others application category.

Due to the scarcity of literatures specifically implementing Explainable Artificial

Intelligence models for the prediction of the risks in Bronchial Asthma, we look at



studies that utilizes predictive modelling to predict the risks in other medical related
problems. This part of the study aims to analyse the models used in other literatures.
Table 3 lists the models used by each literature. 31 of the 43 selected literatures were
categorised under this category. 21 distinctively specified the employment of XAl
techniques under 7able 3. Although some of the literatures did not explicitly mention
or focus on XAl, the articles still showed up in the systematic literature review search.
Either they used interpretable models or have stated or mentioned the use of post hoc
XAI methods in their work. The focus is on explainable models that could be suitable
for predicting the risks of asthma with precision and accuracy, whether it is predicting
the risk or able to classify the patients based on the level of patient care needed.
Subsequently, there are two literatures that were related to healtheare'but were studies
on how the environment affects a patient. They were c¢ategorised under the
Environment subsection for their use of environmental data such as daily or hourly
measured meteorological and air pollution data for cause-specific mortality such as in
the literature written by Lee et al (I5)_and socioeconomic and environmental
determinants prevalence in asthma by Lotfata‘et al (13).

The most used model within this category is Random Forest with 13 mentions of
being used, followed by XGBoost with nine and Logistic Regression with eight. The
most popular post hocimethod is SHapley Additive exPlanations (SHAP) with 12
literatures using .it. Implementing XAI in risk prediction is crucial for a user’s
understanding.

Section 2: Architecture

In section 2, architecture, the literatures are separated into two categories which are
machine learning or deep learning. The literatures are categorized based on the use of
machine learning or deep learning techniques within their research, which is then
further split into the sub - categories of explainable machine learning or explainable
deep learning. This is because Machine Learning models are relatively known to be
more interpretable compared to deep learning models, however it still depends on the
complexity of the models themselves. The literatures that would be most relevant to

this research would be literatures that implement explainability features and have



focus on asthma application. In 7able 4 and Table 5 only the citations to the literatures
are listed. Information extracted from the literatures are available in Table 1, Table 2,
and Table 3, including the models or algorithms used in each research.

Table 4 lists nine literatures that uses machine learning and 21 literatures with
explainable machine learning. Whereas Table 5 lists seven literatures that uses deep
learning and seven literatures with deep learning and explainability features. Some of
the literatures implement both machine learning and deep learning algorithms and are
categorised into both categories.

Section 3: Models

This section categorises the literatures based on their artificialvintelligence models.
There are several types of Al models such as descriptive models,prescriptive models,
classifications models, Natural Language Processifig (NLP) models and generative
models. The literature was sorted according t0 how the authors used the models in
their literature in Table 6, Table 7, and Table 8.,The models used in the selected
literatures were found to be mostly usedfas predictive models and diagnostic models
such as listed in 7able 6 and Table"7. Table § lists the literature that were not
predictive or diagnostic models.,However, the algorithms used may be capable of
performing more than one'task depending on how it is applied such as in the case of
XGBoost which€an perform classification, regression, or survival analysis tasks.
Table 9 is a comparison between related work that shows the similarities or
differences of the applied models in the papers. Table 10 compares the performance of
the models used and the number of patients in the samples. A table, Table 11, was
added to provide more context on the medical tasks performed such as diagnosis of
asthma, forecasting of hospital visit, predicting diseases and so on and what algorithm
is applied and the algorithm task in each literature. For example, an author may have
used an algorithm to diagnose patients, making it a diagnosis model, but the task
performed to diagnose the patients may have been a classification task that classifies a
patient into categories based on the patients’ parameters. Some literatures were
categorised into more than one category because the purpose of the model in the

literature was more than only one, for example, both a predictive model and a



diagnosis model. The literature most relevant to this research would be the literatures
that have application towards asthma, implements explainability and are predictive
models. However, the diagnosis of a diseases can also be included as a feature for
prediction and the classification task can be used to classify the level of care a patient
may need. The relevance of a predictive model is that in the risk assessment of
bronchial asthma, it would be required to identify patterns and predict future
outcomes such as a patient being at risk of asthma exacerbations or being in the red
zone.

4. Discussion

4.1 Key findings

The risk assessment methods used in each paper was compared. to“each other. The
papers are not all on the same asthma-related task, howevety“our focus is on the
algorithms tasks that are carried out by the algorithms foririsk assessment, preferably
in the Bronchial Asthma domain. The focus of the study is on Explainable Risk
Assessment Models. Due to the scarcity in _material, we included literatures in lung
and healthcare, with focus on the performance of the risk assessment tasks
accomplished by the algorithms‘and the performance of the explainability models. We
analysed and compared the"Explainable Artificial Intelligence algorithms, and the
tasks the algorithm performed for risk assessment. The algorithm tasks we refer to are
tasks such as classification tasks, regression task, or survival analysis task among
others that may be used to assess risk. The connections and similarities were found
between them.

Although this study also included literature on ML, DL and XAI methods that were
developed for other diseases such as Chronic Obstructive Pulmonary Disease (COPD)
(16), diabetes (17), sepsis (18), cardiovascular disease (19), gestational diabetes (20),
kidney injury (21), venous thromboembolism (22), malnutrition (23), myocardial
infarction (24), viral infections (25), risk of emergency visits (26), complications after
heart surgery (27), mortality prediction (28) and so on, they all involve assessing risk
using patient data. The models also rely on similar input data such as electronic health

records (EHR), clinical history and data, medical history and data, laboratory data,



patient vital signs, or demographic data to predict risk. Since risk assessment in
asthma also uses similar inputs in data, the adaptations of the methods used for
application in other diseases is feasible. The similarities in the input data and research
goals such as predicting the risk of the progression of a disease, identifying clinical
risk, or predicting worsening condition are all similar to the needs of risk assessment
in BA such as the risks of exacerbation or hospitalization. The use of
multidimensional patient data and the approaches used in other applications are all
equally relevant in risk assessment of asthma. The cases in each study all centre
around prediction of clinical risk and carry out algorithm tasks such as classification
task, forecasting, survival analysis which are all equally “r€levant in the risk
assessment of Bronchial Asthma such as the risk of exacerbations or hospitalization
related to asthma. Out of the 43 selected literatures, 12 litefatures were decidedly
more relevant than the others due to their Similarities, in requirements for their
research. Five out of the 12 literatures were research in explainable machine learning
or deep learning in asthma application (11, 12, 13, 14, 29), and the remaining seven
were in lung application for prediction ef lung related diseases by (16, 30, 31, 32, 33,
34, 35). In three of the literatures, XGBoost was compared to other models. These
three literatures were the papers by Tomita et al (11), De Lima et al (33) and Kor et al
(34), where in the'firstitwoypapers, XGBoost performed better than the other models
compared in the papers, with an Accuracy of 81% and Area Under the Curve (AUC)
of 85% in the paper by Tomita et al (11) and an AUC of more than 90% in the paper
by De Lima et al (33), but in the paper by Kor et al (34), XGBoost had an AUC of
0.7703 and performed less than Gradient Boosting Machines (GBM) and SVM. All
three papers used the XGBoost to carry out classification tasks. The results, sample
size and performance of the algorithms can be referred in 7able 10. Table 11 lists the
medical tasks, algorithm applied and the algorithm task of each literature. The paper
by Tomita et al (11) used XGBoost classifier to diagnose adult asthma, with a sample
size of 566 patients. The paper by De Lima et al (33) diagnosed respiratory
abnormalities in sarcoidosis with a sample size of 72 patients and compared between

10 algorithms as listed in Table 10. The paper by Kor et al (34) predicted first-time



acute exacerbation of chronic obstructive pulmonary disease (AECOPD) with a
sample size of 509 patients. The model that had better performance when compared to
the other models in the 12 most relevant literature was XGBoost, with it having better
performance 2 out of the 3 times (66.67%) it was compared to other models. 5 of the
12 literatures applied XGBoost as their model, making it the most chosen model
(41.67%), however, 2 of the literatures by S. Zeng et al (16) and G. Luo et al (14) by
the same group of researchers, conducted research on their own automatic explanation
method for machine learning models by using XGBoost as their model. The other
literatures in this study have adopted models that have a possibility of being directly
interpretable on its own, or have adopted post-hoc techniquesfsuch as SHAP (14
literatures), Local Interpretable Model-agnostic Explanations “(LIME) (three
literatures) and Gradient-weighted Class Activation “Mapping (Grad-cam) (four
literatures).
4.2 Strengths and limitations
Strengths

This study extends the dialogue, inwExplainable Artificial Intelligence for
Bronchial Asthma and hastidentified the Explainable Machine Learning or Deep
Learning techniques that researchers have included in their recent work. This includes
ante — hoc or post hoe¢,explainable models, the most used model among them, the
most common used post-hoc model and the model that performs better than other
models in studies that includes comparison. This work has identified that XGBoost
may be worth looking into as a model for Bronchial Asthma Risk prediction.
Limitations
There are several limitations confining this study. The first limitation is the literatures
included in this study was limited to 5 databases namely Science Direct, Association
for Computing Machinery (ACM) Digital Library, Springer, PubMed, and Scopus.
Any possible relevant research outside of these 5 databases could have been excluded.
Second, the search criteria for literatures may have omitted any literatures that did not
explicitly mention the use of Explainable Artificial Intelligence, Risk Assessment,

Risk Assessment Model, Asthma, and Health. Other than that, the inclusion of



literatures written only using the English language may have excluded relevant
literatures written in other languages, resulting in language bias. Furthermore, some
literatures had unattainable full-text and were consequently excluded from the review.

Moreover, there was a disproportion between literatures with Explainable Machine
Learning algorithms and Explainable Deep Leaning algorithms with Machine
Learning XAl being a majority. This puts the review in focus of ML XAI while under-
representing DL XAL

In this review, we did not focus on the feature extraction or selection for an XAl
model but on the model itself. This review also insufficiently explores the relation
between XAl and Asthma, with Asthma being a global issue, dde to the scarcity of
papers written for that exact topic.

4.3 Comparison with similar researches

Comparison between similar researches is presénted.in 7able 9 and Table 10.

4.4 Explanations of findings

A comparison was done between the 12/most relevant literature, determined by their
application in asthma and lungs in Jable 9vand Table 10. Table 9 was a comparison
between what was done in each studyyand 7able 10 compared the performances of the
models with the dataset used, number of patients and type of patients. It is worth
noting that only studies, that explicitly mentioned research XAl in their studies was
given a tick although all the studies are considered using explainable models. Table 11
lists the medical tasks, algorithm applied, and algorithm task of each literature to give
a clearer definition of the medical tasks, the algorithms used to solve the medical
tasks and the algorithm task of each algorithm. For example, the classification task of
the XGBoost algorithm was used to solve the medical task of diagnosing adult asthma
(11).

It was found that XGBoost was the most used model within the 12 literatures and the
better performing model, with it chosen to be included in the studies five out 12 times
and having a better performance two out of the three times it was compared to other
models. There were some studies that did comparisons between their own models

with other models, but did not include XGBoost as one of those models, such as in the



work by AlSaad et al (29), X. Luo et al (30), and Hernandez-Pereira et al (35).
Therefore, it is difficult to deduce whether XGBoost would have performed better
than the selected models. It is also worth noting that the size or generalizability of
each dataset used may contribute to the performance in the outputs of the model as
shown in Table 10. Moving on, although being frequently used may not be an
indicator of it being the better model, but it may be the desirable choice due to it being
a tree-based ensemble method that, if not too complex, may be relatively interpretable.
Next, the XGBoost model has built-in feature importance metrics that can be used to
identify the most important features and gain insight on how the features may affect
the patterns of the predictions.

4.5 Implications and actions needed

Research in Explainable Artificial Intelligence fof risk prediction is seeing rapid
development. However, there is still a need for'moresliteratures on the use of XAI for
predicting risks in asthma. Successful integration of Explainable Artificial Intelligence
for clinical use in risk prediction of asthma’ will require clinical confirmation and
research.

5. Conclusions

In conclusion, this review has analysed the XAI models used for asthma, lung, and
healthcare. It hasspresentedian overview on XAl models currently being used for risk
assessment within the healthcare field. XAl for risk assessment in Bronchial Asthma
that is accurate, trustworthy, and interpretable by the users may soon contribute to the

quality of life for asthma patients.
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Tables

Table 1: Research papers that were asthma related (Source: author’s analysis).

Authors Data Used Architectur Models Applications Performanc
e e metrics
(Tomita et Medical Explainable = Random Diagnosing  XGBoost

al., 2023) records data  Machine Forest, adult asthma  with




(11) Learning XGBoost, Accuracy of
SHAP 81% and an
AUC of
85%.
Random
Forest (RF)
with
Accuracy of
76% and
AUC 79%
(Ray et al., Genomics, Machine Regularized  Diagnosing  Not reported.
2022) (12) transcriptomi  Learning regression and Study is
cs, techniques managing ongoing
proteomics, (e.g:, “Least asthma and
and Absolute providing a
metabolomic Shrinkage perspective
s data and on the use of
Selection omics  and
Operator machine
(LASSO), learning in
L1 identifying
Regularized  asthma
regression, endotypes
Elastic Net), and its
Bootstrap outcomes.
aggregated
decision
trees (e.g.,
random
forest),
Principal
components

regression,




Partial least
squares
(PLS)
regression,
K-fold or

leave-one-

out Cross-

validation
( G. Luo et Tabulardata Explainable @ XGBoost, Forecasting =~ XGBOOST
al., 2021) Machine class-based  hospital AUC using
(14) Learning association visits that are 221 features:
rule XAI _asthma 0.820.
post-hoc related and XGBOOST
model. aid in asthma AUC using
management  top 50
and patient features
outcome. 0.815. Their
XAl was
able to
explain
97.57 of the
forecasting
results
correctly.
(AlSaad et EHR data Interpretable Long Short- Interpreting LSTM AUC
al., 2019) Deep Term predictions 95% CL
(29) Learning Memory of risk that 0.831
(LSTM), are  patient (0.824-
Bidirectional specific 0.838).
Long Short- using BiLSTM
Term Contextual AUC  95%
Memory Decompositi  CI: 0.819




(BiLSTM), on of (0.811 —

Logistic BiLSTM 0.827).

Regression with Linear
Model application Regression
to children AUC 95%
with asthma  CI: 0.702

(0.692-

0.712)
(Lotfata et Geographical Explainable Conventional Examining Mean Square
al., 2023) ly weighted geospatial Random the Error (MSE)
13) random machine Forest and preyalence for RF is
forest learning. geographical _of 17.62  and
ly weighted wsocioeconom GWRF is
random ic and 10.61, Mean

forest environment  Absolute
(GWRF) al Error (MAE)
determinants for RF is
of  asthma 3.02 and
using GWRF is
geographical 2.80, Root —
ly weighted Mean —

random
forests

(GWRF).

Square Error
(RMSE) for
RF is 4.20
and GWRF
is 3.20,
Coefficient
of
Determinatio
n (R?) for RF
is 0.82 and
GWRF is
0.89,




Moran’s

Istatistic
(residuals)
for RF is
028 (p <
0.05) and
GWRF is
0.0008
(p>0.05)
Table 2: Research papers that were lung related (Source: author’s analysis).
Authors Data Used Architecture Models Applications Performance
metrics
(X. Luo et EHR data. Interpretable Bi-directional Identifying Sensitivity
al.,  2021) Structured Deep ESTM chronic cough (0.856),
30) data Learning (BILSTM) cases Specificity
(medication with, attention (0.866) using
and diagnosis) layer and structured
and BERT  with data.
unstructured attention Improved to
data (clinieal layer. Logistic 0.952 and
notes) regression, 0.930
Random respectively
Forest, after
Support combining
Vector with
Machines symptoms
(SVM), K- extracted
Nearest from
Neighbour unstructured
(kKNN). data
(S. Zeng et Structured Explainable = Extreme Predicting Area  under
al.,  2022) data. Machine gradient Chronic the receiver
(16) Administrative Learning boosting obstructive operating




and  clinical (XGBoost) pulmonary characteristic
data of disease curve of
patients. (COPD) 0.866, with
exacerbations  56.6%
(103/182),
sensitivity,
and 91.17%
(6698/7347)
specificity.
M. K. Islam Image data Explainable =~ Deep Using Deep Accuracy,
et al., 2023) Deep Convolutional j, Convolutional DCNN-GRU
31) Learning Neural Neural model
Network Network accuracy of
(DCNN) with (DCNN) to 99.30%,
a Gated enhance the 98.77% and
Recurrent detection and 99.24%,
Unit (GRU) classification AdamW,
while abnormalities Adam  and
incorporating  in the lung RMSprop
Explainable optimizers
Al respectively.
techniques. Precision, 96,
LIME, SHAP, 98, 99.
and GRAD- Recall/
CAM sensitivity,
96, 98 ,99.
F1 score, 96,
98, 99.
Specificity,
96.84, 95.92,
97.96.
Cohen’s

kappa, 93.84,




95.92, 97.96.

Micro AUC
of 0.99 and
macro AUC
of 0.98
(Casiraghi  Radiological, = Explainable = Boruta Predicting AUC: 0.81.
et al., 2020) clinical, and Machine feature Covid-19 in Sensitivity:
32) laboratory Learning selection patients 0.72.
variables algorithm. rapidly and Specificity:
Random accurately. 0.76. F1-
Forest in 10- score:  0.62.
fold Cross Accuracy:
validation 0.74.
scheme.
Random
Forest
classifier
using  most
important
variables.
(De Lima et Tabular ¢ data \Explainable = Genetic Diagnosing XGBoost
al., 2022) (FOT exams)® Machine Programming respiratory AUC>0.90
33) Learning and abnormalities
Grammatical in sarcoidosis
Evolution. using
Compared Explainable
with K- Machine
Nearest Learning and
Neighbors, providing
Support decision
Vector support  for
Machine clinicians.

(SVM),




AdaBoost,

Random
Forest,
LightGBM,
XGBoost,
Decision
Trees and
Logistic
Regressor
(Kor et al., Tabular data Explainable  Four ML Using GBM AUC:
2022) (34) Machine models. Explainable 0.833  95%
Learning Gradient Machine Confidence
boosting Learning to Interval CI
machine predict first- (0.745-0.921)
(GBM), time acute SVM AUC:
support exacerbation  0.836  95%
vector of chronic CI  (0.757-
machine obstructive 0.915)
(SVM), pulmonary XGB AUC:
random forest disease 0.7703  95%
and XGBoost. (COPD, CI  (0.745-
And an AECOPD) at 0.921)
explainable an individual RF AUC:
approach level 0.751  95%
SHapley ClI  (0.642-
Additive 0.859)
exPlanations
(SHAP)
(Hernandez- Demographic = Machine Feature Predicting the AUC of
Pereira et and clinical Learning selection different 76.1% for
al., 2021) data method. levels of predicting the
35) hospital care needs of the

Supervised

for  patients

hospital and




classification
methods:
Logistic
Regression
(LR), Support
Vector
Machine
(SVM),
AdaBoost
(Adaptive
Boosting),
Bagging,
Random
Eorest, (RF),
Multilayer
Pereeptron
(MLP),

Deep
Network.

Over-
sampling
methods:
Synthetic
Minority
Oversampling
Technique
(SMOTE),
Adaptive
Synthetic
Sampling

Approach for

Imbalanced

diagnosed
with  Covid-
19  (regular
hospital
admission or
intensive care
unit

admission).

80.4% AUC

for ICU

admissions




Learning

(ADASYN)

Table 3: Research papers that were related by healthcare or risk prediction (Source:

author’s analysis).

Authors and Data Used Architectur Models Applications Performanc
Domains e e metrics
Healthcare  EHR  data. Machine Five-cross Predicting Utility Score
(Nesaragi et PhysioNet Learning fold sepsis early 0.4314
al., 2021) Challenge validation using clinical AUROC
(18) 2019 scheme, data 0.8613
dataset Light
Gradient
Boosting
Machine
Learning
models
(LightGBM)
for  binary
classification
(Kim et al, EHR datas, Deep Convolution Predicting in Area under
2019) (28) Sevenw, vital Learning al real-time the the receiver
signs, patient Neural all-cause operating
age and body Networks mortality characteristic
weight  on (CNNs) within  the curve in the
intensive pediatric range of
care unit intensive 0.89-0.97 for
admission care units. mortality
prediction 6
to 60 h prior
to death
(Y. Wang et User data Explainable = ANN and Enhancing Accuracy of
al., 2023) and generate Artificial Classificatio  the ANN  was
17) synthetic Intelligence  n and explainabilit  92%,




data (Deep regression y of artificial Multiple
Learning) tree (CART) intelligence  Linear
using local in the Regression
interpretable  diagnosing (MLR) was
model- of diabetes. 76%, CART
agnostic was 88%.
explanation
(LIME)
(Ordikhani EHR data Machine Novel risk Predicting Framingham
et al., 2022) Learning assessment cardiovascul model area
(19) model, ar . disease under a
Genetic (CVD) Receiver
Algorithm events risk Operating
(GA) using an Characteristi
evolutionary ¢ curve
machine (AUROC)
learning was  0.633,
algorithm PROCAM
model
(AUROC)
was  0.683,
Deep
Learning

model using
a three-
layered
Convolution
al Neural
Network
(AUROC)
was 0.74, the
GA-based
eXplanaible




Persian
Atherosclero
tic CVvD
Risk
Stratification
(XPARS)
with  eight
features had
(AUROC) of
0.76,

0.72

and
with

four features.

(Du et al.,
2022) (20)

EHR data

Explainable
Machine

Learning

Five
machine
learning
algotithms
with  five-
fold
validated

Cross-

grid search,
logistic
regression,
random
forest,
support
vector
machine
(SVM),
adaptive
boosting
(AdaBoost)
and extreme

gradient

Identifying

women at

risk or

needing
targeted
pregnancy
intervention
using
Machine
learning-
based
clinical
decision
support
system

(CDSS).

a

Theoretical
Precision
Recall Area
Under  the
Curve
(AUC-PR)
0.485, Area
Under Curve
Receiver
Operating
Characteristi
C (AUC-
ROC)
0.792),
gestational
diabetes
mellitus
(GDM)
screening
during a

normal




boosting antenatal
(XGBoost) visit (AUC-
explained PR 0.208,
with AUC-ROC
explained 0.659), and
with Shapley remote GDM
additive risk
explanations assessment
(AUC-PR
0.199, AUC-
ROC 0.656)
(Zhang et EHR data Machine Logistic Predicting GBM model
al., 2021) Learning regression, acute kidney with highest
(21) support injury (AKI) scores of
vector after  liver AUC (0.76,
machine transplantati  CI 0.70 to
(SVM), on (LT) early 0.82), Fl1-
random using an score (0.73,
forest, explainable CI 0.66 to
gradient supervised 0.79) and
boosting machine sensitivity
machine learning (0.74, CI
(GBM) and predictor. 0.66 to 0.8)
adaptive in the
boosting internal
validation
set, and AUC
(0.75, CI
0.67 to 0.81)
for the
external
validation set
(Roseiro et Acute Interpretable Common Estimating The




al., 2023) coronary Machine model the influence sensitivity
(36) syndrome Learning known  for of (SE),
patient’s short-term inflammation specificity
dataset prognosis biomarkers (SP),

Global towards the geometric
Registry of assessment  mean (GM)
Acute of and AUC
Coronary cardiovascul ~ were
Events ar risk using respectively,
(GRACE) an 0.83, 0.84,
tool and a imterpretable 0.83
Random machine and 0.91
Forest learning
classifier approach

(Zadeh et Medical Machine Predictive De novo Gradient

al., 2023) records Learning models, malignancy  Boosting

37 Decision prediction in results
tree, pancreas respectively
Gradient transplant Accuracy,
Boosting, patients Sensitivity,
Random Specificity,
Forest, Precision,
Layer-wise F1-score,
Adaptive AUROC s
Rate Scaling 0.6945,
(LARS), 0.7401,
Neural 0.6488,
Network, 0.6782,
Logistics 0.7078, and
Regression, 0.654

(Qatawneh  Patient data  Deep ANN, Predicting Stratified

et al., 2019) Learning Multilayer the risk of ten-fold

(22) Perceptron developing Cross




(MLP) feed Venous validation
forward Thromboem had overall
neural bolism user
network (VTE) in accuracy of
hospitalized  81.2%  and
patients and an over-
classifying it all procedure
into five risk accuracy of
levels 80.7%
ranging from
loew to high
(Alzoubi et Genotype Deep Multilayer Predicting An area
al., 2023) data Learning perceptron the ' risk of under the
(38) (MLP) disease using curve (AUC)
a deep up to 0.94
learning
framework.
(Yaleim et Demographi  Explainablew. Fivefold Predicting Random
al., 2023) c and clinical Machine Cross- weight of forest
23) parameters Learning validation in patients and classification
the software- the presence (AUROC:0.8
R with a of  weight 47).
neonatal gain at
nutritional discharge for
screening identifying
tool (NNST) malnutrition
elastic net, in NICU
random patients
forest (RF), using
and support machine
vector learning
machines (ML)
(SVM) and algorithms.




SHAP

(Singh et al., Patientdata  Explainable = Myocardial ~ Predicting External
2023) (24) Deep perfusion death or testing AUC
Learning imaging nonfatal for HARD
(MPI), myocardial MACE-DL
Explainable  infarction (0.73;  95%
deep MI) wusing CI: 0.71-
learning Explainable  0.75)
(DL) model Deep
(HARD Learning by
MACE directly
[major assessing
adverse risk from
cardiac Myocardial
events]-DL): Perfusion
Grad-Cam, Imaging.
SHAP
(Choubey et Patient data  Deep ANN, Using 94%
al., 2022) Learning Genetic enhanced accuracy,
(25) Algoritm, backpropagat 96%
dynamic ion to precision,
angle enhance the 95% recall.
projection prediction
pattern efficiency of
(DAPP), virus  borne
Enhanced diseases
Back using an
Propagation  artificial
Algorithm neural
using ANN network
(EBP-
ANN)
(George et Health Interpretable ~ Variational Predicting Area under




al., 2023) record data  Artificial autoencoder risk of 30- the receiver-
(26) Intelligence  k-nearest day operating
neighbors Emergency  characteristic
algorithm Department s AUC =
(VAE-KNN)  visits for 0.80
and SHAP cancer
patients who
are
undergoing
treatment.
(Petrauskas Patient data  Explainable = Fuzzy logic- Assessing Accuracy for
et al., 2021) Artificial based XAl nutrition-rela  malnutrition
39 Intelligence  Fuzzy ted factors or 87.95%,
(XAI) SWOT<,map. symptoms 87.95% for
(FSM) which and oropharynge
is a Dynamic determining al dysphagia,
SWOT the risk of 90.36% for
analysis geriatric eating
network. patient disorders in
Fuzzy health dementia,
cognitive problems and 86.75%
maps using an for
(FCM)-type  explainable  dehydration.
network artificial
intelligence-
based (XAI)
clinical
decision
support
system
(CDSS).
(X. Zeng et EHR Interpretable  k-means Predicting Cardiac
al., 2021) Machine algorithm complication complication




27) Learning (for s after prediction
preprocessin  pediatric AUC of
g data), congenital 0.946, lung
dynamic heart surgery complication
time using prediction
wrapping, Explainable = AUC of
XGBoost machine- 0.785.
model, learning.
SHAP
framework
(Giuste et Image data, Explainable Grad- Assessing 95.55%
al.,  2023) heart biopsy Deep CAM-++, risk wof, rare AUROC,
(40) WSIs Learning, Eigen-CAM, “wpediatric with a
Data-driven  Scere-CAM;, heart sensitivity of
Al and transplant 83.33% and
Ablation- rejection specificity of
CAM using 66.67%
techniques,  explainable
Progressive  synthetic
GAN image
(PGAN), generation
Inspirational  and an
GAN explainable
(IGAN) synthetic
data
augmentatio
n approach.
(S. Islam et Demographi Explainable Henry gas Predicting (Accuracy,
al., 2022) c and Health Artificial solubility the chances F1 score, and
41) Surveys Intelligence  optimization of AUC) above
(DHS) data (XAID) (HGSO)- 46 aesarean 98%, while
for C-section based or C-section its sensitivity
(CS) births random delivery is




collected forest (RF) using a approximatel
from (HGSORF), stable y
Pakistan ADAptive predictive 98.94%.
Demographi SYNthetic model and
c and Health (ADASYN) XAI -based
Survey algorithm, cause
(PDHS) SHAP, analysis.
LIME, and
feature
importance
curve
(Liu et al, Data from Explainable eXtreme Assessing The
2023) (42) Medical Machine Gradient the = severity AUROCs of
Information  Learning Boosting of illness in XGBoost
Mart for algorithm older adult were 0-866
Intensive (XGBoost),  patients (0-851-
Care Shapley admitted in 0-880) for
database, Additive the intensive the internal
electronic exPlanations care unit validation
ICU (ICU) wusing set,  0-838
Collaborativ a  machine (0-829-
¢ Research learning 0-847) for
Database, model, the
and ELDER-ICU external
Amsterdam with validation
University evaluation (Us) set,
Medical for potential 0-833
Centers model bias (0-812—
Database and cohort- 0-853) for
specific the external
calibrations.  validation

(Europe) set,
and 0-884




(0-869—

0-897)  for
the temporal
validation
set.
(K. Wang et Patient data  Interpretable Six ML Predicting XGBoost
al., 2021) Machine models: the all-cause model mean
(43) Learning Logistic mortality in AUC  was
Regression, 3 years for 0.8207 (95%
k-nearest patients with confidence
neighbors heart failure interval [CI]:
(KNN), (HF) 0.8143—
support caused by 0.8272)
veetor coronary with F1-
machine heart disease score of
(SVM), (CHD) using 0.4476 (95%
naive an CI: 0.4407-
Bayesian explainable  0.4546) for
(NB), and machine mortality
multi-layer learning
perceptron model.
(MLP),
extreme
gradient
boosting
(XGBoost),
and SHapley
Additive
exPlanations
(SHAP)
method
(Tu et al, Electronic Machine Four Predicting For 42
2023) (44) medical Learning different Mortality features:




records from
Chi Mei
Medical

Center

machine
learning
models:
Logistic
Regression
Random
Forest
LightGBM
XGBoost

Risk in the
Intensive
Care Unit for
Patients with
Traumatic
Brain Injury
Using
Machine
Learning

Algorithm

Logistic
Regression
Acuracy:
0.799,
Sensitivity:
0.806,
Specificity:
0.799, AUC:
0.901.
Random
Forest
Accuracy:
0.829,
Sensitivity:
0.833,
Specificity:
0.828, AUC:
0.914.
LightGBM
Accuracy:
0.832,
Sensitivity:
0.833,
Specificity:
0.832, AUC:
0.916.
XGBoost
Accuracy:
0.794,
Sensitivity:
0.806,
Specificity:
0.792, AUC:




0.900.

(Kavya et Datasets Machine K-NN Diagnosing  Training and
al., 2021) from allergy learning SVM allergies validation
(45) testing models and C5.0 using accuracy rate
centers in post-hoc NN Machine of decision
South India  explainable =~ AdaBag Learning and tree was
artificial Random XAI 81.62,
intelligence ~ Forest (RF)  approaches.  support
approaches vector
machine was
81.04 and
random
forest  was
83.07.
(Garcia- Heterogeneo Machine Not available Predicting Not available
Caifadilla et us and Learning adverse
al.,  2022) complex events such
(46) data. EHR as  clinical
data. deterioration
on and / or
ICU (RE-)
admission
after
pediatric
cardiac
surgery using
machine
learning
based
predictive
systems.
(Shin et al., Photoplethys Explainable The model Assessing Evaluation
2022) (47) mography Deep has three and metric:




patient data learning convolutiona estimating Correlation
from | layers with vascular age coefficient
photoplethys two fully non- (R) (0.59 +
mogram connected invasively by 0.01 (0.55 —
(PPG). layers, and wusing deep 0.61)),
Waveform used Grad- learning Coefficient
and image. Cam for convolutiona of
explainable 1 neural Determinatio
artificial networks on n -(R2) (0.34
intelligence.  photoplethys =+ 0.02 (0.30
Convolution mogram — 0.37)),
al neural (PPG). Mean
network absolute
(CNN) of error (years)
two 1- 84 = 0.1
dimensional (8.2 — 8.6)),
convolutiona Root-mean-
| layers, and squared error
two fully (years) (10.3
connected + 0.2 (10.0 —
layers  with 10.6)).
1024 nodes
and 0.2
dropout rates
prior to the
output
neuron
(Aghamoha Cleveland Explainable = Genetic Using XAI Sensitivity
mmadi et dataset Artificial Algorithm to predict (79.1667%),
al., 2019) medical Intelligence  (GA) and heart attacks. specificity
(48) reports Adaptive (87.5%),
Neural precision
Fuzzy (90.4762%),




Inference accuracy
System (82.5%),
(ANFIS) Root Mean
Squared
Error
(RMSE)
(0.85158)
and k-
fold  cross
validation
training sets
and testing
sets using 9-
fold  cross
validation to
test
efficiency.
(Tseng et al., Patient data  Explainable, . Logistic Predicting Random
2020) (49) Machine regression, cardiac Forest AUC
Learning support surgery— (0.839, 95%
vector associated confidence
machine acute kidney interval [CI]
(SVM), injury (CSA- 0.772—
random AKI) using 0.898),
forest (RF), an artificial Random
extreme intelligence— Forest +
gradient based XGboost
boosting machine AUC (0.843,
(XGboost), learning 95% CI
and approach and 0.778-0.899)
ensemble thorough
(RF + perioperative

XGboost)

data-driven




and SHapley learning.

Additive
exPlanation
(SHAP)
(Li et al, Inpatients Explainable =~ XGsBoost Predicting AUC (area
2021) (50) data on type- Machine algorithm the risk and under the
2 diabetes Learning and Shapley the analysis curve value,
Additive of diabetic 0.90
Explanation  retinopathy
(SHAP) (DR)
using
predictive
machine
learning
models

and a large
sample

dataset.

(X. Wang et Patient data, Explainable  Decision tree Predicting Accuracy

al., 2022) Machine and random the outcomes (95.6%),

(51) Learning, forest and risk Area under
stacking factors of the curve
ensemble hospitalizatio AUC (0.757)
learning n in geriatric

patients with
dementia
using
machine
learning

model.

(Kovalchuk Medical data  Applicable K-Neighbors Interpretable Accuracy
et al., 2022) clinical Classifier, machine (70.0%,),

(52) decision Random learning sensitivity




support Forest using data- (76.0%,),

systems Classifier, driven specificity (
(CDSSs) Logistic predictive 60.2%)
data-driven =~ Regression, = modelling

(DD) SVC for clinical

predictive (support decision

modelling vector support

and classifier), systems.

interpretable  XGB

machine Classifier,

learning Gaussian NB
(Naive
Bayes),
Bernoulli
NB,
Multinomial
NB And
SHAP

(Twick et EMR data Explainable =~ Non-linear Predicting Leak

al., 2022) Machine tree-based medically Models,

(53) learning gradient grounded Naive
boosting risk  using Gradient

classifiers, EMR-based  Boosting Pre

CatBoost risk AUC

and Shapley prediction (0.775), Post

Additive explainable =~ AUC

Explanations models. (0.855),

(SHAP) Literature-
based
Gradient
Boosting
AUC Pre

(0.793), Post




AUC (0.861)

Environmen
t

(Lee et al.,
2022) (15)

Daily
hourly

measured

or

meteorologic

al and
pollution

data

air

Machine
Learning and
Deep

Learning

Random
Forest (RF),
extreme
gradient
boosting
(XGBoost),
logistic
regressions
regularized
with an L1
penalty
(lasso
regression),
an E2
penalty
(ridge
regression),
and a net
elastic
penalty
(elastic net),
and deep
learning
algorithms
deep
learning
algorithms
for time-
series  data:
long  short-

term

memory

Predicting
cause-
specific
mortality
using
machine
learning and
deep
learning
algorithms
using, _daily
or hourly
measured
meteorologic
al and air

pollution

data

Extreme
gradient
boosting,
ridge, and
net

the

elastic

reduced
mean

absolute
error by
4.7%, 4.9%,
and 16.8%

respectively.




(LSTM) and

stacked
LSTM.
(Lotfata et Socioecono  Explainable  Conventional Examining Mean Square
al., 2023) mic and geospatial Random the Error (MSE)
(13) environment machine Forest and prevalence for RF is
al learning. geographical of 17.62  and
determinants ly weighted socioeconom GWRF is
random ic and 10.61, Mean
forest environment  Absolute
(GWREF) al Error (MAE)
determinants for RF s
of | asthma 3.02 and
using GWRF is
geographical 2.80, Root —
ly weighted Mean —

random
forests

(GWRF).

Square Error
(RMSE) for
RF is 4.20
and GWRF
is 3.20,
Coefficient
of
Determinatio
n (R?) for RF
is 0.82 and
GWRF is
0.89,
Moran’s I
statistic
(residuals)
RF is
P <

for

0.28




0.05) and
GWRF is
0.0008
(p>0.05)

Table 4: Authors that used Machine Learning or explicitly mentioned research in

Explainable Machine Learning in their paper (Source: Author’s analysis)

Techniques

Authors

Machine Learning

(Ray et al., 2022) (12)

(Zadeh et al., 2023) (37)

(Ordikhani et al., 2022) (19)
(Garcia-Canadillaet al., 2022) (46)
(Lee et al., 2022) (15)

(X. Wang et al., 2022) (51)

(Tu et al;;,2023) (44)
(Hernandez-Pereira et al., 2021) (35)
(Nesaragi et al., 2021) (18)

Explainable Machine Learning

(G. Luo et al., 2021) (14)
(S. Islam et al., 2022) (41)
(Lietal., 2021) (50)

(Du et al., 2022) (20)

(X. Zeng et al., 2021) (27)
(Zhang et al., 2021) (21)
(Casiraghi et al., 2020) (32)
(Lotfata et al., 2023) (13)
(Kavya et al., 2021) (45)
(Yalgm et al., 2023) (23)
(Tomita et al., 2023) (11)
(Roseiro et al., 2023) (36)
(Liu et al., 2023) (42)
(Tseng et al., 2020) (49)
(Twick et al., 2022) (53)
(Kovalchuk et al., 2022) (52)




(K. Wang et al., 2021) (43)
(Kor et al., 2022) (34)

(De Lima et al., 2022) (33)
(S. Zeng et al., 2022) (16)
(George et al., 2023) (26)

Table 5: Authors that used Deep Learning or explicitly mentioned Explainable Deep

Learning in their research (Source: Author’s analysis)

Techniques

Author’s

Deep Learning

(Choubey et al., 2022) (25)
(Kim et al., 2019) (28)
(Alzoubi et al., 2023) (38)
(Qatawneh etal.; 2019)(22)
(Lee et ali; 2022) (15)
(Giuste et.al.;,2023) (40)
(Ordikhani et al., 2022) (19)

Explainable Deep Learning

(Shin‘et al., 2022) (47)

(Singh et al., 2023) (24)
(AlSaad et al., 2019) (29)

(Y. Wang et al., 2023) (17)
(X. Luo et al., 2021) (30)

(M. K. Islam et al., 2023) (31)
(George et al., 2023) (26)

Table 6: Authors that used Predictive Models in their research (source: author’s

analysis)

Predictive Models

(Nesaragi et al., 2021) (18)
(Kim et al., 2019) (28)
(Ordikhani et al., 2022)
(19)

(Du et al., 2022) (20)
(Zhang et al., 2021) (21)
(Roseiro et al., 2023) (36)

(Choubey et al., 2022) (25)
(George et al., 2023) (26)
(Petrauskas et al., 2021)
(39)
(Casiraghi
(32)

(Kor et al., 2022) (34)

et al., 2020)

(AlSaad et al., 2019) (29)
(Tuetal., 2023) (44)
(Hernandez-Pereira et al., 2021)
(35)

(Garcia-Canadilla et al., 2022)
(46)
(Aghamohammadi

et al.,




(X. Luo et al., 2021) (30) (X. Zeng et al., 2021) (27)  2019)(48)
(S. Zeng et al., 2022) (16)  (Giuste et al., 2023) (40) (Tseng et al., 2020) (49)

(Zadeh et al., 2023) (37) (Lee et al., 2022) (15) (Lietal., 2021) (50)
(Qatawneh et al.,, 2019) (G. Luo etal., 2021) (14) (X. Wang et al., 2022) (51)
(22) (S. Islam et al., 2022) (41)  (Lotfata et al., 2023) (13)
(Alzoubi et al., 2023) (38)  (Liuetal., 2023) (42) (Kovalchuk et al., 2022) (52)

(Yalgin et al., 2023) (23) (K. Wang et al., 2021) (43) (Twick et al., 2022) (53)
(Singh et al., 2023) (24)

Table 7: Authors that used Diagnostic Models in their research (source: author’s

analysis)

Diagnostic Models

(Tomita et al., 2023) (11)
(Ray et al., 2022) (12)

(M. K. Islam et al., 2023) (31)
(De Lima et al., 2022) (33)
(Kavya et al., 2021) (45)
(Shin et al., 2022) (47)

(Y. Wang et al., 2023) (17)

Table 8: Authors that used Other Models in their research (Source: Authors analysis)

Classification model

(M. K. Islam et alg;2023) (31)

Table 9: Comparison between related work (Source: Author’s analysis)

Author and | Research applied | Topics covered

year in Bronchial | Risk Risk  level | XAl | Diagnosis

Asthma | prediction | classification

in patients

(X. Luo et | Identifying X v X v v
al., 2021) | chronic  cough

(30) cases

(S. Zeng et | Predicting X v X v X

al., 2022) | Chronic

(16) obstructive




pulmonary

disease (COPD)

exacerbations
(M. K. Islam | Using Deep
et al., 2023) | Convolutional
(31) Neural Network

(DCNN) to

enhance the
detection and
classification

abnormalities in

the lung

(Casiraghi et

al., 2020)

(32)

Predicting
Covid-19 in
patients rapidly

and accurately.

(De Lima et
al., 2022)

(33)

Diagnosing
respiratory
abnormalities 1n
sarcoidosis using
Explainable
Machine
Learning and
providing
decision support

for clinicians.

(Kor et al.,
2022) (34)

Using
Explainable
Machine
Learning to
predict first-time
acute

exacerbation of




chronic
obstructive
pulmonary
disease (COPD,
AECOPD) at an

individual level

(Hernandez-
Pereira et al.,

2021) (35)

Predicting  the

different levels
of hospital care
for patients

diagnosed with

Covid-19

(regular hospital
admission or
intensive  care

unit admission).

(Tomita et

Diagnosing adult

al., 2023) | asthma

(11)

(Ray et al, | Diagnosing and

2022) (12) managing
asthma and
providing a
perspective  on
the use of omics
and machine
learning in
identifying
asthma
endotypes and
its outcomes.

(G. Luo et | Forecasting




al.,

(14)

2021)

hospital  visits
that are asthma
related and aid
in asthma
management and

patient outcome.

(AlSaad et
al., 2019)

(29)

Interpreting
predictions  of

risk that are

patient  specific
using Contextual
Decomposition

of  BiLSTHM
with application
to children with

asthma

(Lotfata et

al., 2023)

(13)

the
of

Examining
prevalence
socioeconomic
and

environmental

determinants~ of

asthma using
geographically
weighted

random forests

(GWRF).

Table 10: Comparison of number of patients and model performances.

Author and | Research Source  of | Numbe | Type of | Models and their

Year applied in Data r of | patients performance
patients

(X. Luo et |Identifying | EHR data: | 47, 144 | 23, 572 | Logistic

al., 2021) | chronic medication, | patients | Chronic cough | Regression, SVM,




(30) cough cases | diagnosis patients. KNN, Random
and clinical 23,572  non- | Forest, BERT,
notes chronic cough | BERT +
patients Attention Model,
BiLSTM +
Attention Model.
BERT +
Attention Model
performed the
best overall in all
their experiments.
Specificity Mean
(CI) 0.930 (0.924,
0.936), Sensitivity
Mean (CI) 0.948
(0.938, 0.958).
(S. Zeng et | Predicting | University 285 103 patients | XGBOOST and
al., 2022) | Chronic of patients | with COPD 1in | class-based
(16) obstructive | Washington the following | association rule
pulmonaty | Medicine: 12 months. | XAl post-hoc
disease Administrat 182  patients | model. Able to
(COPD) ive and with  COPD | explain 97.1%
exacerbatio | clinical AND  severe | (100/103) patients
ns data. COPD with COPD and
exacerbation in | 73.6% (134/ 182)
following 12 | patients with
months COPD and severe
COPD
exacerbation.
(M. K. Islam | Using Deep | Iraq 2073 CT scans | Deep
et al., 2023) | Convolutio | oncology from 110 | Convolutional
31) nal Neural | teaching healthy  and | Neural Network +




Network hospital  / lung cancer | Gated Recurrent
(DCNN) to | National patients. 7593 | Unit (GRU) +
enhance the | Center for covid-19 XA Lime,
detection Cancer images from | SHAP, GRAD-
and Diseases: 466 patients. | CAM. Accuracy:
classificatio 6893  normal | Covid 19-
n images  from | Dataset: 99.30%,
abnormaliti 604  patients. | Lung cancer
es in the 2618 Chest, | dataset: 98.9%
lung Abdomena and
Pelvis ,(CAP)
images., ftom
60 patients.
(Casiraghi et | Predicting | Emergency | 301 Allh,  patients | Boruta feature
al., 2020) | Covid-19 in | department | patients | reverse selection
(32) patients of transcription- | algorithm.
rapidly and | multicenterf polymerase Random Forest in
accurately. | health chain reaction | 10-fold Cross
system: (RT-PCR) validation
clinical, positive scheme. Random
comorbidity Covid-19. 207 | Forest classifier
, laboratory, men, 94 | using most
anterior women. 214 | important
posterior or low risk | variables. RF
posterior patients, 87 | AUC: 0.81.
anterior high risk | Sensitivity: 0.72.
data. patients. Specificity: 0.76.
Fl-score:  0.62.
Accuracy: 0.74.
(De Lima et | Diagnosing | Biomedical | 72 25 healthy | Genetic
al., 2022) | respiratory | Instrumenta | patients | individuals. 47 | programming in
(33) abnormaliti | tion patients  with | traditional tree
es in | Laboratory sarcoidosis. form,




sarcoidosis
using
Explainable
Machine
Learning
and
providing
decision
support for

clinicians.

of the Rio
De Janeiro
State

University:

FOT results.

From the 47,
24 remained in
normal
conditions
while 23 later
had respiratory

changes.

Grammatical

Evolution (GE),

Decision  Trees,
K-Nearest
Neighbors
(KNN), Support
Vector Machine
(SVM),
AdaBoost,
Random  Forest
(RF), Light
Gradient Boosting
Machine
(LGBM),

Extreme Gradient
Boosting (XGB),
Logistic

Regressor (LR).
However, in their

study with a

comparison to
other ML models,
XGBOOST

performed Dbetter
with AUC more
than 90. XGBoost
performed Dbetter
in all 3 of the
experiments

performed in the
paper compared
to other models

with an AUC of




more than 90 for

all three
experiments.
(Kor et al., | Using Changhuan | 509 All  patients | GBM AUC:
2022) (34) Explainable | Christian patients | had COPD 0.833 95% CI
Machine Hospital: (0.745-0.921)
Learning to | Registry SVM AUC: 0.836
predict first- | data  from 95% CI (0.757-
time acute | COPD Pay- 0.915)
exacerbatio | for XGB AUC:
n of chronic | Performanc 0.7703 95% CI
obstructive | e Program (0.745-0.921)
pulmonary | database. RF AUC: 0.751
disease 95% CI (0.642-
(COPD, 0.859)
AECOPD)
at an
individual
level
(Hernadndez- | Predicting 14 hospitals | 10,454 | All diagnosed | AUC of 76.1%
Pereira et al., | the diffetent | in, Galicia | patients | with Covid-19 | for predicting the
2021) (35) levels of | (Spain): needs of the
hospital Demographi hospital and
care for | c and 80.4% AUC for
patients clinical ICU admissions.
diagnosed | data. In most cases they
with Covid- determined Deep
19 (regular Network was the
hospital best.
admission

or intensive
care unit

admission).




(Tomita et | Diagnosing | Kindai 566 367  patients | Random Forest,
al., 2023) | adult university: | adult with  positive | XGBOOST and
(11) asthma medical outpatie | case of asthma. | SHAP.
records. nts 199  negative | XGBOOST
cases of | Accuracy: 81%
asthma. and AUC 85%.
345 were | Random  Forest
female. 221 | Accuracy: 76%
were male. and AUC 79%.
(Ray et al., | Diagnosing | None None None None (Study is
2022) (12) and still ongoing)
managing
asthma and
providing a
perspective
on the use
of  omics
and
machine
learning © in
identifying
asthma
endotypes
and its
outcomes.
(G. Luo et | Forecasting | Kaiser 2259 All  patients | XGBOOST AUC
al., 2021) | hospital Permanante | patients | diagnosed with | using 221
(14) visits  that | Southern asthma features:  0.820.
are asthma | California XGBOOST AUC
related and | (KPSC) using top 50
aid in | data. 987, features 0.815.
asthma 506 data Their XAI was




managemen | instances. able to explain

t and patient 97.57 of the

outcome. forecasting results

correctly.

(AlSaad et | Interpreting | Cerner 11071 | All patients are | LSTM AUC 95%
al., 2019) | predictions | Health patients | pre-school CI: 0.831 (0.824-
(29) of risk that | Facts EHR students with | 0.838). BiLSTM

are patient | dataset respiratory- AUC 95% CIL

specific related 0.819 (0.811 -

using complications | 0.827). Linear

Contextual Regression AUC

Decomposit 95% CI: 0.702

ion of (0.692-0.712)

BiLSTM

with

application

to children

with asthma
(Lotfata et | Examining .| Behaviour | 3059 Socioeconomic | Geographically
al., 2023) | the Risk “Factor | countri | and weighted Random
(13) prevalence | Surveillance | es environmental | Forests (GWREF).

of System. determinants The

soeioecono untransformed

mic and median  asthma

environmen rate was 9.9% per

tal 1000 people in

determinant 3059 countries.

s of asthma

using

geographica

lly weighted

random

forests




(GWRF).

Table 11: Medical task, algorithm applied, and algorithm task of each article

Asthma application

Authors Medical Task Applied
(Tomita et al., | Random forest (RF) classifier and an optimized eXtreme Gradient
2023) (11) Boosting (XGBoost) classifier to diagnose adult asthma. Classification

task to diagnose adult asthma.

(Ray et al., 2022)
(12)

Not reported. Ongoing study.

(G. Luo et al,

XGBoost classification algorithm and their class-based association rule

2021) (14) Automatic Explanation Method in forecasting asthma-related hospital
visits. Classification task to predict asthma=relatedshospital visits.

(AlSaad et al., | Contextual Decomposition (CD) .method,, LSTM and BiLSTM,

2019) (29) compared to Logistic Regression Model to predict and interpret future
clinical outcomes in application to children with asthma. Predictive
modelling with classification “layer. Classification task to predict
outcomes of children with asthma.

(Lotfata et al., | Conventional Randem “Forest and geographically weighted random

2023) (13)

forest (GWRF) \regression task for association between asthma
prevalenee “and” socioeconomic and environmental determinants.

Regression ‘task for asthma prevalence affected by socioeconomic

determinants.
Lung application
Authors Medical Task Applied
(X. Luo et al., | Identify chronic cough patients using Bi-directional LSTM (BiLSTM)
2021) (30) with attention layer, BERT with attention layer, Logistic regression,

Random Forest, Support Vector Machines (SVM), and K-Nearest
Neighbour (kNN). Classification task to identify chronic cough

patients.

(S. Zeng et al.,
2022) (16)

XGBoost classification algorithm to make predictions on severe
Chronic Obstructive Pulmonary Disease exacerbations and their class-
based association rule Automatic Explanation Method. Classification

task to predict severe Chronic Obstructive Pulmonary Disease




exacerbations.

M. K. Islam et
al., 2023) (31)

Detection and classification using DCNN-GRU (Deep Convolutional
Neural Network with a Gated Recurrent Unit) for lung abnormalities.
DCNN to extract meaningful features, including global and local
patterns. GRU to model temporal dependencies and capture sequential
information in the images. Both DCNN and GRU with a classification

layer. Classification task to detect lung abnormalities.

(Casiraghi et al.,
2020) (32)

Boruta feature selection algorithm and Random Forest classifier in a
10-fold cross wvalidation scheme for Covid-19 risk prediction.

Classification task to predict Covid-19.

(De Lima et al.,
2022) (33)

Genetic Programming and Grammatical, Evolution classifier for
diagnosing respiratory abnormalities in_sarcoidosis. Data used from
Forced Oscillation Technique (FOT) ‘exam. Classification task for

diagnosing respiratory abnormalities.

(Kor et al., 2022)
(34)

Gradient boosting machine, (GBM), support vector machine (SVM),
random forest and XGBoost and SHAP in predicting Acute
Exacerbation of Chronic . Obstructive Pulmonary Disease (COPD).
Classification task'for predicting Acute COPD.

(Hernandez-
Pereira et al.,

2021) (35)

Supervised elassification methods: Logistic Regression (LR), Support
Vector _Machine» (SVM), AdaBoost (Adaptive Boosting), Bagging,
Random Forest (RF), Multilayer Perceptron (MLP) for predicting
different levels of hospital care of Covid-19. Classification task for

predicting different levels of hospital care of Covid-19.

Healthcare or risk prediction application

Authors

Medical Task Applied

Healthcare
(Nesaragi et al.,

2021) (18)

Five-cross fold validation scheme, Light Gradient Boosting Machine

Learning models (LightGBM) for binary classification to predict sepsis.

(Kim et al., 2019)
(28)

Convolutional Neural Networks (CNNs) for real-time mortality
prediction in critically ill children in pediatric intensive care units.
Pediatric Risk of Mortality Prediction Tool (PROMPT), a ML based

model. Classification task.

(Y. Wang et al.,

ANN and Classification and regression tree (CART) using local




2023) (17)

interpretable model-agnostic explanation (LIME) for classify  cation

and regression task in diagnosis of diabetes.

(Ordikhani et
2022) (19)

al.,

Novel risk assessment model, Genetic Algorithm (GA) for
cardiovascular disease risk prediction. Classification task for

cardiovascular disease risk prediction.

(Du et al., 2022)

Five machine learning algorithms with five-fold cross-validated grid

(20) search, logistic regression, random forest, support vector machine
(SVM), adaptive boosting (AdaBoost) and extreme gradient for
prediction of gestational diabetes mellitus. Classification task for
gestational diabetes mellitus prediction.

(Zhang et al, | Logistic regression, support vector machine (SVM), random forest,

2021) (21) gradient boosting machine (GBM) and “adaptive boosting for
classification task in predicting acute Kidney injury after deceased
donor liver transplant.

(Roseiro et al., | Global Registry of Acute Coronary Events (GRACE) tool and a

2023) (36) Random Forest classifier to estimate the influence of inflammation
biomarkers on cardiovaseular risk assessment.

(Zadeh et al., | Predictive models, Decision tree, Gradient Boosting, Random Forest,

2023) (37) LARS, Neural Network, Logistics Regression. Classification task for
predicting De Novo Malignancy in Pancreas Transplant Patients.

(Qatawneh et al., | ANN, Multilayer Perceptron (MLP) feed forward neural network.

2019) (22) Classification task for venous thromboembolism risk classification.

(Alzoubi et al., | Multilayer perceptron (MLP) classification task for complex disease

2023) (38) risk prediction using genomic variations.

(Yalgm et al., | Fivefold cross-validation in the software-R with a neonatal nutritional

2023) (23) screening tool (NNST) elastic net, random forest (RF), and support
vector machines (SVM) and SHAP. Classification and regression task
for identifying malnutrition in NICU Patients.

(Singh et al, | Myocardial perfusion imaging (MPI), Explainable deep learning (DL)

2023) (24) model (HARD MACE [major adverse cardiac events]-DL). Grad-Cam,

and SHAP for predicting death or nonfatal myocardial infarction (MI).

Classification task.




(Choubey et al.,

ANN, Genetic Algorithm, dynamic angle projection pattern (DAPP),

2022) (25) Enhanced Back Propagation Algorithm using ANN (EBP-ANN) for
prediction efficiency of virus borne diseases. Classification task.

(George et al., | Variational autoencoder k-nearest neighbours’ algorithm (VAE-kNN)

2023) (26) and SHAP for predicting risk of 30-day ED visit. Classification task.

(Petrauskas et al.,

2021) (39)

Fuzzy logic-based XAI. Fuzzy SWOT map (FSM) which is a Dynamic
SWOT analysis network. Fuzzy cognitive maps (FCM)-type network
for assessing the Nutrition-Related Geriatric Syndromes. Prediction

and classification task.

(X. Zeng et al,

k-means algorithm for preprocessing data, dynamic time wrapping,

2021) (27) XGBoost model, SHAP framework for .binary and multi-label
classification in predictions of complicatiens after pediatric congenital
heart surgery.

(Giuste et al., | Grad-CAM++, Eigen-CAM, Score-=CAM, and Ablation-CAM

2023) (40) techniques, Progressive GAN/(PGAN), Inspirational GAN (IGAN).

Classification task for risk assessment of rare pediatric heart transplant

rejection.

(S. Islam et al.,
2022) (41)

Henry gas selubility optimization (HGSO)-based random forest (RF)
(HGSORF),, ADAptive SYNthetic (ADASYN) algorithm, ADAptive
SYNthetic »(ADASYN) algorithm, SHAP, LIME, and feature

importance curve. Classification task for C-Section prediction.

(Liu et al., 2023)
(42)

Extreme Gradient Boosting algorithm (XGBoost), Shapley Additive
Explanations. Isotonic regression for illness severity assessment of

older adults in critical illness.

(K. Wang et al,
2021) (43)

Logistic Regression, k-nearest neighbors (KNN), support vector
machine (SVM), naive Bayesian (NB), and multi-layer perceptron
(MLP), extreme gradient boosting (XGBoost), and SHAP method.
Classifiers for predicting 3-year all-cause mortality in patients with

heart failure caused by coronary heart disease.

(Tu et al., 2023)
(44)

Logistic Regression, Random Forest, LightGBM, and XGBoost for
predicting mortality risk in intensive care unit for patients with

traumatic brain injury. Classification task.




(Kavya et al,

2021) (45)

K-NN, SVM, C5.0, NN, AdaBag, Random Forest (RF) for Allergy

Diagnosis. Classification tasks.

(Garcia-Canadilla

etal., 2022) (46)

Not available

(Shin et al., 2022)
(47)

CNN and Grad-Cam for vascular aging assessment. Regression task.

(Aghamohammad
ietal, 2019) (48)

Genetic Algorithm (GA) and Adaptive Neural Fuzzy Inference System
(ANFIS) for predicting heart attack. Classification task.

(Tseng et al,

2020) (49)

Logistic regression, support vector machine (SVM), random forest
(RF), extreme

gradient boosting (XGboost), and ensemble (RF + XGboost) and
SHapley Additive exPlanation (SHAP) for predicting acute kidney

injury after cardiac surgery. Classification‘task.

(Li et al, 2021)
(50)

XGBoost algorithm and Shapley ‘Additive Explanation (SHAP).

Classification task.

(X. Wang et al,

Decision tree and random forest.for predicting hospitalization outcomes

2022) (51) in geriatric patients with.-dementia. Multi-class classification task.

(Kovalchuk et al., | K-Neighbors Classifier;;Random Forest Classifier, Logistic Regression,

2022) (52) supportevector classifier (SVC), XGB Classifier, Gaussian NB (Naive
Bayes),.Bernoulli NB, Multinomial NB and SHAP for clinical decision
making. Classification task.

(Twick et al., | Non-linear tree-based gradient boosting classifiers, CatBoost and

2022) (53) Shapley Additive Explanations (SHAP) for EMR-based risk prediction
models. Classification task.

Environment Random Forest (RF), extreme gradient boosting (XGBoost), logistic

(Lee et al., 2022)
(15)

regressions regularized with an L1 penalty (lasso regression), an L2
penalty (ridge regression), and a net elastic penalty (elastic net), and
deep learning algorithms deep learning algorithms for time-series data:
long short-term memory (LSTM) and stacked LSTM for predicting
cardiovascular, and

non-accidental, respiratory mortality with

environmental exposures. Regression task.

(Lotfata et
2023) (13)

al.,

Conventional Random Forest and geographically weighted random

forest (GWRF) regression task for association between asthma




prevalence and socioeconomic and environmental determinants
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