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ABSTRACT
Despite many advancements in the medicine domain heart disease mortality rates continue climb that
is signailing an urgent need for more advanced risk models. In this work we have tackled this challenge
by introducing a hybrid framework that combines digital twin modeling with variational quantum re-
inforcement learning(VQRL). By developing patient-specific digital twins from raw patient clinical data,
we are able to simulate unique health states within a specilized reinforcement learning environment.
To optimize the diganostic decision-making we leveraged a variational quantum network. This setup
utilizes a hybrid quantum-classical optimization loop, making it well suited for the constraints of mod-
ern near-term quantum hardware. When put to the test on the "Cleveland Heart Disease dataset" the
proposed framework delivered impressive results: achieving a 94.2% accuracy, and an MCC of 0.82. Be-
yond just high scores in precision 90.4%, and recall 92.2%. Our framework demonstrated remarkable
stability and an ability to generalize during the training phase. Ultimately, this fusion of digital twins
and quantum computing offers a fresh, scalable path forward for clinical decision making.

*Correspondence author email address: atir.raza@ucp.edu.pk
DOI: 10.21015/vtcs.v14i1.2333

1 Introduction
Cardiovascular diseases, commonly referred to as heart
diseases remain one of the leading causes of mortality
[1] worldwide and pose a significant burden on global
healthcare systems. The heart is a vital organ responsi-
ble for pumping oxygenated blood throughout the body,

ensuring the proper functioning of critical organs such
as the brain, kidneys, and lungs [2], [3]. Any impairment
in the cardiac function can lead to severe health com-
plications, reduced quality of the life and increased the
risk of sudden death. Early detection and risk predic-
tion of heart disease are therefore important for timely
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medical intervention, prevention of disease progression
and reduction of mortality rates. Despites advantages in
medical diagnostics, accurately predicting [4], [5] heart
disease risk using limited heterogeneous clinical data re-
mains a challenging task [6].

In recent years machine learning and deep learning
have been widely explored for heart disease predic-
tion [5], [6], [7]. However, most existing approaches
treat the problem such as static classification task [8],
ignoring the sequential and decision-oriented nature
of clinical risk assessment. Reinforcement learning
offers a promising alternative by modeling prediction
as a sequential decision-making process based on
interactions between an agent and an environment [9].
More recently, Quantum Reinforcement learning has
emerged as a novel paradigm that integrates principles
of quantum computing such as superposition and quan-
tum parallelism with reinforcement learning to enhance
learning efficiency and representational capacity [10],
[11]. Hybrid variational quantum reinforcement learning
[12] in particular, leverages parameterized quantum
circuits combined with classical optimization, making it
suitable for near-term quantum simulators and noisy
intermediate-scale quantum environments [13], [14].

Motivated by growing interest in personalized health-
care, the concept of digital twins [15] has gained atten-
tion as ameans of creating visual representation of phys-
ical entities. In healthcare domain [16], a digital twin can
be viewed as a virtual abstraction of a patient’s physio-
logical and clinical state, enabling personalized analysis
and decision support. In this research we introduce a
digital twin-inspired framework in which each patient is
modeled as a lightweight virtual twin constructed from
clinical attributes. These patient-specific digital twins in-
teract with a hybrid variational quantum reinforcement
learning agent, allowing heart disease risk prediction to
be reformulated as a personalized sequential decision
making problem after rather than a conventional static
classification task [17], [18].

The proposed framework is evaluated using widely
accepted Cleveland Heart Disease dataset. A quantum
policy network based on parameterized quantum cir-
cuits is employed to learn risk-aware decision policies,
while classical optimization techniques used to update

the model parameters. Experimental results showed
that the proposed digital twin-inspired hybrid variations
Quantum Reinforcement Learning framework achieves
competitive and, in several cases improved perfor-
mance compared to classical machine learning and
reinforcement learning baselines in terms of accuracy,
precision, recall, MCC, F1-score. These results indicate
the feasibility and effectiveness of integrating digital twin
abstractions with quantum-enhanced reinforcement
learning for clinical risk prediction tasks.

1.1 Motivation
The motivation behind this work stems from three
key challenges in existing heart disease prediction
approaches: the lack of personalization, limited ability
to model sequential decision-making, and the underex-
plored potential of quantum reinforcement learning in
the healthcare. By combining the digital twin-inspired
patient modeling with the hybrid variational quantum
reinforcement learning, this study aims to bridge these
gaps and provide a novel, interpretable, and future-
ready framework for heart disease risk prediction.
Importantly this work is presented as a proof-of-concept
demonstrating feasibility using quantum simulators
rather than claiming immediate clinical deployment.

1.2 Contribution
The main contributions of this study are summarized as:

– A novel digital twin-inspired patient modeling ap-
proach is introduced, where each patient is rep-
resented as a lightweight virtual twin to enable
personalized heart disease risk assessment.

– A hybrid variational quantum reinforcement learning
framework to reformulate heart disease prediction as
a sequential decision-making problem.

– A proof-of-concept implementation and evaluation
using the Cleveland Heart Disease dataset to demon-
strate the feasibility of quantum-enhanced learning
for clinical risk prediction.

– Comprehensive experimental analysis shows the pro-
posed framework achieves competitive performance
compared to classical machine learning and reinforce-
ment learning baselines.
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2 Literature Review
New developments in computational intelligence have
become very useful in the disease diagnosis and risk
prediction through the application of machine learning,
deep learning and reinforcement learning approaches
[19], [20]. Heart disease prediction is a field in the
healthcare sector that has been widely researched
on with the help of classical statistical models and
data-driven techniques. Ongoing research and more
recently, digital twin modeling and quantum machine
learning have become the topics of growing research
interest as it promises to increase personalization and
computational efficiency. This part will analyze the cur-
rent literature about heart disease prediction, decision
system based on reinforcement learning, outlining the
current limitations on progress and gaps in research.

The recent studies on prediction of heart diseases
have been widely researched on classical methods of
machine learning, with the goal of enhancing diagnostic
accuracy on the basis of structured clinical data. The
study Al-Akshaik et al. [5] involved a detailed analysis
of the ML models such as random forest and decision
tree that show the possibility of ensemble and opti-
mized classifiers to perform tasks of predicting heart
diseases with high performance in various indicators
such as accuracy and F1 score. Likewise an investigation
that optimized transformer models via particle swarm
optimization stated that conventional ML classifiers like
Random Forest. XGBoost and decision tree achieved
robust baseline performance(92.2% accuracy for ran-
dom forest) while optimized models further improved
prediction quality [21].

Further selection strategies have also been shown
to enhance classical ML performance models such as
logistic regression and random forest achieved balanced
accuracy and recall scores by utilizing techniques like
mutual information and ANOVA for feature evaluation
[22]. These studies collectively highlight the effective-
ness of classical ML in heart disease prediction while also
demonstrating the need for more advanced frameworks
that can handle complex clinical patterns and per-
sonalized decision-making beyond static classification
approaches.

Recent studies have demonstrated the effectiveness

of deep learning techniques in heart disease prediction
by capturing complex patterns in clinical ECG data.
Gracia-Ordas et al [23]. proposed a deep learning
framework with feature augmentation that significantly
improves heart disease risk prediction accuracy and
precision compared to early state of the art methods,
highlighting the benefits of combining representation
learning with feature engineering.

Dhandapani et al [24]. developed a hybrid deep learn-
ing framework for heart disease prediction using the ECG
signals images achieving a notable accuracy of 93.6%and
highly sensitivity thereby demonstrating the utility of im-
age based neural architectures combining convolutional
and recurrent units have been explored to enhance fea-
ture extraction and temporal modeling for cardiovascu-
lar disease detection; suchmodels extend classical CNNs
by incorporating sequence learning to handle complex
temporal dependencies in ECG sequences [25].

These deep learning methodologies outperform
many traditional models in extracting non-linear feature
relationships and show promise for real world clinical
decision support.

Recent studies have also explored reinforcement
learning (RL) for cardiovascular disease prediction
demonstrating the promise beyond traditional clas-
sification. Prasanna et al [26]. applied a Q-learning
framework to the cardiovascular dataset where the
agent learned sequential decision rules to forecast
disease risk and outperformed baseline methods such
as KNN and decision tree.

Gayathri et al [27]. enhanced prediction accuracy
by combining RL with data augmentation, reporting
substantial improvement over the conventional models.
Additionally, other RL-based approaches have framed
risk prediction as policy optimization under reward
feedback, highlighting RL’s ability to adaptively learn
diagnostic strategies from clinical data [28].

Unlike existing studies that are relying on static
classification reinforcement learning this work intro-
duces a digital twin-inspired hybrid variational quantum
reinforcement learning framework for heart disease
risk prediction. By integrating patient-specific digital
twins with quantum policy optimization, the proposed
approach enabling adaptive, personalized and quantum-
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enhanced decision making achieving improved diag-
nostic performance while remaining compatible with
near-term quantum technologies.

3 Methodology
3.1 System Overview
Diagnosis of heart diseases must conduct risk assess-
ment timely and accurately using the heterogeneous
clinical characteristics including age, blood pressure,
cholesterol levels and electrocardiographic outcomes.
To overcome the constraints of the vaguely prediction
model, the present paper suggests a Digital Twin-Based
Hybrid Variational Quantum Reinforcement Learning
framework to predict the risk of heart diseases at a per-
sonalized level in the case of Cleveland Heart Disease
dataset [29].

We are starting with the initial step of digging into the
data acquisition and preprocessing stage. In this case,
we standardize the raw clinical features and put them in
the form of state representations that can actually be op-
erated in by the model. Interestingly is that we are mod-
eling all of our patients as a virtual twin an almost virtual-
ized copy of their individual cardiovascular. These twins
do not merely rekike on the borad population statistics,
but actually develop in the process of training, enabling
the system to identify thosemore subtle and patient spe-
icifc risk patterns which a more generalized model could
have overlooked.

The inputs to a hybrid variational quantum rein-
forcement learning agent are the digital twin states. A
parameterized quantum circuit is adopted as the policy
network in this framework and allows them to easily
represent nonlinear decision boundaries. A classical
optimizer updates the quantum parameters through a
policy gradient-based learning strategy. The reinforce-
ment learning environment is designed to simulate
diagnostic decision making where the agent selects
risk-level actions and receives feedback in the form of
reward signals based on prediction correctness.

The learning process iteratively refines the quantum
policy by maximizing cumulative rewards, leading to
improved risk classification performance. Finally, the
trained model outputs personalized heart disease risk
predictions, categorized into clinically meaningful risk

levels. This hybrid architecture leverages the strength
of the digital twin modeling. Reinforcement learning
and quantum variational circuits to provide an adaptive
and explainable decision-support for cardiovascular risk
assessment. The complete overview of the proposed
system is illustrated in Figure 1.

3.2 Digital Twin Modeling
In this study, a digital twin-inspired modeling approach
is used to represent each patient as a virtual entity for
personalized heart disease risk prediction. A digital twin
refers to a computational abstraction that reflects the
characteristics and state of a physical system. Within the
healthcare domain, such models enable individualized
analysis by capturing patient-specific clinical information.
Rather than constructing a complex physiological simula-
tor that would require real-time clinical data and exten-
sive domain knowledge, this work employs a lightweight
data-driven digital twin, as illustrated in Fig. 2.

The digital twins are built with the help of clinical char-
acteristics of the Cleveland Heart Disease dataset which
comprise demographic, vital, laboratory, and electrocar-
diographic features. These characteristics are standard-
ized and coded into an organized conditioning of states
that portrays the patient cardiovascular image at a par-
ticular point in time. This representation is the starting-
point of the digital twin and the individualized setting of
further learning and decision making.

The digital twin is connected in a dynamic way to a hy-
brid variational quantum reinforcement learning agent.
Training the agent monitors the state of the digital twin
and takes diagnostic measures based on the intensity
of risks of heart diseases. Reward signals on how well
the predicted risk is correct are in the form of feedback,
and the digital twin state is continuously updated via
repeated interactions. These interactions allow the
model to go beyond traditional classification and, on the
contrary, to capture adaptive and patient-centric risk
patterns.

The proposed solution can improve the personaliza-
tion, interpretability, and adaptability of heart disease
risk prediction by means of incorporating the digital
twin modeling concept into the reinforcement learning
framework. Moreover, this digital twin formulation
offers a scalable and extensible platform on which
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Figure 1. Overview of Digital Twin-Inspired Hybrid Variational Quantum Reinforcement Learning Framework.

subsequent medical applications can be built, in which
real-time monitoring information and model treatment-
response can be added to enable advanced clinical
decision-making systems.

3.3 Reinforcement Learning (RL)
Environment Design

The reinforcement learning set up will simulate the
decision-making process of heart disease risk evalua-
tion. Within the suggested framework, the environment
is developed based on the digital twin-driven patient
representation based on the Cleveland Heart Disease
Dataset. Each time the environment engages with the
player in the reinforcement learning process, it gives
the reinforcement learning agent a state vector which
is aligned with the current digital twin of a patient. This
state includes the normalized clinical attributes, which
allows the agent to see a comprehensive but concise
summary of the health status of a patient. A discrete set
of diagnostic decisions where each action is associated
with a category of heart disease risk, e.g. low, moderate
or high risk is referred to as action space. This expres-
sion puts the reinforcement learning task in line with the
clinical decision-making in the real world, which doctors
evaluate and classify the level of patient risk according
to the available evidence.

The reward system is significant in helping to shape
the learning process. When the agent predicts the risk
category of the patient correctly of having heart diseases
a positive reward is awarded and in case of incorrect pre-

diction a negative reward is awarded or a zero reward.
In this form of reward, it is the agent who is on the moti-
vation to maximize long term cumulative rewards by en-
hancing diagnostic accuracy to a wider range of patient
profiles. Episodes are designed to terminate after a sin-
gle decision step reflecting a diagnostic evaluation sce-
nario rather than a continuous control problem. Over
successive training episodes, the agent refines its policy
by learning from repeated interactions with different dig-
ital twins. This environment design enables stable and
efficient training of the hybrid variational quantum rein-
forcement learning environment as illustrated in Figure
3. The proposed framework establishes a robust founda-
tion for the quantum-enhanced learning framework de-
scribed in subsequent sections.

3.4 Variational Quantum Policy Network
Architecture

The proposed framework employs a variational quan-
tum policy network(VQPN) tomodel the decision-making
behavior of the reinforcement learning agent. Varia-
tional quantum circuits are particularly well-suited
for near-term quantum applications as they combine
quantum state manipulation with classical optimization,
enabling hybrid learning on quantum simulators or
noisy intermediate-scale quantum (NISQ devices. In this
study, the quantum policy network serves as a function
approximator that maps digital twin states to diagnostic
action probabilities for heart disease risk prediction.

Each digital twin state, represented as a normalized
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Figure 2. Conceptual illustration of Digital-twin inspired modeling process, where individual patient clinical attributes are
encoded into a virtual patient representation. The digital twin interacts dynamically with the learning agents, enabling

personalized and adaptive heart disease risk assessment.

Figure 3. Reinforcement Learning Environment for Heart Disease Risk Assessment.

feature vector, is encoded into quantum states using
parameterized rotation gates. Specifically, classical clin-
ical features are embedded into quantum amplitudes
through angle encoding, allowing patient information to
be represented in a high-dimensional quantum Hilbert
space. The encoded quantum states are then processed
by a layer variational circuit composed of trainable single-
qubit rotation gates and entangling operations. These
layers enable the model to capture complex non-linear
correlations among clinical features while maintaining a
compact parameter space. The output of the quantum
circuit is obtained by measuring expectation values of
selected observables, which are subsequently mapped

to action probabilities corresponding to different heart
disease risk levels.

Training of the variational quantum policy network is
performed using a policy-gradient-based reinforcement
learning strategy, as summarized in Algorithm 1. The
quantum circuit parameters are updated iteratively
through a classical optimizer that minimizes a loss
function derived from cumulative reward feedback. This
hybrid quantum-classical optimization loop enables
efficient learning without the need for fully fault-tolerant
quantum hardware. By integrating the variational
quantum policy network within the digital-twin-based
reinforcement learning environment, the proposed
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architectures facilitate personalized, adaptive, and
data-driven heart disease risk prediction.

Algorithm 1. Digital Twin-Inspired Hybrid Variational
Quantum Reinforcement Learning

Require: Cleveland Heart Disease Dataset D
Ensure: Trained Variational Quantum Policy Network πθ
1: Initialize variational quantum circuit parameters θ

randomly
2: Preprocess dataset D and construct digital twin rep-
resentations for all patients

3: for each training episode do
4: Select a patient digital twin
5: Observe current state st from the digital twin
6: Encode state st into the variational quantum cir-
cuit

7: Execute the quantum policy network πθ to obtain
action probabilities

8: Select diagnostic action at based on the policy out-
put

9: Receive reward rt based on prediction correct-
ness

10: Compute policy gradient using reward rt
11: Update quantum circuit parameters θ using a clas-

sical optimizer
12: end for
13: return Optimized quantum policy network πθ

4 Experimental Setup
All experiments were conducted over the dataset named
“Cleveland Heart Disease dataset” which is a widely used
benchmark for the cardiovascular disease prediction.
The dataset contains clinical records with multiple
patient attributes, including demographic information,
physiological measurements and diagnostic indicators.
Prior to training missing values were handled through
standard preprocessing techniques, and all numerical
features were normalized to ensure stable learning.

The dataset was divided into training (30%) and
testing (70%) subsets to evaluate generalization perfor-
mance. Each patient record was transformed into a
digital twin representation which served as the state in-
put to the reinforcement learning environment. The risk

prediction task was formulated as a discrete decision-
making problem, where the model classified patients
into predefined heart disease risk categories.

The proposed hybrid variational quantum reinforce-
ment learning model was implemented using python on
Google Collaboratory, leveraging its cloud based compu-
tational resources for efficient experimentation. Classi-
cal components of the framework including data prepro-
cessing and optimization routines, were executed on an
Intel Core i5(8th generation, vpro) processor with 8 GB
Ram. Quantum circuit simulators were performed using
a quantum computing framework compatible with varia-
tional quantum circuits and reinforcement learning.

The model was trained for 15 epochs to ensure con-
vergence of the quantum policy network. Performance
was evaluated using standard classification metrics
such as accuracy, precision, recall, F1-score. To ensure
reproducibility all experiments were conducted using
fixed random seeds and consistent hyperparameter set-
tings.The detailed epoch-wise performance results are
presented in Table 1. This experimental setup provides
a practical and reproducible environment for assessing
the effectiveness of the proposed digital-twin-inspired
quantum reinforcement learning framework for heart
disease risk prediction.

5 Results and Discussion
5.1 Accuracy
Accuracymeasures the overall correctness of a classifica-
tion model by calculating the proportion of correctly pre-
dicted instances among the total number of samples. It
provides a general indication of model performance but
does not fully capture class-wise behavior, especially in
medical datasets.

Mathematically, accuracy is defined as:

Accuracy = TP + TN
TP + TN + FP + FN (1)

Where TP, TN, FP and FN represent true positives,
true negatives, false positives, and false negatives,
respectively.

The proposed digital twin-inspired hybrid variational
quantum reinforcement learning framework achieved
an accuracy of 91.3% on training and 94.2% on testing
indicating its strong capability to correctly predict heart
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disease risk across patient samples, as illustrated in
Fig. 4 and summarized in Table 1.

Figure 4. Training and Testing Accuracy curves of the
proposed framework.

5.2 Precision
Precision evaluates the reliability of positive predictions
by measuring how many predicted positives cases are
actually correct. In clinical decision-making, high preci-
sion is important to reduce false alarms and unnecessary
medical interventions. Precision is calculated as:

Precision = TP
TP + FP (2)

The proposed framework obtained a precision score
of 90.4% demonstrating a low false positive rate and re-
liable identification of high risk patients, as illustrated in
Fig. 5 and reported in Table 1.

5.3 Recall
Recall is also known as sensitivity, measures the ability
of a model to correctly identify all of actual positive
cases. The metric is particularly critical in healthcare
applications where missing true disease cases can have
severe consequences.

Recall is defined as:

Recall = TP
TP + FN (3)

Figure 5. Training and Testing Precision of the proposed
framework

The proposed model achieved a recall of 92.2%, indi-
cating its effectiveness in detecting patients with heart
disease, as illustrated in Fig. 6 and detailed in Table 1.

Figure 6. Training and Testing Recall of Proposed Framework.

5.4 F1 - Score
The F1-score provides a balanced evaluation by combin-
ing precision and recall into a singlemetric, making it suit-
able for imbalanced medical datasets.

The F1 score is computed as:
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F1 =
2× Precision× Recall
Precision + Recall (4)

An F1 score of 91.2% on testing and 89.2% on train-
ing was achieved, confirming the robustness and consis-
tency of the proposed framework, as illustrated in Fig. 7
and presented in Table 1.

Figure 7. Training and Testing F1 score of Proposed
Framework.

5.5 Confusion Matrix
The confusion matrix provides a detailed breakdown of
classification outcomes, including true positives, true
negatives, false positives and false negatives. Analysis
of the confusion matrix revealed a high number of
correctly classified patient cases, with relatively few mis-
classifications. The low false negative count highlights
the model’s suitability for heart disease risk prediction,
where early and accurate detection is essential, as
shown in Fig. 8 and summarized in Table 1.

5.6 Matthews Correlation Coefficient
(MCC)

The MCC is a balanced that accounts for all the elements
of the confusion matrix and is particularly effective for
evaluating binary classifiers on imbalanced datasets.

MCC is defined as:

MCC = TP× TN− FP× FN√
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

(5)

Figure 8. Confusion Matrix of proposed framework.

The proposed framework achieved an MCC score of
0.82 indicating a strong positive correlation between pre-
dicted and actual heart disease risk labels, as illustrated
in Fig. 9.

Figure 9. MCC curve for the proposed framework over
training and testing.

The comparative performance analysis against recent
state-of-the-art heart disease prediction methods is pre-
sented in Table 2, demonstrating that the proposed RL
+ Quantum ML framework achieves competitive and bal-
anced performance across multiple evaluation metrics.

61



VAWKUMTransactions on Computer Sciences Volume 14, Issue 1, 2026

Table 1. Performance metrics of the proposed framework over 15 epochs

Epoch Training Acc. (%) Testing Acc. (%) Precision (%) Recall (%) F1 Score (%) MCC

1 70.2 72.8 71.0 71.3 79.5 0.48
2 76.2 75.5 77.4 75.2 76.4 0.55
3 73.4 79.6 74.2 74.8 73.0 0.70
4 79.4 81.4 80.5 80.1 77.5 0.79
5 81.7 86.4 83.0 82.0 80.0 0.60
6 83.9 88.1 86.2 85.5 82.2 0.88
7 85.6 85.4 84.2 87.0 86.1 0.85
8 87.1 89.7 87.2 86.8 81.5 0.78
9 88.4 91.2 85.6 75.3 88.9 0.84
10 90.3 92.2 88.2 88.6 89.2 0.83
11 91.7 91.3 90.1 89.6 90.2 0.84
12 91.0 93.0 89.2 90.8 90.9 0.85
13 91.2 94.1 88.2 92.3 91.6 0.80
14 91.6 94.0 92.7 90.1 90.0 0.83
15 91.3 94.2 90.4 92.2 91.2 0.82

5.7 Comparative Analysis with
State-of-the-Art Methods

The comparative performance analysis against recent
state-of-the-art heart disease prediction methods is
presented in Table 2, demonstrating that the proposed
RL + Quantum ML framework achieves competitive
and balanced performance across multiple evaluation
metrics. While some existing models report higher
accuracy, such as Al-Alshaikh et al. [5] (95.5%) and Gay-
athri et al. [1] (94.0%), they often lack comprehensive
metric reporting or exhibit wider gaps between accuracy
and F1-scores. In contrast, the proposed framework
achieves 91.3% accuracy with a nearly identical F1-score
of 91.2% and a highMCC of 0.82. This consistency across
all three metrics underscores the model’s robustness
and balanced performance. The results validate that
the proposed approach offers a reliable and effective
solution for heart disease prediction.

6 Discussion
The experimental results demonstrated that the pro-
posed digital twin-inspired hybrid variational quantum
reinforcement learning framework is effective for heart
disease risk prediction. The integration of digital twin
modeling enabled personalized patient representa-
tions, allowing the reinforcement learning agent to

adapt its diagnostic strategy based on individual clin-
ical profiles. The variational quantum policy network
effectively captured complex nonlinear relationships
among clinical features using a compact parameter
space, contributing to stable convergence and strong
predictive performance.

The reinforcement learning formulation further en-
hanced decision-making by optimizing actions through
reward-driven learning rather than relying on static
classification boundaries. Although the experiments
were conducted using quantum simulation rather than
real quantum hardware the results validate the feasi-
bility and potential advantages of quantum-enhanced
reinforcement learning offers a promising direction
or personalized and adaptive clinical decision-support
systems, while also providing a scalable foundation for
future deployment on emerging quantum computing
platforms.

7 Limitations and Future Work
Despite the promising results achieved by the proposed
framework several limitations should be acknowledged.

– First, the experimental evaluation was conducted on a
relatively small and structured dataset whichmay limit
generalization to more diverse and large-scale clinical
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Table 2. Comparative performance analysis of the proposed model against recent SOTA heart disease prediction methods

Author Year Model Type Accuracy (%) F1 Score (%) MCC

Al-Alshaikh et al. [5] 2024 ML-HDPM 95.5 91.5 –
Yi et al. [21] 2024 Swarm Optimization 92.0 – –
Chen et al. [13] 2022 Logistic Regression 82.1 82.0 –
Chen et al. [14] 2023 Random Forest 80.9 81.0 –
Chen et al. [14] 2023 ANOVA Chi-Square 76.5 76.0 –
Garcia-Ordas et al. [23] 2023 Various DL methods 89.0 – –
Dhandapani et al. [25] 2025 CNN 93.6 – –
Gayathri et al. [27] 2024 Various RL models 94.0 85.0, 80.0, 89.0 –
Kit et al. [28] 2024 DQN (Review Article) Review Review –

This article – RL + QuantumML 91.3 91.2 0.82

populations.
– Second, the quantum component of the framework
was implemented using the quantum simulation
rather than execution on real quantum hardware,
which may not fully capture noise and decoherence
effects present in practical quantum system. Addition-
ally, the reinforcement learning formulation employed
a single-step episodic environment, which simplifies
real-world clinical decision-making processes.

Future work will focus on validating the proposed
framework on larger multi-institutional datasets, in-
corporating temporal patient data for longitudinal
risk assessment, and extending the environment to
multi-step decision scenarios. Moreover, deployment
and evaluation on real noisy intermediate-scale quan-
tum (NISQ) devices will be explored to assess practical
feasibility. Integrating explainable quantum learning
mechanisms also a promising direction to enhance
clinical trust and interpretability.

8 Conclusion
This framework is a major breakage of the conventional
risk modeling by basing heart disease prediction on
a digital-twin-type architecture. By merging patient-
specific virtual profiles with variational quantum rein-
forcement learning, the system successfully navigated
high-dimensional clinical data to isolate risk patterns
that often remain obscured in population-wide datasets.

Evidence from the Cleveland Heart Disease dataset
trials confirmed this efficacy; the high accuracy (94.2%)

and an MCC of 0.82 suggest a model that is both stable
and highly capable of generalization. Perhaps most
vital is the architecture’s dual-compatibility. The hybrid
quantum-classical optimization allows for immediate
practical application on current hardware while ensuring
the entire methodology is future-proofed for near-term
quantum devices. Ultimately, this approach transitions
clinical decision support from static observation to a
scalable, adaptive, and highly individualized diagnostic
tool.
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