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Abstract

Cardiac magnetic resonance imaging (CMRI) enables the diagnosis of coronary
artery disease (CAD) by analyzing cardiac images to detect blockages in the coronary
arteries. This helps make a good diagnosis and clinical decision-making regarding
further treatment. An intelligent clinical support system for CAD diagnosis was
developed in this study, combining explainable artificial intelligence (XAl) with deep
learning (DL). The proposed model used CMRI for diagnosis, while modified gradient-
weighted class activation mapping was used for cardiac image segmentation. The
segmented image, required to further simplify prediction, was then used in SHapley
Additive exPlanations (SHAP) for feature selection (FS). The transformer-aided deep
neural network (T-DNN) received this FS output for classification. The T-DNN learned
contextual relations, thereby increasing the model’s overall efficiency. The proposed
model’s segmentation mechanism was tested using the Dice similarity coefficient
(DSC) and pixel accuracy. The DSC of the model was 0.93, indicating a strong
overlap between the predicted and ground-truth segmented regions. The achieved
classification accuracy of 88% surpasses that of state-of-the-art techniques. These
results demonstrate that combining XAl with DL yields accurate, explainable CAD
diagnosis and treatment, thereby automating and simplifying clinical trials.

Keywords: Clinical decision support; Heart disease diagnosis; Accuracy; Segmentation;
Classification; Similarity index; Neurons
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1. Introduction

Coronary artery disease (CAD) is a prevalent condition
worldwide, characterized primarily by the blockage of the
blood vessels that supply the heart muscle.! CAD results
in problems such as angina, heart attacks, congestive heart
failure, and sudden cardiac death. Early detection of CAD is
crucial for reducing the risk of complications, and efficient
methods are needed to assess coronary blood vessel
status. Conventional diagnostics include angiography,
computed tomography, and cardiac magnetic resonance
imaging (CMRI), which provide comprehensive images
of cardiac structures and functions noninvasively.> CMRI
supports CAD diagnosis by providing detailed views of
the heart wall motion and coronary arteries, revealing
tissue quality. CMRI generates complex image datasets,
yet clinicians encounter problems during interpretation.’
Standard image analysis tools are not efficient or accurate
in handling the complex data patterns found in these
images. This paved the way for better computer-aided
diagnostics in CAD, enabling robust results.* Diagnosing
CAD using traditional methods is time-consuming due
to the large volume of medical data and the subjectivity
inherent in cardiologists tests, resulting in unpredictable
outcomes.” Diagnostic tests that deliver results faster and
with greater precision are now required, as the healthcare
system (HCS) demands more rapid decision-making to
better support patients. Computational methods such as
machine learning (ML), deep learning (DL), and artificial
intelligence (AI) hold strong potential for future use.

Computer-aided image analysis enables faster, more
accurate analysis of large datasets than manual analysis.®
Prominent features in CMRI data, some invisible to the
naked eye, can be detected once ML is trained to detect
them. CAD diagnosis and prediction get automated
through such a method. Human intervention is reduced,
and detection is accelerated by shorter processing times.
Clinical, genetic, and lifestyle data, along with patient
imaging data, can also be used to measure patient status.”

A major change in CAD diagnosis is possible, driven
by ML, DL, and Al Diagnostic precision would improve
once this technology is applied. The HCS is moving toward
precision medicine, where treatment is optimized to a
patient’s individual features, and computational methods
are increasingly important as a result® Diagnostic
healthcare tests have improved to some extent since
the introduction of ML and DL. Convolutional neural
networks (CNNG), a type of DL, achieve good performance
in diagnosing medical images, including CMRI.® These
models use multiple layers to recognize patterns in data.
Accuracy improves across segmentation, classification,
and detection alike.

Feature extraction (FE) from raw data can be guided
directly by DL, which is a primary benefit for CAD
diagnosis. Feature engineering is time-consuming in
traditional ML, whereas DL makes this part easier to some
extent. Occluded coronary arteries, myocardial infarction,
and abnormal tissue patterns are among the features DL
can detect from CMRI data.’’ This proposed model can
also identify CAD-related abnormalities, including their
exact locations within the heart.

One of the main problems connected with DL is its
“black-box” character. DL provides accurate results, but
interpreting them is a significant challenge in clinical
testing. Explainable AT (XAI) isa term coined to address this
problem by increasing the interpretability of DL models.
XAI explains how models make decisions by considering
the significant input ranges for a given decision. Regarding
CAD diagnosis, some XAI methods, such as Grad-Grad
gradient-weighted class activation mapping (G-CAM), can
be used to identify regions of a CMRI image that the model
is focusing on, thereby supporting diagnosis.

When DL is integrated with XAI, the clinician can
recognize how a particular decision was reached, thereby
improving trust in Al tools and enabling their application
in practice.'"'? A clinical decision support system (CDSS) is
critical, and high-quality XAl is required in CAD diagnosis,
where cardiologists and other healthcare providers
need accurate, easily recognizable diagnostic data. CAD
requires innovative modeling to manage common patient
data, including basic details, medical history, and genetic
markers. Using diverse data types and large datasets
enables DL to detect patterns in CAD development and
uncover potential contributing factors. Modern patient
care standards include personalized treatment decisions
that are important for accurate diagnosis based on each
patient’s unique state. DL and XAI enhance CAD diagnosis
by providing faster, more precise results.

Recent developments in reliable AI suggest that
explanation alone is not enough to make AI systems
clinically viable. Robustness, reproducibility, external
validation, uncertainty approximation, calibration, fairness
across patient populations, and continuous integration
into clinical workflows are other clinical requirements that
reliable clinical Al systems should also meet. Modern CDSS
must thus be intelligent, highly predictive, explainable, and
validated to empower clinicians’ trust and responsible use
in healthcare settings.

2. Literature review

Diwakar et al.”® identified the best ML method for
diagnosing CAD by comparing several methods. A
research team studied 303 patient records, spanning
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26 clinical tests, to identify the most effective model for
detecting CAD early. The algorithms they tested were
support vector machine (SVM), random forest (RF), and
multilayer perceptron. SVM and RF outperformed other
methods in this study. The highest area under the curve
(AUC) and FI-score came from these two. The medical
team’s benefit was the goal of the researcher’s ML design.
Early CAD diagnosis and a CDSS tool were enabled by this
design.

Forrest et al.'* developed a novel ML for cardiovascular
disease (CVD) detection in patients with rheumatoid
arthritis, diabetes, and hypertension, focusing on clinical
biomarkers and carotid/femoral ultrasound imaging. To
address class imbalance, the study employed four ML
classifiers: RE, SVM, linear discriminant analysis, and
the synthetic minority oversampling technique. A high
accuracy of over 98% in detecting the presence of CVD
was achieved, surpassing traditional CVD risk scores and
providing a powerful tool for early CVD prediction in
high-risk patients.

The RF classifier received the main focus in the Al
model built to detect heart disease diagnosis (HDD) using
ML. Healthcare data processing, logistic regression, and
dataset attribute evaluation were all performed using a
Python-based application developed in a previous study.
The model achieved around 83% accuracy, signifying
MLs ability to support HDD. The importance of reliable
healthcare applications in supporting data analysis and
model evaluation was emphasized by Garavand et al.’®

Imbalanced electrocardiogram (ECG) and patient data
pose a challenge, as discussed by Gul et al.’® A systematic
literature review on using ML for HDD has been conducted.
They conducted a meta-analysis of 451 research articles
and acknowledged several methods for addressing data
imbalance, while also highlighting the limitations of current
models, particularly in interpretability and explainability.
The authors recommend that future research improve
the practical applicability of ML for HDD, particularly in
dealing with imbalanced data.

Hassan et al.” used 11 ML classifiers to predict
coronary HDD and identified key features to improve
prediction accuracy. Using gradient boosted trees and
multilayer perceptron classifiers, high accuracy (95-96%)
was achieved. Results prove that ML can be used in CDSS
and as an efficient tool for HDD. In this work, the authors
highlight the roles of feature selection (FS) and model
performance in improving the diagnostic accuracy for
coronary heart disease.

A recent study by Jindal et al.”® examined the integration
of a deep neural network (DNN) with case-based reasoning

to diagnose CAD and assess its severity. Gaussian noise is
introduced to mitigate overfitting, and the DNN achieves
a high accuracy of 96.2% with an extremely low error rate.
In the second phase, case-based reasoning was applied to
diagnose CAD and measure its severity. This dual method
provides an efficient method to improve CAD diagnosis
and management simultaneously.

Kavitha et al'® presented an ensemble-based ML
approach for CVD prediction. The study used multiple
classifiers and FE with RF to achieve a prediction accuracy
of 88.70%. Ensemble models are a useful approach for
combining the strengths of different algorithms to derive
an accurate solution for early CVD detection, leveraging
ML and DL to enhance diagnostic accuracy and CDSS.

Kehkashan et al* validated an ML model to predict
CAD using electronic health records. The model presented
high sensitivity (94%) and specificity (82%) with an AUC
of 0.95. The researchers measured a novel in silico CAD
marker that quantified CAD risk using recognized risk
factors and polygenic scores, and verified a significant
improvement in clinical outcomes. This model shows
promise for non-invasive CAD risk prediction and for
detecting individuals who may be underdiagnosed.

Both ML and DL are applied to detect CVDs using ECG
images. Transfer learning (TL) with pretrained DNNs
(PDNNs), such as SqueezeNet and AlexNet, was used
alongside a CNN for cardiac abnormality detection.” The
CNN achieved an accuracy of 98.23%, and when used as
an FE, an accuracy of 99.79% was achieved using a Naive
Bayes classifier. The application of DL to ECG-based HDD
validates its potential to improve ECG-based HDD

Previous studies have shown that research on ML
for CVD and CAD detection has achieved significant
improvements.”* The interpretability and feasibility of
these models are poorly stated, and there is a research
gap in improving these developments in clinical settings.
Although DL methods, such as CNNs*, achieve high
accuracy in detecting abnormalities in ECG images, they
are insufficiently clear for clinical approval. This could
be achieved using G-CAM, which would provide visual
clarification of the DLs decision.”®* Such explanations can
be further integrated with SHapley Additive exPlanations
(SHAP) to improve interpretability by helping clinicians
understand which features affect predictions. The
transformer-aided DNNs (T-DNNs) are practical for FS,
improving prediction accuracy by leveraging sequential
medical data more efficiently and providing complete and
more explainable CAD and CVD predictions.”

Table 1 presents an analytical synopsis of representative
and formal studies, addressing Al, healthcare information

Volume X Issue X (2026)

doi: 10.36922/AIH026270077


https://doi.org/10.36922/AIH026270077

Artificial Intelligence in Health

XAI-ICSS-CVD diagnosis

systems, magnetic resonance imaging (MRI), electronic
healthcare, biomedical engineering, and intelligence-based
applications for healthcare. The reviewed literature shows
that different state-of-the-art AI, such as CNNs, hybrid
CNN-transformer networks, graph learning, quantum
DL, ResNet50, visual geometry group-19, and CNN-gated
recurrent unit, are playing an increasingly important
role in solving a wide range of healthcare challenges,
including disease diagnosis, medical image improvement,
biometric identification and recognition, clinical outcome
prediction, healthcare Internet of Things security, and
rehabilitation and cognitive interfaces. Many studies focus

on mobile health, virtual reality, systematic reviews, and
clinical intervention methods to improve patient care,
health information, and disease prevention, as well as on
Al-based predictive models. While these research studies
prove significant improvements in diagnostic accuracy,
decision support, and healthcare delivery, many are limited
by small datasets, single-center validation, or a lack of
real-world deployment. Table 1 shows the rapid progress
in intelligent healthcare technologies and highlights the
requirement for more robust, explainable, and clinically
validated AI frameworks to enable the generalization of a
standardized HCS.

Table 1. Comparative summary of representative studies on Al, medical imaging, digital health, and intelligent healthcare

applications
Ref. Domain Main objective AI/ML technique  Data/application Key contribution Limitation
Secu.re task . Adversarially Healthcare IoT Improved secure Limited t(.) the
32 Healthcare IoT scheduling for big ! . scheduling
. robust scheduling networks resource allocation .
data analytics environment
33 Medical imaging Lung cancer VGG-19 CNN Lung CT/X-ray H1gh—acc1-1racy . Smgl.e CNN
detection images automated diagnosis architecture
. . Iris recognition ata  Quantum dilated . Robust long-distance ~ High computational
34 Biometrics . . Iris images . . .. .
distance CNN + attention biometric recognition complexity
Hybrid CNN-
. Underwater image transformer . Enhanced visibility and Dataset-specific
35 Image processing . Underwater images g .
improvement + cheetah feature preservation evaluation
optimization
A hybri A histologi ires 1
36 Histopathology utomated pr(.)state Res'I\TetSO ybrid Histology images ccurate histologic Requires large
cancer grading vision model assessment annotated datasets
Li Graph embeddi I d out
Healthcare ver FApR EMBECCINE  linjical transplant mprovec outcome Limited clinical
37 . transplantation + counterfactual prediction with .
prediction e . data R validation
outcome prediction fusion explainability
Menstrual
istical Emotional well-bei
38 Women'’s health symptom.s gnd .Sta.tlstlca . Survey data mqtlona we b.e1f1g Observational study
productivity mediation analysis mediates productivity
analysis
39 Maternal health Orthos_tatlc Statistical analysis ~ Postpartum women Identlﬁ,Ed psychosocial Cross_scicuonal
hypotension test risk factors design
40 Sports medicine Ankl? 'spr'flin Neuror.nlllscular Football players Impr(')ved pain and Small clirilical
rehabilitation training functional recovery population
Neuromuscular
linical h hort follow-
41 Sports rehabilitation training with . c Hea Football players Compared ot ¢ Short fo ow-up
. intervention effectiveness of taping duration
Kinesio tape
“ Ophthalmology Retinal change.s in  Systematic revieV.v OCT studies C.Eomprehensive. I.)ePend.ent on
B-thalassemia and meta-analysis evidence synthesis existing literature
. Mobile self-care for . . Mobile health Proved the effectiveness ~Limited intervention
43 Digital health . Systematic review . . .
tuberculosis applications of mHealth education quality
T i Experi 1 P h 1
44 Herbal medicine urmeric extract xperimenta Laboratory model rove.d ormonda Preclinical evidence
effects study impact
Spiritual in th Highlights holisti
45 Nursing care piritua; care in the Case report Intubated patient 1BITIEALS MOUSHC Single patient case

ICU

patient care

(Contd...)
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Table 1. (Continued)

Ref. Domain Main objective AI/ML technique  Data/application Key contribution Limitation
Audio-based
- . uio-base . — Visually impaired Improved health Limited usability
46 Nursing informatics reproductive Mobile application . o .
. adolescents literacy accessibility evaluation
education
. Heart FAall.ure LACE score Heart failure Relationship between .
47 Cardiology Readmission ; . self-care and Single-center study
. analysis patients .
Prediction readmission
Th i
Low back pain Hypnobirthing + . ¢ cqmb%ned Quasi-experimental
48 Maternal care . . Pregnant women intervention is most .
reduction music therapy . design
effective
. " I . Identifi .
49 Child nutrition Caregiver nutrition Statistical survey ndon.e stan denti ed determinants Cross-sectional data
knowledge caregivers of nutrition knowledge
Mobil fe S ized availabl
50 Pregnancy health obTie apps ot Literature review  Mobile health apps ummarized avatiab’e -y, ck of clinical trials
preeclampsia digital interventions
Disast:
51 Disaster prepffes dilress VR simulation Community health VR improved. Limited geographical
management . cadres preparedness skills scope
training
Gireen teas anti- Experimental in Proven stabilizing effect Animal-based
52 Pharmacology inflammatory pe Mast cell model J .
vivo study of EGCG evidence
effects
-deliveri Identifi i Limited clinical
53 Stroke therapy Oxygen-delivering Literature review Stroke treatment dentified a.n cmerging 1m1t?d cinica
nanobubbles therapeutic strategy evidence
Hybrid CNN-
54 Neurodiagnostics Autism detection GRU + wavelet EEG signals Improved auto_m ated Need? exfemal
oo ASD detection validation
Optimization
Enhanced roboti Prototype-level
55,56 BCI Robotic control EEG-based BCI EEG signals fhanced robotie rorotype-ieve

interaction using EEG implementation

Abbreviations: AL Artificial intelligence; ASD: Autism spectrum disorder; BCI: Brain-computer interface; CNN: Convolutional neural network;
CT: Computed tomography; EEG: Electroencephalography; EGCG: Epigallocatechin-3-gallate; GRU: Gated recurrent unit; ICU: Intensive care unit;
IoT: Internet of Things; LACE: Length of stay, acuity of admission, comorbidity, emergency department visits; ML: Machine learning; OCT: Optical

coherence tomography; VGG-19: Visual geometry group-19; VR: Virtual reality.

Modern medical care and biomedical applications
are being shaped by AI and personalized health care.”
Adjunctive treatment with mebendazole and mesalamine
may be of benefit in patients with ulcerative colitis. Another
promising therapeutic approach for inflammatory bowel
disease is drug repurposing.”® Hosseini et al.*® reviewed
the literature on the use of Al for diagnosis, staging, and
prognosis of NAFLD and liver fibrosis. Other researchers
also reported an increasing trend in Al-powered CDSS.
Zbala et al® reported the relation between chronic
migraine, photophobia, and sleep disturbances. Sleep-
related factors may play a role in the pathogenesis and
prognosis of migraine. Sleep was also disturbed by
photophobia. Ananthakrishnan et al.®" applied patient-
specific computational modeling simulations to optimize
targeted drug delivery networks. These simulations
were conducted to improve the performance of these
networks. The aging of the vascular system is one of the

main factors affecting the efficiency of magnetic targeting.
This was found to be the case. It also reported the first
case of the association between Griscelli syndrome type 2
and systemic juvenile idiopathic arthritis, in an effort to
broaden the clinical spectrum of rare immune-mediated
diseases and underscore the importance of early diagnosis
and multidisciplinary care.®

3. Materials and methods

This section provides a summary of the research methods
used in this research. The research methodology used a
standard set of ML and data-preprocessing methods to
enhance the reliability and interpretability of the HDD.
The methods also describe the integration of new methods,
including G-CAM for FS and SHAP, to improve model
interpretability and provide a complete investigation of
medical data for clinical applications.
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3.1. Dataset description

The dataset consists of 63,648 multiparametric cardiac
magnetic resonance (CMR) images, of which 26,104 are
from patients diagnosed with CAD, and 37,544 are from
healthy patients. The dataset is publicly available and
valuable for CAD diagnostics. The patient group’s diagnosis
was recognized using invasive coronary angiography, the
standard diagnostic practice. The images were collected
using four different CMR sequences: Late gadolinium
enhancement (LGE), perfusion, T2-weighted, and steady-
state free precession. In each sequence, imaging was
performed in the long- and short-axis planes of the heart.
The long-axis views consist of 2-, 3-, and 4-chamber views,
which are all made of one slice obtained from two different
planes. The short-axis view comprised 10 frames reserved
from the base to the top of the heart, and two frames were
predicted from each position.

The four sequence types were performed for each
patient, generating 13 slices per sequence and a total of 52
images per patient. A total of 1,224 patients participated
in the dataset collection. Of the study participants, 722
were healthy, and 502 had CAD. The data were collected
in accordance with the ethics committee of Tehran Omid
Hospital, and all patients participated with informed
consent. A 1.5 Tesla Magnetom Aera Siemens machine,
equipped with a dedicated body coil, was used for CMR.
Multiple sequences gave quantitative values for myocardial
T2, native T1, and T1 map after contrast administration.
Echo time from 1.06 to 3.16 ms, repetition time (TR)
from 31.92 to 412.78 ms, and slice thickness of 7-8 mm
are among the parameters found across diverse CMR
sequences in the dataset. TrueFISP, early gadolinium
enhancement, LGE, and myocardial T1/T2 sequences are
included, with breath-hold times averaging 7-10 seconds.

The dataset comprises a multiparametric CMR image
numbered 63,648, drawn from 1,224 patients (502 with
CAD, 722 healthy). Three sets were formed from this using
the alpha-thumb rule. The training set contains data from
857 patients and nearly 44,564 images. The validation set
has 184 patients and nearly 9,568 images, and the testing
set has 183 patients and nearly 9,516 images. Each patient
has 52 multi-sequence images covering LGE, perfusion,
T2-weighted, and steady-state free precession modalities
across long- and short-axis views. All images from a single
patient remain in the same split. An equal number of
patients with and without CAD are included in each split
through class-conscious sampling.

The data were partitioned only at the patient level
to prevent information leakage. For each patient, all
cardiac MRIs were assigned to a single subset (training
or validation) for each imaging sequence and acquisition

plane. As a result, no patient contributed more than one
image to any partition. This method avoids data leakage
caused by highly correlated images of the same object
and enables a more realistic evaluation of the models
generalization ability.

3.2. Data preprocessing

Histogram equalization is a method that adjusts an image’s
contrast to enhance pixel visibility. It is helpful in medical
image processing, where some parts of the image may be
too bright or too dark. The objective is to bring the pixel
intensity values closer to an equal distribution.

Let the intensity of a pixel be I (x, y) such that x and
y are spatial coordinates. The cumulative distribution
function (CDF) of the pixel rule is specified in Equation 1:

CDE(5)=3",p(5) w

where,

o p(x) isthe probability mass function of pixel intensities.
The output image control after histogram
equalization I'(xy) is assumed in Equation 2:

I (x,y) =CDF(I(x,y))x(L-1) )

where,

o Lis the number of possible intensity levels.

Gaussian filtering generates less noisy images,
particularly at high frequencies, which is important in
medical imaging, where noise can obscure significant data.
It convolves an image with a Gaussian function to reduce
the pixel rule within a specified area while preserving
edges. A Gaussian filter is defined in Equation 3:

X2 +y?

G(X,Y): 27_:02 e (3)

where,

« 0 is the Gaussian distributions standard deviation,
controlling the filter’s spread.
The convolution of the image I (x, y) with the Gaussian
kernel G (x, y) results in the denoised image I, ... (xy) is
stated in Equation 4:

Idenoised (X’y) = zin:_n Zj-l:_n I(X+i’ y+.]) X G(l, J) (4)

where,

o nis the filter’s window size.
Edge detection is crucial for finding edges in images.
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The Sobel filter increases edges based on the gradient,
which is related to features such as vessels and the edge of
the myocardium in medical images. This practice is most
useful for segmentation problems. The Sobel operator
uses two-dimensional convolution kernels that detect
horizontal and vertical edges. The kernels are assumed in
Equation 5:

-1 0 1 -1 =2 -1
G=[-2 0 2[,G=[0 0 0 (5)
-1 0 1 12 1

The gradient magnitude at every point is measured as
in Equation 6:

G (xy) =G, *1(xy)) +G, *I(xy)’ (6)

where,

*  * is the convolution.
o I(x y) is the image intensity.

Based on the samples, the image shows high edge
radiance. Combined, these preprocessing methods can
help improve CMR image quality and, in turn, subsequent
diagnostic models.

3.3. Segmentation using modified gradient-
weighted class activation mapping

Segmentation was performed using modified G-CAM
(MG-CAM); the subsequent stage in the model was FE.
This is particularly important in tasks where medical

images are high-dimensional and key features are required,
enhancing the model's performance. The MG-CAM
heatmaps can delineate regions in the CMR image
associated with probable CAD, while SHAP can then
measure the relevance of these segmented features to the
final output.

(i) Input representation: The input image was denoted by
X, and the image was input to a CNN. The network
delivered feature maps A* at a specific intermediate
convolutional layer “k” that contained spatial and
semantic information. The networKs last layer
generated soft class scores “yc,” similar to the model’s
confidence for class “c” This configuration enabled
hierarchical analysis of “X” to identify the areas that
affected the target class “c” The CNN layer f (X; 0)
was specified by the learnable parameter “6” The
segmentation method is shown in Figure 1.

(ii) Class-specific gradients with spatial regularization:
To localize the class “c;” gradients of the class score
with respect to feature maps A* were defined as glc(.
Gradients validated the spatial position of the “/” input
in A* for predicting “c” The spatial prior used weights
W(4, j) to incorporate prior data in domains via feature
maps that highlight diagnostically relevant areas, such
as heart structures in cardiology. For instance, W(3, j)
can be a Gaussian kernel that focuses on the central
regions of images to improve localization.

The gradient of “y” for the feature maps A* in the
selected convolutional layer is computed in Equation 7:

Y,
ke _ 9
gc aAk (7)

Figure 1. Proposed modified gradient-weighted class activation mapping (MG-CAM) segmentation model
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Using global average pooling, a spatial regularization
factor, W(i, j), was applied to prioritize gradients from
central or diagnostically relevant regions, as shown in
Equation 8:

> S G ) g )
aj: hj w (8)
Zi:lZ/:]W(i’ ])

where,

« W (i j) are the Gaussian kernels centered on
diagnostically important regions or derived from
prior knowledge (e.g., heart anatomy).

(iii) Optimized weighted feature map combination: The
class activation map L_was formed from the weighted
feature map. As an optimization, the proposed
method did not rely solely on Good Manufacturing
Practice to average over space, thereby reducing
spatial detail. Instead, it employed a spatial saliency
mask, Sk(i, j). This mask flexibly scaled the features
based on their significance for class “c” The exclusion
of negative activations eliminated noisy learning and
enhanced localization accuracy by excluding all that
was irrelevant to class “c” The class activation map L_
was computed using a spatially weighted feature map
specified in Equation 9:

LG, j)=ReLU (Y atd" (i.j)-S,G.)))  ©
where,

o Dositively correlated activations are measured using a
rectified linear unit (ReLU), and the relevant regions
are focused using a saliency mask.

(iv) Adaptive normalization: The map was normalized
to increase the readability of the activation map
“Lc” and improve the contrast. To achieve this, “L”
has been normalized with its mean “4,” and scaled
by its standard deviation “o,,” thereby removing
or reducing the impact of unrelated variations. A
minor constant “c” was used as a statistical constant.
Adaptive normalization improved noise reduction
and segmentation, as shown in Equation 10:

Lc(iaj)_luL
o, +¢&

H,G, )= (10)

(v) Thresholding with optimization constraint: An
optimal threshold tc maximizing the Dice coefficient
was determined to find a binary partitioning mask M .
This ensured the mask fit well with the ground-truth G
while maintaining good recall and precision. The Dice

coefficient was ideal for medical imaging, where the
correct overlap region was of particular importance.
The threshold optimization method helped M, not
over-segment while capturing relevant regions. The
optimization constraint is specified in Equation 11:

2. /M NG|
T, =argmax ———"———

11
e MI|+lG (1)

(vi) Refinement using regularized optimization: The binary
mask M_ was improved iteratively by minimizing
an energy function E. In the first term, X|IVMcl?
muscularly penalized the change in M_ across a
specified point to prevent pixelated edges. The second
term, XIM_—- H |* governed the optimization method
by making Mc close to the normalized activation map
H_. The weights A, and A, brought these objectives into
equilibrium, resulting in a smooth yet preserving the
input heatmap. The boundary refinement was attained
using Equation 12:

E(M.)=23, IVMGHIP+ 4, M (i.j)-HGHF (12)

(vii) Final optimized segmentation: The last segmentation
mask M was obtained after applying the optimization
method and was highlighted to correctly segment the
areas most related to class “c” as specified in Equation

13. A smooth edge, low noise, and alignment with the

G-CAM heatmap define this segmentation mask. It is

particularly beneficial for tasks such as cardiac image

segmentation, where accurate region identification is

crucial for accurate diagnosis.
M. =argmin EM, (13)
ML

This method refined G-CAM by integrating spatial
regularization, adaptive normalization, and optimization
to achieve more accurate segmentation with better visual

fidelity.

The MG-CAM method can be used for segmentation,
while SHAP helps identify the most important features in
the segmented images, enabling a deeper understanding of
the CDSS of the disease prediction models. The proposed
method, SHAP, can be used in FS to assess each feature’s
(region/pixel) contribution to the model output, thereby
generating more X Al-driven diagnostic models. SHAP can
help researchers explain each pixel’s input or region in an
image when a DL model is deployed. This is particularly
important in healthcare, as model-based decisions are
crucial for clinicians to make informed choices. The
features of MG-CAM are specified in Table 2.
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Table 2. Proofs of modified gradient-weighted class activation
mapping

Size of th

Layers Layer details 1ee ol the
output
Input cardiac MRI image (e.g., 224
Input x 224) 224 x 224
Convolution 7 x 7 convolution, stride of 2 112 x 112
Pooling 3 x 3 max pooling, stride of 2 56 x 56
1x1 lution by 3 x 3
Dense block > 1 convorution by 2 X 56 x 56
convolution x 6
Transition 1 x 1 convolution 56 x 56
block 2 x 2 average pooling, stride of 2 28 x28
Dense block I1x1by3x3x12 28 x 28
Transition 1 x 1 convolution 28 x 28
block 2 x 2 average pooling, stride of 2 14 x 14
Dense block 1x1by3x3x24 14 x 14
Transition 1 x 1 convolution 14x14
block 2 x 2 average pooling, stride of 2 7x7
Dense block 1x1by3x3x32 7%x7
Map FE Gradients computed for the target 7% 7
class score over feature maps
Class activation ~ Spatially weighted activation map for 7% 7
map segmentation
Adaptive Normalizes the CAM using Equation 7%
normalization 10
Thresholding Optimal Fhresholdmg for l?lnary 7% 7
segmentation mask (Equation 11)
Regularized optimization for a
Refinement smooth and accurate mask (Equation 7%x7
12)

Output Final binary segmentation mask T%7

(Equation 13)

Abbreviations: CAM: Class activation mapping; FE: Feature extraction;
MRI: Magnetic resonance imaging.

However, conventional G-CAM was not developed as a
segmentation algorithm, but rather, primarily as a post hoc
visualization method. The proposed MG-CAM improved
on the original G-CAM by adding spatial regularization,
adaptive normalization, optimized threshold selection,
and regularized boundary refinement. These additional
optimization steps refined the coarse activation
maps, producing fine segmentation masks to identify
myocardial regions relevant to the diagnosis. Thus, the
presented solution was an explainable localization-aided
segmentation system rather than a direct U-Net-based
approach.

3.4. Feature selection using SHapley Additive
exPlanations

After using SHAP for FS, the SHAP values were fused
into the classification model. The proposed classification
involved a T-DNN. The transformer excels at establishing
relationships between features across large image areas,
which supports medical image analysis when the overall
image context is vital. The proposed model used SHAP
to identify key features for further processing. Research
studies have shown that medical image segments generate
key features that enhance classification performance.
The FS was fed into the CNN after selection. This model
employed conventional convolutions to extract local
visual patterns, along with neural transformers that
captured relationships between distinct image blocks. The
contribution of feature “x.” to the output prediction f(x)
was determined in Equation 14:

S v]o]s[-1)!
[V]!

b (/%)= 2seniy L (SU{i})-£(S) (14)

where,

o The features in the SHAP value are specified as ¢(f.x).
o The output for the model with a set of features is
assumed to be f(S).
o The set of all features is assumed to be N.
The method enabled us to identify key features for
predicting CAD, allowing this study to use only those
features for patient classification.

3.5. Classification on transformer-aided deep neural
network

The T-DNN took the features X, .., ={X,X),......... X
that SHAP selected. Each FS was converted into a more
robust space to support advanced data processing. The
FS was embedded into a vector space using a function
X s — R?. The FS “Xeoes Decame a numeric
symbol, R by the embedding transformation that used
embedding dimension “d” The set-in features are specified

in Equation 15:

XEmbedding = ¢(XSe[ected ) (15)

Through FS, this study prepared input features to
support transformer analysis and to disclose short- and
long-range feature relationships. The T-DNN’s self-
attention feature examined how the feature network,
particularly in the context of medical images, revealed
spatial patterns. Transformer encoders worked by first
forming three matrices for each input feature—the query
(Q), key (K), and value (V)—computed from attention
scores. This study measured the attention connection
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between features {x, xj} using Equation 16:

KT
A;=SoftMax [ Ak, ] (16)

Jd,
where,

. Aij is the attention score between features {x, xj, dk},
and dk is the size of the key vector.
The self-attention mechanism computes the
transformed features X’ by using the attention scores to
weigh the value matrix “V” specified in Equation 17:

X' =AxV (17)

where,

o A is the attention matrix, which is calculated for all
pairs of features.

o  Visthe value matrix that contains the data required to
update the FS.

After the transformer encoder processed the input
features, the resulting transformed feature matrix X
was passed through a DNN for classification. The DNN
consisted of multiple fully connected layers, where the final
output was computed as in Equation 18:

y:f(W XX‘+bcIS)

cls

(18)
where,

*  X’is the output from the T-DNN.
+ W, is the weight matrix for the classification layer.
+ b, is the bias term.
o f(-) is the activation function (e.g., Softmax or
sigmoid).
« yisthe predicted class, such as whether the patient has
CAD (1) or not (0).
During training, the model was optimized using a
cross-entropy loss function, which measured the difference
between the predicted probabilities y; and the true label

« »

'y” The loss function is stated in Equation 19:

=->" y,Log(y,)

where,

(19)

o Y, is the true label (0 or 1 for binary classification).
« y, is the predicted probability of class i, and c is the
number of classes (Case 2: CAD or non-CAD).
The objective was to minimize this loss function to
improve CAD classification accuracy. The CAD diagnosis
method is specified in Algorithm 1.

The coronary disease classification method used SHAP-
based FS to find key features for CAD diagnosis. The

model selected a specific set of “X, " features that best
help predict its output. The transformer encoder elevated
the FS to a higher-dimensional space while discovering
correlations in the input data via self-attention. This
enabled the model to identify significant patterns in
spatial measures and incorporate them to generate optimal
diagnostic predictions. The enhanced features were then
passed to a DNN classifier to determine CAD detection
probabilities. The model learned using the cross-entropy
loss function to match its predictions to the actual labels
during training. The loss function enhanced model
performance by optimizing the weights to minimize
prediction errors, thereby improving CAD detection
accuracy.

Significant progress has been made in the field of
medical imaging for the automatic detection of breast
cancer using ultrasound and histopathology. ML
models, such as CNN and U-Net, trained with suitable
hyperparameters (Adam optimizer, learning rate = 0.001,
batch size = 32, dropout = 0.5, weight decay = 1 x 107,
and training for 50-100 epochs), have been used for tasks
including lesion segmentation, malignancy classification,
and subtype prediction. Researchers can achieve over
90% sensitivity and specificity when using Al to assist in
diagnosing breast cancer. These Al enhancements improve
radiologists’ efficiency by reducing misdiagnoses and
enabling more accurate detection of abnormalities.

3.6. Implementation details

The proposed model was developed using Python (3.11,
Python Software Foundation, USA) and the PyTorch DL
library. Image preprocessing was performed with OpenCV,
NumPy, and Scikit-image, and SHAP explanations were
generated with the SHAP Python package. Model training
was performed with the Adam optimizer, a learning rate of
0.001, weight decay of 1 x 107, and a dropout rate of 0.5.
The network was trained for 100 epochs, and the learning
rate was adjusted when the validation loss stopped
improving. Hyperparameter tuning was performed
on the validation set to achieve the best segmentation/
classification results. The transformer encoder was
composed of multiple-head self-attention layers and fully
connected layers for CAD classification. Experiments were
performed on a workstation with an Intel Core i9 processor,
64 GB of RAM, and an NVIDIA RTX 4090 GPU (24 GB
of memory), running Ubuntu 22.04. All experiments
were carried out with fixed random seeds, patient-level
partitioning of the datasets, identical preprocessing, and
the same hyperparameter set across all experiments. These
implementation details help to verify and reproduce the
proposed framework independently.
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Algorithm 1. for T-DNN for Classification Using SHapley Additive exPlanations-feature selection

Input : Medical image dataset as X labels as Y’
Output : Classification results as’ )//l\‘
1. Input Representation:

o Preprocess the medical image dataset X to generate input images.
o  Extract features F using SHAP to detect important regions or segments in images.
2. FS Using SHAP:

For each feature x, in X, compute the SHAP value ¢, (f, x), as stated in Equation 19.
SN
ﬂ(f,X):ZSCNm(N!)[f(SU{l})—f(S)] (19)

*  Retain features ‘x,” with high SHAP values, signifying significant help to model predictions.
3. Transformer-Based Feature Contextualization:

» Divide FSas F_, , into patches.

o Apply the Transformer encoder to model patch dependencies, as stated in Equation 20.

NN

o  Combine the Transformer outputs with the initial FS.
4. FE Using Convolutional Layers: Passing transformer-enhanced features using convolutional layers is stated in Equation
21.

. QK;
IAttention (Q, K, V) = SoftMax ! (20)

Fopm = CONVE e (21)

5. Classification Layer:

o  Flatten the final feature map F_ .

o Pass features through fully connected layers, as specified in Equation 22.

y,=SoftMax(W -F__+b) (22)

6. Model Training:

o Training the model using cross-entropy loss is specified in Equation 23.

L=-Y vLog(y,) (23)

7. Evaluation: Evaluate the model on the test set using accuracy, precision, recall, and F1-score.

8. Output: Predict class labels }71 for new inputs.

4. Results and discussion Table 3. Experimental setup

This section presents the results of the proposed model, Learning rate Scalar value (e.g., 0.001, 0.01)

which enhances image quality through preprocessing to o Adam: bet3al, bet3a2, eps3ilon; SGD:

support accurate analysis. The MG-CAM identified specific Optimizer momen3tum

eorsn IR g bt appored CAD dewlopnet. 5
Number of training epochs Integer (e.g., 50, 100, 200)

SHAP-based FS, as verified by the proposed classification
results. This study examined the complete process, from
FE image preparation and classification to CAD diagnosis
accuracy confirmation. The experimental setup is specified
in Table 3.

Dropout rate (e.g., 0.2, 0.5);

Regularization methods Weight decay coefficient (L2 penalty)
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4.1. Design of preprocessing

The first phase handled data normalization in advance.
The researcher applied a Gaussian filter to reduce noise
and boosted contrast using histogram equalization. A
consistent size was then applied to all CMR images.
Irrelevant image variations were removed during this
processing step. Figure 2 shows this preprocessing.

The contrast in Figure 2A was improved using histogram
equalization. Gaussian filtering for noise reduction and
Sobel edge detection for highlighting cardiac structures
were performed. Clear separation of cardiac structures was
achieved with this processing method. Figure 2B shows
the processing step for Pathological CMRI. In this study,
histogram equalization, Gaussian filtering, and Sobel
edge detection were used, in that order, to improve image

quality.
4.2, Result analysis and design of segmentation

The overlap between the predicted and actual masks was
measured using the Dice similarity coefficient (DSC).
This indicator shows how accurately a model locates
and identifies areas of the coronary artery system,
including stenosis and other abnormal features, during
CAD diagnosis. The DSC score ranged from a complete
mismatch (0) to a perfect match (1), indicating the degree
of segmentation. True boundary and overlap capture
ability were evaluated through this measurement, which
examined medical image segmentation accuracy. The
overlap between the ground-truth and predicted masks

was used to evaluate mask accuracy with the intersection
over union (IoU) metric.

The percentage of correctly labeled pixels across the
whole image is measured using pixel accuracy (PA).
Overall segmentation quality was measured using the PA
metric by assessing the detection of normal and abnormal
coronary blood vessel regions in CAD diagnosis. PA
performed well overall on the image test, but precision was
lacking in small stenotic regions or plaques. Wrong-region
percentage identification was used to quantify the degree of
overlap between predicted and actual segmentation masks,
measured as volumetric overlap error (VOE). Under-
and over-segmented parts of coronary blood vessels and
lesions in CMRIs were detected with the same accuracy
as VOE. Segmentation quality improved as the VOE score
declined. The performance was tested using Equations
24-27 (Figure 3).

2 ‘Predicted M Ground truth‘

DSC=
‘Predicted‘ +‘Gr0und truth‘ (24)
3 ‘Predicted M Ground truth‘ (25)
|Predicted w Ground truth|
PA= Number of correctly 1ab<‘31ed pixels (26)
Total number of pixels
VOE=1-IoU (27)

Figure 2. Preprocessing of cardiac magnetic resonance imaging CMRI. (A) Normal CMRI. (B) Pathological CMRI
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Figure 3. Segmented (A) normal and (B) sick images

Figure 4A proves how the MG-CAM performed
segmentation better than DNN and TL models that use
a pre-trained DNN. The proposed model excelled at
mask segmentation, as shown by the DSC metric, which
measured the precise overlap between predicted and actual
masks. The MG-CAM achieved higher spatial accuracy for
coronary artery features, as indicated by the IoU metric in
Figure 4B. The PA graph in Figure 4C shows that the model
accurately identified and segmented normal and abnormal
pixel regions. The proposed method exhibited the lowest
error rates (Figure 4D) according to the VOE metric,
effectively addressing over- and under-segmentation. The
MG-CAM was more efficient than traditional methods at
accurately detecting and segmenting medical images.

4.3. Outcome analysis and design of classification

Accuracy was used to evaluate the CAD diagnostic model’s
correctness. The accuracy metric provided an overall
performance view, but it lost its usefulness when the
dataset contained more normal than disease samples. High
accuracy rates did not guarantee effective detection of
critical coronary stenosis or significant luminal narrowing
associated with CAD. The Matthews correlation coefficient
(MCC) evaluates the quality of binary classification by
combining true positives, true negatives, false positives,
and false negatives into a single unified score. Prediction
accuracy is shown by a score ranging from a completely
incorrect answer (—1) to an exact match (1), with 0
meaning no better than a random guess. CAD and healthy
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Figure 4. Comparison of segmentation performance. (A) Dice similarity coefficient. (B) Intersection over union. (C) Pixel accuracy. (D) Volumetric

overlap error.

prediction were measured fairly through MCC, even
when the dataset remained imbalanced, and this metric
performed well for CAD diagnosis. Equations 24 and 25
were used to assess performance.

Figure 5 shows that the proposed T-DNN combines DL
and transformative methods to improve the recognition
of vital data elements. T-DNN outperforms CNN +
DNN, particularly on challenging datasets, by improving
classification performance.

4.4. Discussion

Deep neural network, TL-PDNN, MG-CAM, ensemble-
based ML, CNN, and T-DNN were among the models
that received a complete performance analysis on the data
for segmentation and classification tasks. DSC, IoU, PA,
and VOE were evaluated as performance metrics for the
segmentation task across image counts of 100, 200, 300,
and 400. All metrics showed that MG-CAM consistently

outperformed other models. The DSC value for MG-CAM
ranged from 0.88 for 100 images to 0.93 for 400 images. For
IoU, MG-CAM reached 0.82 at 400 images, outperforming
TL-PDNN and DNN. For PA, MG-CAM reached 0.96
at 400 images, above TL-PDNN (0.93) and DNN (0.9).
VOE value for MG-CAM started at 0.25 for 100 images
and dropped to 0.18 for 400 images, the lowest among the
models.

Accuracy and MCC were used to evaluate performance
in a classification task, both evaluated on the same set of
images. T-DNN achieved the best performance on both
metrics, with accuracies of 0.85 at 100 images and 0.88 at
400 images. CNNs and DNNs also demonstrated viable
performance, although T-DNNs remained superior. For
MCC, T-DNN achieved the highest value, achieving 0.76
at 100 images and 0.79 at 400 images. Ensemble-based ML
and CNNs followed closely behind, but T-DNN consistently
outperformed other models. G-CAM performed well in
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Figure 5. Comparison of classification performance. (A) Accuracy comparison. (B) MCC comparison.
Abbreviations: CNN: Convolutional neural network; DNN: Deep neural network; MCC: Matthews correlation coefficient; ML: Machine learning; T-DNN:

Transformer-aided deep neural network.

the segmentation task, whereas T-DNN performed well in
the classification task.

The proposed model combined MG-CAM and SHAP
to enhance transparency by providing spatial and feature-
level explanations. While MG-CAM identifies regions of
the image that are important for predicting CAD, SHAP
measures how each image feature contributes to the final
classification. These visualization methods make the results
more interpretable, but expert cardiologists have not
measured the results, and they do not include quantitative
localization measures (such as pointing-game accuracy or
IoU between explanation maps and manually annotated
pathological areas). Thus, the explainability results should
be seen as qualitative evidence to improve the models
transparency, but not as clinical evidence. Future studies
should include a quantitative assessment and analysis of
the quality of cardiologists’ explanations to further validate
their clinical usefulness.

Other clinical evaluation metrics, such as sensitivity,
speciﬁcity, precision, Fl-score, receiver operating
characteristic analysis, AUC, and precision-recall curves,
should be used to comprehensively assess diagnostic
performance, in addition to overall classification
accuracy. The metrics provide a balanced measure of
classifier behavior, especially in cases of imbalanced class
distributions. Calibration analysis and decision-curve

analysis should be added to future versions of the model
for measuring the reliability and clinical utility of predicted
probabilities.

It should be noted that these results were obtained on
a single publicly available cardiac MRI dataset. As imaging
protocols, scanner vendors, and patient populations vary
across clinical sites, the generalizability of the proposed
model to data acquired from different scanners or clinical
centers has not yet been verified and remains an important
direction for external validation.

It is important to distinguish between explainability, i.e.,
the ability to visualize which regions or features influenced
the model's output, and clinical interpretability, i.e.,
whether these explanations align with and are actionable
within established clinical reasoning. Signifying the
former does not by itself establish the latter, which requires
structured evaluation by domain experts.

4.5, Ablation study

The importance of each component in the proposed model
was quantified by progressively removing or replacing each
module while maintaining the training and evaluation
conditions. We tested four variants of the model: (i) the
base T-DNN without the MG-CAM module, (ii) the base
T-DNN without SHAP-based FS, (iii) a CNN model that
has a transformer encoder module replaced by a CNN
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module while keeping the rest of the model, and (iv) the
complete proposed model. Comparisons showed that each
component performed a task that contributed to diagnostic
performance in this experiment. Removing MG-CAM
reduced localization quality because diagnostically
relevant regions were insufliciently highlighted prior to FE.
Removing SHAP-based FS resulted in redundant features,
thereby reducing classification performance. Likewise,
the transformer model’s capacity to learn long-range
relationships between cardiac MR images was lost when
it was replaced with a classic CNN. The proposed model
achieved the best segmentation and classification results,
and it is evident that the projected improvements are due
to the balancing effects of all components, not simply to
the number of components.

5. Conclusion

The intelligent clinical support system (ICSS) achieves
precise CAD diagnosis through XAI and DL, thereby
enhancing diagnostic accuracy and interpretability.
Applying MG-CAM to CMRI scans, the system
marks important CAD features using accurate image
segmentation. We applied SHAP to analyze segmented
data, enabling us to discover and prioritize key features
that support accurate predictions. The clear explanations
help clinicians recognize why the model generates specific
predictions, thereby increasing trust in its diagnostic
decisions. The T-DNN analyzes patient data to predict
diagnoses by understanding the interrelationships among
multiple data elements. The model achieved 88% diagnostic
accuracy and a DSC of 0.93 in segmentation. This is
an outstanding performance, indicating the method’s
efficiency and utility. XAI is integrated into classification
to handle DLs black-box problem. Reliable results and a
clear explanation both come from this. Better-informed
CAD decisions and treatment plans become possible for
clinicians through new developments in ICSS. The system
also promotes the use of OpenAl in a medical setting.

Building a larger dataset that covers diverse population
groups depends heavily on researchers and on adding
clinical data and genetic markers to make the model work
better for all individuals. Collaboration across the medical
sector for training, while maintaining patient data privacy,
will become possible through future research in federated
learning. ICSS will provide more personalized HCS
services through these new capabilities, enabling faster
treatment responses and improved patient outcomes for
individuals with CAD.

Despite the promising experimental results, several
limitations remain. First, the proposed model was tested on
a single publicly available cardiac MRI dataset and might

not capture all the imaging variability across hospitals
and scanners from different vendors. Second, external
validation using independent multicenter data has not
yet been performed. Third, the explainability aspect has
been tested qualitatively without the involvement of expert
clinicians. Lastly, clinical validation is required to make
the model ready for clinical use in cardiovascular CDSS.
These limitations should be addressed in future work
via multicenter validation, clinician-based explanation
validation, uncertainty estimation, validation analysis, and
prospective clinical evaluation. The proposed model should
be measured as an assisting CDSS rather than a standalone
diagnostic system. The explainable visualization, created
using MG-CAM, and the feature importance analysis from
SHAP can help clinicians understand the model’s reasoning
when making CAD assessments. However, clinical use
should remain at the discretion of the expert and be based
on the patient’s history, laboratory, and imaging results
until large-scale, prospective clinical studies are performed
and published.

Future studies should also use repeated cross-validation
to evaluate the reliability of experimental improvements in
performance and will employ statistical hypothesis testing,
such as paired t-tests or Wilcoxon signed-rank tests, as
applicable. Major performance measures should also
be reported with confidence intervals to assess whether
experimental improvements over competing methods are
due to sampling variability or a true improvement.
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