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Abstract

Study objectives: This systematic review analyzes the applications of explainable artificial intelligence (XAl) algorithms
in chronic disease care, focusing on prediction, diagnosis, treatment, and management. The study examines prevalent XAl
approaches across different chronic conditions and evaluates research gaps.

Methods: The review followed Preferred Reporting Items for Systematic Review and Meta-analysis 2020 guidelines, ana-
lyzing relevant articles from 6 databases to identify and evaluate XAl implementations in chronic disease care. A protocol
for this systematic review was not registered anywhere prior to publication.

Results: Three primary XAl techniques emerged as dominant: SHapley Additive exPlanations (SHAP) (46.5%), Local
Interpretable Model-Agnostic Explanations (25.8%), and Gradient-weighted Class Activation Mapping (Grad-CAM)
(12.0%). Disease prediction dominated the applications (86.2%), with SHAP being preferred for structured clinical
data and Grad-CAM showing strength in medical imaging. Implementation varied significantly across different chronic
conditions, with standardized diagnostic criteria and structured data receiving more attention.

Discussion: The analysis revealed an imbalance in healthcare applications, with sophisticated prediction models but lim-
ited treatment planning and disease management implementations. Key challenges included insufficient handling of com-
plex multimodal data types and limited data volume. The need for extensive clinical validation in real-world settings was
identified as crucial for establishing practical utility.

Conclusion: While XAl shows promise in chronic disease healthcare, advancement requires expanding beyond predic-
tion into treatment and management domains, developing robust approaches for complex medical data, and implement-
ing larger-scale studies. Success depends on collaboration between Al researchers, healthcare professionals, legal experts,
and policymakers, alongside clear regulatory guidelines and governance frameworks balancing innovation with patient
privacy.
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ongoing care, limit daily activities, or both. These diseases
are characterized by their extended duration and generally
slow progression.’

According to the World Health Organization (WHO),
chronic diseases are the leading cause of death and disabil-
ity worldwide.”™* The most common chronic diseases glo-
bally include the following:

1. Cardiovascular diseases (e.g., heart disease and
stroke)

2. Cancer

3. Chronic respiratory diseases (e.g., chronic obstruct-
ive pulmonary disease and asthma)

4. Diabetes”

Statistics according to the WHO, show that NCDs are a
significant global health challenge, accounting for 71% of
all deaths worldwide, approximately 41 million people
each year. Among NCDs, cardiovascular diseases are the
leading cause of mortality, responsible for 17.9 million
deaths annually. Cancer is the second leading cause of death
globally, with 9.3 million fatalities recorded in 2020.
Additionally, chronic respiratory diseases and diabetes con-
tribute significantly to the global burden of NCDs, causing
4.1 million and 1.5 million deaths, respectively in 2019.
Chronic NCDs are a significant cause of premature death
worldwide, leading to substantial economic losses. For
instance, in New Zealand, the economic consequences of
physical inactivity—an important risk factor for NCDs—
are considerable, affecting both healthcare costs and overall
economic output.’

The evolution of chronic disease prediction and manage-
ment has transformed significantly over the past decades.
Before the advent of machine learning, healthcare providers
relied primarily on statistical risk scores and clinical guide-
lines, such as the Framingham Risk Score (introduced in
1948) for cardiovascular disease, which achieved accuracy
rates of 60—70%.°

Explainable artificial intelligence (XAI) refers to meth-
ods and techniques in the application of artificial intelli-
gence (Al) such that the results of the solution can be
understood by humans.’

The use of XAl in healthcare is crucial due to several fac-
tors as follows:

1. Transparency: XAl provides clarity on how Al mod-
els make decisions, which is essential in medical
contexts where the rationale behind a diagnosis or
treatment recommendation is critical.®

2. Trust: By making Al decision-making processes more
understandable, XAI can help build trust among
healthcare providers and patients in Al-assisted
healthcare.’

3. Regulatory compliance: Many regulatory bodies
require explainability in Al systems used in

healthcare to ensure patient safety and ethical use
of technology.'”

4. Improved decision making: XAl can help healthcare
professionals make more informed decisions by pro-
viding interpretable insights from complex data.''

Some common XAI techniques used in healthcare
include the following:

1. Local Interpretable Model-agnostic Explanations
(LIME)"?

2. Shapley Additive exPlanations (SHAP)"?

3. Counterfactual Explanations'*

4. Attention Mechanisms in Deep Learning Models'?

The application of XAl in chronic disease management
offers several potential benefits.

Early detection

XALI significantly improves early detection of chronic dis-
eases by analyzing patterns and risk factors. For instance,
a study on Al-powered wearables demonstrated that these
devices can continuously monitor vital signs such as heart
rate and glucose levels, enabling timely interventions. The
continuous data collected allows healthcare professionals
to detect abnormalities early, potentially reducing hospital
readmissions by up to 30% for patients with chronic condi-
tions like diabetes and cardiovascular diseases.'®

Personalized treatment

Personalized treatment is another critical area where XAI
excels. A nationwide chronic-disease management solution
implemented in Turkey utilized clinical decision support
(CDS) services to tailor treatment plans based on individual
patient data. This approach led to a 25% increase in adher-
ence to evidence-based clinical guidelines, showcasing the
effectiveness of personalized interventions in improving
health outcomes for chronic disease patients.'” Moreover,
studies on personalized medicine have shown that targeted
treatments can improve patient outcomes by as much as
40% compared to standard treatment protocols.'®

Patient engagement

XAI enhances patient engagement by making complex
medical information accessible and understandable.
Research indicated that effective communication within
interprofessional teams significantly boosts patient engage-
ment in chronic disease management programs. A qualita-
tive study found that 85% of patients reported improved
understanding of their health conditions when provided
with clear explanations from healthcare providers using
XAI tools."” Additionally, the integration of Al-driven
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wearables has been shown to empower patients actively,
leading to a 20% increase in self-management behaviors
among users.'®

Clinical decision support

XAI provides valuable support for clinical decision-making
by delivering interpretable insights that inform diagnosis
and treatment strategies. A pilot study evaluating the
Nutri CDS System found that 100% of participating clini-
cians were able to set high-impact diet goals during collab-
orative discussions with patients, which indicates the
system’s effectiveness in enhancing clinical workflows.?
Furthermore, implementing CDS systems in chronic dis-
ease management has been associated with a 15% improve-
ment in the quality of care delivered, as evidenced by
adherence to clinical guidelines and patient satisfaction
scores.”!

Objectives

The primary objective of this systematic review is to com-
prehensively examine and synthesize the current state of
research on the application of XAl in the context of chronic
diseases. This review aims to provide a thorough under-
standing of how XAI technologies are being utilized across
various aspects of chronic disease management, from pre-
diction and diagnosis to treatment and long-term care.

The research questions guiding this systematic review
are as follows:

RQ1. How has XAl been applied in the prediction, diag-
nosis, treatment, and management of chronic diseases?

This overarching question encompasses several key
areas of investigation such as the following:

(a) Prediction: How are XAI methods being used to
predict the onset or progression of chronic dis-
eases? This includes risk assessment models and
early detection systems that provide interpretable
results.

(b) Diagnosis: What role does XAl play in improving the
accuracy and transparency of diagnostic processes
for chronic conditions? This involves examining
how XAI techniques enhance the interpretation of
complex medical data, such as imaging results or
multi-factorial diagnostic criteria.

(¢) Treatment: How are XAI approaches contributing
to treatment planning and decision-making in
chronic disease care? This includes the use of
XAI in personalized medicine approaches and in
explaining treatment recommendations to both
healthcare providers and patients.

(d) Management: What is the impact of XAI on the
long-term management of chronic diseases? This
encompasses the use of XAl in monitoring disease

progression, predicting exacerbations, and support-
ing patient self-management.

RQ2. How has XAI been integrated across different
chronic disease domains, and which areas demonstrate the
highest concentration of XAI applications?

Through this research question, we aim to systematically
analyze the distribution and implementation of XAI meth-
ods across major chronic disease domains, including cardio-
vascular diseases, diabetes, chronic respiratory diseases,
chronic kidney diseases (CKDs), cancers, and neurological
disorders. Our systematic review will examine how XAl
has been integrated into diagnostic, treatment, and manage-
ment processes within each disease domain. This analysis
will reveal the current landscape of XAl adoption, identify-
ing areas of concentrated development and potential gaps in
implementation. By mapping the distribution of XAl appli-
cations across these chronic conditions, we will provide
insights into which disease domains have seen the most
extensive integration of XAl technologies. This compre-
hensive assessment will contribute to understanding the
current state of XAl in chronic disease care and illuminate
opportunities for future research and development in under-
served areas.

RQ3. What are the emerging patterns and most success-
ful machine learning approaches in developing interpretable
Al solutions for chronic condition care?

With our third research question, we aim to identify and
analyze the current trends and most successful machine
learning models employed in XAI systems specifically
designed for chronic disease management. Our objective
is to provide a comprehensive overview of the Al landscape
in this domain, highlighting which models and techniques
are gaining traction and demonstrating effectiveness. We
will examine various machine learning approaches, includ-
ing but not limited to decision trees, random forests (RFs),
neural networks, and ensemble methods, assessing their
prevalence and efficacy in creating explainable outcomes.
By identifying prevailing trends, we seek to understand
the direction in which the field is moving and what factors
are driving these trends. Furthermore, by evaluating the
effectiveness of different models, we aim to discern which
approaches are yielding the most promising results in terms
of accuracy, interpretability, and clinical utility.

RQ4. Which XAI techniques are predominantly employed
across the spectrum of chronic disease care—from prediction
and diagnosis to treatment and management?

This research question aims to identify and analyze the
most frequently utilized XAI methods across the entire life-
cycle of chronic disease management. Our objective is to
provide a comprehensive overview of the XAI landscape
in chronic care, highlighting which techniques are gaining
traction in different stages: prediction, diagnosis, treatment
planning, and long-term management. We seek to under-
stand not only which methods are prevalent but also how
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they contribute to making complex Al models more inter-
pretable and trustworthy in healthcare settings. This analysis
will involve examining various XAl approaches, such as
LIME, SHAP and Gradient-weighted Class Activation
Mapping (Grad-CAM), assessing their applicability and
effectiveness in different chronic disease contexts.

By addressing these aspects, this systematic review aims
to accomplish the following:

1. Identify and categorize the various XAl techniques
currently being applied in chronic disease care.

2. Evaluate the effectiveness and limitations of these XAl
applications across different chronic conditions.

3. Identify current research gaps, challenges, and pro-
pose future directions in the application of XAl for
chronic disease care.

There are other studies such as,?? which examined XAl in
the broader context of healthcare CDS systems. Some other
research works have also focused on the application of XAl
in addressing specific chronic diseases such as Arrieta et al.”
in prediction of diabetes, Guleria et al.>* in prediction of car-
diovascular disease and Sethi et al.?* in prediction of heart dis-
ease. Some other research works addressed the diagnoses of
chronic diseases such as Jagadeesh® and Moreno-Sanchez*®
in early diagnosis of CKD.

In contrast to the above papers which mainly focus on a
specific chronic disease, our paper is a comprehensive study
focusing on the XAI applications prediction, diagnoses,
treatment, and management of different chronic diseases.

This approach allows us to delve deeper into the unique chal-
lenges and opportunities presented by chronic diseases, which
often require long-term care, continuous monitoring, and perso-
nalized treatment plans. By concentrating on chronic diseases,
we aim to uncover specific XAl applications that address the
complexities of managing conditions like diabetes, cardiovascu-
lar diseases, chronic respiratory diseases, and cancer. This tar-
geted approach will provide valuable insights for healthcare
providers, researchers, and technology developers working spe-
cifically in the field of chronic disease management.

Furthermore, our study will explore how XAI methods
are being used across the entire spectrum of chronic disease
care, from early prediction and diagnosis to long-term man-
agement and treatment optimization. This comprehensive
view will help identify areas where XAl has made signifi-
cant impacts in chronic disease care, as well as areas that
require further development or research attention.

Methods
Eligibility criteria
The inclusion and exclusion criteria are outlined in Table 1.

Firstly, included articles were required to be peer-reviewed
journal or conference papers written in English. Secondly,

Table |. Eligibility criteria for included and excluded articles
from the systematic review.

Article must be a peer-
reviewed paper from a
journal or conference
proceeding.

Article is not a book chapter,
magazine write-up, online
essay, etc.

Article is written in other
languages.

Article is written in English.

Article is based on primary
data.

Article is based on secondary
data.

Article focuses on the use of Article focuses on the
XAl to treat, manage, or development and
predict a chronic illness. deployment of a black-box
machine learning model
without discussing
explainability.

the articles must focus on the direct usage of XAl to treat,
manage, or predict a chronic illness. Chronic illness is defined
as a persistent, long-lasting (three months or more), which
negatively affects a person’s quality of life (QoL). Lastly,
the articles must be based on primary data.

Information sources and search strategy

Eight databases (ACM Digital Library, CINAHL, Institute of
Electrical and Electronics Engineers (IEEE) XPlore, Medline,
Public Health Database, PubMed, SCOPUS, Web of Science)
were searched on May 22, 2024. The set of keywords used for
searching the eight databases included (“explainable AI” OR
“explainable artificial intelligence” OR XAI) AND chronic
AND (disease* OR disorder* OR illness* OR sickness*
OR infection* OR condition*).

Selection and data collection process

The first and second authors independently screened 111
unique articles obtained from the database search based
on title, abstract, and keyword screening which resulted in
73 articles for full-text review. Articles with an unclear
decision were automatically moved into the full-text
review. Both authors independently completed the full-text
review and compared results.

The full-text review process resulted in 58 articles to
include in the final analysis. Collaborative discussions
regarding discrepancies from the independent full-text
review were not required as the interrater reliability score
between the two authors was 1.0. The primary criterion
for inclusion of an article apart from being peer-reviewed
and written in English was that it uses machine learning
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techniques in the treatment, management, or prediction of
chronic illnesses while simultaneously being explainable
to elucidate the black-box techniques.

Data items

Data was charted independently and synthesized in Google
Sheets and Draw.io. Data items were chosen in accordance
with the objectives of the systematic review. Table 2 out-
lines the critical data items that were extracted from each
included article with their corresponding definition.

Study risk of bias assessment

The risk of bias (RoB) for each study was assessed using
Cochrane’s assessment tool.?” The assessment of bias impact
considered factors such as participant characteristics (includ-
ing sample size and demographic information), the presence
or absence of control or comparison groups, and the specific
evaluation metrics used to determine study outcomes.
Eventually, five categories of RoB (detailed in Table 3) for
each of the included articles are specified.

Effect measures

The outcomes of each study were assessed by the first two
authors independently and collaboratively. In this system-
atic review, a range of classification metrics to evaluate
the performance of machine learning algorithms integrated
with various XAI methods in the context of chronic disease
management are employed. The primary metrics utilized
were accuracy, precision, recall (sensitivity), F1-score, spe-
cificity, and the area under the receiver operating character-
istic curve (AUC-ROC). Accuracy provided an overall
measure of correct predictions, while precision and recall
offered insights into the models’ ability to correctly identify
positive cases and avoid false negatives, respectively. The
F1-score, being the harmonic mean of precision and recall,
served as a balanced measure of the model’s performance.
Specificity was included to assess the algorithms’ capability
in correctly identifying negative cases. Lastly, the
AUC-ROC was employed to evaluate the models’ discrim-
inative ability across different classification thresholds.
These metrics, when considered collectively, offered a com-
prehensive assessment of the machine learning algorithms’
performance while also allowing for meaningful compari-
sons between different XAl approaches in terms of their
impact on model interpretability and predictive power in
chronic disease scenarios. Moreover, there were no studies
that used Qualitative reporting measures.

Synthesis methods

Articles resulting from the full-text review were classified
into groups based on the following evaluation metrics:

Table 2. Article and XAl-based intervention characteristics and
descriptions.

Target population
(demographics)

The demographic information
related to the dataset used to
train, test, and validate the
machine learning model.

Intervention goal The purpose of the technological
intervention such as chronic-
illness treatment, management
and prediction.

Chronic illness Name of the chronic disease.

Machine learning Name of the machine learning

technique technique (e.g., random forest)
used to deliver the intervention.
XAl technique Name of the tool or algorithm (e.g.,

SHAP) used to explain the black-
box machine learning model.
Summary of findings A summary of the primary results
obtained from the study.
Limitations Limitations that were identified in
the methodology of the study.

XAl: explainable artificial intelligence; SHAP: SHapley Additive exPlanation.

1. Study design (e.g., user study, observational study,
cross-sectional study)
2. Study type:
e QL: Qualitative
e (QN: Quantitative
e M: Mixed methods

3. Comparative:
e Yes: The study included a comparison group or
comparative analysis
e No: The study did not include a comparison
group or comparative analysis

These classifications were visualized using a stacked bar
chart to provide a clear overview of the distribution of stud-
ies across these categories. Our studies were illustrated with
figures or tabulated based on target behavior (e.g., exercise,
healthy eating), chronic disease (e.g., Diabetes), ML models
or algorithms, XAI (Software), summary of findings, and
study limitations.

Reporting bias assessment

The RoB was estimated independently by the first two
authors. The final agreed-upon classification for each study
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Table 3. A classification framework for assessing the risk of bias

(RoB).2%8

Selection

Differences that occur

between the baseline
attributes of users
and groups which are
compared.

Sequence generation
or allocation
concealment

Performance Differences that occur  Blinding
in the care that is (participants and/
provided to each or study
group (e.g., exposure personnel)

to unrelated factors
other than the
intervention).

Detection Differences that occur  Blinding (outcome
in how outcomes are assessment)
determined between
groups.

Attrition Difference in Incomplete or
participant obfuscated
withdrawals between outcome data
groups.

Reporting Differences in reported Selecting reporting
and of outcomes
unreported (e.g., statistical
outcomes. analysis)

Other Other biases that may  Contamination or

be related to a
study’s design.

carry-over effects

was reported by using Cochrane’s assessment tool.>’

Cochrane’s assessment tool was developed by an inter-
national organization consisting of 15,000 domain experts
(e.g., review authors, editors, and healthcare professionals)
from across 100 countries. It comprehensively outlines how
to critically assess five types of biases from studies (e.g.,
clinical trials or randomized control trials (RCTs)) to deter-
mine the validity of outcomes. The six types of biases
(selection, performance, detection, attrition, reporting,
other) are summarized in Table 3.

Certainty assessment

The certainty of the evidence was assessed among 44 obser-
vational studies, 8 computation-based studies, 4
quasi-experimental studies and 2 design science research
(DSR) based studies using the GRADE approach.? The final
determination was made by assessing (1) the overall RoB, (2)
inconsistency of results, (3) indirectness of evidence, (4)
imprecision, and (5) type of study design. First, RoB based

on the five types of bias, was assessed independently and col-
laboratively using Cochrane’s assessment tool.”” Second,
inconsistency of results refers to the heterogeneity in
meta-analysis between all of the studies. Third, indirectness
of evidence refers to whether the studies answer the research
questions outlined in the article and if the findings are gener-
alizable to the broad public. Fourth, imprecision refers to
whether a study recruited enough participants which would
cause a high confidence interval with relation to the estimate
of effect. Lastly, the type of study design refers to whether a
control group was used which determined the baseline classi-
fication of certainty of evidence. A summary of findings (SoF)
table®” is not included in the certainty assessment as included
studies did not use a RCT design. Additionally, the differing
types of study methodologies leveraged widely varying out-
come measures and participants/data that do not follow a stan-
dardized measurement criterion for carrying out reasonable
comparisons.

Results

The results of the systematic review are presented and
described in this section using comprehensive tables, charts,
and figures that address the research questions. They include
key extracted characteristics for each article, publication trend,
chronic disease, ML (Models/Algorithms), XAI (Software),
SOFs, target behaviors, RoB, and certainty of evidence.

Study selection

The search strategy used for screening and selecting relevant
articles for data extraction was based on the Preferred
Reporting Items for Systematic Review and Meta-analysis
(PRISMA) flowchart illustrated in Figure 1. The PRISMA
2020 checklist is available and included in the systematic
review (See S1 Table in the Supplemental File). 254 articles
were initially retrieved from the eight databases by using our
search string. After removing 131 duplicates and 12 non-
conference or journal articles, we arrived at 111 unique articles.
Upon completing the Title, Abstract, and Keyword screening,
38 articles were excluded from full-text review as their subject
matter was found to be unrelated to the research questions. The
interrater reliability score between the first and second author
was 0.7 indicating substantial agreement.** Lastly, upon full-
text review, 15 articles were excluded to arrive at 58 articles
for the systematic review and final analysis. The interrater reli-
ability score between the first and second author was 1.0 indi-
cating an almost perfect agreement.*

Study characteristics and results of individual studies

The study characteristics are organized into 4 groups: (1)
Observational-based studies (n=44), (2) computation-
based studies (n=28), (3) DSR-based studies (n=1), and
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Figure |. Preferred Reporting Items for Systematic Review and Meta-analysis (PRISMA) flowchart resulting from the screening and
inclusion of articles in the systematic review.

(4) Quasi-experimental studies (n=5). All of the studies in ~ Results of syntheses
our systematic review are quantitative.

The key characteristics of each type of study are
included in the systematic review (See S2 Table, S3
Table, S4 Table, and S5 Table in the Supplemental

Publication year trend. A 6-year-period ranging from 2019
to the present (2024) was identified as the active period in
which our research was undertaken and findings were pub-
File). Each of the four tables includes information lished. Figure 2 illustrates the publication trend, showing
related to author identification, target population that the majority of the publications occurred from 2022
(Demographics), target behavior, chronic diseases, onwards (51/58, 87.93%). Overall, there is an upward trend
ML(Models/Algorithms), XAI software, study year, in terms of the number of publications per Year from 2019
study type, and SoFs. and lastly, limitations. to 2023, with the only exception from 2023 to 2024 which
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Figure 2. Distribution of published articles by year.

seems fair as our knowledge cut-off is May 2024. This over-
all trend is consistent with the significant increase in
machine learning research within healthcare, emphasizing
its evolving role in diagnostics and understanding health
determinants.>**

Study location. Figure 3 illustrates the number of published
articles in terms of the country of the first author. The lar-
gest contribution of work came from India (14/58,
24.14%), followed by China (5/58, 8.62%). United States
and Bangladesh are each in third place (4/58, 6.90%).
Finland, Italy, and the Republic of Korea share the fourth
position, each contributing 3 articles (5.17% each).
Several countries, including Algeria, Australia, Mauritius,
Tiirkiye, Canada, and Spain, have 2 publications each
(3.45% per country). The remaining countries, such as
Colombia, Brazil, Sweden, Singapore, Pakistan, Greece,
United Arab Emirates, Japan, Norway, and Germany,
each contributed 1 article (1.72% each) to the total pool
of publications.

Chronic diseases and corresponding XAl algorithm. Broadly
speaking, a chronic condition (also known as chronic dis-
ease or chronic illness) is a health condition or disease
that is persistent or otherwise long-lasting in its effects or
a disease that comes with time. The term “chronic” is often
applied when the course of the disease lasts for more than
three months.>”

Table 4 outlines the different types of chronic diseases
from our systematic review along with the XAI algorithm
used to predict, diagnose, treat, or management of them.

The bar chart below represents the distribution of
chronic diseases reported across various research papers
included in our systematic review. CKD is the most fre-
quently mentioned chronic condition, appearing in 15 stud-
ies, which accounts for 25.86% of the total. Diabetes
follows with 7 mentions (12.07%), and chronic obstructive
pulmonary disease (COPD) is highlighted in 5 studies
(8.62%). Other diseases, such as lung disease,
Alzheimer’s, and myalgic encephalomyelitis (chronic
fatigue), appear less frequently, with each being mentioned
in 2 or 3 studies (3.45%—-5.17%).

Figure 4 shows that CKD and diabetes are the most com-
monly studied chronic diseases in the papers reviewed,
reflecting their significant impact on public health.
Respiratory conditions like COPD and general lung disease
also receive considerable attention. The diversity of other
chronic conditions, such as asthma, pneumonia, and obes-
ity, is represented but with fewer mentions, suggesting
varying levels of research focus across chronic diseases in
the literature.

Figure 5 illustrates the frequency of usage for three XAl
algorithms—LIME, SHAP, and GradCAM which are the
most frequent XAl algorithms in our systematic review—
across four different chronic diseases: CKD, COPD, dia-
betes, and lung disease. These four chronic diseases as
mentioned earlier, are the most prevalent chronic diseases
in our review. SHAP is the most frequently used algorithm,
particularly for CKD, where it has been applied 9 times, and
it also shows a significant use for COPD and diabetes, with
2 and 4 instances respectively. LIME shows a balanced
usage, being applied 4 times each for CKD and diabetes,
and once for lung disease. GradCAM, while used less
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Figure 3. Distribution of published articles by the country of the first author.

overall, still has some presence, being applied twice for
lung disease and COPD, and once for CKD. The chart high-
lights that SHAP is the dominant XAl method, particularly
in the context of CKD, suggesting a strong preference or
effectiveness of SHAP for explaining models related to
this disease. It is evident that LIME and GradCAM have
a more moderate and diversified application across the
diseases.

Chronic diseases and corresponding ML algorithms. Table 5
outlines the different types of chronic diseases from our sys-
tematic eview along with the ML algorithm used to predict,
diagnose, treat, or management of them.

Figure 6 highlights the frequency of usage of different
XALI algorithms—LIME, SHAP, and GradCAM—for pre-
dicting and diagnosing, treating, and managing the most
prevalent chronic diseases in our systematic review includ-
ing CKD, COPD, diabetes, and lung disease. SHAP is the
most frequently utilized algorithm, particularly for CKD,

with 9 instances. LIME shows balanced usage across
CKD and diabetes (both at 4 instances), while it is minim-
ally applied to lung disease. GradCAM is less widely used
but exhibits balanced usage for COPD and lung disease
(both at 2 instances). Overall, SHAP demonstrates a domin-
ant preference in CKD analysis, while other algorithms
exhibit more specific but limited applications.

Chronic diseases and XAl intervention goal. Table 6 outlines
the different types of chronic diseases from our systematic
review along with their target behavior.

Figure 7 reveals a significant focus on prediction
within the studies included in our systematic review,
with 50 papers (86.21%) targeting predictive analysis
of chronic diseases. This dominant interest suggests
that the primary application of machine learning and
XAl in this field is to anticipate disease onset or progres-
sion, emphasizing the value of early detection and pro-
active healthcare. In contrast, only 6 papers (10.34%)
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Table 4. Chronic diseases with their corresponding XAl algorithm and authors.

Alzheimers

Alzheimers

Anemia(s)

Asthma
Breast cancer

Chronic kidney disease

Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease

Chronic kidney disease

Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease

Chronic kidney disease

Chronic kidney disease
Chronic kidney disease

Chronic kidney disease

PDA Kamal MS et al.*®
PGM

SHAP and LIME Sekaran K et al.*’
XGBoost, logistic regression, decision tree, Naive J. Prajapati et al.?®

Bayes, SVM, KNN, random forest, explainable
boosting machine

Logic learning machine (rule-based) Narteni S et al.*’
LIME I. Maouche et al.*
TreeExplainer Lundberg SM et al.*'

(Shapley value explanations)

SHAP K Jhumka et al.**

SHAPs VN Manju et al. +?

PFI, PDP, SHAPs P. A. Moreno-Sanchez?®
LIME A. Vijayvargiya et al.**
LIME M. A. Islam et al.
SHAPs

SKATER

Metrics: Interpretability, fidelity,

fidelity-to-interpretability ratio

Grad-CAM M. H. K. Mehedi et al. *

SHAPs K. Jhumka et al. +/

Graph properties
SHAPs
Case-based reasoning model

SHAPs
LIME

SHAPs
LIME

Metrics: Interpretability, fidelity,

Y. Shang et al.*®
S. Paul et al.*?

G. R. Vasquez-Morales®®

Ghosh SK, Khandoker
AH®'

Hamed O et al.>?
Arumugham V et al.>3

P. A. Moreno-Sanchez™>*

fidelity-to-interpretable ratio

Interpretability: Input features that the model
presents as the explanation (via masking). If the
model achieves a correct classification after
masking some portion of the input features, the
remaining features have a significant semantic value.

Fidelity: Relation of classification metric results of the
full-interpretable model and its uninterpretable
counterpart (baseline). Fidelity shows the
percentage of initial performance retained by

(continued)
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Table 4. Continued.

becoming interpretable.

Fidelity-to-interpretable ratio: Refers to how much of
the model’s interpretability is sacrificed for
performance. We aim for 0.5 as a good metric.

Chronic obstructive pulmonary disease Grad-CAM A. V. Ikechukwu;
SHAPs S. Murali®®
Chronic obstructive pulmonary disease LRP A. V. lkechukwu; M. §;
Grad-CAM H. B
Chronic obstructive pulmonary disease SHAPs Wang X et al.>’
PDP
Chronic obstructive pulmonary disease LLM Vaccari | et al. *®

Chronic obstructive pulmonary disease Case-based reasoning model El-Magd LM.A et al.*’
Diabetes PUTreeLIME Wu et al.*
In contrast to existing interpretation methods,
PUTreeLIME takes into account the interaction
among different community models within our
PUtree.

Unlike LIME, we employ the uncertainty sampling
method to sample instances which ensures that the
sampled instances have a higher degree of
responsibility for the model being explained.

Diabetes Most-weighted path, A. Ahmad; S. Mehfuz®'
Most-weighted combination,
Maximum frequency difference explanation

Diabetes SHAPs I. Shaheen et al.®?

Diabetes LIME P Nagaraj et al. 63

Diabetes SHAPs Kibria HB®*
LIME

Diabetes Attention Mechanism Joseph LP et al.®®
SHAPs
LIME

Diabetes SHAPs Ganguly R, Singh D.%
LIME

Fibromyalgia PDP Moreno-Sanchez et al.¢’
MDI

General SHAPs Huang M et al.¢8
LIME

General (heart disease/cardiovascular disease/  Additive explanatory factors (EBM-produced) Pfeuffer N.¢°

lung disease)

Hematological malignant disorder

SHAPs

Rodriguez-Belenguer P.”°

(continued)
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Table 4. Continued.

Hepatic steatosis|non-alcoholic fatty liver
disease

Knee osteoarthritis

Leprosy

Liver cirrhosis
Lung disease
Lung disease

Lung disease

Lymphocytic leukemia
Lymphomagenesis

Lymphomas

Metabolic syndrome

Myalgic encephalomyelitis (chronic fatigue)

Myalgic encephalomyelitis (chronic fatigue)
Non-communicable diseases
Obesity

Obstructive sleep apnea

Parkinsons

Pneumonia

Pulmonary (normal, COVID-19, tuberculosis,

pneumonia)

Ulcers

Usual interstitial pneumonia

Asthma, bronchiectasis, bronchiolitis, chronic

Partial dependency

Grad-CAM

Visualization of activation layer, occlusion sensitivity,
Grad-CAM

SHAPs
Grad-CAM
LIME

Attention
Grad-CAM

SHAPs

SHAPs

Anchor: Generates explanations for specific
diagnoses.

SHAP: Ranks descriptors according to their global
influence on model decisions.

Explanation module

SHAPs
TreeMap

SHAPs

DeepSHAP

Graph properties, SHAP

LIME

SHAPs

LIME

SHAPASH

Attention mechanism

LRP

Grad-CAM, LIME, and SHAP were tested as viable
explainability methods, with SHAP used as the

preferable explainability method.

The physician who labels the clusters serves as the
XAl component of the non-end-to-end system.

Fuzzy ID3

R. Deo; S. Panigrahi7I

R. Ahmed; A. S. Imran’?

A. K. Baweja et al.”?

G. Arya et al.”*

R. Sharma et al.”®
S. P. Koyyada et al.”®

Choi Y et al.””

Morabito F et al.”®

V. C. Pezoulas et al.”’

T. P. De Faria®°

Benmohammed K et al.®'

Yagin FH et al.®

Yagin FH et al.®

K. Davagdorij et al.®*
Brakefield WS et al.®*

Troncoso-Garcia A.R
et al.®¢

Junaid M et al.?’

Ukwuoma CC et al. %8

G. Marvin et al.®’

Lo et al.”?®

Uegami et al.”'

J. Li et al. 2

(continued)



Hoghooghi Esfahani et al.

Table 4. Continued.

obstructive pulmonary disease, lower
respiratory tract infection, upper respiratory
tract infection, pneumonia (a set of
respiratory illnesses)

XAl: explainable artificial intelligence; PDA: pixel density analysis; PGM: probabilistic graphical model; SHAP: SHapley Additive exPlanation; LIME: local
interpretable model-agnostic explanation; XGBoost: extreme gradient boosting; SVM: support vector machine; KNN: k-nearest neighbor; PFI:
permutation feature importance; PDP: partial dependence plot; Grad-CAM: gradient-weighted class activation mapping; LRP: layer-wise relevance
propagation; LLM: logic learning machine; PUTreeLIME: positive-unlabeled tree LIMEs; MDI: mean decrease impurity; DeepSHAP: deep SHapley Additive

exPlanation.

Chronic Kidney Disease (CKD)
Diabetes
Chronic Obstructive Lung Disease (COPD)
Lung Disease 3(5.17%)
Alzheimers 2 (3.45%)
Myalgic Encephalomyelitis (Chronic Fatigue) 2 (3.45%)
Leprosy 1(1.72%)
Anermials) 1(1.72%)
Asthma 1(1.72%)
Breast Cancer 1(1.72%)
Fibromyalgian 1(1.72%)
General 1(1.72%)
General (Heart Disease / Cardiovascular Disease / Lung Disease) 1(1.72%)
Hematological Malignant Disorder 1(1.72%)
Hepatic Steatosis | Non-Alcoholic Fatty Liver Disease 1(1.72%)
Knee Osteoarthritis { 1(1.72%)

et of respiratory illnesses 1(1.72%)

Usual Interstitial Pneumonia 1(1.72%)

Lymphocytic Leukemia 1(1.72%)
Lymphomagenesis { 1(1.72%)
Lymphomas { 1(1.72%)
Metabolic Syndrome. 1(1.72%)
Non-Communicable Diseases (NCDs) 1(1.72%)

Obesity 1(1.72%)
Obstructive Sleep Apnea 1(1.72%)
Parkinsons 1(1.72%)
Pneumonia 1(1.72%)
Pulmonary (Normal, Covid-19, Tuberculosis, Peumonia) { 1(1.72%)
Ulcers 1(1.72%)

Liver Cirrhosis 1(1.72%)

5 (8.62%)

15 (25.86%)

7 (12.07%)

Number of chronic diseases

Figure 4. Prevalence of chronic diseases in our systematic review.

concentrate on disease management, indicating a smal-
ler yet notable interest in improving patient care pro-
cesses or monitoring. The least studied aspect is
treatment, with just 2 papers (3.45%) focusing on
treatment-related outcomes, highlighting a potential
area for future research to explore how machine learning
and AI can contribute directly to therapeutic
interventions.

Figure 8 displays the percentage usage of different XAl
technological goals—prediction, management, and treat-
ment—applied to the four most prevalent chronic diseases
in our systematic review. The findings reveal a strong

focus on prediction across all diseases, especially for dia-
betes and lung disease, where prediction is applied 100%
of the time. CKD also shows a high percentage of predic-
tion (93.3%), with a small portion allocated to treatment
(6.7%). Similarly, for COPD, 80% of cases focus on pre-
diction, while 20% are dedicated to management.
Notably, none of the diseases show a substantial emphasis
on treatment, suggesting that research predominantly
focuses on predictive approaches rather than treatment
interventions for these chronic conditions. This trend
underscores the primary role of machine learning in fore-
casting disease progression or onset, rather than direct
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I Chronic Kidney Disease (CKD)

! Chronic Obstructive Pulmonary Disease (COPD)
IEE Diabetes
B Lung Disease

1

T T
SHAP GradCAM

Methods

Figure 5. Frequency of the most prevalent explainable artificial intelligence (XAl) algorithms used in predicting, diagnosing, treating,

and managing chronic diseases.

management or therapeutic applications in the reviewed
studies.

RoB in studies. Figures 9, 10, 11A, 11B, 11C, 12, and 13
show the traffic-light plot of the risks of bias for the
three study types: Computational, observational, quasi-
experimental, and DSR.

Overall, as seen in Figure 13, except for one paper, all
the included studies were low in RoB.

Certainty of evidence. The certainty of evidence assessment
for the included studies revealed varying levels of methodo-
logical rigor and reliability across the reviewed literature.
Among the 58 papers analyzed, 8 studies (13.8%) demon-
strated high certainty of evidence, characterized by robust
methodological approaches, comprehensive clinical valida-
tions, and thorough testing with diverse patient populations
in real healthcare settings. The majority of studies (48
papers, 82.8%) showed moderate certainty of evidence,
suggesting generally sound methodologies with some lim-
itations. Only 2 studies (3.4%) were assessed as having
low certainty of evidence, as evidenced by specific meth-
odological limitations. These included Pfeuffer et al.
(2021),%” which based findings on just 43 usable samples
from a single patient over three months and

validation from only three general practitioners. The second
study, Vaccari et al. (2021),>® raised particular concerns
in its evaluation methodology, employing metrics
(Jensen-Shannon  divergence and Fréchet Inception
Distance) originally designed for image generation without
proper validation for medical data. The authors acknowl-
edged this limitation, noting these metrics were borrowed
from image processing applications as “a starting point.”
This approach contrasts sharply with high-certainty medical
studies that employ clinically validated, domain-specific
metrics ensuring preservation of diagnostic features and
statistical equivalence of clinical parameters. The FID
metric’s assumption of Gaussian distributions, while suit-
able for image analysis, remains unvalidated for medical
time series data from IoMT devices, where subtle physio-
logical variations can have significant clinical implications.
When compared to established research standards, where
high-quality healthcare Al studies typically involve hundreds
or thousands of patients across multiple clinical sites with
comprehensive validation phases and domain-appropriate
evaluation metrics, these two studies fell significantly short.
Despite these limitations in a small portion of the reviewed lit-
erature, the predominance of moderate and high-certainty
studies suggests a generally robust body of evidence in the
field, though continued emphasis on rigorous methodology
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Table 5. Chronic diseases with their corresponding ML algorithm and authors.

Alzheimers SNN Kamal MS et al*®
Alzheimers LR, RF, L-SVMs, NB, MLP-NN Sekaran K et al.’’
Anemia(s) XGBoost, LR, decision tree, NB, SVM, KNN, RF, J. Prajapati et al.3®
EBM
Asthma Logic learning machine Narteni S et al.>’
Breast cancer CatBoost I. Maouche et al. *
Chronic kidney disease Gradient boosted decision trees Lundberg SM et al.*!
Chronic kidney disease XGBoost, AdaBoost, DNN Jhumka et al. *
Chronic kidney disease Tree-based explainable Al (DT-EAI) VN Maniju et al. s
(decision tree)
Chronic kidney disease Decision trees: RF, Extra Trees, AdaBoost, P. A. Moreno-SAinchez>*
XGBoost
Chronic kidney disease RF, SVM, decision tree, LR, KNN A. Vijayvargiya et al.**
Chronic kidney disease Decision tree, RF M. A. Islam et al.*
Chronic kidney disease CNN, DNN M. H. K. Mehedi et al.*®
VGGI 6, MobileNetV2, InceptionV3
Chronic kidney disease XResNet50 (CNN) K. Jhumka et al.*’
Chronic kidney disease Knowledge graphs (layered modules): Y. Shang et al.*®

OMOP CDM is a standard data schema for
normalizing heterogeneous EHR datasets to
achieve multicenter collaborative research. The
system uses EHR data that underwent the
extraction, transformation, and loading (ETL)
process into the OMOP CDM format.

Chronic kidney disease KNN, NB, SVM S. Paul et al.*’

Chronic kidney disease Neural Networks G. R. VAjsquez-Morales
etal®®

Chronic kidney disease LR, RF, Decision Tree, NB, XGBoost Ghosh SK, Khandoker
AH®!

Chronic kidney disease LSTM Hamed O et al. >

Chronic kidney disease DNN Arumugham V et al. >

Chronic kidney disease Decision Tree, RF, Extra Trees, Adaboost, Gradient  P. A. Moreno-Sanchez?

Boosting, XGBoost, Ensemble Voting Classifier
(Hard VotingClassifier)

Chronic obstructive pulmonary disease Xception A. V. Ikechukwu;
ResNet50V2 CNNs S. Murali®®
(transfer learning)

(continued)
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Table 5. Continued.

Chronic obstructive pulmonary disease

Chronic obstructive pulmonary disease

Chronic obstructive pulmonary disease

Chronic obstructive pulmonary disease

Diabetes
Diabetes

Diabetes

Diabetes

Diabetes

Diabetes

Diabetes

Fibromyalgia

General

General (heart disease/cardiovascular disease/
lung disease)

Hematological malignant disorder

Hepatic steatosis|non-alcoholic fatty liver
disease

Knee osteoarthritis

Leprosy

Liver cirrhosis
Lung disease
Lung disease

Lung disease

Chronic obstructive pulmonary diseaseNet
(ResNet 50) Finetuned

(+ Transfer Learning with ImageNet weights)
ResNet50 (Base)

CatBoost, NGBoost, XGBoost, Light GBM, Rando |
m Forest, SVM, LR

GAN decision tree

ResNet|8, ResNet34, ResNet50, AlexNet,
GoogleNet

PUTree
MLP, weighted KNN, SVM

Hybrid #1: Highway 4+ LeNet = Hi-Le 4+ LeNet
Hybrid #2: Highway + LeNet + TCN =HiTCLe

SVM, RF, decision tree, XGBoost

ANN, RF, SVM, LR, AdaBoost, XGBoost
TabNet

Ensemble (unknown)

Decision trees, LR, SVM, RF, AdaBoost, Extra
Trees, RUBoost

Singular value decomposition, decision tree, GCNs,
XGBoost

Binary EBM

LR, decision tree, RF, SVM

SVM

CNN (fine-tuned, pre-trained): VGGI16, VGGI9,
ResNet-50, ResNet- 101, EfficientNetb7

AXI-CNN (LeprosyNet)

XGBoost, LR

GANs + CNNs (VGG-16, VC-Net architectures)

CNN

ECA-Net

(modified) VGGish
LACM

A. V. lkechukwu; M. S;
H. B¢

Wang X et al. >/

Vaccari | et al.>®

El-Magd LM.A et al. *°

Wu et al. ¢°
A. Ahmad; S. Mehfuz®'

I. Shaheen et al.®?

P Nagaraj et al.®?
Kibria HB**
Joseph LP et al.®®
Ganguly R;; Singh D.%¢

Moreno-Sanchez PA
et al.®’

Huang M et al.¢®

Pfeuffer N.%°

Rodriguez-Belenguer P.”°

R. Deo; S. Panigrahi”!

R. Ahmed; A. S. Imran”?

A. K. Baweja et al.”?

G. Arya et al.”*

R. Sharma et al.”®

S. P. Koyyada et al.”®

Choi Y et al.”’

(continued)
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Table 5. Continued.

Lymphocytic leukemia

Lymphomagenesis

Lymphomas
Metabolic syndrome

Myalgic encephalomyelitis (chronic fatigue)

Myalgic encephalomyelitis (chronic fatigue)
NCDs

Obesity

Obstructive sleep apnea

Parkinsons

Pneumonia

Pulmonary (normal, COVID- 19, tuberculosis,

pneumonia)

Ulcers

Usual interstitial pneumonia

Asthma, bronchiectasis, bronchiolitis, Chronic

obstructive pulmonary disease, lower

respiratory tract infection, upper respiratory

tract infection, pneumonia (a set of
respiratory illnesses)

NN

Multinomial NB (FMNB), multilayer perceptron
(FMLP), SVM (FSCVM), gradient boosting trees

(FGBT, FDART)
Linear regression, SVM, GBDT

ANN, SVM, KNN, NB

RF, Gaussian NB, gradient boosting classifier, LR, RF

classifier
XGBoost, SYC, LR, RF, decision tree, NB
DNN

SVR machine model
Knowledge graph

LR, K-nearest neighbors, decision tree, RF, gradient

boosting classifier

SVM, RF, ETC, LGBM, SGD

Ensemble A: DenseNet201, VGG 6, GoogleNet
Ensemble B: DenseNet201, InceptionResNetV2,

Xception
Transformer encoder (with self-attention
mechanism)

Deep CNN + Base/Transfer Cases
a.k.a. Deep & transfer learning

(1) Models used during the development process

include different versions of DenseNet,
MobileNet, and ResNet for classification

(2) Deeplab, FPN, or U-Net for segmentation

Feature extractor (Tile classification &
visualization): ResNet|8 CNN + Transfer
Learning

UIP Prediction by MIXTURE: RF, SVM

Ensemble knowledge distillation with Fuzzy logic

(multiple teacher—student models)
Teacher — Classification Network
Student — Network
CNN’s + Fuzzy decision tree

Morabito F et al.”®

V. C. Pezoulas et al.”’

T. P. De Faria®

Benmohammed K et al.®'

Yagin FH et al®

Yagin FH et al. &
K. Davagdorij et al. 8

Brakefield WS et al.®

Troncoso-Garcia A.R
et al.®®

Junaid M et al.®’

Ukwuoma CC et al.®

G. Marvin et al. &

Lo et al.”®

Uegami et al.’!

J. Li et al.”?

SNIN: spike neural network; LR: logistic regression; RF: random forest; L-SVM: linear support vector machine; NB: Naive Bayes; MLP-NN: multilayered
perceptron neural network; DNN: deep neural network; DT-EAI: decision tree-based EAI; AdaBoost: adaptive boosting; XGBoost: extreme gradient
boosting; ANN: artificial neural network; SVM: support vector machine; GCN: graph convolutional network; EBM: explainable boosting machine; ECA:
efficient channel attention; LACM: light attention connected module; NN: neural network; GBDT: gradient boosting decision trees; NCDs:
non-communicable diseases; SVR: support vector regression; ETC: Extra Trees Classifier; LGBM: light gradient boosting machines; SGD: stochastic
gradient descent; CNN: convolutional neural network; LSTM: long short-term memory; GAN: generative adversarial network; PUTree:
positive-unlabeled learning tree; MLP: multilayer-perceptron.
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Logistic Regression XGBoost

Models

Figure 6. Frequency of the most prevalent ML algorithms used in predicting, diagnosing, treating, and managing chronic diseases.

and comprehensive clinical validation would further
strengthen the evidence base.

Discussion

The prediction category encompasses studies focused on
early detection and risk assessment, representing the major-
ity of current research efforts (50/58, 86.2%). The treatment
category is notably smaller, primarily represented by medi-
cation recommendation systems and resource utilization
prediction for treatment planning, with limited exploration
of direct therapeutic intervention  optimization.
Management includes papers addressing ongoing monitor-
ing and clinical decision-support tools for existing condi-
tions. This imbalanced distribution reflects the current
state of XAl research in chronic disease care, where predic-
tion applications significantly outweigh management and
treatment applications. By examining these distinct yet
interconnected domains separately, we can better under-
stand the nuanced applications of XAl across different con-
texts within chronic disease care. Moreover, CKD and
Diabetes emerged as the most frequently studied conditions
in our systematic review, a trend that is clearly illustrated in
Figure 4, which shows the prevalence of chronic diseases
across the included studies.

XAl algorithms and the prediction of chronic diseases

Our systematic review revealed that three XAI models—
SHAP,"” LIME," and Grad-CAM**—dominate the land-
scape of XAl applications in chronic disease care. LIME
and SHAP share common advantages that make them particu-
larly suitable for healthcare applications. Both methods are
model-agnostic, meaning they can explain predictions from
any machine learning model, which is crucial in healthcare
where various modeling approaches may be employed.
Grad-CAM’s prominence, particularly in diagnostic applica-
tions, can be attributed to its effectiveness with convolutional
neural networks (CNNs), which are widely used in medical
imaging.”® The technique’s ability to generate visual explana-
tions by highlighting regions of interest in medical images
makes it especially valuable for conditions requiring radio-
logical assessment, such as diabetic retinopathy.”®

The convergence of these three methods suggests a matur-
ation in the field of healthcare XAl where practitioners have
identified tools that balance technical robustness with clinical
utility. However, this concentration also raises important con-
siderations. A notable limitation of all three methods is their
focus on feature attribution and local explanations, potentially
missing higher-level patterns or causal relationships that could
be crucial in chronic disease management.
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Table 6. Chronic diseases with their corresponding XAl intervention goal.

Alzheimers

Anemias

Asthma

Breast cancer

Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease
Chronic kidney disease

Chronic kidney disease

Chronic kidney disease

Chronic kidney disease

Chronic kidney disease

Chronic kidney disease

Chronic obstructive pulmonary disease
Chronic obstructive pulmonary disease
Chronic obstructive pulmonary disease
Chronic obstructive pulmonary disease
Chronic obstructive pulmonary disease
Diabetes

Diabetes

Diabetes

Diabetes

Prediction of disease

Prediction
Management of disease
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction
Prediction

Prediction

Prediction
Treatment of disease
Prediction

Prediction

Prediction

Prediction

Prediction
Management of disease
Prediction

Prediction

Prediction

Prediction

Prediction

Kamal MS et a|.36,
Sekaran K et al.>”

J. Prajapati et al.*®

Narteni S et al.*®

. Maouche et al.*

Lundberg SM et al. *'

Jhumka et al.*?

VN Manju et al.¥®
P. A. Moreno-SAjnchez*®

A. Vijayvargiya et al.**

M. A. Islam et al.*®

M. H. K. Mehedi et al.*

K. Jhumka et al.*’

Y. Shang et al. 8

S. Paul et al.*®

G. R. VAjsquez-Morales
et al>°

Ghosh SK, Khandoker AH®'

Hamed O et al.>

Arumugham V et al.>?

P. A. Moreno-Sanchez?®
A. V. lkechukwu; S. Murali®®
A. V. Ikechukwu; M. S; H. B>

Wang X et al.>’

Vaccari | et al.*®
El-Magd LM.A et al. *°
Wau et al.®°

A. Ahmad; S. Mehfuz®'
|.62

I. Shaheen et al

P Nagaraj et al.®®

(continued)
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Table 6. Continued.

Diabetes Prediction Kibria HB®*
Diabetes Prediction Joseph LP et al.®®
Diabetes Prediction Ganguly R;; Singh D.¢
Fibromyalgia Management of disease ~ Moreno-Sanchez PA et al.*”
General Treatment of disease Huang M et al. ®®
General (heart disease/cardiovascular disease/lung disease) Management of disease  Pfeuffer N.*°
Hematological malignant disorder Prediction Rodriguez-Belenguer P.”°
Hepatic steatosis|non-alcoholic fatty liver disease Prediction R. Deo; S. Panigrahi7I
Knee osteoarthritis Prediction R. Ahmed; A. S. Imran’?
Leprosy Prediction A. K. Baweja et al.”®
Liver cirrhosis Prediction G. Arya et al.”*
Lung disease Prediction R. Sharma et al.”®
Lung disease Prediction S. P. Koyyada et al.”®
Lung disease Prediction Choi Y et al.”’
Lymphocytic leukemia Prediction Morabito F et al.”®
Lymphomagenesis Prediction and V. C. Pezoulas et al.”’
management of
disease
Lymphomas Prediction T. P. De Faria®
Metabolic syndrome Prediction Benmohammed K et al.?'
Myalgic encephalomyelitis (chronic fatigue) Prediction Yagin FH et al.®
Myalgic encephalomyelitis (chronic fatigue) Prediction Yagin FH et al.®
NCDs Prediction K. Davagdorj et al ®
Obesity Prediction and Brakefield WS et al 2
management of
disease
Obstructive sleep apnea Prediction Troncoso-Garcia AR et al.®
Parkinsons Prediction Junaid M et al.®
Pneumonia Prediction Ukwuoma CC et al.®®
Pulmonary (normal, Covid-19, tuberculosis, pneumonia) Prediction G. Marvin et al.®
Ulcers Prediction Lo etal. *°

(continued)
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Table 6. Continued.

Usual interstitial pneumonia

Asthma, bronchiectasis, bronchiolitis, chronic obstructive pulmonary

Prediction Uegami et al.”!

Prediction J. Li et al. 2

disease, lower respiratory tract infection, upper respiratory tract

infection, pneumonia (a set of respiratory illnesses)

NCD: non-communicable disease.

Prediction

6 (10.34%)

Management

Target behavior

Treatment 2 (3.45%)

50 (86.21%)

Number of chronic diseases

30 a0 50

Figure 7. XAl intervention goal of the studies in our systematic review.

In our systematic review, 50/58 papers (86.2%) are
focused on the prediction of chronic diseases. In the follow-
ing sections, we first go through the XAl algorithms used in
the prediction of chronic diseases.

Applications of SHAP in the prediction of CKD

Jhumka et al.** used SHAP to investigate feature contri-

butions in a deep neural network (DNN) model for CKD
prediction. The authors specifically employed SHAP to
validate if the model’s predictions aligned with medical
explanations. They found that specific gravity, diabetes,
and albumin were key predictors, demonstrating how
SHAP can bridge the gap between machine learning pre-
dictions and clinical understanding. However, The data-
set used is relatively small (=400 rows) and the
features (n=24) are not generalizable to other datasets.
This makes comparison difficult against other sources
of information.

Manju et al.* utilized SHAP for evaluating a decision
tree-based EAI (DT-EAI) approach. SHAP was used to

calculate Shapley values for measuring feature importance
in the decision-making process. The study emphasized the
role of SHAP in enhancing transparency and clinical
decision-making, particularly in interpreting how different
attributes contribute to CKD diagnosis.

Jhumka et al.*” incorporated SHAP to provide visual
explanations of their model’s predictions, using it to ana-
lyze per-class feature significance. The study demon-
strated how SHAP can help identify the most relevant
features that determine CKD, making the complex
deep-learning model more interpretable for healthcare
professionals.

Paul et al.*’ employed SHAP as a model explanation
method to disclose the importance of features in CKD clas-
sification. They used multiple SHAP visualization techni-
ques (bar plots, swarm plots, and waterfall plots) to
provide comprehensive insights into how different features
contribute to the model’s predictions. The study showed
that GFR, age, and sex had the highest impact on CKD pre-
diction. The paper’s limitations are that the dataset used is
static and also class imbalance is evident.
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Applications of SHAP in prediction of COPD

Tkechukwu et al.” utilized SHAP alongside Grad-CAM to
explain predictions of COPD from chest X-ray (CXR) images
using deep learning models (Xception and ResNet50). SHAP
was specifically employed to provide feature importance visual-
ization and explain model decisions at both global and individual
sample levels. The authors used SHAP values to demonstrate
how different regions and features in CXRs contributed to
COPD diagnosis predictions. The visualization helped identify
which areas of the X-ray images were most influential in the
model’s decision-making process, bridging the gap between
complex deep-learning predictions and clinical interpretability.

There are future opportunities to enhance the XAI frame-
work lie in expanding its adaptability to varied CXR perspec-
tives and other imaging techniques like computed tomographic
(CT) scans and lung ultrasonography, potentially improving its
diagnostic proficiency and contributing vitally to proactive
COPD identification and improved patient care. Wang
et al.”” integrated SHAP with machine learning models (par-
ticularly CatBoost) to predict COPD risk in smokers using
questionnaires and physical examination data. SHAP was
used in multiple ways: (1) To provide global feature import-
ance rankings showing that age, CAT scores, and income
were top predictors, (2) To visualize feature value distributions
and their impact through SHAP value plots, and (3) To provide
personalized prediction interpretations for individual cases.
The authors combined SHAP with partial dependence plots
(PDPs) to offer both global and local interpretability of the
model’s predictions. However, the study’s predictors are
only based on questionnaire information. No lung function
monitoring data was recorded. More than that, Deep learning
methods have not been investigated in this study.

Applications of SHAP in prediction of diabetes

Joseph et al.®® used both model-specific (TabNet’s attention

mechanism) and model-agnostic SHAP for interpretability.
SHAP was specifically used for global explanations while

LIME was used for local interpretations. The study found
that for the PIDD dataset, insulin was the most influential
feature with SHAP value of 0.301; and for the ESDRPD
dataset, polyuria was most influential with a SHAP value
01 0.206. The authors used SHAP dependency plots to ana-
lyze feature interactions and showed how different features
like glucose and insulin levels interacted to influence
diabetes predictions. A unique aspect was combining
SHAP with other XAI approaches for comprehensive
interpretability.

Kibria et al.** applied SHAP to understand feature contri-
butions in a CatBoost model for predicting COPD in smokers.
SHAP values helped identify that age, CAT score, and gross
annual income were the most important predictors. The
authors used multiple SHAP visualization techniques includ-
ing summary plots, feature importance, and dependence plots
to provide both global and local interpretability. The study
demonstrated how SHAP can help understand complex fea-
ture interactions in both a clinical and lifestyle context.

In another study, the authors implemented LIME and
extreme gradient boosting (XGBoost) algorithms with the
Highway Network and LeNet model for predicting diabetes.®*
The authors used SHAP specifically in two novel ways: (1)
To provide feature importance visualization of the Hi-Le
and HiTCLe ensemble models through waterfall plots show-
ing both local and global interpretations, and (2) to understand
the contribution of each feature to individual predictions
through SHAP force plots. For instance, with the Hi-Le
model, they found that prediabetes and insulin levels were
key predictors. What made this paper’s use of SHAP unique
was its application to ensemble models and the combination
of both local and global interpretations to provide comprehen-
sive model explanations. The study also used SHAP along-
side other visualization techniques like correlation heatmaps
to provide multiple perspectives on feature relationships.

Ganguly and Singh® used SHAP alongside LIME for
explainable diabetes prediction. The study focused on using
SHAP, particularly for global feature importance and
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visualization of feature effects through mean SHAP value
plots. The authors used SHAP specifically to understand
the impact of plasma glucose levels, which they found to
be the most influential predictor.

Applications of SHAP in the prediction of lung
diseases

In our systematic review, SHAP is not used to predict, diag-
nose, treat, or manage any lung diseases. We believe that it
might be due to the following reasons:

1. Data type limitations

Most lung disease diagnosis relies heavily on imaging
data (CXRs, CT scans) rather than tabular data.SHAP was
originally designed and works best with structured tabular
data. For image data, other XAI techniques like
Grad-CAM and attention mechanisms are more naturally
suited for visual explanations.

2. Workflow alignment
Radiologists and pulmonologists are accustomed to vis-

ual interpretations. Visual XAl methods like heatmaps dir-
ectly align with how clinicians already analyze medical

(continued)

images. SHAP’s feature importance plots may be less intui-
tive for image-based diagnosis.

3. Technical complexity

Applying SHAP to image data requires sophisticated
adaptations. Computing SHAP values for high-dimensional
image data can be computationally expensive. Simpler
alternatives like Grad-CAM offer sufficient explanations
with less complexity.

Other applications of SHAP in the prediction of
chronic diseases

Other than the diseases that are mentioned earlier, SHAP is
being used to predict, manage, and treat other chronic dis-
eases. Here, we are going through these studies:

Applications of SHAP in the prediction of Alzheimer’s

Sekaran et al.>” employed SHAP as a key technique within an

XAI framework to interpret the predictions of machine learn-
ing models designed to identify gene biomarkers for
Alzheimer’s disease (AD). The primary objective of using
SHAP is to provide transparency and biological relevance
to the models by explaining which genes significantly
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Figure Il. Continued.

contribute to the differentiation between AD and non-AD
samples. SHAP is applied to machine learning classifiers,
such as logistic regression (LR) and others, that were trained
on subsets of differentially expressed genes extracted from
datasets. By calculating Shapley values, SHAP quantifies
the marginal contribution of each gene to the model’s predic-
tions. This approach allows researchers to understand the role
of individual genes in influencing the prediction outcome.
SHAP visualizations are employed to illustrate the contribu-
tions of individual genes to the model’s decisions. These vis-
ual aids make it easier to interpret how changes in gene
expression influence the likelihood of AD. For example,
SHAP scores demonstrate the significance of ORAI2 in pre-
dicting AD outcomes, reinforcing its potential as a therapeutic
target. Such detailed explanations enhance confidence in the
model’s outputs and provide valuable insights into the bio-
logical mechanisms underlying the disease. To further
improve this research, external validation is required.

Application of SHAP in the prediction of
hematological malignancies

Rodriguez-Belenguer et al.” used SHAP as a critical component
of an XAl approach to interpreting a machine learning model

predicting the serological response of patients with hemato-
logical malignancies (HMs) to COVID-19 vaccination. The
study aims to address the challenge of combining predictive
accuracy with clinical interpretability, helping healthcare profes-
sionals understand the key factors influencing antibody gener-
ation in this vulnerable population. SHAP wvalues are
calculated for the best-performing machine learning model, a
support vector machine (SVM). These values measure the con-
tribution of each variable to the model’s predictions, indicating
whether a factor has a positive or negative impact on the likeli-
hood of generating an antibody response. By combining SHAP,
principal component analysis, and clustering, the study provides
a comprehensive and interpretable methodology for understand-
ing patient profiles and identifying subgroups at higher risk of
poor serological response. The results have practical applica-
tions, such as informing personalized preventive strategies for
HM patients, including additional vaccine doses, prophylactic
monoclonal antibodies, or early antiviral therapies.

Application of SHAP in the prediction of liver cirrhosis

Arya et al.”* integrated SHAP with an XGBoost classifier to
enhance the understanding of the model’s predictions,
offering transparency and insights critical for clinical
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applications. SHAP is used to calculate the contribution of
individual features (e.g., platelets, bilirubin levels, choles-
terol) to the prediction of liver cirrhosis stages. By assigning
Shapley values, the study quantifies how much each feature
influences the model’s output, highlighting the most critical
biomarkers. Moreover, SHAP also evaluates interactions
between features by computing the SHAP interaction
values. These values capture how pairs of features jointly
contribute to the predictions, providing deeper insights
into the interdependencies among biomarkers.

It is worth noting that, visual representations of SHAP
values, including feature importance plots and feature con-
tribution graphs, are generated. These visualizations clarify
which features significantly increase or decrease the likeli-
hood of cirrhosis in the predictions. For instance, choles-
terol was identified as having a substantial influence on
certain predictions, even though platelets were highlighted
as the most important feature overall.

Another aspect of using SHAP that is utilized in this
paper is a case-by-case analysis of predictions, explaining
how specific feature values lead to a particular output. For
example, it shows the magnitude of contributions from fea-
tures like age or platelets for individual patients.

Application of SHAP in the prediction and
management of lymphomagenesis

Pezoulas et al.”’ utilized SHAP to enhance the interpretability
of a federated Al platform developed for disease management,
particularly in modeling lymphomagenesis (the development
of lymphoma) among patients with rare autoimmune diseases.

Applications of SHAP in prediction of myalgic
encephalomyelitis/chronic fatigue syndrome

SHAP is employed by the authors as part of an XAl framework
to provide interpretability and transparency to the predictive
model designed for classifying myalgic encephalomyelitis/
chronic fatigue syndrome (ME/CFS) patients.*> SHAP is

particularly used to analyze and explain the contributions of
individual metabolites to the model’s predictions, thereby mak-
ing the complex machine-learning results understandable for
clinicians and researchers. SHAP is applied to the random for-
est classifier (RFC) trained on biomarker metabolites identified
through feature selection. The SHAP analysis reveals the
importance of each metabolite in the context of ME/CFS diag-
nosis by quantifying how much each feature contributes to the
predicted outcome. SHAP visualizations highlight the relation-
ship between the values of metabolites and their impact on the
prediction. Positive SHAP values signify features that increase
the likelihood of ME/CFS, while negative values suggest a pro-
tective or neutral role. These graphical outputs not only aid in
understanding the model’s reasoning but also provide insights
into potential biological mechanisms underlying the disease.
Besides the need for external validation, Transfer learn-
ing, and deep learning can also be explored in future work.
Yagin et al.** applied SHAP to explain the decision-
making process of the XGBoost classifier, which achieved
the highest predictive accuracy among the tested models.
Using SHAP, the authors identified which metabolites
were most influential in predicting ME/CFS and how these
metabolites impacted the model’s output. To visualize these
insights, SHAP summary plots and beeswarm plots were
generated. These plots illustrated the contributions of indi-
vidual features (metabolites) to the model’s predictions,
which resulted in providing an intuitive understanding of
the relationship between metabolite levels and disease risk.
The dataset presents significant limitations due to its
imbalanced structure, containing an extensive number of
features but insufficient sample size. Furthermore, the
absence of critical user demographic information compro-
mises the dataset’s completeness and analytical potential.

Application of SHAP in the prediction and
management of obesity

Brakefield et al.*’ utilized SHAP to interpret the predictions
of a machine learning model developed within the Urban
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Population Health Observatory (UPHO) system. The sys-
tem is designed for obesity prevalence prediction and deci-
sion support in urban population health. SHAP is applied to
analyze the contributions of various SDoH features, such as
lack of physical activity, poverty, and unemployment, to
obesity prevalence predictions. For example, it identifies
“lack of physical activity” and “poverty” as the most signifi-
cant positive contributors to obesity rates in specific neigh-
borhoods. By quantifying the impact of individual features,
SHAP assigns importance scores to predictors, helping
researchers and public health officials prioritize intervention
strategies. SHAP value plots visually demonstrate the direc-
tion and magnitude of each feature’s contribution to the
model’s predictions. This helps stakeholders, including
clinicians and researchers, understand why the model pre-
dicts higher or lower obesity prevalence for a given popula-
tion or region. SHAP is also utilized to provide support for
decision-making. By integrating SHAP into the UPHO sys-
tem, the platform provides actionable explanations through
a user-friendly dashboard. These explanations allow physi-
cians and researchers to trace causal pathways linking
SDoH to health outcomes like obesity, aiding in the design
of more targeted interventions and policies. However, in
general, using population data has the limitation of general-
izations for individual assessments that are not always
necessarily truthful in reality.

Application of SHAP in the prediction of Parkinson’s

Junaid et al.*’ utilized the SHAP framework to enhance the
explainability of machine learning models used for early
detection and progression prediction of Parkinson’s disease.
SHAP assigns an importance value to each feature, indicating
its contribution to a specific decision. This aids in identifying
the most critical features influencing the models’ outcomes. A
key limitation of this study is the exclusion of ensemble meth-
ods and deep learning models from the analysis.

Application of SHAP in the prediction of vascular
wound images

Lo et al.” utilized SHAP to evaluate the explainability of

the developed Al model for analyzing vascular wound
images. SHAP values are assigned to individual pixels of
the wound images to measure their contributions to the
model’s predictions. Positive SHAP values indicate a pixel
positively contributes to the prediction of a specific wound
class, while negative values indicate a lack of contribution
or a negative impact. The explainability score is derived
by combining SHAP values with the proximity of each
pixel to the wound area. Pixels closer to the wound with
positive SHAP values contribute more significantly to the
score. This method ensures the model focuses on relevant
areas (wound regions) rather than unrelated parts of the

image. SHAP values are visualized to demonstrate which
regions of the wound image the model focuses on when
making predictions. Regions with positive SHAP values
are highlighted as contributing to the decision-making pro-
cess. A primary limitation of this study is the model’s per-
formance constraints due to limited data availability and
insufficient sample size.

Applications of LIME in the prediction of chronic
kidney disease (CKD)

Vijayvargiya et al.** implemented LIME to provide inter-
pretability for a RFC that predicts CKD. LIME is used to
explain the model’s predictions by generating local surro-
gate models that approximate the RF classifier’s behavior
for individual predictions. The researchers applied LIME
to analyze feature importance and provide explanations
for why specific patients are classified as having CKD or
not. They presented visualizations showing how different
features like creatinine, HgbA1C, and blood pressure con-
tribute to individual predictions, making the model’s
decision-making process transparent to healthcare
providers.

Arumugham et al.>®> employed LIME as an explainability
technique for a DNN model that predicts early-stage CKD.
The researchers use LIME to generate local interpretable
explanations by perturbing input features and observing
how they affect the model’s predictions. LIME creates simpli-
fied linear models around individual predictions to explain
which features most strongly influenced the DNN’s classifica-
tion decisions. The paper demonstrates LIME’s application
through case studies where it explains predictions for specific
patients by showing feature importance scores and their con-
tributions (positive or negative) to the prediction. The
researchers also use LIME’s explanations to validate that their
model is making clinically relevant decisions based on mean-
ingful features rather than artifacts in the data.

Ghosh and Ahsan' utilized LIME along with SHAP to
explain predictions from an XGBoost model for CKD predic-
tion. LIME is specifically employed to provide instance-level
explanations by creating locally faithful linear models around
individual predictions. The researchers demonstrate LIME’s
application through patient case studies, where they analyze
how features like creatinine, glycosylated hemoglobin type
A1C (HgbA1C), and age influence specific predictions. The
paper shows how LIME generates human-interpretable expla-
nations by identifying which features contribute positively or
negatively to each prediction and quantifying their relative
importance, helping clinicians understand the reasoning
behind individual diagnostic predictions. This study has two
notable limitations: the potential lack of generalizability in
the dataset and the unexplored application of deep learning
methodologies. Islam et al* employed LIME to provide
interpretability for multiple machine learning models, with a



Hoghooghi Esfahani et al.

29

focus on understanding XGBoost’s predictions for CKD.
LIME is implemented as a model-agnostic explainer that cre-
ates locally faithful linear models by perturbing the input data
around specific instances. The authors use LIME in several
key ways. In terms of Individual Prediction Explanation,
LIME enhances model interpretability by generating detailed
explanations for individual patient cases, demonstrating how
each feature influences the specific prediction. The system
visualizes the model’s confidence through probability scores,
while feature contributions are clearly displayed via bar charts
that indicate whether each factor has a positive or negative
influence on the predictions.

Regarding Local Feature Importance, LIME provides
valuable insights by identifying the most significant features
for specific predictions. For each individual case, the system
generates a comprehensive ranking of features based on their
contribution to that particular prediction. These explanations
are presented in an accessible format that clearly demonstrates
whether specific features influenced the prediction toward
CKD or non-CKD classification. The Clinical Validation
aspect demonstrates how LIME’s explanations serve to valid-
ate the alignment between model decisions and established
clinical knowledge. The researchers effectively show how
these explanations enable clinicians to better understand and
develop trust in the model’s predictions. Importantly, the
interpretations are presented in a format that resonates with
medical professionals, making the system particularly valu-
able in clinical settings. Figure 4 have utilized LIME to detect,
manage, predict, and diagnose chronic diseases. Some of the
key trends in this paper are discussed as follows.

In terms of Feature Importance Visualization, Vijayvargiya
et al.*, Arumugham et al.>®>, Ghosh and Ahsan’' and Islam
et al** employed LIME to effectively visualize how different
features contribute to individual predictions. The results are con-
sistently presented through bar charts that illustrate positive and
negative feature influences. To enhance clarity, feature import-
ance is typically represented through color coding, such as blue
and orange, which helps distinguish between factors that sup-
port or oppose a CKD diagnosis.

The Individual Case Analysis approach is evident across
all papers, with each demonstrating LIME’s capabilities
through specific patient case studies. These analyses priori-
tize instance-level explanations over broader model inter-
pretability, placing particular emphasis on local feature
importance rather than global feature significance. This
focused approach allows for more detailed and relevant
insights into individual cases.

Regarding Integration with High-Performance Models,
LIME is consistently utilized to provide explanations for
sophisticated modeling approaches, including REF,
XGBoost, and DNNs. The studies demonstrate LIME’s
effectiveness in explaining models that achieve high accur-
acy rates exceeding 90%. This integration serves to justify
the implementation of complex models in clinical environ-
ments, where interpretability is crucial.

The Binary Classification Focus is maintained through-
out all papers, with LIME being applied to explain binary
predictions distinguishing between CKD and non-CKD
cases. The studies present prediction probabilities alongside
detailed feature explanations, with interpretations specific-
ally highlighting the factors that influence classification in
either direction. This approach provides clear insights into
the decision-making process for binary -classification
scenarios.

Applications of LIME in the prediction of chronic
obstructive lung disease

In our systematic review, LIME is not used for COPD
prediction.

Here are several probable reasons why LIME may not be
commonly used for COPD prediction, diagnosis, or manage-
ment based on current medical and technical considerations:

Regarding Disease Characteristics and Diagnosis,
COPD presents distinct features that influence its diagnostic
approach. The condition primarily relies on spirometry tests
and direct lung function measurements for diagnosis, with
well-established diagnostic criteria based on objective
physiological measurements. Visual diagnostic tools, par-
ticularly CT scans and X-rays, play a fundamental role in
COPD assessment. Given these clear diagnostic parameters,
there may be reduced necessity for complex machine learn-
ing models requiring detailed explainability.

The Data Types and Complexity associated with COPD
create unique challenges for interpretability tools. COPD
data typically encompasses temporal measurements of
lung function, complex imaging data from CXRs and CT
scans, and detailed waveform data from spirometry tests.
LIME’s capabilities may be less effective when applied to
these complex, multimodal data types compared to its per-
formance with the simpler tabular data structures commonly
used in CKD prediction.

Clinical Practice Patterns in COPD management follow
well-established protocols. Healthcare providers primarily
depend on direct physical examination and spirometry
results, with treatment decisions largely guided by protocol-
based disease staging. This standardized approach may
reduce the immediate need for machine learning decision
support compared to conditions like CKD, where decision-
making patterns may be more variable.

The Technical Limitations of LIME present significant
challenges in COPD analysis. While LIME demonstrates
optimal performance with tabular data and straightforward
feature sets, it may be less suitable for explaining predic-
tions based on the complex data types characteristic of
COPD. These challenges become particularly apparent
when dealing with time series data from continuous moni-
toring, complex imaging features, and scenarios requiring
the integration of multiple data modalities.
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Applications of LIME in the prediction of diabetes

Nagaraj et al.®® utilized LIME as part of a hybrid approach
combining prediction and recommendation for diabetes
management. The researchers apply LIME to explain the
predictions of their RFC model that processes the PIMA
Indians Diabetes Dataset. LIME is specifically used to gen-
erate local explanations for individual predictions by show-
ing which features (like glucose levels, body mass index
(BMI), etc.) contribute positively or negatively to the dia-
betes diagnosis prediction. The paper shows LIME’s appli-
cation through visualization tools that help healthcare
providers understand why specific predictions were made
for individual patients.

Ganguly and Singh®® employed LIME alongside SHAP
in a complementary approach for diabetes prediction inter-
pretation. LIME is specifically used when both feature
importance and anchors (stable explanations) are required
simultancously. The researchers utilize LIME’s tabular
explainer functionality to provide local interpretations of
their ensemble model’s predictions. The paper demonstrates
LIME’s application through class-specific explanations (for
both diabetes positive and negative cases) and shows how
LIME calculates local model intercepts and prediction prob-
abilities to explain individual cases. LIME is integrated into
its web-based interface to provide real-time explanations of
predictions to healthcare providers.

Joseph et al.%> used LIME as a model-agnostic method to
provide local interpretability for their BO-TabNet model’s
diabetes predictions. LIME was used to explain individual
instance predictions by showing how different features con-
tributed to each specific classification decision. For
example, when analyzing instance i=58 from their first
dataset (PIDD), LIME revealed there was a 73% probability
of a non-diabetic outcome, with the top five influential fea-
tures being insulin, glucose, skin thickness, age, and preg-
nancy. For their second dataset (ESDRPD), LIME
showed how categorical features like polyuria and polydip-
sia strongly influenced the predictions, with values of poly-
uria>0 and polydipsia >0 favoring diabetic outcomes. The
authors highlighted that LIME’s advantage was its ability to
simply reveal each feature’s impact on the outcome shown
as a probability, helping make the model’s decision-making
process more transparent and trustworthy.

Kibria et al.** employed LIME alongside SHAP to
explain and visualize the model’s predictions, particularly
for understanding local explanations of individual cases.
The paper used LIME to explain model decisions for spe-
cific test samples, especially those with contradictory symp-
toms that were challenging to predict. LIME generated
tabular explanations showing how each feature (like glu-
cose levels, BMI, age, etc.) contributed positively or nega-
tively to diabetes prediction for individual cases. The
visualizations presented feature contributions using color
coding (blue for negative impact on diabetes prediction,

orange for positive impact) and included probability scores
for both classes (diabetic vs non-diabetic). This helped phy-
sicians understand why the model made specific predictions
on a case-by-case basis. The authors noted that LIME
helped make the model’s decision-making process more
transparent and interpretable for medical professionals.

Applications of LIME in the prediction of lung disease

LIME is utilized as part of a two-phase approach to identify
lung nodules in CXR images in research by Koyyada and
Singh.”® Specifically, after training an initial CNN model,
LIME is used as an XAI method to extract regions of interest
and local discriminative features from the CXRs. The paper
explains that LIME works by dividing the image into sub-
regions and feeding each sub-region to the trained model to
get predictions. The sub-regions that lead to correct predic-
tions are then highlighted as regions of interest. The number
of these regions is controlled by a feature weight parameter.
LIME helps balance between interpretability and local expla-
nations, allowing the model to identify specific areas that are
most indicative of lung nodules, similar to how a radiologist
would examine an image. This local feature extraction
through LIME forms part of what the authors call a “two-stage
process”—where the first stage uses a CNN for initial classi-
fication, and the second stage uses LIME to identify and focus
on the most relevant local areas of the X-ray images. This
approach helps make the Al system’s decision-making pro-
cess more transparent and interpretable, while potentially
improving diagnostic accuracy by focusing on the most rele-
vant regions of the CXRs.

Other applications of LIME in the prediction of
chronic diseases

Application of LIME in the prediction of breast cancer.
Maouche et al.** employed LIME to provide patient-level
explanations for breast cancer metastasis prediction using
a cost-sensitive CatBoost classifier. LIME is employed to
provide patient-level explanations for breast cancer metas-
tasis prediction using a cost-sensitive CatBoost classifier.
LIME quantifies how individual clinicopathological and
treatment-related features influence the predicted outcome.
It assigns weights to each feature, showing their relative
importance in driving the prediction for a specific patient.
The output of LIME is visualized as bar charts where fea-
tures contributing positively or negatively to metastasis
risk are highlighted to let the clinicians understand the
rationale behind the model’s decisions and assess the
impact of various factors, such as chemotherapy, radiother-
apy, and tumor characteristics, on the metastasis risk. The
problem with the explanations is that they are not clear
enough and include ML concepts which might be problem-
atic for clinicians to understand.
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Application of LIME in the prediction of Parkinson’s disease.
Junaid et al.*” used LIME as one of the explainability tools
to interpret the predictions made by machine learning mod-
els for Parkinson’s disease progression detection. The study
integrates LIME to enhance the transparency of the models,
allowing both global and local explanations for the predic-
tions, which is critical in medical applications. LIME pro-
vides local explanations by approximating the predictions
of complex models with simpler interpretable surrogate
models. These explanations are used to understand the
behavior of classifiers, such as RF, Extra Trees classifier
(ETC), and light gradient boosting machines (LGBM), in
specific instances of the dataset. The paper uses LIME
alongside other explainability methods, such as SHAP
and Shapash, to ensure the consistency and reliability of
explanations. LIME’s outputs are compared to these meth-
ods to confirm its validity in identifying critical features
influencing model predictions. LIME’s outputs are visua-
lized to show the contribution of each feature to a specific
prediction. A key limitation of this study is the exclusion
of ensemble methods and deep learning models from the
analysis.

Application of LIME in the prediction of sleep apnea.
Troncoso-Garcia et al.*® utilized LIME to provide interpret-
ability for machine learning models applied to the detection
of sleep apnea using data from polysomnography (PSG).
LIME is applied to explain the predictions of the RFC,
which was identified as the best-performing model in terms
of accuracy and other quality metrics. It provides local
explanations for individual predictions by analyzing the
contribution of specific features (attributes of the PSG sig-
nals) to the model’s classification decision for each
instance. LIME perturbs the input data around a specific
instance and observes the changes in the model’s predic-
tions. This allows the identification of the most influential
features and their respective values for classifying a particu-
lar instance as an apnea event (class 1) or a non-apnea event
(class 0). The study shows that critical features for predic-
tion often relate to abrupt changes in nasal airflow, which
are indicative of sleep apnea. To make the results more
intuitive for clinicians, the study also integrates LIME
explanations with the graphical representation of airflow
signals. Red points on these graphs mark the critical fea-
tures identified by LIME. This way, it makes it easier for
health professionals to understand how specific points in
the signal influence predictions. A key limitation of this
research is the absence of deep learning methodologies in
the analysis framework.

Applications of grad-cam in the prediction of CKD. Mehedi
et al.,* utilized Grad-CAM as an XAl technique to provide
visual explanations for the VGG16 model’s kidney tumor
classification predictions. As shown in Figure 9 of the

paper, Grad-Cam helps visualize which specific features
the deep learning model focuses on when making its classi-
fication decision. The authors applied Grad-Cam to four
sample images (two normal and two tumor images) to dem-
onstrate how the model selects relevant features for accurate
classification. For instance, in the normal kidney samples,
Grad-Cam highlights the areas that the model considers
most important in determining the image as normal, while
for tumor samples, it shows the regions that contribute to
identifying the presence of a tumor. This technique adds
interpretability to the black-box nature of DNNs by reveal-
ing the key visual cues that drive the model’s decision-
making process, thereby increasing transparency and help-
ing researchers understand how the machine-learning
model arrives at its predictions.

Applications of grad-cam in prediction of COPD. lkechukwu
et al.”> utilized Grad-CAM as an XAI technique to provide
visual explanations for the deep learning model’s predic-
tions. Specifically, the authors use Grad-CAM to highlight
the most important regions in CXR images that contribute
to the model’s classification of COPD-related conditions.
In the study, Grad-CAM helps to:

1. Visualize which specific areas of the CXR images
are most significant for the model’s decision-making
process.

2. Provide transparency to the Al model’s predictions
by showing the key features that influenced the
classification.

3. Enhance the interpretability of the deep learning
model for healthcare practitioners by demonstrating
how the model arrives at its diagnosis.

Future opportunities to enhance the XAI frameworks
include expanding its adaptability to diverse chest X-ray
(CXR) views and incorporating other imaging modalities
such as computed tomography (CT) scans and lung ultra-
sonography. These advancements have the potential to sig-
nificantly improve diagnostic accuracy and play a critical
role in the early detection of COPD, ultimately leading to
better patient outcomes and more proactive care.

In another study done by Ikechukwu et al.,>® Grad-CAM is
utilized as an explainability method to generate visual expla-
nations for the model’s predictions. Specifically, the authors
employ Grad-CAM to highlight the regions in CXR images
that significantly contribute to the model’s diagnostic deci-
sions. By generating heat maps that indicate the most import-
ant areas influencing the prediction, Grad-CAM helps
clinicians understand and trust the model’s outputs. As
described in the paper, this visual explanation technique is
crucial in healthcare applications, where interpretability and
confidence in Al-driven diagnostic models are paramount.

However, is crucial to consider other metrics such as
specificity and AUC ROC to evaluate these models’
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performance fully. Although CT scans are considered the
“gold standard” for capturing lung regions, it is not clear
how the proposed model generalizes to real-time, heteroge-
neous data.

Applications of Grad-CAM in prediction of diabetes. In our sys-
tematic review, Grad-Cam is not used to predict diabetes.
There could be many reasons Why the Grad-Cam is not a
suitable choice for predicting Diabetes. Some of the main
reasons, however, could include the following:

1. Data Complexity: Diabetes diagnosis might rely
more on complex multi-parameter clinical data
rather than wvisual imagery, which is where
Grad-CAM typically excels.

2. Limited Imaging Data: Unlike diseases like COPD
or COVID-19 where CXRs provide clear visual
indicators, diabetes diagnosis traditionally depends
more on blood tests, glucose levels, and clinical
parameters.

3. Model Interpretability Challenges: Some diabetes
prediction models might use complex ensemble or
multi-feature machine learning techniques that are
not easily interpretable with visual techniques like
Grad-CAM.

Applications of Grad-CAM in the prediction of lung disease.
Grad-CAM is used as an XAl technique to provide visual
explanations for the model’s predictions in a study done
by Sharma et al.”> Specifically, the authors incorporate
Grad-CAM to highlight the infected areas in the CXR
images, allowing both doctors and users to understand pre-
cisely why a particular classification was made. The
Grad-CAM model generates a visual heatmap that overlays
the original X-ray image, emphasizing the regions that most
significantly contributed to the pneumonia classification.
This approach addresses one of the key challenges in med-
ical image classification by providing transparency in the
decision-making process. As the authors note in their con-
clusion, the Grad-CAM visualization helps doctors and
even non-expert users identify the specific class of pneumo-
nia and understand the reasoning behind the model’s output
by visually pointing out the infection spots in the CXR.
Future research requires rigorous clinical validation through
real-time implementation in healthcare settings.

In another study by Koyyada and Singh,”® Grad-CAM is
utilized as part of the XAl approach to enhance the inter-
pretability of lung disease predictions, particularly for iden-
tifying lung nodules from CXR images. Grad-CAM
generates heatmaps highlighting regions of interest within
the X-ray images that strongly influence the CNN model’s
predictions. This enables the localization of critical features
associated with potential lung nodules, aligning with radiol-
ogists’ methods of analyzing such images. The process

involves first training a CNN to predict lung disease, fol-
lowed by applying Grad-CAM to produce visual explana-
tions that identify discriminative regions within the lungs.
These heatmaps guide the refinement of the detection pro-
cess, making the predictions more transparent and aiding
medical practitioners in correlating the AI’s insights with
clinical findings. This integration of Grad-CAM not only
improves model explainability but also ensures that the
identified features have medical relevance, addressing the
black-box nature of CNNs.

Other applications of Grad-CAM in the prediction of
chronic diseases

Application of Grad-CAM in prediction of knee osteoarthritis.
Ahmed et al.”* employed Grad-CAM as part of an XAI
framework to interpret the predictions of deep learning
models used for diagnosing knee osteoarthritis (OA) from
X-ray images. Grad-CAM is utilized to visualize the
decision-making process of CNNs by highlighting the spe-
cific regions of the knee joint that influence the model’s
predictions.Grad-CAM generates heatmaps that show the
regions in the X-ray images where the model focuses during
classification. This visualization helps determine whether
the model considers medically relevant areas, such as the
knee joint, when predicting the severity of OA based on
the Kellgren—Lawrence (KL) grading system.

The study applies Grad-CAM to both multi-class and
binary classification tasks. For the multi-class classification,
the Grad-CAM heatmaps revealed that while the model
focused on the knee joint region, it often failed to differen-
tiate effectively between certain KL grades (e.g., grades 0
and 1). For binary classifications (e.g., normal vs. severe
cases), Grad-CAM showed improved attention to relevant
areas, correlating with higher classification accuracy.
Grad-CAM was used to analyze the model’s ability to
make decisions similar to medical professionals. For
example, in severe OA cases (KL grade 4), the heatmaps
indicated that the model concentrated on the narrowed joint
spaces, which aligns with clinical diagnostic criteria.

Application of Grad-CAM in the prediction of ulcers. Lo et al.”

used Grad-CAM to generate heatmaps that highlight the
specific regions in wound images that the model focuses
on when making predictions. This is critical in ensuring
that the model is paying attention to relevant wound areas,
such as wound boundaries and characteristics, rather than
irrelevant parts of the image in this study. Grad-CAM con-
tributes to calculating an explainability score by measuring
the alignment between the model’s attention and clinically
relevant regions of the image. For example, areas close to
the wound bed and surrounding tissue are weighted more
heavily in this Grad-CAM is used alongside other XAI
methods like LIME and SHAP to validate the model’s
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interpretability. This multi-method approach ensures a com-
prehensive understanding of the model’s behavior calcula-
tion. However, insufficient data remain a significant
limitation in model performance.

Application of Grad-CAM in the prediction of leprosy. Baweja
et al.”> employed Grad-CAM to generate heatmaps that
identify the regions in an image most important for the mod-
el’s classification. These heatmaps allow visualization of
the areas the model considers when predicting whether an
image contains leprosy lesions or not. For example,
Grad-CAM demonstrates that LeprosyNet accurately
focuses on lesion-affected areas in the image, highlighting
critical features such as the periphery and texture of the
lesion. More importantly, Grad-CAM is used to validate
the interpretability and robustness of LeprosyNet’s predic-
tions. By visually confirming that the model consistently
focuses on lesion-relevant regions, the study underscores
the reliability of the predictions.

Other XAl algorithms in the prediction of chronic
diseases

Case-based reasoning in prediction of COPD. El-Magd et al.”’

employed case-based reasoning (CBR) model as part of a
twin system with a deep learning model (DNN) to provide
interpretable explanations for the classification of COPD
using exhaled breath data. The CBR model utilizes feature
weights derived from the DNN using a Hadamard product-
based method called contributions-oriented local explana-
tions (C-HP). This method highlights the features most
significant to the DNN’s predictions. The CBR model
explains the DNN’s predictions by retrieving similar cases
from the training dataset based on the feature weights.
This allows for intuitive reasoning by presenting precedents
(similar cases) that support the classification decision. The
agreement between the DNN and the CBR model is used
as a metric for fidelity, ensuring that the explanations
closely reflect the DNN’s decision-making process.

Pixel density analysis and probabilistic graphical model in the
prediction of Alzheimer’s. Kamal et al.*® used pixel density
analysis (PDA) and probabilistic graphical models
(PGMs) to provide explainability in detecting cerebral
microbleeds (CMBs) and analyzing AD severity using
multimodal data. PDA identifies CMBs by pinpointing
brain regions with abnormal pixel density. For example,
in MRI images with AD, PDA highlights microbleed
regions using red color boxes and maps areas of low pixel
density indicative of brain abnormalities. PGM is applied
to gene expression data to identify relevant genes associated
with AD. PGM analyzes correlations among genes and
identifies biological dependencies to explain which genes
are most relevant for AD. The study finds specific genes

such as CTAGE®6, F8A2, and SAMD7 as strongly asso-
ciated with AD based on probabilistic dependencies.
PGM provides an interpretable explanation of which genes
play critical roles in the progression and severity of AD,
enabling better understanding for medical professionals.

Most-Weighted path, most-weighted combination, and
Maximum frequency difference explanation in prediction of
diabetes. The authors®! used three distinct XAI techniques
to enhance the interpretability of diabetes prediction mod-
els. The Most-Weighted Path Explanation traces back
from the output layer to identify the single most influential
input feature by analyzing neural network weights. This
provides straightforward explanations such as linking ele-
vated glucose levels to diabetes prediction. The most-
weighted combination explanation examines pairs of input
features, utilizing a nearest-neighbor approach to identify
the two most significant features that work together to influ-
ence the prediction. This method specifically focuses on
understanding how different features interact to contribute
to the diagnosis. The maximum frequency difference
explanation compares the occurrence rates of input para-
meters between diabetic and non-diabetic cases. This tech-
nique calculates frequency differences to identify which
parameters show the most significant statistical variation
between the two groups, thereby highlighting the most dis-
criminative features for diabetes detection.

Additive explanatory factors (explainable boosting machine
produced) in the management of heart disease/cardiovascular
disease/lung disease. Pfeuffer® utilized additive explanatory
factors (explainable boosting machine (EBM)-Produced) as
part of an EBM to provide intelligible and interpretable
explanations in a patient education system for cardiovascu-
lar disease risk. The system uses EBMs, a variant of gener-
alized additive models, which are inherently interpretable
and perform well on medical datasets. EBMs produce
explanations by breaking down the model’s predictions
into individual contributions from each feature (health indi-
cator). These additive contributions (explanatory factors)
are displayed as importance bars, highlighting features
that increase or decrease the risk of cardiovascular disease.
On the patient side, they can interact with the system to
explore how changes in their health indicators affect risk
predictions. If a user excludes certain examination results,
the system updates the additive explanatory factors and
recalculates the model’s predictions. Patients can compare
their results with others, enabling contrastive learning to
better understand their health status. This research requires
rigorous clinical validation and continuous adherence to
established medical standards to ensure its practical applic-
ability in healthcare settings.

Layer-wise relevance propagation in prediction of COPD.
Ikechukwu et al.>® used layer-wise relevance propagation
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(LRP) as an explainability technique to provide insights
into the decision-making process of the proposed
COPDNet model, which is based on the ResNet50 architec-
ture for diagnosing COPD from CXR images. The authors
used LRP to generate visual explanations by identifying
which regions of the CXR images contribute most to the
model’s predictions. These explanations highlight the areas
that the model considers most relevant for classifying
COPD, making the predictions transparent. Therefore,
LRP improves the interpretability and trustworthiness of
the model, particularly for clinicians who need to under-
stand the basis of the predictions. LRP is used alongside
Grad-CAM (another explainability technique), providing
multiple perspectives on how the model arrives at its con-
clusions. While Grad-CAM generates coarse localization
maps, LRP provides a more detailed pixel-level
explanation.

Graph properties in prediction of CKD. Shang et al.*® used
graph properties as part of an EHR-oriented knowledge
graph system designed to efficiently utilize previously
neglected information in electronic health records (EHR).
The system converts structured EHR data into a graph-
based knowledge model using resource description frame-
work triples. Each patient’s data are modeled as a semantic
graph, where entities (e.g., patients, diagnoses, test results)
are represented as nodes and relationships (e.g., connections
between diseases and test results) are represented as edges.
This graph-based framework is further detailed through the
following components, which outline its ontology structure,
reasoning capabilities, visualization methods, and the per-
sonalized organization of patient data.
Ontology-Based Structure:

e A 2-level ontology structure is used to define graph
semantics. This includes:
© A top-level ontology for general medical concepts
and relationships (e.g., patients, visits, diagnoses).
O A disease-specific local ontology that adds specific
knowledge about conditions (e.g., CKD).

Graph Reasoning:

e The system uses semantic reasoning to traverse and
analyze relationships within the knowledge graph.
Rules are applied to identify important patterns
(e.g., CKD risks based on test results).

e Graph-based reasoning helps identify regions of
interest-specific time windows where abnormal clin-
ical findings occur.

Visualization and explanation:

e The graph properties are leveraged to visualize clin-
ical trajectories and reasoning pathways. Nodes and

edges representing patient data (e.g., diagnoses, test
results, and relationships) are plotted over time to
create an interpretable clinical timeline.

e Key regions of interest (e.g., abnormal kidney func-
tion markers) are highlighted for clinicians.

Eventually, each patient’s medical data are organized
into a 3-level patient-visit-treatment graph, which supports
the following:

e Personalized reasoning: Identifying clinical risks
based on graph relationships.

e Trajectory analysis: Mapping the sequence of clinical
visits and associated treatments.

A significant limitation of this study is its inadequate
implementation of data privacy measures, which raises con-
cerns about the protection of sensitive medical information.

Partial dependency in prediction of hepatic steatosis |
non-alcoholic fatty liver disease

Deo and Panigrahi’' used PDPs to analyze the contributions
of physiological and demographic variables in predicting
hepatic steatosis (HS) using SVM models. The study
focuses on understanding how specific features influence
the classification outcomes of HS/no-HS across different
models and genders, providing insights to enhance model
interpretability and performance. PDP is utilized to examine
the effect of individual predictors, such as age, BMI, alanine
aminotransferase (ALT), aspartate aminotransferase, and
glucose levels, on the SVM model’s prediction scores. It
highlights how changes in these variables correlate with
the likelihood of HS. For instance, an increase in age
beyond 50 or a BMI above 30 shows a positive trend in dis-
ease risk, as reflected in higher classification scores. In the
case of gender-specific trends, separate PDP analyses are
performed for male and female populations to account for
gender-dependent pathobiology in HS. This approach
reveals distinct trends, such as higher classification scores
for women compared to men across various variables like
ALT and glucose levels, suggesting gender-specific differ-
ences in disease expression.

Moreover, PDPs are generated for three SVM models:
Quadratic SVM, Gaussian Scale 1, and Gaussian Scale
2. These plots allow comparisons of how each model cap-
tures relationships between predictors and outcomes. For
example, the Gaussian Scale 1 model effectively captures
increasing and plateauing trends in BMI and liver enzyme
parameters.

Finally. the study uses PDP to validate the clinical rele-
vance of key predictors, with the authors finding that trends
observed in ALT, AST, and glucose levels align with estab-
lished literature supporting their use as top predictors of HS.
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Explanation module in prediction of metabolic
syndrome

Benmohammed et al.®' used the explanation module as a
key component of the methodology used to develop
Al-based scores for screening metabolic syndrome (MetS)
in adolescents. It addresses the challenge of understanding
and interpreting the predictions made by Al models, ensur-
ing that the resulting scores are both accurate and clinically
relevant. This module is designed to extract meaningful
insights from the black-box Al models (e.g., artificial neural
networks) by explaining the learned decision functions.
This enables the derivation of new, simplified MetS screen-
ing scores that rely on a reduced set of clinical and bio-
logical variables. The process overview includes three
main stages as follows:

1. Data Generation: Artificial data resembling real data
are generated to characterize the decision boundaries
between MetS-positive and MetS-negative classes.

2. Model Labeling: The trained black-box model
assigns labels to the generated data, revealing the
behavior of the decision surface.

3. Decision Hyperplane: The explanation module iden-
tifies the decision function (a hyperplane) that sepa-
rates the two classes. The hyperplane is
mathematically expressed as a combination of
selected variables and coefficients derived from the
Al model.

Regarding the feature selection, The module incorpo-
rates a two-step feature selection process. First, it uses
machine learning techniques (e.g., Gini importance) to
automatically rank variables. Then, domain experts (med-
ical doctors) review the results to finalize the most relevant
variables. For this study, age, waist circumference, mean
blood pressure, and the triglyceride-glucose index were
selected as the most critical predictors.

The explanation process extracts coefficients for each
feature and uses them to create linear equations representing
the Al-based MetS scores. These scores are optimized for
simplicity, accuracy, and ease of use in clinical practice.

DeepSHAP in prediction of non-communicable
diseases (NCDs)

Davagdorj et al.** employed DeepSHAP to interpret the

predictions made by a DNN for the early detection of
NCDs. The study integrates DeepSHAP within an XAI
framework to provide both global and local-level explana-
tions of the model’s behavior.

In the case of Global Explanations (Population-Based
Perspective), DeepSHAP is employed to explain the col-
lective influence of features on the model’s predictions
across the entire population. The framework identifies and

ranks the most significant features based on their import-
ance scores, enabling researchers to understand which risk
factors (e.g., high blood pressure, BMI, cholesterol levels)
contribute most to NCD predictions at the population level.
Features such as “Ever told you had high blood pressure,”
“Age in years,” and “Body Mass Index (BMI)” were iden-
tified as the most influential in predicting NCD risk.

In the case of Local explanations (Human-Centered
Perspective), DeepSHAP provides instance-level explana-
tions by evaluating how specific features contribute to the
prediction for a single individual. This allows the model
to explain why a particular prediction was made for a spe-
cific patient. For instance, in a randomly selected individ-
ual, features like “Body Mass Index (BMI)” and
“Education Level” were highlighted as either positively or
negatively associated with the prediction outcome.
Moreover, the DeepSHAP approach enables a layer-wise
propagation of SHAP values, leveraging the DeepLIFT
methodology. This allows for efficient computation of
Shapley values in complex deep learning architectures
like DNNs, making the explanations computationally feas-
ible and interpretable.

Attention mechanism in prediction of pneumonia

Ukwuoma et al.*® utilized an attention mechanism through a

Transformer Encoder with multi-head self-attention to
enhance the classification of pneumonia using CXR images.
The attention mechanism addresses the challenges of feature
extraction and interpretation, enabling more accurate and
explainable predictions in both binary and multi-class pneu-
monia classification tasks. The main purpose of utilizing the
Attention mechanism is that it allows the model to focus on
the most informative regions of CXR images, discarding
redundant features. This enhances the model’s ability to dis-
tinguish between healthy and pneumonia-affected areas,
even in cases of ambiguous image quality. More than that,
unlike conventional CNNs that only analyze local correlations
between spatially neighboring pixels, the multi-head self-
attention mechanism identifies relationships between distant
pixels. This capability is particularly useful for medical
images like X-rays, where patterns indicating disease may
span across non-adjacent regions. The attention mechanism
contributes to generating explainable visual outputs, such as
heatmaps, which highlight the regions of the X-ray image
that the model considers critical for its predictions.

LRP in the prediction of pulmonary (normal,
COVID-19, Tuberculosis, pneumonia)

Marvin et al.* employed LRP to explain the predictions of
a deep learning model developed for pediatric pulmonary
health evaluation. The model aims to classify diseases
such as COVID-19, Pneumonia, Tuberculosis, and normal
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cases from CXR images. LRP is used to make the neural
network’s decisions interpretable by identifying the specific
image regions that contributed to each classification result.

LRP provides instance-specific explanations by generating
heatmaps that visualize the importance of individual pixels in
the CXR images. These heatmaps highlight regions of the
X-ray that the model deemed significant for its prediction,
such as areas showing inflammation or abnormalities in the
lungs. The heatmaps produced by LRP made it clear where
the model is focusing when identifying specific pulmonary
diseases. The paper compares LRP with other explainability
methods, such as occlusion and SmoothGrad, and concludes
that LRP provides the most interpretable explanations.

Fuzzy ID3 in prediction of respiration diseases

Li et al.”? utilized the Fuzzy ID3 algorithm to build fuzzy
decision trees that approximate the predictions of a student
neural network model. These trees provide step-by-step rea-
soning that is easy for physicians to understand. By lever-
aging fuzzy logic, the Fuzzy ID3 algorithm deals with the
inherent uncertainty and variability in medical data.

In the next stage, the constructed fuzzy decision trees
underwent a pruning process to reduce complexity and
improve generalization.

The fuzzy decision tree has generated interpretable deci-
sion rules that map input features to predictions. These rules
can be visualized and directly used by clinicians to under-
stand the basis of the model’s predictions.

However, the dataset could also be more comprehensive
to test if the system is robust against high variability.

Applications of XAl algorithms in the treatment of
chronic diseases

Hamed et al. > employed SHAP to enhance the explainability of
the deep learning model used to predict medical resource utiliza-
tion for CKD patients. In this research, SHAP is applied to iden-
tify the most influential variables that drive the model’s
predictions. Variables such as CKD-related metrics (e.g.,
eGFR, uACR), medical codes (diagnoses, procedures, medica-
tions), and non-medical factors (e.g., patient age, gender, and
prior care consumption) are assessed for their contribution to
the model output. Specifically, SHAP is used to interpret predic-
tions across different temporal aggregation periods (e.g., one,
two, four, six months). This reveals how temporal granularity
affects the importance of variables and overall model perform-
ance. However, it seems necessary to consider longer periods
of patient history than what is done in this study. Huang
etal.®® used SHAP to provide insights into how specific features,
such as a patient’s medication history or clinical attributes, influ-
ence the recommendation outputs which results in helping
patients and healthcare professionals trust the system’s sugges-
tions. Using SHAP decision plots to illustrate the incremental

impact of each feature on the final prediction, aids in a detailed
understanding of the decision-making process.

LIME is also used to provide local explanations for the drug
recommendation system’s outputs in this paper. It generates
perturbed versions of an individual data instance (e.g., a
patient’s health and medication history), applies the original
model to predict outcomes, and fits a simpler surrogate model
(like linear regression) to approximate the model’s behavior
around that instance. LIME produces intuitive visualizations,
such as bar charts, that show the weights of individual features
affecting a recommendation. By making the system’s logic
accessible and understandable, LIME helps build trust among
users. Healthcare professionals can better understand why cer-
tain drugs are recommended, enabling them to validate or chal-
lenge the suggestions based on their clinical judgment.

While SHAP offers global and local explanations for the
model, LIME focuses on creating locally interpretable models
specific to individual recommendations. Together, they provide
a comprehensive view of how recommendations are generated.

Applications of XAl algorithms in the management of
chronic diseases

Moreno Sanchez et al.*” employed PDPs and mean decrease
impurity (MDI) as part of the explainability techniques to ana-
lyze the predictions of machine learning models developed for
classifying fibromyalgia (FM) severity. PDP is applied to visu-
alize the marginal effect of individual features on the probabil-
ity of predicting specific FM severity levels. For example, the
study uses PDP to show how changes in mental health vari-
ables (such as anxiety and depression scores) influence the like-
lihood of being classified into “very severe” FM. For each
feature, the PDP graph depicts the feature’s range on the hori-
zontal axis and its quantitative contribution to the prediction
probability on the vertical axis. PDP highlights global trends
across the dataset by showing the average impact of a feature
on the model’s predictions. For instance, anxiety levels above
a specific threshold (e.g., 30) were associated with an increased
probability of very severe FM, confirming its clinical rele-
vance. On the other hand, MDI is used to measure the import-
ance of each feature in ensemble tree-based models by
quantifying the decrease in node impurity (e.g., Gini index or
entropy) each time the feature is used for splitting. Features
with higher MDI scores are deemed more critical for the model.
In the context of FM severity prediction, MDI ranks mental
health factors (such as anxiety and depression) as more import-
ant than pain-related factors (e.g., McGill Pain Index, pain
intensity). MDI provides a straightforward numerical ranking
of features, aligning with clinical expectations. For example,
anxiety and depression consistently ranked as the top contribu-
tors to FM severity classifications across different target scales
(PDS and FIQ). Vaccari et al.>® employed the logic learning
model (LLM) to generate intelligible rules in the form of
“if-then” statements, which makes it easier for clinicians to
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understand the relationships between different features and
their impact on patient outcomes. These rules are derived by
clustering data samples into logical groups. The LLM approach
emphasizes extracting rules that are statistically validated. The
rules generated are evaluated for their significance using
Fisher’s exact test, ensuring they are reliable for decision-
making. The LLM process includes a feature selection mechan-
ism, identifying the most relevant features contributing to the
outcomes while minimizing redundancy. This simplifies the
analysis for clinicians by highlighting critical factors influen-
cing disease progression. Furthermore, by transforming data
into a Boolean space and clustering it, LLM keeps computa-
tional costs manageable, allowing for the processing of large
datasets without compromising performance. Eventually, the
model specifically focuses on monitoring COPD-related para-
meters such as Forced Expiratory Volume (FEV1) and Peak
Expiratory Flow (PEF). The generated rules help classify
patient conditions and inform potential interventions. To
enhance the generalizability of synthetic data, future research
should expand the study to include a larger participant cohort.
Narteni et al.* utilized logic learning machine (LLM) as an
XAl model to predict cough-related QoL impairments in asth-
matic patients. The LLM generates if-then rules to classify asth-
matic patients into two groups: those with impaired QoL and
those with near-normal QoL. These rules provide explicit
and interpretable criteria for clinicians. The LLM model is
trained on a dataset split into 70% for training and 30% for test-
ing. The rules generated by the LLM are statistically validated
using Pearson’s Chi-Square test to ensure their significance.
The LLM computes a feature ranking to identify which symp-
toms contribute most to predicting impaired QoL. The ranking
highlights key areas for clinical focus as follows:

e For controlled asthma, pharynx/larynx and
Rhino-sinusitis are the most significant.
e For uncontrolled asthma: Asthma-related symptoms

and Gastroesophageal reflux dominate.

For the decision rules, the LLM generates specific
threshold-based rules to identify critical symptom levels
associated with impaired QoL. The LLM achieves an accur-
acy of at least 70% across different patient groups, demon-
strating its reliability for clinical use.

Rationale behind the selection of XAl methods for
chronic disease applications

SHAP: Dominant in structured clinical data analysis. SHAP
was by far the most frequently used XAI method (as shown in
Figure 5), reflecting its dominance with structured clinical
data. Several key factors contribute to its dominance as in the
following:

LIME’s appeal in settings that prioritize interpretability over
exact precision becomes clearer when viewed through the

lens of real-world deployment challenges. In many low-
resource healthcare environments, factors such as limited
computational power, low digital literacy, and fast-paced
clinical workflows demand explanation methods that are
both efficient and easy to understand, as explained in the
following:

Research comparing multiple XAl approaches for traumatic
brain injury prediction found that “SHAP is the most stable with
the highest fidelity” compared to other interpretation techni-
ques.”” This stability is crucial in healthcare applications where
consistent explanations build clinical trust. In diabetes prediction
specifically, SHAP applied to gradient-boosting decision tree
models successfully identified blood glucose, BMI, and age as
key predictive features that directly aligned with established clin-
ical knowledge.”® This validation of known clinical factors
enhances credibility among healthcare practitioners and patients.

(2) Feature importance quantification

SHAP’s mathematical foundation provides precise quanti-
fication of how important each feature contributes to the final
prediction, making it particularly valuable for chronic disease
classification where explainability is crucial. For hospital data
analysis, researchers have developed enhanced SHAP imple-
mentations, including “a new metric of feature importance
using SHAP and a technique termed feature packing, which
packs multiple similar features into one grouped feature to
allow an easier understanding of the model”.””

(3) Granular feature analysis for complex conditions

For chronic conditions requiring detailed monitoring, SHAP
offers exceptional granularity. Studies demonstrate that “SHAP
can provide granular insights into the input feature contribution
to the prediction outcome,” which is particularly valuable in
“high-stakes applications like healthcare or rehabilitation”.'*
Overall, greater emphasis on model transparency, integration
of advanced explainability techniques, and standardization of
interpretability approaches in healthcare ML applications are a
necessity in future research regarding the usage of SHAP in

healthcare.'°!

LIME: Preferred for interpretability and
local explanations

LIME has gained significant traction, particularly in con-
texts where simplified, accessible explanations are priori-
tized over absolute mathematical precision.

LIME’s appeal in settings that prioritize interpretability
over exact precision becomes clearer when viewed
through the lens of real-world deployment challenges.
In many low-resource healthcare environments, factors
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such as limited computational power, low digital liter-
acy, and fast-paced clinical workflows demand explan-
ation methods that are both efficient and easy to
understand, as explained in the following:

In low-resource healthcare systems, computational con-
straints significantly influence XAI method selection.
LIME’s model-agnostic approach requires ~10x fewer com-
putational resources than SHAP for generating explanations,
making it more feasible for deployment on legacy hardware
commonly found in developing regions.'*>'*® For example,
a study on Al adoption in Ethiopian hospitals found that
SHAP’s exponential time complexity (O(2"M) for M fea-
tures) often exceeded available compute capacity, while
LIME’s linear sampling approach (O(N)) enabled practical
implementation on low-end devices.'***'** This efficiency
aligns with the findings of research optimizing Al for the
Global South, which emphasizes that “excessive computa-
tional demands risk excluding frontline health workers
from benefiting from Al advancements.'®? Simplified expla-
nations become critical when deploying systems in regions
with unreliable power grids or limited cloud infrastructure.

(2) End-user expertise and literacy gaps

In many developing healthcare systems, clinicians and
community health workers lack advanced technical training.
LIME’s feature importance rankings and binary relevance
scores (e.g., “Blood glucose level contributed +0.3 to diabetes
prediction”) prove more actionable than SHAP’s complex
Shapley value distributions.'®>'* A 2025 study in Nigeria
demonstrated that nurses interpreted LIME explanations cor-
rectly 78% of the time versus 42% for SHAP visualizations,
due to SHAP’s reliance on abstract concepts like baseline
expectations and additive feature interactions.'® This aligns
with WHO recommendations for “cognitively aligned Al
explanations” in low-literacy settings, where interpretability
must account for variations in clinical training levels and
digital fluency.'%'*

(3) Integration with existing workflows

Resource-constrained clinics often prioritize minimal work-
flow disruption. LIME’s ability to generate explanations in under
2 s per prediction (vs. SHAP’s 10-30 s) makes it compatible
with fast-paced outpatient environments.'”'% For chronic dis-
ease screening camps in rural India, LIME-enabled TB detection
systems reduced explanation generation time by 83% compared
to SHAP-based alternatives, enabling clinicians to process 50+
patients daily without delays.'**%

(4) Regulatory and ethical considerations

Emerging Al governance frameworks in developing
nations increasingly mandate minimum explainability

standards rather than maximal precision. India’s 2024
Digital Health Act, for instance, requires “clinically action-
able explanations” but does not enforce mathematical
rigor.'® LIME satisfies these requirements while avoiding
the technical debt of maintaining SHAP’s exact coalitional
game theory calculations.'®’

(5) Cultural factors in trust building

Qualitative studies in Kenya and Bangladesh reveal that
clinicians distrust “overly precise” Al explanations, per-
ceiving them as black boxes in disguise.'”* '** LIME’s
deliberate approximation (using linear surrogates) paradox-
ically enhances trust by mirroring human heuristic reason-
ing. As noted in a Malawi HIV clinic trial: ‘“Nurses
trusted LIME’s ‘good enough’ explanations precisely
because they resembled their own diagnostic shortcuts.”!%?

Moreover, a 2024 case study on diabetes management in
Pakistan, in which Al screening tools were deployed across
12 rural clinics, compared SHAP and LIME explanations.
Using SHAP, the study found 68% clinician adoption
rate, with 41% reporting that “explanations created confu-
sion”. Moreover, using LIME, it found 92% adoption
rate, with 79% stating that explanations “matched their
diagnostic logic”. The study concluded that LIME’s inten-
tional simplicity better accommodated: (1) intermittent
electricity (reduced compute needs); (2) multilingual health
workers (easier translation of binary relevance scores); and
(3) paper-based record systems (concise printouts).

(6) Accessibility for clinical practitioners

LIME is often favored for its ability to provide intui-
tive explanations that can be readily understood by clin-
icians. Research evaluating LIME’s effectiveness for
tabular data demonstrated its utility “in terms of making
tabular models more interpretable and how it can “sup-
plement  conventional  performance  assessment
methods.”'?

(7) Application in colorectal cancer research

For complex diseases such as colorectal cancer, LIME
has demonstrated particular value. For instance, Lee et al.
applied it to interpret a Transformer architecture model,
which provided explanations for both local and global level
predictions that foster the understanding of the model's
decision-making process and offer healthcare practitioners
valuable insights.'"!

(8) Complementary use with other methods
LIME is frequently employed alongside other XAI

techniques for a comprehensive understanding of the
decision-making process of Al models. For example, a
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comparative study that analyzed cancer patient data uti-
lized both SHAP and LIME along with a patient case
study, which gave an accurate and trustworthy result.
Regarding medical imaging analysis, Grad-CAM, an
XAI technique used to understand the parts of an input
image that are most important for CNN classification
decision-making, has emerged as the preferred method
for medical imaging applications across various chronic
diseases.

(1) Visual interpretation strengths

While less frequently used overall (12.0% of applica-
tions), Grad-CAM shows particular strength in medical
imaging contexts. This specialization makes it invaluable
for diseases where diagnostic imaging plays a crucial role,
including various cancers, cardiovascular conditions, and
neurological disorders.

Disease-specific XAl method selection patterns. The choice
between XAI methods appears to be influenced by specific

disease characteristics, data modalities, and intended
applications.

(1) Cardiovascular disease prediction

For cardiovascular disease prediction, SHAP has

emerged as particularly valuable due to its ability to handle
complex interactions between multiple risk factors. Its
mathematical foundation aligns well with the multifactorial
nature of cardiovascular disease risk assessment.

(2) Diabetes management

In diabetes applications, SHAP has demonstrated excep-
tional utility, particularly because “blood glucose, BMI, and
age were identified as key predictive features, aligning with
clinical knowledge.” Furthermore, “SHAP explanations
improve the model’s explainability and credibility, support-

ing personalized treatment”.”®

(3) Cancer diagnostics and prognosis

Cancer applications show a more diverse approach to
XAI method selection, reflecting the complexity of onco-
logical data: For structured data analysis (e.g., biomarkers,
patient history), both SHAP and LIME are commonly
employed. For imaging-based diagnostics (e.g., histopath-
ology, radiology), Grad-CAM demonstrates particular
strength. For cause-of-death classification in colorectal can-
cer, LIME has provided valuable “explanations for both
local and global level predictions.”'!" A comparative ana-
lysis specifically examining cancer patient data found that
while both SHAP and LIME provided valuable insights,

the bagging algorithm had the best performance in all aspects
when both XAI methods were applied.''?

Factors  driving XAl method selection in  chronic
disease applications. Several key considerations emerge as
driving factors for XAI method selection across chronic
disease types as follows:

(1) Data structure and modality

The nature of available clinical data strongly influences
XAI method selection as follows:

SHAP dominates for structured tabular clinical data.
Grad-CAM is preferred for medical imaging
applications.

e LIME shows versatility across data types but particu-
larly excels with model-agnostic explanations.

(2) Explainability requirements

Different chronic diseases and clinical workflows have
varying explainability needs, which include the following:

e When mathematical precision is paramount, SHAP
tends to be preferred.

e When intuitive explanations for clinicians are priori-
tized, LIME often emerges as the choice.

e For visual explanations of image-based diagnostics,
Grad-CAM is selected.

(3) Model compatibility

The underlying prediction models influence X AI method
selection are as follows::

e SHAP works particularly well with tree-based mod-
els like gradient-boosting decision trees.”®*°

e LIME offers model-agnostic capabilities valuable for
diverse prediction approaches.''”

e Grad-CAM is specifically designed for CNNs used in
medical imaging.

The selection of specific XAl methods for chronic disease
applications follows distinct patterns driven by data charac-
teristics, explainability requirements, and the underlying pre-
diction models. SHAP has emerged as dominant overall,
particularly for structured clinical data analysis, while
LIME offers advantages in accessibility and model-agnostic
explanations. Grad-CAM maintains a specialized but crucial
role in medical imaging applications.' !>~

As the field continues to evolve, researchers are increas-
ingly employing multiple complementary XAl approaches
to provide comprehensive explanations that address the
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complex needs of chronic disease management across pre-
diction, diagnosis, treatment planning, and long-term man-
agement. This review successfully quantified the
distribution of XAI applications across these domains,
with Figure 7 revealing that roughly 86% of the reviewed
studies focused on disease prediction—underscoring the
heavy emphasis on forecasting in chronic care. However,
despite this progress, structural barriers continue to hinder
the broader implementation of XAI in more complex
domains such as the following:

Structural barriers to XAl implementation in treatment
planning

(1) Decision complexity and validation challenges

Treatment planning involves significantly more complex
decision-making processes than prediction tasks. While
prediction models often have clear ground truth data for val-
idation, treatment recommendations deal with multiple
uncertainties and outcomes due to individual predisposi-
tions and genetic factors that make treatment validation
considerably more challenging.''”*''® The pluralistic nature
of treatment decisions where multiple valid approaches may
exist for the same condition further complicates the applica-
tion of XAl in this domain.

(2) Clinician-Al interaction barriers

Survey evidence reveals significant usability challenges
that limit XAI adoption in treatment planning. Radiotherapy
planning studies show 88% of professionals report algorithm
accuracy limitations, with 62% finding it difficult to modify
Al-generated plans.''” These technical limitations create sub-
stantial barriers to integration in time-sensitive clinical work-
flows where treatment decisions must be made efficiently.

(3) Workflow integration challenges

Time constraints represent a major barrier to XAl imple-
mentation in treatment planning. Research on clinical conver-
sations reveals that even traditional treatment planning
discussions are frequently disrupted or deferred due to timing
issues and competing clinical priorities.'"® XAI systems that
fail to account for these workflow realities face significant
adoption barriers regardless of their technical capabilities.

Systemic challenges in XAl for disease management
(1) Multistakeholder coordination requirements
Chronic disease management inherently involves mul-
tiple stakeholders across care continuums, creating signifi-

cant coordination challenges for XAI implementation.
Research from Singapore’s Primary Care Networks reveals

that effective chronic disease management requires system-
atic integration of ancillary services, monitoring systems,
and funding streams level of coordination that current
XAI systems struggle to address.'*°

(2) Sociotechnical barriers

International research identifies four critical barrier cat-
egories to technology adoption in chronic disease manage-
ment: Governance, technical, economic, and social
factors.'?! These barriers operate at multiple levels, from indi-
vidual patient acceptance to institutional policy constraints,
creating a complex implementation environment that purely
technical XAI solutions cannot adequately address.
and

(3) Resource  constraints

disparities

implementation

Global research reveals significant disparities in technol-
ogy implementation for chronic disease management, par-
ticularly in low- and middle-income countries. Clinical
teams in resource-constrained environments see more
patients with less time for evaluations and have reduced
access to screening tools and diagnostic technologies.'*
These resource limitations create substantial barriers to
XAI implementation regardless of technical sophistication.

Technical challenges in advanced XAl applications
(1) Multimodal data integration complexities

Current XAI approaches show significant limitations in
handling complex multimodal data necessary for compre-
hensive chronic disease management. While some innova-
tive frameworks attempt to integrate tabular data,
imaging, and genetic information using graph neural net-
works and region-based CNN approaches, ' these systems
remain limited in their ability to provide interpretable
insights across heterogeneous data types.

(2) Intervention complexity modeling

Treatment interventions for chronic diseases often involve
complex, multicomponent approaches with interactions that
change over time. Current XAl systems struggle to model
these dynamic intervention elements while maintaining
explainability. Research on Alzheimer’s treatment demon-
strates attempts to address this through dashboard interfaces
that visualize complex relationships, but significant chal-
lenges remain in representing intervention complexity.'?

(3) Real-world validation requirements

The transition from research to clinical implementation
requires extensive real-world validation challenge
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highlighted across multiple studies.'**!'® Regulatory fra-
meworks increasingly demand evidence of clinical utility
and safety, while healthcare organizations require proof of
integration with existing workflows. This validation gap
represents a critical barrier to extending XAI beyond pre-
diction into treatment and management domains.

Strategic recommendations for future research
(1) Building integrative XAl frameworks

Future research should focus on developing integrative
XAI frameworks that bridge prediction, diagnosis, treat-
ment planning, and management within unified systems.
The example of combined knowledge graphs and CNN
approaches for Alzheimer’s treatment demonstrates poten-
tial pathways for creating more comprehensive XAl sys-
tems,'** though significant work remains to extend these
approaches across diverse chronic conditions.

(2) Addressing implementation science gaps

Incorporating implementation science perspectives that
address the sociotechnical aspects of XAl adoption is essen-
tial for understanding how these systems can be effectively
integrated into real-world healthcare settings, particularly
by identifying the human, organizational, and technological
factors that influence their uptake and sustained use. Studies
examining how health information technology is imple-
mented in chronic disease management reveal important
facilitators and barriers that likely apply to XAI systems,'**
providing a conceptual framework for addressing imple-
mentation challenges.

Recent advances in LLM-based explainability for clinical decision
support in chronic disease care. Recent advancements in
large language models (LLMs) have introduced transforma-
tive capabilities for clinical decision support systems, par-
ticularly in XAI applications for chronic disease care.
This expansion addresses critical gaps identified in trad-
itional XAl approaches while introducing novel methods
for enhancing transparency across the care continuum.

Emerging LLM-driven explainability paradigms
(1) Natural language explanation generation

Modern LLMs like GPT-4 demonstrate unprece-
dented ability to generate clinically coherent explana-
tions through advanced natural language processing.
Unlike traditional XAI methods that produce feature
importance scores or activation maps, LLMs can con-
textualize model outputs within medical narratives. A
comparative study of GPT-4 and human experts found
85% alignment in diagnostic reasoning patterns when

analyzing complex chronic disease cases.'*> This cap-
ability enables Al systems to mimic clinicians’ cognitive
processes while maintaining auditability—a critical
advancement for chronic disease management requiring
longitudinal reasoning. The integration of LLMs with
established XAl techniques creates hybrid explanation
systems. For instance, combining SHAP values with
GPT-4’s narrative generation produces both quantita-
tive feature importance scores and clinically contextua-
lized explanations.'?* This dual approach achieved 72%
improvement in clinician comprehension scores com-
pared to traditional XAI outputs in diabetes manage-
ment trials.'?® However, despite these promising
advances, LLMs have notable limitations. They are
prone to hallucinations, generating plausible but fact-
ually incorrect information, which can mislead clinical
decision-making.'?’~'?° Additionally, noise and biases
present in their large-scale training datasets may intro-
duce inaccurate or outdated medical knowledge, under-
mining reliability and trustworthiness.'?”-'%!3! These
challenges necessitate careful validation and the devel-
opment of robust safeguards when deploying

LLM-based explanations in sensitive healthcare con-
texts, 127:132-134

(2) Multimodal clinical data interpretation

LLMs overcome traditional XAl limitations in handling
heterogeneous medical data through advanced multimodal
processing capabilities. A wound assessment system com-
bining CNNs with GPT-4 demonstrated 89% accuracy in
classifying chronic ulcer types while generating treatment
recommendations aligned with vascular surgery guide-
lines.”® This integration of visual and textual data process-
ing represents a significant advancement over previous
unimodal XAI systems. In chronic respiratory disease man-
agement, LLM-enhanced systems now process spirometry
readings, CXRs, and patient-reported outcomes simultan-
eously. A recent implementation reduced diagnostic errors
by 40% compared to single-modality approaches while pro-
viding unified explanations across data types.'*

LLM applications across care continuum
(1) Diagnostic decision support

GPT-4 shows particular promise in complex differen-
tial diagnosis for chronic conditions. When evaluating
110 clinical cases, GPT-4 achieved 78% diagnostic accur-
acy compared to 65% for traditional search-based meth-
0ds."*® The model’s capacity to articulate diagnostic
reasoning pathways in natural language addresses critical
transparency requirements for chronic disease diagnosis,
where multiple comorbidities often complicate clinical
presentations. In neurological disorders, LLM-powered
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systems now explain Alzheimer’s progression predictions by
correlating MRI findings with cognitive test results and medica-
tion histories. Clinicians report 30% faster diagnostic reconcili-
ation using these systems compared to traditional XAl
dashboards.'?

(2) Treatment personalization and planning

Augmenting LLMs with clinical practice guidelines cre-
ates powerful tools for chronic disease treatment optimiza-
tion. A COVID-19 outpatient management system
combining GPT-4 with WHO guidelines demonstrated
92% adherence to therapeutic protocols while explaining
treatment choices in relation to individual patient character-
istics.'*” This approach is now being adapted for chronic
conditions like rheumatoid arthritis, where treatment plans
require careful balancing of efficacy and side effect profiles.
For bipolar depression management, guideline-augmented
LLMs matched expert treatment recommendations in 51%
of cases while avoiding contraindicated options 88% of
the time."*® The models’ ability to explain pharmacological
choices in relation to patient history and current symptoms
represents a significant advance over previous black-box
recommendation systems. In heart failure management,
LLM-based systems reduced hospital readmissions by
22% through early identification of decompensation pat-
terns and explainable intervention recommendations.'?’
The integration of wearable device data with EHRs
enabled continuous explanation generation aligned with
individual patient trajectories.

Implementation challenges and considerations
(1) Explainability-accuracy tradeoffs

While LLMs enhance explanatory capabilities, they
introduce new complexity in validation. A bipolar disorder
study found that guideline-augmented models showed 23%
lower accuracy than unmodified versions, highlighting the
tension between clinical plausibility and predictive per-
formance.'*® This emphasizes the need for specialized
training protocols that balance explanatory depth with deci-
sion quality.

(2) Computational and ethical constraints

The resource intensity of LLM deployment poses signifi-
cant barriers, particularly in resource-limited settings.
A cost analysis revealed that implementing GPT-4-based
chronic care systems requires 97% more computational
resources than traditional XAI approaches.'*® However,
techniques like retrieval-augmented generation and model
distillation are reducing these requirements while maintain-
ing explanatory fidelity.'** Ethical concerns persist regarding
potential automation bias in chronic care management.

Clinicians using LLM-powered systems showed 18% higher
rates of uncritical acceptance compared to traditional XAI
interfaces.'* This underscores the need for careful interface
design that maintains clinical oversight while leveraging
LLM capabilities.

Strategic recommendations for LLM integration

1. Hybrid explanation systems: Combine LLMs with
traditional XAl techniques to leverage both quan-
titative  feature attribution and narrative
explanations.'?*!33

2. Guideline-compliant architectures: Implement con-
strained generation frameworks that tether LLM out-
puts to established clinical protocols.'37:14?

3. Multimodal validation protocols: Develop testing
frameworks that assess both explanatory quality
and clinical accuracy across data types.”®'3’

4. Resource-optimized deployment: Utilize techniques
like prompt engineering and model distillation to
enable LLM implementation across healthcare
settings.'?% 14!

In summary, the integration of LLMs into chronic disease
XAl systems represents a paradigm shift in clinical decision
support. By bridging the explanatory gap between complex
Al outputs and clinical reasoning processes, these advanced
models address critical limitations of traditional XAl
approaches. However, successful implementation requires
careful attention to validation protocols, computational con-
straints, and human-Al collaboration dynamics. Future
research should focus on developing standardized evaluation
metrics for LLM-based explanations while ensuring these
systems complement rather than replace clinician expertise
in chronic care management.

Limitations and future research

This systematic review has achieved several significant objec-
tives, providing a comprehensive understanding of XAl appli-
cations in chronic disease healthcare. It effectively mapped the
relationship between specific XAl algorithms and various
chronic conditions, demonstrating how different approaches
like SHAP, LIME, and Grad-CAM align with particular med-
ical data types and diagnostic needs. The review has also pro-
vided valuable insights into the effectiveness of different XAl
approaches across various chronic conditions, offering prac-
tical guidance for future implementations. However, several
important limitations should be acknowledged when interpret-
ing the review’s findings.

Fundamental limitations of current XAl approaches

As Ghassemi et al. discussed, current approaches to
explainability, including widely used methods like SHAP
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and LIME, offer a “false hope” that users can effectively
judge AI decisions based on local explanations.'** In fact,
these explanation methods fundamentally rely on humans
to interpret what the explanations mean, often leading to
confirmation bias, where people assume the model uses
the same features they would find important. These methods
suffer from the same interpretability problems as other tech-
niques like saliency mapping. LIME attempts to understand
decisions by altering inputs and observing changes in out-
puts, but still leaves the interpretation of these results to
humans. Perhaps most problematically, evidence suggests
that explainability techniques may actually decrease vigi-
lance among users. Models with explanations can hamper
people’s ability to detect serious mistakes and may unrea-
sonably increase confidence in algorithmic decisions.

As alternatives to current explainability requirements,
the authors advocate for treating Al systems as true black
boxes and focusing on rigorous validation across diverse
populations. They also recommend using RCTs as the
gold standard for evaluating Al interventions, just as we
do with other medical technologies.'*

Moreover, as Rudin discussed, a fundamental issue is
that explanations for black-box models are inherently unre-
liable."*® Since these explanations cannot perfectly
represent what the original model computes (otherwise
they would be the model itself), explanations inevitably
contain inaccuracies. When an explanation model is wrong
10% of the time, healthcare providers cannot trust either the
explanation or the underlying black box, potentially leading
to medical errors and patient harm.

Clinical implementation challenges

Healthcare decision-making is inherently complex and
requires integrating information from multiple sources.
Black box models create significant challenges when clini-
cians need to combine model predictions with factors out-
side the database. For example, if a risk prediction model
doesn’t account for a critical patient characteristic, physi-
cians have no clear way to calibrate how much this add-
itional information should adjust the estimated risk.
Transparent models allow practitioners to see exactly
what factors are being considered and make appropriate
clinical judgments.

Implementation complexity is another practical concern
in healthcare settings. Complex models requiring numerous
inputs are prone to data entry errors. These errors have been
documented to affect treatment decisions, creating a form of
procedural unfairness where identical patients might receive
different care due to random input mistakes. The medical
field is particularly vulnerable to confounding variables
and data biases. Interpretable models make these issues
more detectable and addressable. With transparent models,
such critical errors would be immediately apparent, pre-
venting potentially dangerous diagnostic mistakes. It is

suggested that inherently interpretable models be designed
from the start rather than creating complicated black box
models and then trying to explain them afterward. This
approach avoids the fundamental problems with explana-
tions that are never fully faithful to the original model.
Also, it is suggested that one possible policy mandate could
require that “no black box should be deployed when there
exists an interpretable model with the same level of
performance.”'*

Evolving clinical perspectives on XAl

On the other hand, as Giacobbe and Bassetti discussed,
while past studies emphasized explanations of predictive
factors that clinicians could easily incorporate into their
clinical reasoning, modern studies using Al are increasingly
focusing on performance metrics instead.'** This shift cre-
ates several challenges: Current XAI methods have reliabil-
ity limitations, performance metrics don’t translate easily to
clinical decision-making, and the reduced prominence of
explanations may make Al models seem unfathomable to
clinicians, potentially increasing skepticism toward
Al-based tools.

While acknowledging that current explanations offered
by techniques such as SHAP and LIME are not flawless,
the authors caution against their blacklisting from medical
literature. They recommend promoting clinicians’ under-
standing of these structural changes and emphasize that
the goal should be to reduce rather than increase skepticism
toward medical Al through better communication.

Limitations of methodology

The temporal scope of the analysis presents a significant
limitation, as the rapid evolution of XAl algorithms and
their applications means that more recent developments
may not be captured in the reviewed literature. This particu-
larly affects our understanding of the latest advancements in
algorithm performance and real-world implementations.

Data limitations manifest in multiple ways throughout
this review. Many analyzed studies reported insufficient
data volume, limited patient history horizons, or class
imbalance issues. These underlying data constraints affect
our ability to draw robust conclusions about the effective-
ness of different XAl approaches. Additionally, our reliance
on major academic databases may have excluded relevant
research published in regional, specialized, or emerging
databases, potentially missing valuable insights from less
prominently indexed sources, particularly from developing
countries or specialized medical institutions.

This review faces substantial limitations in assessing
real-world clinical utility, as many studies focused on theor-
etical implementations or controlled research settings rather
than actual clinical environments. This gap between
research findings and practical implementation makes it
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challenging to fully evaluate the true potential of XAl in
chronic disease care.

Our ability to compare effectiveness across different
XAI approaches is limited by the heterogeneity in how dif-
ferent studies evaluated and reported their results. This vari-
ation in reporting metrics and evaluation methods makes it
difficult to conduct direct comparisons between different
XAI implementations.

Publication and selection bias

Publication bias represents another significant limitation that
must be carefully considered. Studies showing positive or sig-
nificant results regarding XAl applications in chronic diseases
may have been more likely to be published than those show-
ing negative or inconclusive results. This potential bias could
lead to an overestimation of the effectiveness of certain XAl
algorithms in healthcare applications. Furthermore, the review
may not capture unpublished work, ongoing studies, or pro-
prietary research being conducted within healthcare institu-
tions and companies. This limitation particularly affects our
understanding of XAl applications in real-world clinical set-
tings, as unsuccessful implementation attempts or challenges
may be underreported in the published literature. Language
restrictions in publication may have also contributed to this
bias, potentially excluding valuable insights from
non-English language studies.

Future research directions

Future research initiatives should address these limitations
through several key strategies. These include implementing
more rigorous and comprehensive data collection method-
ologies, expanding database coverage across diverse geo-
graphical and cultural contexts, and developing
standardized evaluation metrics that facilitate meaningful
cross-study comparisons. Additionally, future studies
should actively seek to document and analyze both success-
ful and unsuccessful implementation attempts, along with
their associated challenges, to provide a more balanced
representation in the published literature. Moreover, while
this review aimed to provide a comprehensive overview
of XAI algorithms applied across a wide range of chronic
diseases, the breadth of topics covered inevitably limited
the depth of discussion for each individual condition. As
a result, some disease-specific insights may remain some-
what general or high-level. This broad scope was inten-
tional, as it allows for the identification of overarching
patterns and cross-cutting challenges in the field.
However, future research would benefit from more focused
systematic reviews that delve deeper into the use of XAl in
the context of specific chronic diseases or more narrowly
defined clinical applications. Such dedicated analyses could
provide more nuanced insights and practical

recommendations tailored to particular patient populations
and healthcare needs.

Of particular importance is the need to expand research
beyond purely technical aspects of XAl implementations to
examine their broader societal impacts, including effects on
human decision-making capabilities and health outcomes.'*®
As demonstrated by Noorbehbahani et al.,'* digital tech-
nologies can create interconnected patterns of psychological
challenges that affect significant portions of the population.
Similarly, the implementation of XAl systems in healthcare
contexts may produce complex effects on provider work-
flows, patient-provider relationships, and treatment adher-
ence that extend well beyond the immediate diagnostic or
predictive accuracy of the models. This multifaceted
approach would contribute to a more nuanced and complete
understanding of XAl applications in healthcare settings.

Conclusion

Based on our comprehensive systematic review, several key
insights emerge regarding the application of XAl in chronic
disease healthcare. A notable finding is the significant imbal-
ance in XAl applications, with 86.2% of studies focusing on
disease prediction rather than management, diagnosis, or
treatment. This concentration reveals both current research
priorities and critical opportunities for expansion.

The prevalence of certain XAI algorithms, particularly
SHAP, LIME, and Grad-CAM, emerges as a significant pat-
tern in the literature. SHAP’s dominance can be attributed
to its mathematical rigor through game theory foundations
and its versatility with structured clinical data. LIME’s
popularity stems from its ability to provide locally interpret-
able explanations crucial for individual patient cases.
Grad-CAM’s prominence in specific diseases, especially
those requiring medical imaging, demonstrates how the
choice of XAl algorithm often aligns with the nature of
the medical data being analyzed.

The review highlights interesting patterns in disease
coverage. Chronic conditions with clear diagnostic criteria
and structured data, such as CKD and diabetes, receive
more attention in XAI applications. In contrast, conditions
requiring more complex, multimodal data or those with
less standardized diagnostic processes show limited XAl
implementation. This disparity reflects both the technical
challenges in applying XAI to complex medical data and
the varying availability of structured healthcare datasets
across different conditions.

To address the predominant focus on prediction, several
promising approaches for expanding XAl applications into
treatment and management domains emerge from our ana-
lysis. These include developing temporal XAI frameworks
to track treatment effectiveness over time, integrating XAl
into clinical decision support systems for treatment moni-
toring, and creating interactive interfaces for patient educa-
tion and engagement. Additionally, XAl can be adapted to
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support personalized treatment planning by analyzing his-
torical treatment outcomes and explaining treatment recom-
mendations based on individual patient characteristics.
These applications could be particularly valuable for opti-
mizing resource allocation and improving the efficiency
of chronic disease management programs.

Looking forward, we recommend several key areas for
advancement: (1) Development of specialized XAl algo-
rithms that can handle the temporal nature of chronic dis-
ease progression, (2) integration of domain knowledge
into XAl frameworks to produce more clinically relevant
explanations, (3) creation of standardized benchmarking
datasets for evaluating healthcare XAl systems, (4) invest-
ment in prospective studies to validate the clinical utility
of XAl-enabled systems in real-world healthcare settings,
and (5) Development of standardized evaluation frame-
works to assess the effectiveness of expanded XAl applica-
tions in improving treatment and management outcomes.

The successful integration of XAl in chronic disease care
will require close collaboration between Al researchers,
healthcare professionals, and domain experts to ensure
that these systems not only provide accurate predictions
but also deliver actionable insights that can improve patient
outcomes. As the field matures, focusing on expanding XAl
applications beyond prediction while maintaining interpret-
ability and clinical relevance will be crucial for advancing
the practical implementation of XAl in healthcare settings.
This expansion, coupled with rigorous validation and stand-
ardization efforts, will help realize the full potential of XAI
in transforming chronic disease care.
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