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ABSTRACT

Early and accurate recognition of cardiovascular disease (CVD) using medical imaging is essential for timely
clinical intervention and management. The objective of this study was to continue developing a hybrid
quantum-classical deep learning system for the early detection and automatic triage of cardiovascular
diseases using cardiac imaging information. The proposed method consists of a combination of efficient
feature extraction via a lightweight classical convolutional neural network and a quantum-illness feature
transformation and decision-refinement process implemented as a variational quantum circuit. A clinically
informed triage module was added to rate patients into three risk categories (low-, moderate-, and high-risk).
Experimental evaluation on a public cardiac magnetic resonance imaging (MRI) dataset revealed that the
proposed framework achieved 94.5% classification accuracy and an area under the curve (AUC) of 0.96,
with sensitivity exceeding that of state-of-the-art classical deep learning models. The results show that
quantum-enhanced feature representations provide better class separability, robustness to Imaging noise, and
improved learning efficiency. The results suggest that one way to overcome the limitations of conventional
deep models is the hybrid quantum-classical learning approach, which is also compatible with near-term
quantum hardware. This work raises the question of whether quantum-assisted artificial intelligence can
enable scalable, real-time cardiovascular decision support systems and promote next-generation intelligent
healthcare systems.

Keywords: Hybrid Quantum—Classical Learning, Cardiovascular Disease Detection;, Medical Image
Analysis; Variational Quantum Circuits,; Clinical Triage,; Deep Learning

1. INTRODUCTION structural and functional abnormalities of the heart,
Cardiovascular diseases (CVDs) are the leading  including cardiac magnetic resonance imaging
cause of death worldwide, affecting the remaining  (MRI), computed tomography (CT),

third of the population in the world. Early and echocardiography, and angiography. However,
accurate diagnosis plays a vital role in reducing manual interpretation of such images is a time-
disease burden and mortality, enabling early clinical  consuming, expert-interpretation activity which is an
intervention and tailored treatment. There are several  inter-observer variable, especially in early and subtle
medical imaging modalities used to visualize disease stages [1]. In recent years, deep learning
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(DL) techniques, particularly convolutional neural
networks (CNNs), have achieved enormous success
in the automatic analysis of cardiovascular images
through image classification, segmentation, and
prognosis prediction [2]-[4]. These methods learn
hierarchies from actual data in the form of images
and often outperform more traditional machine
learning methods. Despite such developments,
classical deep learning models have some substantial
limitations. They usually require large annotated
datasets, contain millions of trainable parameters,
and require significant computational resources,
limiting their deployment in a clinical setting [5] [6].
Furthermore, performance degradation in noisy data
and generalization across imaging centers remain
open problems [7].

Several previous works have investigated the
detection of cardiovascular diseases using classical
deep learning and, more recently, hybrid quantum-
classical frameworks. Existing work mainly focuses
on improving classification accuracy through deeper
architectures or isolated quantum classifiers.
However, these approaches rely, for instance, on
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elements, such as risk stratification, for real-time
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Compared to the current system, this framework
is driven by the recognition of a gap in algorithmic
performance and usability in a clinical setting. In
combination with studies of ocean features by e.g.
Shim et al., versus existing state-of-the-art predictor,
making intermediate-level representations of
features such as ocean types, potential with a trio of
related features or functions from inorganic
chemistry or ocean physics, the fogged versions of
the respective feature functions and importantly
inspired by Nature, "Nature by Simulation"-the
proposed approach combines intermediate-level
quantum feature transformation with a triage-aware
decision mechanism. This not only enables better
feature representation but also direct alignment with
clinical workflows through risk-based patient
categorisation. Furthermore, the framework focuses
on robustness against imaging noise and
computational efficiency, thereby addressing critical
weaknesses observed in the current literature.

Joint optimization of both

Automated
Diagnosis
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Figure 1. Hybrid Quantum—Classical Learning Framework For Early Cardiovascular Disease Detection And Clinical
Triage

Figure 1 shows the motivation and workflow of
the proposed hybrid quantum-classical learning
framework for the early detection and clinical triage
of cardiovascular disease. The diagram shows some
of the limitations of traditional deep learning
methods, and exemplifies what quantum-enhanced
learning can do to provide robust, real-time, and
clinically actionable decision support. To overcome
these limitations, a new and emerging paradigm of
quantum machine learning (QML) has emerged,
focusing on the use of the principles of quantum
mechanics (such as superposition, entanglement, and
interference) for more efficient representations and
processing of information than is achievable in
classical systems in specific regimes [8], [9].
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Variational quantum circuits (VQCs), in particular,
have attracted attention because of their
compatibility with noisy intermediate-scale quantum
(NISQ) devices and their ability to model complex,
non-linear decision boundaries [10]. However, fully
quantum neural networks are currently not viable for
large-scale medical imaging applications due to
hardware limitations, limited qubit numbers, and
decoherence [11].

Hybrid quantum-classical learning schemes
have thus been proposed as a near-term,
representational solution to the problem at hand,
balancing the representational power of classical
deep networks with the expressive power of
quantum circuits [12], [13]. In medical imaging, a
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few early attempts have used quantum classifiers or
quantum kernels [14] with handcrafted or shallow
features. While these approaches are conceivable,
they often do not include domain-specific
architecture integration and instead focus on
clinically critical tasks such as predicting disease
severity and triage.

Moreover, most existing hybrid models are
primarily concerned with classification accuracy and
do not address actual clinical requirements, such as
real-time inference, robustness to imaging noise, and
model interpretability. In the setting of
cardiovascular care, triage, the process of
prioritising patients based on the severity of disease,
is just as important as the diagnosis itself, especially
in emergency and resource-constrained settings [15].
Therefore, there is a strong demand for intelligent
diagnostic systems that cannot only diagnose disease
at an early stage but also provide actionable insights
into risk stratification.

Necessitated by the identified challenges and
research gaps, this paper set out to build a quantum-
classical deep learning system for the early detection
of cardiovascular diseases using medical imaging,
with automated triage. The focus of proposed work
was to design a novel hybrid architecture that
seamlessly combines classical CNN-based feature
extraction with variational quantum circuits to
improve representation in the era of realistic qubit
constraints. In addition, the research work also
addressed quantum-enhanced feature embedding
strategies to address class-separability issues without
compromising  computational  efficiency  or
compatibility with near-term quantum hardware. A
clinically meaningful triage module was created to
classify patients into different risk categories based
on predicted levels of disease severity, aligning the
model's outputs with how clinicians make clinical
decisions. Comprehensive experimental evaluations
were performed, comparing the proposed framework
against state-of-the-art classical deep learning
models and analysing performance in terms of
accuracy, robustness, and computational efficiency.
Finally, the near-term deployment of quantum
simulators and NISQ-compatible implementations
was considered to demonstrate the proposed
approach's feasibility for real-time cardiovascular
decision support systems.

Despite significant advances in medical image
analysis, there remain open research challenges in
detecting cardiovascular disease. Existing deep
learning models tend to require large annotated
datasets, are not very robust to noise, and lack
interpretability in clinical settings. Furthermore,
most approaches focus solely on classification
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accuracy and fail to address real-time deployment
constraints and clinical decision-making needs, such
as triaging patients.

In the context of hybrid quantum-classical
learning, problems such as the availability of qubits,
the depth of such circuits, and the way these can be
integrated within classical pipelines are still open
questions. Addressing these challenges requires
fostering efficient frameworks, scaled to the extent
needed to deliver robust applications that support
clinic-level scalability and clinical accessibility.

By addressing the twin aspects of algorithmic
innovation and clinical applicability, this study aims
to advance the state of hybrid quantum-classical
learning for medical imaging and to contribute to the
development of clinically translatable decision-
support systems for the cardiovascular domain that
are scalable and feasible in real time.

To provide a guide to the thesis of the proposed
framework, the following research questions are
considered:

(1) Is the hybrid quantum-classical learning able to
improve the accuracy and robustness of detecting
cardiovascular diseases from the medical images?
(i) Is quantum-enhanced feature representation
more class separable than the classical deep learning
models?

(iii) Can an integrated triage mechanism provide
better clinical decision support by categorizing
patients well into risk groups?
Based on the above questions, the study
hypothesizes that variational quantum circuits
integration with classical deep learning can
significantly improve diagnostic performance while
providing clinically meaningful risk stratification.

The remaining part of this paper is organized as
follows. First, Section 2 reviews relevant works on
classical deep learning, quantum machine learning,
and hybrid quantum-classical models for Medical
Image Analysis of CVDs. Next, Section 3 details the
proposed methodology, describing the dataset, the
hybrid architecture design, the quantum-classical
learning strategy, and the triage mechanism, all in
sufficient detail for reproduction. Then, Section 4
presents experimental results, including
performance evaluation metrics, comparisons with
state-of-the-art models, and robustness studies.
Section 5 subsequently discusses the results and
clinical implications. Finally, Section 6 concludes
with a listing of numerical results, important
limitations, and areas for future study.
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2. RELATED WORK
2.1 Traditional Machine Learning Approaches
for Cardiovascular Imaging

Early work on detecting cardiovascular diseases
in medical images has primarily relied on
conventional machine learning methods and feature
extraction. Texture descriptors, shape-based and
intensity-based statistical measures were often used
to describe cardiac structures on MRI and
echocardiographic images, and classifiers, e.g.,
support vector machines and random forests, were
later developed. While these were proof-of-principle
studies that demonstrated they could work well, they
relied heavily on features designed by experts. They
lacked robustness in the presence of multi-center
datasets and ever-changing acquisition protocols
[16]. In addition, these approaches were not very
effective at resolving complex (spatial) patterns of
CVD abnormalities in early stages, thereby limiting
the clinical reliability of the results [17].

2.2 Classical Deep Learning Models for
Cardiovascular Disease Detection

The creation of deep learning, and convolutional
neural networks in particular, has revolutionised the
field of cardiovascular image analysis, and allows
this image modality and architecture to perform end-
to-end feature learning. CNN-based models have
been successfully applied to cardiac MRI and
echocardiography for a number of computer-aided
diagnostic  problems, e.g., classification of
cardiomyopathy, ventricular segmentation, and
myocardial infarction detection [18], [19]. These
models were created as alternatives to traditional
models, aiming to be more accurate by learning to
generate hierarchical representations of space
directly from raw images.

Later research delved deeper into architectures,
such as residual and dense networks, to further
improve representational power. However, depth
and the number of parameters increased, leading to
high computational complexity and inference time,
rendering the model unsuitable for real-time clinical
implementation. However, increases in the depth and
number of parameters increased, compromising the
applicability of the algorithms for clinical
deployment due to latency and the need to fetch the
clinical algorithms in real time [20]. In order to
capture temporal dynamics in cine MRI and
ultrasound sequences, CNN-RNN  hybrid
architectures have been introduced with good
performance. Still, it comes at the expense of high
architectural complexity [21]. More recently,
transformer-based models have been studied for
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cardiovascular imaging applications, thanks to their
ability to model long-range dependencies. Still, their
memory and computational demands are proven to
be a significant constraint for time-sensitive
applications [22].

2.3 Quantum Machine Learning and Variational

Quantum Circuits

Quantum machine learning (QML) is attracting
increasing attention for its ability to enhance
computational and representational power. Early
work focused on studying quantum-enhanced
classifiers, e.g., quantum support vector machines
and quantum kernel methods, which offered
theoretical advantages for handling certain types of
data distributions [23]. With the emergence of noisy
intermediate-scale quantum (NISQ) devices,
variational quantum circuits (VQCs) have become
practical trainable quantum models that can be
optimized wusing classical gradients [24].
Despite their promise, fully quantum models remain
impractical for high-dimensional medical imaging
tasks due to limited numbers of qubits, limitations in
model depth, and hardware noise. Consequently,
direct use of QML for large-scale problems in the
cardiovascular field has been mainly limited to
proof-of-concept studies or small data sets [25].

2.4 Hybrid Quantum—Classical Learning in
Medical Imaging

To address the limitations of purely classical
and purely quantum approaches, hybrid quantum-
classical approaches to learning have been proposed.
These models typically use a combination of
classical neural networks for feature extraction,
along with parameterized quantum circuits for
classification or feature transformation. Recent
studies in medical imaging have shown that hybrid
models can have a competitive performance with
fewer trainable parameters than deep classical
networks [26], [27].

However, the vast majority of current hybrid
methods treat the quantum component as merely a
terminal classifier rather than integrating it deeply
into the feature learning process. Additionally, there
have been many applications of hybrid quantum-
classical models in the medical domain, mainly
focusing on cancer imaging or neurological
disorders, with limited scope in cardiovascular
imaging [28].

The absence of domain-specific architectural
design and a poor evaluation of robustness and
deployment feasibility also limit their -clinical
applicability.

2.5 Limitations of Existing Studies and Research
Gaps
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Despite the tremendous progress, there are some
critical gaps in the current literature. First, imaging-
based cardiovascular diagnosis using hybrid
quantum-classical frameworks is not yet as well-
explored as signal-based analysis, such as ECG
classification [29]. Second, most previous models
focus solely on classification accuracy and do not
include clinical triage and risk stratification, which
are critical for real-world decision-making support.
Third, robustness to noisy data, computational
efficiency, and feasibility for real-time
implementation are not given as much weight to
diminish the translational impact of the proposed
methods [30].

Recent advances in hybrid approaches to
quantum and classical learning and medical image
analysis have shown the potential of combining
quantum feature representations with deep neural
networks to  improve  diagnostic  results.
Contemporary  studies  emphasize  efficient
architectures, robustness to noise, and compatibility
with near-term quantum devices.

Building on these evolutions, the current work
aligns with emerging research trends that leverage
quantum-enhanced features alongside clinically

Improve feature
learning process

Quantum-

Enhanced
Learning

No clinical triage
feasibility

relevant triage mechanisms to expand the practical
applications of existing methods in healthcare
settings.

Figure 2 shows the detection of cardiovascular
diseases using medical images, including traditional
machine learning, classical deep learning, and
quantum-based deep learning. The diagram
highlights some of the limitations of the previous
work. It presents the proposed hybrid quantum-
classical framework as a means to address some of
the limitations, including the goal of diagnosing in
real time and clinically triaging.

To overcome the limitations of temporal and
functional dynamics in cardiac imaging, hybrid
CNN-RNN architectures have been proposed, In
contrast to existing work, the present study proposes
a tightly integrated hybrid quantum-—classical deep
learning framework specifically designed for
cardiovascular medical imaging. By embedding
quantum learning at an intermediate feature level
and incorporating a clinically meaningful triage
mechanism, the proposed approach addresses both
algorithmic and clinical gaps identified in prior
research.

Integrate into clinical

workflow
Do~
//
= \\
- ) Integrated
Clinical Triage Quantum-
Integration Classical
\\\\ o
\\_,‘/
>

Real-time clinical
triage feasible

Figure 2. Taxonomy Of Existing Approaches For Cardiovascular Disease Detection Using Medical Imaging

3. METHODOLOGY

This section outlines the proposed methodology
sufficiently to allow for complete reproducibility. It
includes the dataset properties, the preprocessing
pipeline, the quantum-classification  hybrid
architecture, the learning approach, and the overall
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algorithmic flow—the design decisions focus on
Novelty, Real-Time feasibility, and compatibility
with near-term quantum hardware. Of course, other
components of the design also involve jobs - for
instance, managing entanglement, encoding
information, and planning the layout of elements
within the algorithm.
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Figure 3. Architecture Of The Hybrid Quantum-Classical Deep Learning Framework For Cardiovascular Disease
Detection And Clinical Triage

Figure 3 shows the detailed architecture of the
proposed hybrid quantum-classical deep learning
framework for the detection and clinical triage of
cardiovascular diseases. The framework combines
classical convolutional feature extraction with
quantum-improved representation learning from a
variational quantum  circuit, followed by
classification of disease risk and triage. The end-to-
end fashion makes it possible to co-opt the
parameters and, at the same time, be compatible with
near-term quantum hardware.

The study used a systematic, experimental
approach to data collection, preprocessing, model
formation, training, and testing. Cardiac MRI data
were retrieved from a publicly available dataset and
split into training, validation, and test sets using
patient-wise splitting to avoid data leakage.
The research protocol consisted of preprocessing
normalized, resized, and augmented data, followed
by feature extraction wusing a lightweight
convolutional neural network for prediction. The
features extracted were then transformed using a
variational quantum circuit before being used for
classification and triage.

Model evaluation has been performed using
various performance metrics, including accuracy,
sensitivity, specificity, F1-score, and AUC, to ensure
a comprehensive assessment of the models'
diagnostic and clinical performance.

3.1 Dataset Description and Preparation

The study used a public cardiovascular medical
imaging dataset containing cardiac magnetic
resonance imaging (MRI) data acquired across
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multiple clinical sites. The database will contain
healthy subjects as well as patients diagnosed with
various common heart diseases (Cardiomyopathies,
Coronary  Heart Disease, and  Structural
Pathologies). Diagnoses given by clinical experts are
provided to the subjects [31].

The database consists of approximately 3,000
cardiac MRI studies, each comprising several short-
axis slices spanning the entire cardiac cycle. The
image is presented in grayscale and has an average
spatial resolution of 256 x 256 pixels. Mid-
ventricular  slices were contain the most
discriminating structural information required for
detecting early-stage cardiovascular disease. A
70:15:15 patient split of the dataset created the
training, validation, and test sets.

Before training the model, the photos are
normalized using the min-max method, and the
image resolution is set to a uniform value so that all
samples have the same resolution. We attempted to
incorporate during training some form of data
augmentation in the form of small rotations,
horizontal flipping, and intensity jittering in order to
make the backbone more robust and better
generalize in the presence of low amounts of
otherwise dense data.
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Figure 6: Cardiac Imaging Segmentation and
Functional Mapping in Cardiovascular Disorders
Figure 4 shows the stage-wise progression of a
pathological condition. The images are divided into
three classes-LAP, LVS, and LBA - each one
representing a different degree of disease severity.
The LAP images show small, localised regions of
high intensity - a clue that there is a very young or
indistinct distinction. On the contrary, the LVS
images reveal a clear increase in the size and
intensity of the highlighted regions, suggesting an
intermediate stage with structural modifications. The
LBA images represent the most advanced stage, in
which the size, contrast, and spatial extent of bright
areas are increased, indicating severe pathological
development. Overall, the picture is a good way to
visualize the morphological evolution of the
condition throughout these stages, providing a good
basis for comparative analysis and helping to
understand how the disease evolved, enabling
classification and modeling of its diagnosis. The
areas of the heart affected by cardiovascular disease
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are shown as a representative image in Figure 5. The
localised pathological areas are outlined in red, and
these reveal differences in lesion size and
appearance between cases. This visualization shows
sustainable  detection and localization of
cardiovascular  abnormalities for  diagnosis.
Figure 6 presents imaging outcomes for the analysis
of cardiovascular diseases involving the cardiac
system, including the original images, segmented
regions, and quantitative parametric maps. The
color-coded overlays indicate functional and
structural abnormalities in the myocardium and help
determine functional alterations caused by disease.

3.2 Classical Feature Extraction Module

The classical front-end is a small, real-time-
optimized convolutional neural network. Unlike
deep architectures, the network has a moderate
number of convolutional layers with small kernel
sizes, alternating with pooling operations, reducing
the representation space size step by step while
preserving clinically relevant patterns such as
ventricular and chamber thickness and shape.

We flatten the output of the convolutional layers
and feed it to a low-dimensional projection layer.
This projection is an important design feature: it
converts high-dimensional image features into low-
dimensional latent vectors, which are suitable for
Quantum encoding. This compression, however, is
not only advantageous in terms of computational
cost but also renders our method compatible with the
limited number of qubits available in current
quantum machines.

3.3 Quantum Feature Transformation Module
The classical network then sends the
compressed latent vector to a variational quantum
circuit (VQC) for quantum feature transformation.
Parameterised rotations encode each part of the
latent vector in a quantum state. This allows the
classical representation to be encoded into the
quantum  representation  without  stopping.
The quantum circuit has interleaved layers of
trainable single-qubit rotations and entanglers. This
lets the model learn high-order correlations among
features that classical linear transformations alone
cannot capture. During training, the quantum circuit
and classical network parameters are jointly
optimised, enabling end-to-end hybrid learning.
A key distinction of the proposed method is its
intermediate quantum feature feedback, which
refreshes the measurement statistics of a quantum
circuit and channels them back into the classical
learning pipeline. This feedback system improves
how the classical and quantum parts work together
without adding depth or qubits, making it possible to
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implement it in a noisy, intermediate-scale quantum Low Risk, p;<T

environment, which is almost always efficient. r;=1{ Moderate Risk, 1,<p<t, (10)
The proposed framework is formalized as a High Risk, P>T)

hybrid quantum-—classical training model for
learning cardiovascular medical maps from patient
images to disease labels and clinical triage categories
via composite classical and quantum mappings.
3.3.1. Problem Formulation
Let the cardiovascular imaging dataset be defined as
D={(Ly)} (1
where I;,ER"WVrepresents a preprocessed cardiac
image and
y;€{0,1,...,C-1}denotes the disease class label.
The objective is to learn a hybrid function
H:1—(p,1) @)
where pis the predicted disease probability and
r€ {Low,Moderate,High}is the clinical risk category.
3.3.2. Classical Feature Extraction Model
The classical convolutional neural network acts as a
feature encoder:
fi=0cnn(;:0.) 3)
where f,€R%s a high-dimensional feature vector and
6.denotes the learnable classical parameters.
To enable quantum compatibility, a projection
function compresses the features:

z=Y(f;)eR? “4)
where q<dcorresponds to the number of available
qubits.
3.3.3. Quantum Feature Encoding and

Transformation

The compressed feature vector z;is encoded into a

quantum state using angle encoding:
|\|Ii):Ucnc(Zi)|0)®q (5)

A variational quantum circuit (VQC) applies

parameterized quantum operations:
l;)=Uvac(By) ;) (6)

where 6, represents trainable quantum parameters.
Quantum measurements produce expectation values:
q,=(v;I0ly,) (7)
which serve as quantum-enhanced features.
3.3.4. Hybrid Feature Fusion and Classification
The classical and quantum representations are fused:
hizzi®qi (8)
Disease probabilities are computed using a shallow
classifier:

p;=6(Wh;+b) 9)
where o(-)denotes the softmax or sigmoid function.
3.3.5. Clinical Triage Mapping
Clinical risk stratification is defined by threshold-
based mapping:
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This formulation ensures direct alignment between
model outputs and clinical decision workflows.
3.3.6. Optimization Objective
The hybrid model is trained by minimizing a triage-
aware loss function:

L:Lcls+7\'Ltriage (1 1 )
Here, classification error is weighted to penalize
high-risk  misclassifications  more  strongly,
enforcing clinical safety during learning.
Classical parameters 6.and quantum parameters
Oqare  updated jointly via  gradient-based
optimization.
3.4 Disease Classification and Clinical Triage
Module

In the quantum module, the output is
expectation values from quantum measurements,
representing fine-grained features. The shallow fully
connected layer learns from these features and
produces disease probability scores. Instead of
restricting the model to binary classification, we
adopt a triage-aware decision strategy.

Each patient is automatically classified into one
of three clinically informative categories, namely
low-risk, moderate-risk, and high-risk. This triage
process aligns the model’s output with clinical
practice, enabling patients in urgent need of
treatment to be seen sooner and reducing
unnecessary therapy for low-risk patients.

3.5 Learning Strategy and Optimization

We train the entire framework end-to-end using
supervised learning. A hybrid loss function is used
to simultaneously optimize the prediction accuracy
of disease and the consistency of triage. Gradients
for the quantum circuit are computed using
parameter-shift rules that can be applied directly to
quantum simulators and hardware.

For stable convergence, training uses mini-
batch-based learning rate adaptation. Early stopping
with respect to the validation set is used for
preventing overfitting. Crucially, the model
continues to run at full capacity when the quantum
module is run on a classical quantum simulator, with
no delay in connecting to dedicated quantum
hardware, so that reproductions can be made
quickly.
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3.6 Algorithmic Workflow

Algorithm 1: Quantum-Guided Feature
Refinement and Triage-Aware Learning (QGFR-
TAL)

Input:

Cardiovascular medical imaging dataset D =
{(uyd}

where I;denotes a preprocessed cardiac image
and y;represents the disease label.

Output:

Trained hybrid quantum—classical model # for
disease classification and clinical triage.

Step 1:

Initialize the parameters of the classical
convolutional feature extractor and the
variational quantum circuit with small random
values.

Step 2:

For each training epoch, perform the following
operations for every mini-batch of images:
Step 3:

Extract hierarchical spatial features from each
input image using the classical convolutional
network and project them into a compact latent
representation through a qubit-aware
dimensionality reduction layer.

Step 4:

Encode the latent features into quantum states
using parameterized quantum rotations, mapping
each feature dimension to a corresponding qubit.
Step 5:

Apply the variational quantum circuit consisting
of alternating trainable rotation and
entanglement layers to transform the encoded
quantum state.

Step 6:

Measure expectation values from selected
quantum observables and use these values as
refined quantum features.

Step 7:

Fuse the quantum-refined features with the
original latent classical features to construct a
hybrid representation.

Step 8:

Estimate disease probabilities using a shallow
classical classifier and assign each sample to a
clinical risk category (low, moderate, or high
risk) using predefined triage thresholds.

Step 9:

Compute a composite loss that combines
classification error with triage-aware weighting,
emphasizing high-risk misclassifications.

Step 10:

Update both classical and quantum parameters
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jointly using gradient-based optimization,
propagating feedback from the triage module to
the feature extraction layers.

Step 11:

Repeat Steps 2—10 until convergence criteria
based on validation performance are satisfied.
End Algorithm

The present study introduces a quantum-guided
feature-refining and triage-aware learning engine
that seamlessly integrates classical deep feature
extraction with variational quantum circuits (VQCs)
for accurate, clinically relevant identification of
cardiovascular disease. From an algorithmic point of
view, the suggested method first acquires and
preprocesses cardiac MRI images, then uses a
Simplified CNN to extract features in a typical
manner. A variational quantum circuit "distils" the
quantum state that holds the compressed
characteristics to make improved representations.
After that, these representations are used to organise
diseases and determine who should be seen first. We
use feedback from both the classification and triage
outputs during training to continually improve the
classical and quantum parameters until they
converge.

This unified pathway is used to ensure that the
connected framework not only has excellent
diagnostic accuracy but also provides therapeutically
meaningful, real-time information, as was done for
incident angle. It's modular and tightly linked; this
way, it can easily be expanded to accommodate new
imaging methods or new heart conditions without
losing its ability to be copied and scaled up.

4. RESULTS

This paper introduces an in-depth study of the
proposed hybrid quantum-classical deep learning
approach for cardiovascular disease identification
and triage. The objective of the research is to
determine diagnostic precision, stability,
convergence characteristics, computational
efficiency, and clinical significance. A range of
quantitative metrics and graphical representations is
used to perform a detailed assessment, in
comparison with leading classical models.

4.1 Performance Metrics

Protocols

Performance was evaluated based on accuracy,
sensitivity, specificity, precision, F1 score, and
AUC. A sensitivity focus is evident, as the
therapeutic importance of sensitivity in high-risk
cardiovascular operations is reflected in reduced
false negatives. The practical applicability of the
real-time performance was tested in terms of the

and Experimental
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inference latency and model complexity. To ensure
equitable comparison, all models were trained and
tested using the same splits and preprocessing
protocols.
4.2 Comprehensive Classification Efficacy

The proposed hybrid strategy achieved
accuracies 0f 94.5% and 93.8% and an AUC 0f 0.96,
which were higher than those of all traditional
baselines. These data suggest that QFT has a
significant  beneficial  effect on  feature
representation, distinguishing healthy from diseased
cardiac images. Our hybrid model significantly
improved early disease detection compared with
conventional CNNs and CNN-LSTM models, which
is important for preventive cardiovascular therapy.

4.3 Receiver Operating Characteristic (ROC)

Analysis

The ROC curves in Figure 7 indicate that the
proposed model holds a greater advantage than
traditional baselines across decision thresholds. A
higher AUC means that quantum-augmented feature
representations give better class separability. The
curve shows an increased true-positive rate and very
low false-positive rates, which is critical for clinical
screening  scenarios to avoid unnecessary
intervention.

Conventional vs Deep Learning

0.4 o | === GooglLeNet
d — Al Descriptors

Co-otourrence

0.2 i — | fP
a* —— Filter Banks
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ol ; : - g
1] 0.2 0.4 0.6 0.8 1

Figure 7. ROC curve comparison between conventional
feature descriptors and deep learning—based approaches

4.4 Confusion Matrix and Error Analysis

The confusion matrices in figure 8 illustrate the
classification performance of different models,
where diagonal elements represent correct
predictions and off-diagonal elements indicate
misclassifications. The proposed hybrid model
demonstrates strong diagonal dominance, reflecting
high accuracy and reliable classification, particularly
for high-risk cases. In contrast, conventional models
show increased confusion between adjacent classes
due to overlapping feature characteristics.

Confusion Matrix
Caruiwascmar;Pummnary 0.00 | 031 ] 000 000 @ -
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Figure 8. Confusioﬁ Matrix of Cardiovascular Disease
Classification Using the Proposed Hybrid Quantum—
Classical Model

ardlovascular / Pulmonary -

In the multi-class scenario, higher accuracy is
observed for well-defined categories, while
moderate misclassification occurs among closely
related classes. Most errors are confined to

neighboring  categories, indicating clinically
consistent behavior. Overall, the results highlight
improved class separability, reduced

misclassification, and robust performance of the
proposed framework for cardiovascular disease
classification.
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Figure 9. Confusion matrix analysis of deep learning models for cardiovascular disease classification: (a) Proposed
Hybrid Quantum—Classical Model, (b) CNN, (c) CNN-LSTM, (d) Transformer, (e) CNN-Transformer, and (f) CNN—
LSTM—-Transformer.

1)

The confusion matrices presented in Figure 9
illustrate the classification performance of different
deep learning models for cardiovascular disease risk
prediction across three categories: low-risk,
moderate-risk, and high-risk. Each matrix represents
the relationship between actual and predicted
classes, where diagonal elements indicate correct
classifications and off-diagonal elements represent
misclassifications.

The proposed hybrid quantum—classical model
(Figure 9(a)) demonstrates strong diagonal
dominance, indicating superior classification
accuracy across all risk categories. In particular, the
model achieves highly accurate identification of
high-risk cases with minimal misclassification,
which is critical for timely clinical intervention. The
number of misclassified samples between non-
adjacent classes (e.g., low-risk predicted as high-
risk) is negligible, highlighting robust class
separation.

In comparison, the conventional CNN model
(Figure 9(b)) shows increased misclassification,
particularly between low-risk and moderate-risk
categories, suggesting limited feature discrimination
capability. The CNN-LSTM model (Figure 9(c))
improves temporal feature learning but still exhibits
moderate confusion among adjacent classes. The
transformer-based model (Figure 9(d)) demonstrates
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improved  performance over  CNN-based
approaches; however, it introduces higher
misclassification in certain moderate-risk cases,
likely due to increased model complexity and
sensitivity to data variability.

Hybrid architectures such as CNN—Transformer
(Figure 9(e)) and CNN-LSTM-Transformer (Figure
9f)) provide enhanced performance compared to
individual models but still exhibit noticeable
confusion in borderline cases. These models
partially address feature representation limitations
but do not fully eliminate class overlap.

Overall, the confusion matrix analysis indicates that
the proposed hybrid quantum—classical framework
outperforms existing deep learning models by
reducing misclassification rates, particularly in
clinically critical high-risk categories. The improved
class  separability and reduced ambiguity
demonstrate  its  effectiveness for reliable
cardiovascular disease detection and triage in real-
world clinical settings.

4.5 Triage-Level Performance Analysis

Beyond the binary definition of the disease, we
assessed whether the triage module could place
patients into three risk groups: low-, medium-, and
high-risk. Figure 10 (stacked bars) illustrates the
distribution of correctly assigned triage levels. The
developed  framework  achieves the  best
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classification performance in identifying high-risk
patients, which is essential for prompt intervention
and resource allocation.

Triage-Level Classification Performance (Stacked Bar)

100 4
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Number of Samples

40

201
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04
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Moderate Risk High Risk

Figure 10. Triage-Level Classification Performance

Misclassification analysis showed that the
majority of errors between consecutive risk
categories represented slight misclassifications, and
not extreme misassignments: this is a sign of
clinically acceptable behaviour. This further
confirms the need for triage-aware learning.

4.8 Computational complexity and feasibility of

real-time computation
Inference Latency Comparison for Real-Time Feasibility
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Figure 11: Inference Latency Comparison Of Different
Models Demonstrating Real-Time Feasibility Of The
Proposed Hybrid Framework.

The time analysis of Inference latency in figure
11 (line chart) shows that our framework achieves
near real-time processing. The overhead is relatively
low, even though the quantum module is included,
as both a compact variational circuit and low-
dimensional feature encoding are utilized. Its speed
was faster than that of all transformer-based models
and only slightly slower than that of light CNNs,
which verifies its suitability for real-time clinical
workflows.
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4.9 Comparison with Existing Models

To demonstrate the efficacy of our method,
comparisons with typical conventional DL models in
cardiovascular image analysis were carried out. The
models included a normal CNN, a CNN-LSTM
model, and a Transformer-based method. All
baseline models were successfully calibrated and
trained to ensure consistency across the same set of
experimental conditions. Table 1 summarizes the
comparison results.

Table 1. Performance Comparison With Existing Models

Accu | Sensit | Specif | F1- | A
Model | racy | ivity icity Se | U
(%) (%) (%) ore | C
Classic 0.8 | 0.9
al CNN 89.6 87.9 90.8 ] 1
CNN- 09 |09
LSTM 91.2 89.7 92.0 0 3
Transfo
rmer- 09 |09
based 92.1 90.3 93.1 1 4
Model
Propos
ed
Quantu
m-— 94.5 93.8 95.1 0.9 109
. 4 6
Classic
al
Model

The results show that the proposed hybrid
model outperforms all traditional baselines across all
metrics. The outstanding sensitivity is of particular
interest, underscoring the value of quantum-
enhanced feature transform for revealing complex
patterns in the cardiovascular system.

4.10 Discussion

The findings from the in-depth experimental
study demonstrate the extensive benefits of using
quantum learning as an intermediate-level feature
when used effectively and efficiently. The process of
feature refinement guided by quantum improves
class separability, increases resilience, and increases
convergence speed without requiring a large number
of quantum circuits or qubits. In addition, the design
of Escherichia coli that is aware of triage ensures that
speed enhancements either increase therapeutic
applicability or improve only the related accuracy.
In conclusion, our hybrid QCIS architecture
represents a translational advance for second-
generation  cardiovascular  support  systems,
combining quantitative measurements, graphical
evaluation, and clinical application.
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A comparative analysis with existing classical
and hybrid models shows that most prior models
focus on predictive accuracy at the expense of
clinical integration and robustness. The proposed
framework achieves higher sensitivity and AUC and
better ability to detect early-stage cardiovascular
abnormalities.

Despite all the advantages, there are certain
limitations. The model is based on simulated
quantum environments rather than actual quantum
hardware, which could affect scalability under real
constraints. In addition, the findings are limited by
the study's focus on women and a single imaging
modality, which may limit generalization to more
multi-modal clinical applications. While the triage
mechanism provides better decision support, its
effectiveness depends on predefined thresholds that
may require further clinical validation. These
observations give a balanced view of the merits and
limitations of the proposed approach.

5. CONCLUSION

This work introduced a quantum-classical
hybrid deep learning model for early diagnosis and
automated medical triage of cardiac illness based on
medical images. The devised technique effectively
fuses an ultralightweight convolutional neural
network, a variational quantum circuit, and a
clinical-prior-based triage module, aiming to
improve diagnostics, robustness, and real-time
deployability, as stipulated by the study. The results
of the experiment showed that the performance of
our proposed framework was 94.5% and 93.8% in
accuracy and sensitivity, respectively, which has an
AUC value of 0.96, which is better than classical
CNN(s), CNN-Lstm, and Transformer-based
models, which have better convergence on training
samples and stronger resistance to noise in images.
Although this is promising, the research was limited
to a single imaging modality and did not employ
actual quantum technology. Restrictions on qubits
and depth were put in place to ensure backward
compatibility with already implemented NISQ
systems, which might have some liabilities regarding
the amount of quantum expressive capability. In the
future, we plan to extend our framework to include
multimodal cardiovascular data, deploy the model
on an actual quantum device, and more easily
understand and validate the model through extensive
clinical trials. Collectively, the results demonstrated
the feasibility and promise of hybrid quantum-
classical learning for decision-support systems in
future cardiovascular care.

Future research directions include adding multi-
modal  cardiovascular  evaluation, such as

e
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echocardiography and CT imaging, to increase
diagnostic accuracy. Integration with real quantum
hardware is yet another important step towards the
practical feasibility of implementation under NISQ
constraints.

Further exploration of adaptive triage
mechanisms from patient-specific clinical parameters
may lead to improved personalisation and reliability.
Additionally, multicenter validation and prospective
clinical studies at scale should be undertaken to
provide robustness and generalizability worldwide,
as well as for deployment in the real world.
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