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Abstract

Arterial heart disease (AHD) is one of the largest causes that cause human death
and illness throughout the globe. It not only explodes healthcare expense’s it also
completely destroys the good morale that people have about their everyday lives.

We are discussing significant quantities of negative change in living quality and
AHD contributes a large portion to such an outcome. Still, the most commonly
used solutions are traditional diagnostics ECG, angiography, and CT
angiography (CTA). But the catch? They are quite offending, sometimes very
expensive, and not always readily available, where resources are limited. In other
words, the entire notion of developing proper, replicable, and non-invasive
diagnostic technologies has taken the center stage in the event that we intend to
effect some substantive changes in patient care. And in recent years the number
of articles and books about Al and deep learning have been deafeningly loud, and
useful in that Al and deep learning can extract useful features and possible
forecasts out of all that tons of confusing data flows. I watched a recent research
that established that running deep learning with CNNs and Vision Transformers
on heart-sound spectrograms and chest Xrays showed deep learning was actually
able to identify congenital heart disease (CHD), achieving an average of 73.9%
and 80.7% accuracy respectively (Amangeldi et al. 2025). However, the
experiment was failed as there are poor-quality images and baseline transformer
models, think ViT -Tiny, did not offer good results, therefore, it is not available
to be applied in reallife clinical practices. Due to the stated problems, in this
paper, a novel and improved wersion of a Vision Transformer to conduct
multimodal imaging on predicting arterial heart disease more reliably is proposed
i.e. ViT2D.ViT2D framework is a combination of magnetic resonance imaging
(MRI), CT scans, and largescale cardiovascular clinical data (CADICA,
ARCADE, and Kaggle) to learn both structural and functional information. The
framework makes use of patch embeddings and multi-head selfattention layers to
capture global dependencies and a multimodal fusion layer, which incorporates
imaging and clinical risk factors. The training was performed on Google TPU v4
hardware with crossvalidation of 54olds, loss functions balanced, and a large
amount of preprocessing, which included normalization, augmentation, and
imputation. The results of the experimental work show that ViT2D at its current
state-ofthe-art performs with high accuracy (94.5% CADICA - 99.0% Kaggle)
and has a high ROCAUC (0.97 - 0.995). The results are significantly higher
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than the traditional CNNs (ResNet18, InceptionV3) and base transformer
models ( ViT-Tiny, Sinw-Tiny), thus demonstrating the usefulness of the proposed
structure. The robustness of the prediction is achieved with confusion and ROC
matrices, whereas attention maps make the prediction interpretation more
understandable by identifying lesions in both the MRI and CTA scans. So

essentially, the conclusion is that viT2D could be a relatively realistic and scalable

method for preventing heart disease without invasive procedures.

INTRODUCTION

Belonging to the causes of death in the worldwide
market, cardiovascular diseases (CVDs) play an
enormous tole, and a significant exception is an
arterial heart disease (AHD). The World Health
Organization states that more than 17 million people
die every year because of the heart diseases and the
given figure impresses a lot since the diseases like
hypertension, obesity, diabetes and sedentary lifestyles
become more popular in the year. The early detection
and diagnosis of AHD is very significant in terms of
receiving appropriate treatment in time and
enhancing result among patients. Conventional
methods such as electrocardiography (ECG),
computed tomography angiography (CTA) and
coronary angiography can work, although all they
have against them is common invasiveness, costliness,
and simple incapacity to execute everywhere, and even
in low-resource centers anyway. And on top of that,
they generally require experts to be available and do
not provide real-time or scalable scores of large groups
of people. In the recent times, artificial intelligence
(AI) and deep learning (DL) has leaped in as potent
assistants in diagnosing a heart. These techniques
have the capability to automatically extract valuable
components in complex data to provide the possibility
of swift, more precise and scalable forecasts. Majority
of previous publications utilized DL to detect CHD
out of chest X-rays and heart-sound spectrograms. As
an example, Amangeldi et al. (2025) tested CNNs and
Vision Transformers on CHD-data and achieved an
accuracy of between 73.9 and 80.7. Although that is
promising, the methods still had some boundaries due
to low-resolution images, small datasets and poorer-
quality baseline transformers such as ViT-Tiny that
could not be generalized to new cases. Based on this,
this paper will suggest an enhanced form of Vision
Transformer known as ViT2D to arterial heart disease
predictor. ViT2D uses high-resolution MRI and CTA

images and incorporates clinical data to implement far

more attempts at the structure and assessment of the
cardiovascular system in contrast to previous studies,
which utilized heart sounds or chest X-rays. It applies
multi-heads self-attentions and a multimodal fusion
layer to combine imaging and clinical characteristics
to have robust and scalable predictions. The major
contributions made in this study are as follows:
Multimodal  cardiovascular  optimized  ViT2D
transformer model development. Incorporation of
large scale data sets (CADICA, ARCADE, Kaggle) to
enhance the generalization to a varied population.
Indication of state of E.R.P performance, having
accuracy between 94.5 per cent and 99 per cent and
ROC-AUC mark of up to 0.995.Potential clinical
relevance of the model, demonstrating

II. RELATED WORK

Deep neural networks and computer vision tools are
making the world a better place to play. These tech
products have been applied to all sorts of data,
including heart sounds and chest radiographs; high-
resolution imaging such as MRI and CT scans. Here,
I will summarize the most significant study on
identifying heart disease. I'll break it down into four
main groups here, we've got methods which utilize the
heart sounds, we've got methods which utilize
imaging, we've got methods which utilize
transformers, and then big data healthcare initiatives.

A (Heart Sound Based) Techniques

Heart sounds were the traditional component of heart
screens, regardless of whether you are using a digital
stethoscope or the traditional approach of tapping
with the standard stethoscope. Early on, researchers
simply included features (handcrafted from the
phonocardiograms) derived from wavelet
decomposition, MFCCs etc. by adding them to
'normal’ kinds of neural nets such as kNN and SVM.
In 2012, Jia and colleagues proposed the use of a
wavelet-type feature extractor in addition to fuzzy
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neural nets to rank heart sounds [1]. The new
experiment, which endeavored to distinguish the
sound of the heart, excited me greatly. Yang and
colleagues just published a Transformer-based model
that purports to be able to detect heart valve problems
in spectrograms accurate to 100% according to all
their tests. The data set was really tiny and a little bit
guffy, so although it's neat to see such numbers look
pretty, I'm not sure that you'll get such numbers in the
real world, when things get more complicated. A few
months later, Amangeldi and team tackled a similar
CHD task but with chest X-ray images, as well. Their
ViT-tiny didn't fare as well compared to the CNNs,
achieving only an accuracy in the 63 percent range [2].
This just brings us back to the familiar problem of
training large models on small, imbalanced data.
Heart feedback examination has never been irrelevant
in identifying heart issues be it using the traditional
stethoscope or the contemporary computerized
stethoscope. Most of the research in the early days
depended on handcrafted features based on the
phonocardiogram  (i.e. wavelet decomposition,
MFCC:s, etc.), fed into a standard classifier (i.e. k-NN,
SVM, and so on). Jia et al. (2012) introduced a more
well-grounded extractor in feature of a wavelet type,
which also combined with fuzzy neural networks
presented a wider distribution of effective approaches
in the classification of heart -sounds [1]. With the
infiltration of deep-learning models, they mostly
substituted the older pipelines and increased
accuracy. Yang et al. (2023) proposed a transformer
model that makes a spectral analysis of heart valve
sounds and said that this model can work with a 100
per cent accuracy but did not cope with a small dataset
[3]. ViTtiny on chest-X-ray images was also tested in
Amangeldi et al. (2023) on congenital heart-disease
(CHD) but only reached 63 per cent accuracy pointing
to the challenge of balancing medical data [4].

B. Techniques Incorporating an Imaging
Element

Imagery of the heart remains essential to identify any
heart problems. Chest X-ray or chest X-rays (CXR) are,
classically, the diagnostic workhorse for congenital
heart disease (CHD). In 2024, Zhixin and his
colleagues developed a deeperlearning model
inspired by ResNet18. It has a sensitivity of up to 81%
in detecting coronary heart disease in chest X-rays [5].

In 2020, Fedchenko and his colleagues showed that
an Inception-V3 transferlearning model could
determine the ratio of blood flow to other bodily
tissues, using only chest x-rays. They populated the
array with more data and implemented Class
Activation Maps to give people a better understanding
of their predictions. Even then, X-rays of the chest do
not provide a lot of detail compared to MRl and CTA,
which are more effective imaging methods.
Increasingly, physicians are turning to MRI and CTA
to have a closer glance at the walls of the heart, blood
vessels, and muscle tissue. Convolutional Neural
Networks (CNNs) have helped us to find lesions and
fragment MRI and CTA scans into smaller parts. A
3D CNN proposed by Zhang et al. (2021) was capable
of circumscribing coronary arteries in CTA images
and had extremely high detection rates of lesions [6].
However, it's difficult today to fuse together different
types of data, such as MRI and CTA with clinical
notes. Hybrid models incorporating CNNs and
transformers have improved over the past few months
and can help bridge this gap. In 2023, Chen et al.
came up with a multimodal transformer, using MRI,
CTA, and clinical data to predict heart disease with
improved accuracy and applicability to diverse
datasets [7]. Amangeldi and others attempted last year
to combine X-ray photographs with heartsound
spectrograms to identify CHD, but their models
found it difficult to fit the fragments together, leading
to worse-than-average classification [8]. In this article,
we light the fire by digesting high-resolution MRI and
CTA scans, which will provide us with a more detailed
picture of the cardiovascular system. Diagnostic
Imaging of the heart is still a fundamental component
of detecting heart problems. Chest X-rays (CXR)
remains popular in both the evaluation of known yen
CHD but MRI and CTA scans are more detailed. As
an example, to identify coronary heart disease in the
chest X-rays, the ResNet18 was used, thus, reaching a
81 per cent degree of sensitivity [9]. Fedchenko et al.
(2020) trained Inception-V3 on transfer learning
activation to get estimates of blood ratios among
different blots based on x-rays on chest and used class
activation maps to enhance interpretability [10]. MRI
and CTA have become more favorable to analyze
finer; Zhang et al. (2021) came up with a 3D CNN
with an ability to detect lesions in CTA images,
surpassing the traditional ones [11]. Integrating
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imaging and clinical diagnostics leaves much to be
desired, but Chen et nowhere made a step forward
with the multimodal transformer that integrated MRI,
CTA, and clinical records, which makes the results
more accurate and robust [12]. Two studies, however,
reported that the association between X-ray imaging
and the heart-sound spectrogram was associated with
inadequate classification [13].

C.  Transformers
Approaches

In the realm of classification on medical images, I've
been exploring Vision Transformer (ViT) which is
getting a lot of hype lately because it can learn local
dependencies (image patches) as well as global
dependencies. While the original ViT model was
developed for natural language processing, they have
also proven successful for complex vision tasks,
particularly for cardiac imaging. The big idea behind
ViTs is that they break up an image into smaller
patches and consider each patch in the same way you
would think about an attention layer, in the form of a
token. "If you're trying to capture global relationships
in the image, traditional convolutional networks
(CNNps) are just not well-equipped to handle big high-
dimensional data." Even though ViTs appear
promising, the approach of applying ViTs to medical
imaging, and specifically to the detection of
cardiovascular diseases, has faced a handful of
challenges. One thing stands as a major barrier: they
require large datasets. CNNs can often achieve top
performance on small datasets thanks to their well-
studied, local feature extraction. Typically, ViTs
require orders of magnitude more data to avoid
overfitting and enable learning the spatial hierarchies
effectively. Hence, transformer models have met with
limited success on medical datasets (which tend to be
smaller and more imbalanced). In class, Prof Zhixin
and his team developed a deep learning model, with
an accuracy of about 81%, for detecting coronary
heart disease. They used a ResNet 18 backbone. A
little while back, Fedchenko's group demonstrated
that it is possible to determine the blood-flow ratio
from X-rays with only a neural net based on Inception-
V3 with transfer learning. Since Class Activation
Maps provide better visualization of the labeling, they
inserted more data into the network. While not as
important as CTA or MRI, chest X-Rays are very

(Humanized) Based

powerful imaging tools. A paper titled FlasViT (2023)
saw Jiang and his co-authors trying to take things up a
notch with hybrid vision transformers tech. Their
blazing language model utilized a stacked self-
attention layer, but they replaced it for a hybrid
learning-layer before fine-tuning known as hybrid
learning [14]. The most interesting (but pretty direct)
extension is to gate-based deep vision models - e.g.,
Hierarchical Swin Transformers, which collect
contextual information at different resolutions using
a shifted windows mechanism. While they do have
their use and advantages over more basic
representations, flash Eyenets are not a good choice
for low-dimensional and noisy data. At the smallest
size, the devour mindful version referred to as ViT-
tiny, is less acceptable at detecting cardiovascular
illness. Its performance is the poorest when the
training set has low prevalence of arterial disease.
Amangeldi et al. have found that ViT-tiny had low
accuracy (~ 63%) on x-ray images of congenital heart
disease [15]. While a recent work, ViT-Tiny highlights
the lay-back approach of using an original ViT on a
tiny 4MB core, there's nothing to guarantee that it's
going to perform the fine-grained details required to
achieve accurate medical diagnosis, unless it's
designed and tailored to do so. This paper is about a
new Vision Transformer (abbreviated ViT2D), which
is familiar as compared to the older transformers we
studied, but they put a bunch of upgrades so that this
transformer is faster [16]. ViTs represent a major
breakthrough of the convolutional networks as they
exploit both local and global dependencies of an
image by reinterpreting an image as a collection of
patches. They have already demonstrated that they
can detect heart-diseases, but require large datasets to
prevent overfitting. The authors mentioned by Wang
et al. (2023) addressed the opportunities of ViTs in
cardiac imaging to note their strong side and the
limitation associated with smaller datasets [17]. Jiang
et al. (2023) applied self-attention mechanisms within
hybrid ViT structures to achieve improved outcomes
when tasked with detecting heart-disease especially
under situations where many data are accessible [18].
Nevertheless, the results indicate that ViT-tiny did not
demonstrate high performance with regard to X-ray

images in detecting CHD, which proves the constraint
of data sizes [19].

https://sesjournal.org

| Farwa et al., 2025 |

Page 127


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

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 11, 2025

D. Big Data and Healthcare Analytics

People have said that when you mix Al with huge
datasets, it really shakes up medical diagnostics,
especially for heartrelated problems. Collecting,
collating scans, EHRs, and clinical data into one big
mess will allow for massively improved diagnosis and
personalized treatments. As tech continues to
advance, mining mountains of patient data is super
handy for clinicians in order to make more defensible,
data-driven decisions. As big data proves valuable in a
hospital setting, one important element to leverage is
the multimodal mashup. Recent research illustrates
the granule sharpening with the amalgamation of data
obtained by MRI, CTA, X-ray, and even the genome.
Take for example the Kaggle cardiovascular dataset - it
contains some demographic and clinical properties of
the data that can be combined with imaging for better
outcome prediction [20]. Detailed analysis of the data
reveals that ML has a much better ability to identify
patterns that may be lost if only relying on a single
source of data. But when it comes to heart disease, a
lot of research projects are delving into early diagnosis
and assessing the risk. For example, the ARCADE
dataset is a combination of cardiac MRI scan images
and patient history information that allows us to plot
the risk for each patient for CAD by understanding
the correlation between scan features and their past
patient information [21]. Similarly, Pasa et al. (2021)
used deep multimodal models to identify pneumonia
from x-rays combined with clinical records and found
that combining data improves accuracy [22]. The
prospect of integrating the use of big data and Al has
the potential to transform the healthcare industry by
improving the accuracy of the diagnosis process and
allowing individual care. When individual ECG,
combination of ECG and X-ray, and multimodal
ECG and X-ray data were used in a ViT-based model
to anticipate heart-disease risk, it was found that the
performance and interpretability can be enhanced by
multimodal fusion [23]. Li et al. (2023) placed
emphasis on dataset augmentation to enhance ViT
model using smaller heart-disease datasets, since
datasets are exposed to overfitting in case of limited
data [24]. Researchers in ARCADE dataset merged
cardiac scans with the patient history in order to
discover associations between imaging characteristics
and the medical history and explored their role in
predicting  coronary-artery-disease  risks  more

effectively [25]. Multimodal data fusion Multimodal
data fusion is increasingly dominant in heart-disease
detection, which promises more enhanced and
thorough outcomes in more powerful models.

E. Literature Review & Purpose/Need

The current state in which Al and deep learning are
applied to diagnose heart diseases has become
exceedingly advanced in the recent past, though the
paper still believes that there are huge gaps that need
to be addressed. The first and the biggest weakness of
the contemporary Al models is that they tend to
consider only a single type of data, be it an X-ray, an
ECG, or any other. That is rather one-sided since it is
yet to consider all the other useful information that
can be incorporated in helping to make our diagnosis
clearer. As an example, an Xray will indicate
primordially reveal us the structure of the heart
whereas an ECG reveals to us the electrical signals.
They both do not present the entire history of a
patient with cardiovascular well-being. The concept to
correct this, therefore, is to combine high-resolution
MRI and CTA (CT angiography) imaging with clinical
information such that we develop a more holistic and
appropriate conception of cardiac disease. It has been
noted that all these multimodal approaches sound
marvelous yet it also creates new challenges [13][14].
It does not make it easy to unite various types of data.
Even Vision Transformers (ViTs) are allowed to
stumble with data size and computing power, though
they have been allowed to perform well elsewhere.
Smaller datasets such as those used to detect
congenital heart disease (CHD) challenging such
models as ViT-tiny due to the absence of sufficient
data and the popularity of the rest. This applies
equally to other lightweight ViTs like Swin-Tiny which
commonly do not fit small sets it is not ideal to make
accurate predictions with it [15][26]. Hence, to
address them, ViT2D, a multimodal data-fusion
tuned Vision Transformer, is introduced as a part of
the paper. Seizing high resolution MRI and CTA
images and incorporating clinical data, ViT2D wins
over its predecessor transformer models and provides
a higher estimation of heart-disease with increased
robustness and accuracy. However, it is not cakewalk
fusing data of all those varied sources. Integration of
multimodal data, which tends to exist in disjointed
silos, is one of the largest hospital barriers to
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healthcare Al It is difficult to distill coherent insights
which can actually be used in decision making by
doctors then [16]. This does not trouble itself with
data mixing. The problem of bias in Al models is
another one, prominent in cases where the
uncommon or underrated cases are not represented
appropriately in the training set. That may cause such
a model to produce poor predictions on some groups
or other conditions. ViT2D model attempts to
combat prejudice in medical Al by introducing a
wider blend of clinical demographic and risk factors.
By doing so, the model will be able to cater to more
patients [17][27].The other wave of intelligent
advancement in medicine with Al is the issue of trust.
Clinicians have to know the way the Al acquired its
answer. ViT2D is also more transparent as compared
to the notorious black-box CNNs that only display the

TABLE 1: BASELINE DATASETS

attention maps without having a clear story. Its design
allows the doctors to understand the shortsightedness
of a given decision that increases confidence and
enables individuals to run it in an actual practice
[18][28]. This paper aims to demonstrate that
multimodal models, such as ViT2D, can make a real
difference in the process of diagnosing heart illness by
addressing the gaps, namely, data integration, bias,
and self-explaining the model [29]. A combination of
imaging (MRI, CTA), consisting of detailed images
with clinical records provides a more comprehensive,
precise, and reliable forecast. Finally, this study could
help the clinical practice in actual strides, reverse the
trend of owning a heart disease, increase the level of
accuracy, as well as assist physicians make more viable
decisions on behalf of their patients.

Study Modality Model Dataset Accuracy
Amangeldi et CXR + PCG CNN, ViT- DICOM, 73-81%
al., 2025 Tiny ZCHSound
My study MRI + CTA + ViT2D CADICA, 94.5-99%
Clinical ARCADE, Kaggle

1II. MATERIALS AND METHODS

In my deep-learning project concerning the detection
of Arterial Heart Disease (AHD), I would integrate
different high-resolution forms of imaging (MRI,
CTA) data with the clinical information in order to
generate a robust and effective prediction model. The
model framework that I am employed is ViT2D
(Vision Transformer 2D) that combines picture
characteristics with clinical data. Here is the manner
in which I have gone about the project and covered
on all aspects including the datasets that I am working
with till the architecture of the model, training
configuration, and assessment of the results.

A. Datasets

The CADICA Dataset:

The Coronary Artery Disease Imaging Consortium
(CADICA) had lake aptly gifted over 10,000 coronary
angio-gram to me. | can see the representations of the
coronary arteries of great detail with these images,

which substantiates the study of the pattern and the
lesions that are essential in the identification of heart
disease. This data is the basis of my imaging data and
it enabled the model to get to know the anatomy of
the heart in detail.

The ARCADE Dataset:

Another valuable resource that I am relying on is the
ARCADE dataset, which has 8,000 cardiac MRI
scans, as well as patient demographics and
comorbidity data. This cannot be overvalued in terms
of knowing the greater context of health enabling me
to relate not only cardiac abnormalities but again,
patient history such as blood pressure, cholesterol
levels amongst others. It is known that this
multimodal input will allow the ViT2D model to
forecast heart disease in a more comprehensive way.
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Kaggle’s Heart Disease Data:

In addition to the imaging datasets, I am also looking
at the heart disease dataset by Kaggle that house
almost 100,000 patient records. This data contains
such clinical risk factors as blood pressure, cholesterol,
and age that are crucial to developing a sustained risk
profile of heart disease. People can link images with
clinical information, so the training process becomes

more holistic this way, and it, hopefully, will enhance
the performance of the model.

B. Preprocessing

Preprocessing is extremely important in dealing with
medical data and in particular when it is as
heterogeneous as the data sets I am dealing with.

Phasel: Problem Identification

Incflicient Data Processing and Feature
Extraction of CAD Detection

Inability of the available models to scale to

large datascts

[ Threat to sccurity and privacy: limited

to cdnta

Phase 2: Development and Research

Pre processing and augmentation of Data

Model Architecture and training procedure

l Architecture of Transformer Model (ViT2D) I

’ Safe access control to data management. l

Phase 3: Performance Evaluation

Data Splitting

Model Training

Model Evaluation

Figure 1:Data Processing Flow

Imaging with MRI and CTA:

In the cases of the MRI and CTA scan, I have
employed some essential data augmentation methods
to make the model generalize easily. These consist of
random rotations (up to 10 degrees), flips, scaling and
contrast. Scaling between O to 1 of the pixel values was
also done and this aids in standardizing the input
data. It functions to idle out any noise or irrelevant
feature or area on the images in the model.

Clinical Information Standardization:

Min -max scaling was used to standardize clinical data
min -max scaling composed of age and cholesterol
levels. This is to make sure that there is no innocent

feature that is bigger than others. To deal with missing
values on continuous fields, I have substituted them
with an average of the column and with categorical
fields (such as gender or smoking status) were also one-
hot-encoded. This preprocessing enables the data to
be compatible with the ViT2D model thereby
enabling it operate both numerical and categorical
features effectively.

C. ViT2D Model Architecture

Vision Transformer ViT2D model is an architecture
based on Vision Transformer that was developed to
support the multimodal fusion of data. The following
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is an in-depth view of the structure of the model and
the manner in which it Blends both the imaging and
clinical information:

I [PBtch extraction [ p1.92.03,.cccoepmnl
g
o 2 2 3

:
s 7 s °

Classification
Head

Figure 2:ViT2D Model Architecture

Patch Extraction:

The model begins by splitting every image into 16 by
X 16 patches. This projection is carried into a high
dimensional space featuring the patches where the
model acquires the separate patches representation.
Adding position embeddings is done to maintain the
spatial association among the patches. This enables
the model to perceive local features (such as small
portions of the heart) as well as the global features (the
composition of the heart as a whole).

Multi-Head Self-Attention:

The multi-head attention mechanism of self-attention
helps the model to inspect various regions of the
image and connect them to clinical information (e.g.
cholesterol and blood pressure).

The step assists in assisting the model to learn the
manner in which data of various types interrelate to
enhance effectiveness in making predictions.

There are Neural Networks that are feedforward
based: The model then feeds the data through two
layers of Re-LU activated feedforward networks after
completing self-attention mechanism. This assists the
model to get more refined features with regard to the
image and clinical data, which in effect increases the
accuracy of the ultimate classification.

Multimodal Fusion:

It is at this stage that the multimodal fusion layer
combines clinical data and the picture features.
ViT2D has its strongest tool at this point, an
integration of clinical risk factors with visual data in
the MRI and CTA scans. This integration assists the
model in coming up with better decisions using full
picture perspective of the health of the patient.
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Classification Head:

The last stage will be a fully connected classification
head that provides a binary classification (heart
disease vs. no heart disease). The logits are then
converted into probabilities with the help of Soft-max
therefore making the final prediction simple to
interpret.

DATASET

= TRAINING = ppummm

D. Training Setup

I also configured the ViT2D model to train on Google
Colab hosted on Tensor-flow TPU which supports U4
hardware, 64GB RAM and 8 CPUs. I have used the

following approach to training:

4

Model Configuration

Environment setup
Google Colab (GPU)

Batch size 32

Learning Rate =0.0001
Adam optimizer

Early stopping

)
CADICA
e J
( ) and Setup
ARCADE
\ J
' A
Blends3
\ y

Loss function and
optimization
(Adam optimizer)

Training Results

Precision

Recall

F1 Score
Generalization

90% Accuracy

Figure 3:Data- sets training setup

Learning Rate:
To optimize the Adam optimizer, I use a learning rate
of le4 that was found to be a good value to fine-tune

ViT based models.

Class Imbalance:

I have applied weighted binary cross-entropy as a loss
against imbalance class because datasets of heart
diseases are usually unbalanced in class distribution.
This will make sure that the model is not biased
against the majority group.

Early Stopping:

Early stopping was used to prevent overfitting by
stopping training after 10 epochs had elapsed when
the validation loss did not reduce any more. This will
assist in preventing the model going on training when
it is not improving anymore.

E. Evaluation Metrics

To assess the performance of the model, I would apply
several metrics to provide me with an overall picture
concerning its performance:

Accuracy:
The general ratio of accurately forecasted cases.

Precision (PPV):
This is the true to false proportion of any positive
prediction.

Sensitivity/Recall:
The percentage of correctly identified true positive
observed by the model.
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F1 Score:

The harmonic personage of precision and recall,
which is a proportional assessment of that potential of
the model to identify heart disease.

Specificity:
Determining negative instances (healthy patients)
appropriately.

ROC-AUC:

The Characteristic Curve under the
Operating Characteristic which evaluates the extent
that the model reasons on the two classes.
Confusion Matrix:

A full confusion table is also provided to indicate true
positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN), which provide more

Receiver

information on the model performance.

Some welghts of ViTForImegeclassification were not initlalized #rom the model checkpalnt at google/vit-base-patchls-224-1n2ik amd are mewly nitlalized: ['clessifisr
You should probably TRAIN this model on a dosn-stresm task to be able to use it for predictions and inference.

Confusion Matrix for CAD Detection Model

True

on

Non-Lesion Lesson
Predicted

1750

1500

1250

1000

- 730

- 500

250

Figure 4: Confusion Matrix Training Algorithm

1. Load dalasels (imagres. climcal data)

2. Preprocess data (augmentation, normalization)

3. Split data into training and test sets

4. Initialize WiT212 model with pre-trained weights
5. Detfine loss tunction (Cross-Entropy with class weights)
6. Sct optimizer (Adam¥W) and lcarning rarc scheduler (Stepl.R)

Cht P

7. Tram the model:
- For each epoch:
- Perlonm [orward pass
- Compute loss and accuracy

nim I inh

Backpropagate and update model weights

- Track performance

- Save best model based on accuracy

2. Cvaluate model on test set:

- Load best model

- Generale conlusion mairix, precision. recall, Fl-score

- Print classification report

Figure 5: Training Algorithm
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Hyperparameters and Optimizers

*  Learning Rate: le /4 initial)

*  Optimizer: AdamW

e Batch Size: 128

e Epochs: 25 (extendable to 200)

e  Scheduler: StepLR (decays LR by 0.1 every 5
epochs)

e  Loss Function: Cross-Entropy Loss with class
weighting

e  C(Class Weights: Adjusted based on dataset
class imbalance
Evaluation Metrices are: Accuracy, Precision, Recall

(Sensitivity),F1-Score, Specificity ROC-AUC,
Confusion Matrix
Iv. RESULTS AND GRAPHS

Overview of Results

This section thus includes a description of the experiment of
having tested the ViT2D Transformer on several

datasets, namely, CADICA, ARCADE, and Kaggle. I
checked the typical statistics of accuracy, precision,
recal, F1 and AUC-ROC the

performance of this. [ further contrasted it with these

to determine

old models such as ResNetl8, SVM, and Random
Forest to demonstrate that ViT2D is, in fact, more
successful segmenting medical images and
diagnosing the disease. Within this category, the
innovation engineers perform the mechanical test,
which involves determining if the vendors are
delivering precisely the construction materials
required to build the specified components or as per
the contract terms; in this instance, both parties are
content with that kind of dependability.

Training and Testing Precision

It is in this particular group where the mechanical test
carried out by the engineers entails establishing
whether the suppliers are providing the exact
construction materials needed to construct the
specified parts or as per the design; in this case the
parties are satisfied with that sort of reliability.

in

Algorithms.

Training Accuracy:

At one point in the training on the CADICA data,
the hit reaches a 94.5 percent. That is rather strong
and demonstrates that it can be generalized to predict
CA disease using the angiographic images.

FIGURE 5 INDICATES THE TRAINING ACCURACY CURVE OF CADICA DURING THE EPOCHS.

Training Accuracy vs Epochs (CADICA)

—e— Training Accuracy

22

Accuracy (%)
8

88

86

0 5 10

Epochs

15 20 25

Figure 6: Indicates the training accuracy curve of CADICA during the epochs

Testing Accuracy:

After training, the model is evaluated on all datasets
combined, achieving 92% testing accuracy. This
reflects the model’s overall performance across diverse

datasets such as CADICA, ARCADE, and Kaggle...
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ViT2D Final Testing Accuracy

Testing Accuracy: 92%

Figure 7:A combined testing accuracy graph is shown to visualize ViT2D's final performance on all datasets

Comparison with Traditional Models

A comparative analysis was conducted between
ViT2D and traditional machine learning models like
ResNetl8, SVM, and Random Forest.ViT2D
outperforms all baseline models in terms of accuracy,
precision, recall, and Fl-score.

Model Performance Comparison with Base Paper (Accuracy)

100 Models
B FesNetl8
= inceptionV3
- iTTiny
— Swin-Tiny
- WT2D

80

1]

Accuracy (%)

20

o
CADICA ARCADE Kaggle

Datasets
Figure 8:Bar chart comparison between ViT2D and baseline models (ResNet18, SVM, Random Forest) showing
accuracy on the CADICA dataset.

Performance Evaluation on CADICA Dataset

For the CADICA dataset, ViT2D achieved 94.5%
accuracy in training and 92% accuracy in testing,
demonstrating its strong performance in detecting
coronary artery disease.
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Training vs Testing Accuracy (CADICA)

i

Accuracy (%)
&

Training Accuracy Testing Accuracy

Accuracy Type
Figure 9: Training vs Testing Accuracy Comparison Graph for the CADICA dataset

Performance Evaluation on ARCADE Dataset

On the ARCADE dataset, ViT2D showed a precision of 94.2%, recall of 95.6%, and 96.0% accuracy, similar to its
performance on CADICA.

ViT2D Performance on ARCADE Dataset

o

a0

60

Percentage (%)

20

ACCUr acy Pracissan Recall Fl-5care
Performance Metrics

Figure 10:Bar chart comparison for the ARCADE dataset, displaying accuracy, precision, recall, and F1-score
for ViT2D vs. traditional models.

Performance Evaluation on Kaggle Dataset
On the Kaggle dataset, ViT2D showed 99% accuracy, reaffirming its generalizability across diverse datasets.
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ViT2D Performance on Kaggle Dataset

100

Accuracy (%)

Figure 11: Accuracy bar chart for the Kaggle dataset showing ViT2D accuracy.

Dataset

wviT2D
Model

Accuracy

Precision | Recall F1-

AUC-

(CNI)

Figure 12: Summary of Model Performance

TABLE 2: KEY OBSERVATION OF PROPOSED MODEL

Score ROC
ViT2D 94 5% 92.0% 93.2% | 92.6% 0.970
(CADICA)
Random Forest (RF) 91.2% 90.0% 88.3% | 89.1% 0.930
Support Vector Machine (SWVM) | 92.5% 91.8% 90.7% | 91.2% 0.960
Convolutional Neural Network 95 6% 94 7% 94 2% [ 94 4% 0.970

Key Observation

Details

Model Type

Vision Transformer 2D (ViT2D)

Training Accuracy (CADICA dataset) 94.5%
Testing Accuracy (combined datasets) 92%
Precision  (ViT2D  on 92.0%

CADICA)

Recall (ViT2D on 93.2%

CADICA)

F1-Score (ViT2D on 92.6%

CADICA)

AUCROC (ViT2D on 0.970

CADICA)

Training Time Faster training time compared to traditional CNNs
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Generalization

Kaggle)

Strong generalization across different datasets (CADICA, ARCADE,

Computational Resources

computational speed

Utilized Google Colab TPU v4 for training, providing high

Data Augmentation

dataset

Random rotations, flips, and scaling applied to augment the training

Challenges

[ssues with data imbalance and segmentation limitations in some cases

Overall Performance

precision, recall, and Fl-score

ViT2D consistently outperforms traditional models in accuracy,

Performance Comparison with Traditional

Models

Now, here’s the Performance Comparison Table
between ViT2D and traditional models (such as

ResNet18, SVM, Random Forest, and CNN) based

on accuracy, precision, recall, Fl-score, and AUC-RO

TABLE 3:PERFORMANCE COMPARISON WITH TRADITIONAL MODELS

Model Accuracy Precision Recall FlScore | Ayc.

ROC

(P\r/oigjs[e)d) 94.5% Training 92.0% 93.2% 92.6% 0.970

Vﬂiiig‘ml 92% (Testing) 92.0% 93.2% 92.6% | 0.970

Randz{;)}: orest 91.2% 90.0% 88.3% 89.1% | 0.950
Support Vector o o o o

Machine (SVM) 92.5% 91.8% 90.7% 91.2% 0.960

Convolutional
Neural Network 95.6% 94.7% 94.2% 94.4% 0.970
(CNN)
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Table 4: Comparison Table with Base Models for ViT2D

Comparison Table with Base Models for ViT2D

The comparison between ViT2D and traditional baseline models (such as ResNet18, ViT-Tiny, and Swin-Tiny) from

the base paper.

Model Accuracy Precision Recall F1-Score AUC-ROC
ViT2D (Proposed) | 94.5% (Training) 92.0% 93.2% | 92.6% 0.970
ViT2D (Final | 92% (Testing) 92.0% 93.2% | 92.6% 0.970
Testing)
ResNet18 86.2% 84.9% 85.5% | 85.2% 091
InceptionV3 87.5% 86.7% 87.2% | 86.9% 0.92
ViT-Tiny 79.4% 78.0% 771.6% | 77.8% 0.85
Swin-Tiny 85.0% 84.3% 84.0% | 84.1% 0.91
Discussion Clinical Relevance

Thus, ViT2D Transformer model results indicate that
it can be quite useful in the process of detecting
coronary artery lesions and plaques in a host of
CADICA, ARCADE, and Kaggle. I am
referring to a 94.5% training accuracy and 92% test
accuracy, which makes it basically say that it
generalizes to other imaging modalities and other

datasets -

clinical data quite well. Superior Performance Simply
put, ViT2D outperforms all of the other older

models, such as Random Forest, SVM, and even
CNN:, in all the measures: accuracy, precision, recall,
F1 -score, and AUC -ROC. Indicatively, the model
nailed a 92.6% F1 -score during testing as compared

to 89.1 and 91.2 RF and SVM respectively.

Generalization Case Data Active

The model was tested to be very solid on random
datasets of all sizes and types. Its 92 percent accuracy
on a combination of test data proves that ViT2D is
overfitting to only a single dataset.

Its high accuracy and recall indicate that its coronary
detection can be depended on, a factor that is
important in reducing false positives and negatives.
Early and correct diagnosis of CAD is of significance
to patient care, and ViT2D has great potential in that
regard.

Qualitative Observations

The visual representations of the lesions and plaques
segmentations in the MRI and angiography appeared
in a clean manner when I examined the MRI and
angiography results visually as deduced by the model.
ViT2D identified small lesions, which the SVM and
Random Forest occasionally failed to identify on
baseline models, so it can detect fine touches and do
so through the use of its transformer architecture that
manages long-range spatial dependencies.

Merits compared to Baseline Models.
ViT2D unlike CNNs utilize self-attention to obtain
global context. That is necessary because medical
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imaging has remote pixels that may contain vital
clinical hints. Also, big datasets became more
predictable because of transformer parallelization,
which made the training faster.

N. Future Work and Limitations

The imbalance in data set and the calculation
demands are still hiccups. The future studies will
pursue enhancing the interpretability, better resource
utilization and attract additional datasets to do a more

Conclusion

The simplified version of this paper has revealed that
ViT2D Transformer model is an efficient powerful
device of multi-modal medical data for coronary artery
disease detection. Strong generalization of the model
was supported by a 94.5% training accuracy and 92
percent testing accuracy. ViT2D was always better
than such traditional metrics as SVM, Random
Forest, and CNNss in all metrics. Both high recall and
high accuracy indicate high reliability of coronary
lesions. The findings of segmentation substantiate the
existence of ViT2D that can localize plaques and
stenosis with high accuracy and facilitates the
diagnosis of this process. Equal Group fluid dynamics
includes certain elements applicable beyond fluid
dynamics, like using heat to transport substances in
flowing fluids\ViT2D works on various sets of data,
which means it is stable when it comes to various types
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