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Abstract The prognostication of cardiovascular diseases is paramount for the facilitation of early detection
and enhancement of patient prognoses. It introduced a novel hybrid deep learning architecture that
amalgamates Convolutional Neural Networks (CNN), Quantum Convolutional Neural Networks (Q-CNN),
Long Short-Term Memory (LSTM) networks, Quantum-Inspired Long Short-Term Memory (Q-LSTM)
models, Denoising Autoencoders (DAE), and Transformer Encoder-Decoder frameworks. The quantum
models were innovatively structured by integrating unitary transformations and Hilbert space
representations within traditional deep learning paradigms. Hyperparameter optimization, including
learning rate, hidden unit count, dropout rates, and batch size, was executed utilizing the Greylag Goose
Optimization (GGO) algorithm, which was meticulously chosen after initial benchmarking against
conventional optimization techniques. These models underwent training and validation processes on a
meticulously curated clinical dataset encompassing both demographic and clinical attributes, with
preprocessing measures implemented to rectify missing data and address class imbalances. Among the
array of assessed models, the GGO-optimized Q-LSTM exhibited superior performance, attaining an
accuracy of 98.05% (95% Cl: 96.8-99.2%), a precision of 1.00, a recall of 98.96%, an F1-score of 97.95%, and
an AUC-ROC of 0.980. The DAE demonstrated an accuracy of 97.08% alongside an AUC-ROC of 0.989.
Future research endeavors will focus on external validation and statistical significance testing to evaluate
model generalization. Additionally, considerations regarding model interpretability through SHAP analysis
and the practical deployment aspects (e.g., integration with Electronic Health Records) are thoroughly
examined. This investigation underscores the assertion that the integration of deep learning
methodologies, quantum-inspired modeling, and bio-inspired optimization strategies can markedly
enhance predictive analytics for cardiovascular disease identification, while concurrently underscoring the
critical importance of model interpretability and rigorous validation.

Keywords Cardiovascular disease, Quantum CNN, Quantum LSTM, Transformer, Autoencoder, Grey-lag
Goose Optimization, Ensemble Learning.

l. Introduction characterize clinical data, which complicates the

diagnostic process [2-4]. In recent years, machine

Cardiovascular disease (CVD) continues to represent
the foremost cause of mortality on a global scale,
resulting in an alarming estimate of approximately 18
million deaths each year, as reported by the World
Health Organization in the vyear 2023. The
implementation of early detection methodologies and
the precision of risk prediction models are paramount
in the endeavor to diminish mortality rates while
simultaneously optimizing healthcare interventions
across various clinical settings [1]. However, it is
important to acknowledge that the current diagnostic
techniques available are frequently hindered by the
intrinsic complexity, variability, and inherent noise that

learning (ML) and deep learning (DL) strategies have
exhibited substantial promise in enhancing predictive
modeling capabilities within the healthcare domain.
Nevertheless, it is crucial to note that traditional ML and
DL models, including but not limited to logistic
regression, decision trees, convolutional neural
networks (CNNs), and recurrent neural networks
(RNNs), confront significant challenges when tasked
with  processing noisy, high-dimensional, and
temporally dynamic datasets that are often
encountered in medical contexts [5-7]. Among these
challenges, one can identify the difficulty of managing
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long-range dependencies and complex feature
interactions that are vital for accurate predictions.

Moreover, they are defined as being very sensitive
to missing values of data and outliers that may exist in
the data, hence giving a biased result and invalid
predictions. Moreover, it is also accompanied by a low
capacity of these classical approaches to describe
complex non-linear relationships present in healthcare
data in an efficient way [8]. In addition to that, the issue
of generalization in multiple patient groups can
severely threaten both the applicability of such
predictive models to a more realistic clinical scenario.
While fully eliminating or at least partly reducing these
severe limitations, we would propose the development
of a groundbreaking hybrid deep learning model that
would naturally apply all the convolutions to the
quantum Hilbert spaces, therefore, allowing even more
successful recognition of the spatial features of
structured clinical data, which is a significantly
important step towards the appropriate level of risk
assessment. The Quantum LSTMs, on the other hand,
utilize quantum memory units and superposition ideas
in intelligent learning of complex sequential
dependencies, which enhances the performance and
loss of information that can otherwise overpower the
intentions of the sequential prediction of the model. The
key strengths of these realistic quantum systems for
several medical tasks, including: first, they enhance
feature representation, encourage noise resistance,
and also enhance the rate of convergence, which are
critical components needed in the development of
clinical quality prediction systems that have a stable
capability to predict cardiovascular events.

The suggested hybrid architecture combines a
number of supplementary learning units into one
processing pipeline. The Denoising Autoencoder
(DAE) is first used to carry out noise reduction and
latent features extraction of the clinical data. The
extracted features in refined forms are then fed to the
Q-CNN to extract spatial patterns, and the Q-LSTM to
model sequential relationships between cardiovascular
features. Simultaneously, the Transformer Encoder
Decoder models feature interactions of features
globally via self-attention. These models are optimized
using the Greylag Goose Optimization (GGO)
algorithm, which optimizes the hyperparameters to
produce an optimal predictive configuration. These
modules also interact with each other as the proposed
framework architecture (Fig. 1) demonstrates. In this
paper, quantum-inspired denotes the application of
mathematical concepts based on quantum mechanics
to classical deep learning models and not the
deployment of real quantum computing. In particular,
both the Q-CNN and Q-LSTM models feature unitary-
like transformations and representation of features in
Hilbert space to represent superposition-like feature
interactions in a manner that is norm stable. Such

mechanisms increase the expressiveness of the
features, as well as permit the models to model
nonlinear relationships between cardiovascular risk
factors in more detail than standard architectures.

Il. Related Work

Recent progress in the domain of computational
healthcare has significantly highlighted the pressing
necessity for sophisticated models that possess the
capability to autonomously acquire and learn intricate
hierarchical structures, non-linear relationships, and
temporally sensitive features derived from a wide array
of medical data sources that are both diverse and
multifaceted [9]. In particular, the multimodal nature of
electronic health records (EHRs) that incorporates
different types of data, such as structured variables,
time series vital signs, diagnostic imaging, and
narrative clinical notes, requires the creation of
predictive systems that are capable of executing
adaptive reasoning across multiple positions, thus
increasing the efficiency of clinical decision-making
processes. Traditional deep learning systems, despite
their significant capabilities and usefulness, often
require a high level of manual feature engineering,
manual hyperparameter optimization, as well as the
availability of large and labeled datasets, to achieve a
level of performance that may be considered reliable
and trustworthy [10]. Nevertheless, in very many
clinical settings, the achievement of these
preconditions can become extremely difficult, mainly
because of such limitations as the lack of data and the
heterogeneity of patient groups, as well as because of
the plethora of ethical issues that complicate the
process of data gathering and application.

Bukhari et al. [11] introduced a hybrid model of
SCNN LFGOA based on predicting cardiovascular
diseases and emphasized the use of convolutional
networks and bio-inspired optimization approaches. To
improve the performance of feature selection and
prediction in cardiovascular datasets, Shanshan Wang
et al. [12] used Pearson Correlation, ensemble, and
Principal Component Analysis techniques. To deal with
the problem of class imbalance and missing values in
the Framingham Heart Study dataset, Omotehinwa et
al. [13] used LightGBM in conjunction with Bayesian
Optimization, MICE imputation, and Borderline
SMOTE. Haifeng Zhang et al. [14] investigated nature-
inspired methods of optimization algorithms, such as
Slime Mold and Pathfinder optimization, with XGBoost
classifiers to enhance the prediction of heart disease.
Mohammed Amine Bougentar et al. [15] comparatively
implemented the classical machine learning
algorithms, which include Random Forest, SVM,
Decision Tree, and Logistic Regression, on the
Cleveland heart dataset and evaluated the efficacy of
various classifiers on clinical prediction. B. This work
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was based on the use of an Optimal Scrutiny Boosted
Graph Convolutional LSTM model combined with the
Eurygaster Optimization Algorithm [16] with a
sequence  pattern recognition  objective  in
cardiovascular and diabetes data. Tahseen Ullah et al.
[17] optimized ensemble models such as Random
Forest and Extra Tree using Particle Swarm
Optimization across both small and large heart disease
datasets.

Subbulakshmi Pasupathi et al. [18] have used the
Hybrid Harris Hawks Optimization (H-HGO) framework
to increase the predictive potential of the Random
Forest models by embedding context-based features.
Tarig Mahmood et al. [19] assessed the state-of-the-art
machine learning models using Boosted Decision
Trees and proved that ensemble methods are effective
in terms of the classification of heart diseases. J. To
enhance interpretability and high performance of the
model on large cardiovascular datasets, Jasmine
Gabriel et al. [20] designed a dual tier ANOVA Chi-
Squared feature selection (AnoX2) framework. D. Yaso
Omkari et al. [21] introduced the Two-Layer Voting
(TLV) model that involves a combination of hard and
soft voting to select features, which boosts the
predicates of the most datasets. Besides, Tariq
Mahmood et al. [22] implemented XGBoost with
methodical feature selection on CHD datasets to
perform optimal prediction pipelines. The usefulness of
hybridization and feature engineering in the context of
hybrid ACVD-HBOMDL framework was proposed by
Marwa Obayya et al. [23] on a range of datasets. J.
Jasmine Gabriel et al. [24] came up with the BSOXGB
framework through incorporating features selection
(BorutaShap) with hyperparameter optimization
(Optuna) to enhance interpretability and predictive
power. Pendela Kanchanamala et al. [25] examined the
optimization methods to cardiovascular data in order to
maximize a classifier. Neeraj Sharma et al. [26] used
hybrid deep learning architecture, which incorporates
BiLSTM and GRU units to analyze sequential clinical
data. Manikandan R et al. [27] enhanced Two-fold
clustering with LSTM for predictive modeling using
electronic health records. Mert Ozcan et al. [28] utilized
the CART algorithm to classify cardiovascular disease
cases, while R. Valarmathi et al. [29] applied ensemble
learning strategies on the Cleveland dataset to improve
prediction reliability.

Although significant progress in the use of machine
learning and deep learning methods to predict
cardiovascular diseases, there are still some
limitations. Existing strategies primarily emphasize
either feature selection, classical neural networks or
optimization-based models in isolation, and therefore
lack the capacity to jointly model nonlinear clinical
relations, temporal correlations between clinical
variables and resistance to noisy medical data. Also,

traditional models can be based on outdated feature
representations and can be ineffective in learning more
complex interactions between  heterogeneous
cardiovascular risk factors. In order to overcome these
shortcomings, the proposed hybrid quantum-based
deep learning architecture will combine denoising
feature learning in a Denoising AutoEncoder, spatial
patterns extraction in a Q-CNN and temporal
dependencies modeling in a Q-LSTM, with a
Transformer module that reflects the global feature
correlation through attention processes. The Greylag
Goose Optimization algorithm also optimizes
hyperparameters in these components in an adaptive
manner and hence offers a more powerful and high-
capacity  predictive  architecture in  detecting
cardiovascular diseases.

lll. Method

The proposed Hybrid Quantum-Inspired Deep
Learning Framework with Bio Inspired Optimization is
designed to enhance the accuracy, interpretability, and
robustness of cardiovascular disease prediction from
complex and high-dimensional medical data. The
framework integrates three key paradigms quantum
inspired neural computation, bio inspired
hyperparameter optimization, and noise resilient
feature learning into a cohesive predictive model that
simulates quantum parallelism while maintaining
classical computational feasibility as shown in Fig. 1.
The basic idea behind the framework is to integrate
Quantum Convolutional Neural Networks (Q-CNN) and
Quantum Long Short-Term Memory (Q-LSTM): the
architecture should address both spatial and temporal
correlations that can be found in cardiovascular data.
Learning of the complex structural and morphological
features of clinical or physiological signals is carried out
by the Q-CNN component, which uses the quantum
convolution operations to encode the information into
amplitude states. These processes allow pattern
recognition of multi-dimensional data efficiently, and a
simulation of the principle of entanglement and
superposition of quantum computing. Simultaneously,
Q-LSTM module captures sequential dependencies
and time-oriented patterns of progression of variations
in patient health, where continuity in time and
physiological patterns are effectively captured in the
latent space.

In order to develop the most optimal configurations
and convergence, the framework relies on Greylag
Goose Optimizer (GGO) bio inspired metaheuristic
algorithm that the framework relies on to recreate the
process of migration of the geese when creating a
flock. The GGO algorithm is a dynamic fine-tuning of
the significant hyperparameters of the Q-LSTM and Q-
CNN models, such as the learning rate, the dropout
ratio, and the memory cell size, to achieve the lowest
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loss on validation and the highest predictive accuracy.
Such an optimization process offers an effective trade-
off of exploration and exploitation, leading to faster
convergence and reduced overfitting. In addition, a
Denoising Autoencoder (DAE) module is also
introduced as a representation learning sub-block and
preprocessing module to make the framework more
robust to data imperfections and noise, which is a
frequent issue with clinical datasets. Salient and stable
latent features are determined by the DAE by
reconstructing original signals using noisy inputs, which
makes the subsequent layers of quantum-inspired
learning robust. The pipeline operates in the following
way: any cardiovascular dataset of input is

SHAP value
Computations and

preprocessed and transmitted to the DAE to be refined
and denoised in features. The representations of the
clean features are then fed into the Q-CNN to learn
spatial features, and then the Q-LSTM to learn time.
The GGO algorithm finds the best possible setup of the
hyperparameters of the whole network by optimizing
the hyperparameters dynamically. Finally, the hybrid
model produces a correct cardiovascular disease
predictor outcome. This kind of synergetic integration
of the quantum-inspired computation, bio-inspired
optimization, and noise-insensitive learning shapes a
powerful and universalistic predictive model that can be
applied in the medical decision support systems of the
real world.
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Fig. 1. Proposed Hybrid Quantum Inspired Framework

A. Data Acquisition and Preprocessing

The data acquisition and preprocessing stage forms
the foundation of the proposed Hybrid Quantum-
Inspired Deep Learning Framework, ensuring data
integrity, quality, and readiness for quantum-enhanced
learning [30]. This stage encompasses structured data
collection, cleaning, normalization, encoding, and
segmentation to preserve both spatial and temporal
characteristics crucial for cardiovascular disease
(CVD) prediction.

1. Dataset Description

The dataset utilized in this study comprises electronic
health records (EHRs) and clinical measurements of
cardiac patients, including physiological signals,

demographic variables, and diagnostic indicators, as
shown in Table 1. Each instance is represented as a
multidimensional vector as defined in Eq. (1) as follows
[2], where x; € R™ denotes the feature vector
containing n patient attributes, and y; € {0,1}
indicates the disease status (1 = Disease, 0 = No
Disease). The entire dataset D, is partitioned into
training, validation, and testing subsets as defined in
Eq. (2) as follows [8]. Typically, an 80—10-10 split ratio
is employed to ensure adequate model generalization
and unbiased evaluation.

D = {x;, yi}ieq €Y
Diotar = Dtrain YU Dyar U Deests
Dirain N Dyqy N Diege = @ 2
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2. Data Cleaning and Normalization

Data preprocessing begins with the elimination of
incomplete or inconsistent records, followed by
imputation of missing values using a median-based
strategy to preserve statistical stability.
X — Xmin
X =— 3
Xmax — Xmin ( )

Continuous features such as cholesterol level, resting
blood pressure, and maximum heart rate are
normalized using min—max scaling as defined in Eq. (3)
as follows [2]. This normalization confines all feature
values within the range [0,1], ensuring uniform gradient
propagation during model training.

3. Encoding and Feature Structuring

Categorical features (e.g., sex, chest pain type,
exercise-induced angina) are transformed via one-hot
encoding, converting nominal attributes into binary
vectors. Each encoded feature is concatenated with
numerical attributes to form a unified input vector x;.
The resultant structured data is reshaped into tensor
form, suitable for convolutional and sequential
processing by the Q-CNN and Q-LSTM layers. To align
with the spatial encoding process required for quantum
feature mapping, each record is converted into a pixel-
mapped representation, where each attribute
corresponds to a pixel intensity. Thus, clinical variables
are spatially encoded as grayscale images, allowing
the Q-CNN to extract localized feature correlations that
would otherwise be inaccessible through traditional
tabular learning.

Table 1. Description of Heart Disease Dataset

Feature Description Type Range / Values
Age Age of the patient Numeric 29-77
Sex Sex (1 = male; 0 = female) Binary 0,1
Cp Chest pain type Categorical 0,1,2,3

trestbps Resting blood pressure (mm Hg) Numeric 94 — 200
Chol Serum cholesterol (mg/dl) Numeric 126 — 564
Fbs Fasting blood sugar ¢4, 120 mg/dl (1 = true) Binary 0,1

restecg Resting ECG results Categorical 0,1,2

thalach Maximum heart rate achieved Numeric 71-202

Exang Exercise-induced angina (1 = yes) Binary 0,1
oldpeak ST depression induced by exercise Numeric 0.0-6.2
Slope Slope of peak exercise ST segment Categorical 0,1,2
Ca Number of major vessels colored Numeric 0-3
Thal Thalassemia (3 = normal; 6 = fixed defect)] Categorical 0,1,2,3,6,7
Target Heart disease (1 = yes, 0 = no) Binary 0,1

4. Noise Injection and Augmentation

Given the inherent variability in clinical datasets, noise-
injection techniques are incorporated to enhance the
model’'s resilience to real-world imperfections.
Gaussian noise N (0,02) is added to selected input
features during training to simulate sensor or
measurement noise as defined in Eq. (4) as follows
[31]. These augmented samples are subsequently
processed by the Denoising Autoencoder (DAE), which
reconstructs clean latent representations. This process
improves the stability of feature extraction and
minimizes overfitting by regularizing the learned feature
space.

Xnoisy = X + €,€ ~ N'(0,0°) 4)

This preprocessing pipeline ensures that the input data
is balanced, denoised, and structurally consistent with
the hybrid quantum-inspired architecture. The
combination of feature normalization, spatial encoding,
and noise-resistant representation learning
significantly enhances the robustness of the

downstream predictive modeling process.

B. Quantum Convolutional Neural Network (Q-CNN)
Architecture

The Quantum Convolutional Neural Network (Q-CNN)
represents the first stage of the proposed hybrid
framework, designed to extract highly discriminative
spatial features from clinical data transformed into
quantum encoded tensors. By leveraging the principles
of quantum superposition and entanglement, the Q-
CNN enables parallel processing of multidimensional
patterns, enhancing feature expressivity and
computational efficiency compared to its classical
counterpart [31]. The preprocessed clinical data Dy, is
transformed into quantum states through an amplitude
encoding scheme, where each normalized feature
vector x; = [x1,xy,...,X,] iS mapped onto a quantum
state | ;) as defined in Eq. (5) as follows [4]. This
encoding ensures that all features are simultaneously
represented within a high-dimensional Hilbert space,
allowing the quantum circuit to capture correlations that
are nonlinearly separable in classical space.
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n n

| ;) = ij | j), such thatz 5 P=1 (5
j=1 j=1

1. Quantum Convolution Operation

The quantum convolution layer applies parameterized
unitary transformations to these encoded quantum
states, mimicking the convolution process of a classical
CNN but operating in a probabilistic amplitude domain,
as shown in Fig. 2. The transformation can be
represented as defined in Eq. (6) as follows [9]. Here,
Ucony I8 the quantum convolution operator, f(«;)
denotes the learnable filter coefficients represented as
rotation angles in the quantum gates, and | i) indicates
the computational basis states. This operation extracts
spatially entangled feature maps by exploiting the
interactions between qubits through controlled rotation
and entanglement gates (e.g., CNOT and CRZ). These
interactions enhance the representation power of the
network, enabling efficient identification of subtle
clinical variations that signify early cardiovascular
anomalies.
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Fig. 2. Quantum Convolution Architecture
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2. Quantum Pooling and Measurement

Following convolution, quantum pooling is performed to
reduce the dimensionality of the feature space while
preserving essential characteristics. Quantum pooling
is achieved through a partial measurement strategy,
wherein a subset of qubits is measured to collapse their
probability amplitudes. where M, denotes the
measurement operator applied to selected qubits. This
pooling operation introduces stochastic regularization,
mitigating overfitting by randomly collapsing certain
state amplitudes, similar to dropout in classical CNNs.

The measurement outcomes correspond to observable
feature representations, which are further processed by
classical layers for interpretation and integration with
the Quantum-LSTM stage. The Greylag Goose
Optimization (GGO) algorithm fine-tunes the Q-CNN
parameters, such as rotation angles, layer depth, and
kernel size, to enhance predictive performance. The
optimization process follows the dynamics of
cooperative swarm behavior, as outlined in algorithm 1
below.

| 1I’pooled) = MP(Uconv | 'p)) (7)

ALGORITHM 1: GGO-BASED OPTIMIZATION FOR Q-
CNN
Input: Quantum-CNN architecture with initial
parameters ©
Output: Optimized parameter configuration
@best
1. Initialize GGO population with candidate Q-
CNN parameter sets
While convergence criterion not met do
for each goose in the population do
4. Train Q-CNN using assigned
parameter set
Evaluate fitness based on validation
accuracy
Update position using GGO
movement dynamics

wbh

5. End for
Update global and personal best
positions

6. End while

7. Return 0y,

Prior to selecting the Greylag Goose Optimization
(GGO) algorithm, a pre-test benchmarking of the
algorithm was performed against the common
optimization strategies, such as Random search and
gradient-based Adam algorithm, to tune the
hyperparameters. Comparison was conducted based
on validation accuracy, convergence behavior and
stability with respect to training epoch as measures.
The findings demonstrated that GGO offered a superior
exploration versus exploitation tradeoff, which allowed
for more stable discovery of optimal hyperparameter
settings and better convergence stability. Resting on
these observations, GGO was chosen as the common
optimization approach to the suggested hybrid
framework. The GGO ensures a balanced trade-off
between exploration (searching diverse parameter
regions) and exploitation (refining near-optimal
configurations), enabling rapid convergence toward the
most effective Q-CNN setup as defined in Eq. (7) as
follows [8].
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C. Quantum Long Short-Term Memory (Q-LSTM)
Architecture

The Quantum Long Short-Term Memory (Q-LSTM)
architecture extends the classical LSTM model by
embedding quantum-inspired transformations within its
recurrent and gating mechanisms, as shown in Fig. 3.
This integration enables the model to preserve
temporal dependencies more effectively while
maintaining stability and reduced gradient dissipation
during sequential learning. In cardiovascular disease
prediction, temporal relationships among diagnostic
features—such as blood pressure variability, heart rate
trends, and lipid profile evolution are critical for
accurate prognosis. The Q-LSTM captures these
dependencies by leveraging quantum coherence and
unitary operations, ensuring norm preservation
throughout state transitions.

Forgel Gate
1)

input Gate

(i)

~

t G

Qutput Gate
l‘“[J

Cell State
(C)

Fig. 3. Quantum LSTM Architecture

1. Quantum Gate State
Representation

Each time step t as defined in Eq. (8) as follows [2],
receives input X;and previous hidden state h;_,, which
are processed through quantum-inspired gate
operations that emulate the behavior of LSTM memory
mechanisms. The conventional LSTM equations are
extended using unitary transformations U (+) to maintain
state normalization as defined in Eq. (9) to Eq. (13) as

Operations and

follows [4]:
Forget Gate:
Input Gate:
iy =0(WiX;+Uh;_ 1+ b)) 9
Candidate Cell State (with Unitary Transformation):
C,=tanh(UW_.X,+ U h,_y + b)) (10)
Cell State Update:
C:=fOC1+i;OC (11)
Output Gate and Hidden State:
Ot = O-(WOXt + Ul)ht—l + bO) (12)

Here, O represents element-wise multiplication, and
the unitary normalization U(z) = — ensures that the

Izl
magnitude of the quantum-inspired transformations
remains bounded, preserving quantum-like stability
across recurrent operations.
2. Quantum Memory Encoding
In this framework, as defined in Eq. (14) as follows [32],
each cell state C; and hidden state h,are encoded as
quantum amplitude vectors. These are treated as pure
states | y;) in the quantum Hilbert space, where
temporal evolution follows:
Co=Ucen 1 Py) i = Uinput [ Pe),
ft = Uforget | lpt—1> (14)

This encoding ensures that the model retains long-
term dependencies without degradation, as the unitary
operations prevent information loss through norm-
preserving transformations. Consequently, the Q-
LSTM achieves enhanced memory retention, which is
particularly beneficial when analyzing long-term
cardiac patient records. The Q-LSTM exploits quantum
parallelism to process multiple temporal patterns
concurrently. Through controlled unitary operations,
different hidden states interact coherently, analogous
to quantum entanglement, facilitating deeper cross-
temporal correlations. This property enables the
network to uncover subtle time-based clinical variations
that may be undetectable by purely classical models.
The training process of Q-LSTM is optimized using the
Greylag Goose Optimization (GGO) algorithm. The
GGO enhances convergence by balancing exploration
(diversity of candidate solutions) and exploitation (fine-
tuning near-optimal hyperparameters), which is crucial
for optimizing parameters such as memory size,
learning rate, and dropout ratio.

It is necessary to mention that the suggested
architecture is quantum-motivated and executed on a
classical computing platform. The quantum-inspired
behavior is modeled by the mathematical structures
based on quantum mechanics instead of physical
quantum gates. Specifically, feature vectors are
regarded as state representations in a Hilbert space,
and the transformation U(:) is a unitary-inspired
normalization that maintains feature, vectors norms,
and balances out the propagation of features between
layers. In the QCNN architecture, the transformation is
used following convolution operations to simulate
quantum state evolution. Equally, the QLSTM is based
on the same transformation as its candidate memory
state update, allowing stable state transitions between
succeeding time steps that are similar to unitary
quantum transformations during temporal modeling.
The optimization process follows GGO-Based
Optimization for Q-LSTM and DAE, as outlined in
algorithm 2 and algorithm 3 below.
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ALGORITHM 2: GGO-BASED OPTIMIZATION FOR Q-
LSTM
Input: Q-LSTM architecture and initial
hyperparameters
Output: Optimized Q-LSTM parameter
configuration 0y.;
1. Initialize GGO population with Q-LSTM
hyperparameter sets

2. While convergence not achieved do
3. for each goose in the population do
4. Train Q-LSTM using assigned
hyperparameters
Compute fitness based on validation
loss or accuracy
Update position and velocity using
GGO dynamics
5. End for
Update global and personal best positions
6. End while

7. Return 0,

D. Denoising Autoencoder (DAE)
The Denoising Autoencoder (DAE) plays a critical role
in the proposed hybrid framework by learning noise-
invariant and robust feature representations from
potentially noisy or incomplete clinical data. Clinical
datasets often suffer from measurement errors, sensor
variability, or missing entries, which can degrade the
performance of deep learning models, as shown in Fig.
4. The DAE mitigates these issues by reconstructing
clean input features from deliberately corrupted data,
ensuring that downstream Quantum-CNN and Q-LSTM
models receive high-quality latent embeddings. During
training, Gaussian noise is added to the input features
to simulate real-world clinical data perturbations as
defined in Eq. (15) as follows [4]. Where X; is the
original input, X;is the noisy input, erepresents
Gaussian noise, and Iis the identity matrix. This
process encourages the encoder to focus on salient,
stable  patterns, promoting  robustness and
generalization.

X.=X;+€¢€~N(0,0%D
The DAE comprises two main components:
Encoder: Maps the corrupted input X; to a lower-
dimensional latent representation z; as defined in Eq.
(16) as follows [31]. where W, and b, are learnable
encoder weights and biases, and ¢(-) is an activation
function (ReLU or Sigmoid).

z;=0(W.X;+b,) (16)
Decoder: Reconstructs the original input X; from the

latent representation as defined in Eq. (17) as follows
[6]. where W, and b, are decoder parameters.

Xi = o(Waz; + by)

(15)

17)

Noisy Input
Encoder

F 9

Compressed Representatiol

Decoder

Denoised Image

Fig. 4. Denoising Autoencoder (DAE)
Architecture

The Mean Squared Error (MSE) in Eq. (18) as follows
[2] is used to obtain the reconstruction loss. There is a
minimum of such loss, and this means that latent space
can capture the most informative, noise-robust features
to be processed with the model afterwards. The
hyperparameters of the DAE that have been optimized
through the Greylag Goose Optimization (GGO)
algorithm, such as the number of hidden layers, the
size of the latent dimension, the learning rate, and the
dropout rate, are maximized. The GGO manages to
explore the hyperparameter space evenly and then
quickly converges to the best architecture. Such
optimization is important to ensure that the DAE not
only denoise the data well but also generates feature
embeddings that improve the performance of
downstream quantum-inspired models. The DAE
serves as a preprocessing and feature refinement
module in the suggested pipeline, which gives the Q-
CNN and Q-LSTM layers a strong input. Through the
acquisition of noise-invariant latent representations, it
increases the stability of the model to changes in
clinical data, which eventually boosts the predictive
power and robustness of the hybrid system. Empirical
evidence shows that the DAE is accurate in about 97
percent of the reconstruction of important features,
which would add to the overall prediction accuracy.

N
1 .
Luse =5 > 1 Xi=X; 12 (18)
i=1

ALGORITHM 3: GGO-BASED OPTIMIZATION FOR DAE

Input: Initial DAE architectures and
hyperparameters
Output: Optimized DAE configuration

1. Initialize GGO population with candidate DAE
configurations

Manuscript received 30 Dec 2025; Revised 10 Feb 2026; Accepted 20 April 2026; Available online 30 April 2026

Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i2.1440

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

813


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i2.1440
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 2, April 2026, pp: 806-824

e-ISSN: 2656-8632

2.  While termination condition not met do

3. for each goose in the population do

4. Inject noise and train the DAE
Compute reconstruction loss (MSE)

Update velocity and position using
GGO dynamics
5. End for

Update best solutions (personal and
global)
6. End while

7.  Return Optimal DAE architecture

E. Encoder—Decoder Transformer

The Encoder—Decoder Transformer serves as the final
component of the proposed hybrid framework,
capturing long-range dependencies and complex inter-
feature relationships within clinical datasets. While the
Quantum-CNN focuses on spatial feature extraction
and the Q-LSTM models temporal patterns, the
Transformer complements these models by learning
relational representations across all features, enabling
a holistic understanding of the patient’s cardiovascular
profile.

1. Multi-Head Self-Attention Mechanism

The core of the Transformer is the multi-head self-
attention mechanism, which allows the model to weigh
the importance of each feature relative to all others. For
a given input feature matrix X € R™*%modet  the attention
computation is defined as in Eq. 19 to Eq. 22 as follows
[2] [4]. Where Q, K, and Vare the query, key, and value
matrices obtained via learned linear projections, and d;
is the dimensionality of the key vectors. The multi-head
attention extends this mechanism by performing h
independent attention operations and concatenating
their outputs. Here, W WX, WY, and W° are
learnable projection matrices. This design allows the
model to simultaneously capture multiple types of
feature interactions, improving the representation of
subtle correlations in cardiovascular data.

. QK™
Attention(Q, K, V) = softmax |4 (19)

Ja

MultiHead(Q, K, V) = Concat(heady, ..., heady)
wo (20)

head; = Attention(QW?, KW¥,vwY) (21)

2. Positional Encoding

Since clinical features are structured rather than
sequential, the Transformer incorporates positional
encodings to maintain information about feature order
and relative importance. These encodings are added to
the input embeddings to ensure that the network can

distinguish between different features and maintain
structural coherence across layers.

. pos
PE (pos2i) = Sin i ,
100009modet
pos
PE (4052i+1) = CO'S 2i (22)
100009modet
3. Encoder—Decoder Architecture
The Transformer Encoder processes the input

embeddings to produce contextualized representations
that capture inter-feature dependencies. Each encoder
layer includes: Multi-head self-attention, Feed-forward
neural network with residual connections, Layer
normalization for stabilization. The Transformer
Decoder generates predictions by attending to both the
encoder outputs and previous decoder states. This
structure allows for refined feature interaction
modeling, essential for capturing complex relationships
among cardiovascular indicators.

4. GGO-Based Hyperparameter Optimization

The Transformer's performance is sensitive to
hyperparameters such as the number of attention
heads, embedding dimensions, and network depth.
The Greylag Goose Optimizer (GGO) is employed to
identify optimal configurations as outlined in Algorithm
4,

ALGORITHM 4: GGO-BASED OPTIMIZATION FOR
TRANSFORMER
Input: Transformer model with initial
hyperparameters
Output: Optimized Transformer configuration

1. Initialize GGO population with candidate
Transformer hyperparameters
2.  While convergence not reached do

3. for each goose in the population do

Train Transformer on
preprocessed data

Evaluate performance metrics
(e.g., AUC, accuracy)

Update positions using GGO rules

5. End for
Update elite (best) configurations
6. End while
7.  Return Optimal Transformer configuration

This bio-inspired optimization ensures a balance
between exploration and exploitation, achieving
superior  predictive  performance and stable
convergence across epochs. In the proposed pipeline,
the Transformer receives denoised feature
embeddings from the DAE and outputs from the Q-
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CNN and Q-LSTM layers. By modeling complex inter-
feature interactions, it enhances the interpretability and
robustness of the final prediction. Experimental
observations indicate that while the DAE achieves
~97% accuracy in feature reconstruction, the
Transformer further refines the learned
representations, enabling the framework to generalize
effectively to unseen clinical data.

F. Greylag Goose Optimization (GGO) as a Unified
Optimization Strategy

The Greylag Goose Optimization (GGO) algorithm
serves as the central optimization engine within the
proposed hybrid framework. It is employed to fine-tune
the parameters of all learning components: Quantum
Convolutional Neural Network (Q-CNN), Quantum

Long Short-Term Memory (Q-LSTM), Denoising
Autoencoder (DAE), and Encoder—Decoder
Transformer ensuring robust convergence, high

generalization capability, and optimal classification
performance. Inspired by the collective migration and
formation behavior of greylag geese, GGO combines
explorative global search with exploitative local
refinement, dynamically balancing these two phases to
avoid premature convergence a common limitation in
traditional optimization techniques such as PSO or GA,
as outlined in Algorithm 5.

1. Biological Inspiration and Conceptual Overview

In natural migratory behavior, greylag geese fly in a V-
shaped formation, where the leader goose sets the
optimal path, representing the best current solution.
Follower geese adjust their positions based on the
leader’s trajectory and the positions of their neighbors,
promoting cooperation. Periodic lead changes prevent
fatigue, enabling exploration of new search regions.
Translating this into a computational model, each
goose represents a candidate solution vector (i.e.,
model parameters such as learning rate, number of
filters, hidden units, or embedding dimensions). The
flock collectively evolves toward the global optimum
through adaptive updates guided by fitness evaluation
and spatial coordination [32]. Let the position of the it"
goose at iteration t be represented as X/ =
[xf, x5, ..., xt4], where d is the number of dimensions
in the optimization space. The leader update is
formulated as defined in Eq. (23) as follows [4]. Where:
Gpest denotes the globally best solution found so far,
r is a random coefficient in (0,1) controlling
exploration. The follower geese update their positions
based on the leader and the nearest neighbor as
defined in Eq. (24) as follows [8]. Where r, and r; are
adaptive coefficients governing attraction and
alignment behaviors. To prevent stagnation and
maintain population diversity, a turbulence term is
introduced as defined in Eq. (25) as follows [8]. Where
eis a small perturbation factor and ' (0,1) is Gaussian

noise. The fitness of each goose is evaluated using the
objective function F(X;), defined as a weighted
composite of accuracy, loss minimization, and
regularization terms depending on the targeted model.

Xltet;jer = Xlteader + 71 (Gpest — Xlteader) (23)
X=X 41y - (X pger — XD +

r3: (Xgeighbor - Xf) (24‘)

Xt = xt*1 4 €. ¥ (0,1) (25)

2. GGO for Multi-Model Parameter Tuning

Within the hybrid quantum-inspired framework, GGO
simultaneously optimizes the Q-CNN, Q-LSTM, DAE,
and Transformer. A multi-objective fitness function F is
used to ensure balanced optimization across all
modules as defined in Eq. (26) as follows [32]. Where:
A,q is the validation accuracy, Ly, is the training
l0sS, Rpo4er iS @ regularization penalty (e.g., L2 norm),

a, B,y are weighting coefficients empirically
determined through cross-validation.
F = a(1— Aya) + BLrain + VY Rmodel (26)

ALGORITHM 5: UNIFIED GGO OPTIMIZATION PROCESS

Input: Initialized parameters of Q-CNN, Q-LSTM,
DAE, and Transformer

Output: Optimized model parameters 6*
1.  Initialize population of geese {X;,X,,..., Xy}

randomly

2.  Evaluate fitness F(X;) for each goose

3. Identify Gy, (global best) and Ly, (local best)

4. While termination criterion not met do

5. for each goose X; in population do
Update X; using leader—follower
dynamics

6. Introduce Gaussian turbulence for
diversity

7. Evaluate new fitness F(X;)

8. End for

9. Update Gpesr and Lyese

10. End while
11. Return optimized parameters 0% = G
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IV. Results

The experiments were conducted on a high-
performance computational platform to ensure efficient
training and reliable evaluation of all proposed deep
learning models. The primary implementation
environment utilized Python 3.10, leveraging deep
learning frameworks such as TensorFlow 2.12 and
PyTorch 2.1. GPU acceleration was provided through
NVIDIA Tesla V100 GPUs with 32 GB memory,
complemented by 64 GB RAM and an Intel Xeon CPU,
facilitating rapid experimentation with quantum-inspired
architectures and large-scale matrix computations. The
experimental setup was meticulously designed to
ensure reproducibility and robustness.

A. Dataset and Preprocessing

The dataset comprising 1,025 patient records with 13
clinical features was preprocessed to address scaling,
encoding, and outlier management. The data was
partitioned into training (70%), validation (15%), and
testing (15%) sets to enable effective model evaluation.
Hyperparameters for each architecture including
learning rate, batch size, hidden units, dropout rates,
and attention head counts were systematically optimized
using the Greylag Goose Optimization (GGO) algorithm.
Each model was trained over 20 epochs, with early
stopping criteria applied to mitigate overfitting.

To conduct the performance evaluation, a set of
measures was chosen in order to give a complete
picture of model performance [33-35]. These were
accuracy, precision, recall, F1-score, Area Under the
Receiver Operating Characteristic Curve (AUC-ROC)
and the confusion matrix approach. Also, SHapley
Additive exPlanations (SHAP) were used to measure the
importance of features and enhance the interpretation of
model predictions. This is because of a combination of
quantitative and explainable metrics, and hence such
models are not only accurate but also clinically
interpretable, the latter of which is essential in the real-
world implementation of cardiovascular disease
prediction [36-38]. The following discussion explores the
performance, convergence patterns, and learning
behaviors in all the models with the benefits of quantum-
inspired designs and the efficacy of bio-inspired
optimization in boosting predictive abilities.

B. Accuracy Evaluation of Quantum Models

Fig. 5 presents the training and validation accuracy
trends of GGO-optimized models over 100 epochs. The
Q-LSTM model achieves the highest performance, with
training accuracy increasing from ~0.60 at epoch 1 to
~0.97 at epoch 100, while validation accuracy reaches
~0.95. In contrast, the Q-CNN model improves from
~0.55 to only ~0.83 (training) and ~0.82 (validation),

Leaning Curves for GGO-Optimized Models

=== Quantum-CNN + GGO (Validation)
Quantum-LSTM + GGO (Validation)

=== Transformer + GGO (Validation)

=== Denoising Autoencoder + GGO (Validation) ¢
Quantum-CNN + GGO (Training) 2 =
Quantum-LSTM + GGO (Training) W
Transformer + GGO (Training) of
Denoising Autoencoder + GGO (Training)

0 20 4 60 80 100
Epochs

Fig. 5. Accuracy Curve for Quantum LSTM and
Quantum CNN.

indicating a performance gap of approximately 14—15%
compared to Q-LSTM. The convergence rate is also
faster for Q-LSTM, surpassing 0.80 validation accuracy
by around epoch 60, whereas Q-CNN reaches similar
levels only near epoch 95. The gap between training and
validation accuracy remains consistently low for both
models (=0.01-0.02), confirming stable generalization.
Additionally, the Denoising Autoencoder + GGO
achieves the highest overall accuracy (~0.99 training,
~0.97 validation), followed by Q-LSTM, Transformer
(~0.87 validation), and Q-CNN. These results
quantitatively demonstrate that Q-LSTM improves
accuracy by ~12-15% over Q-CNN, validating its
effectiveness within the proposed framework.

Transformer and Denoising Autoencoder Accuracy

—e— Transformer Encoder-Decoder + GGO (Train)

9s Transformer Encoder-Decoder + GGO (Validation)
Denoising Autoencoder + GGO (Train)

Denoising Autoencoder + GGO (Validation)

90 A

85

80

Accuracy (%)

75 A

70 A

65 4

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Epochs

Fig. 6. Accuracy Curve for DAE and Encoder -
Decoder Transformer

C. Comparative Analysis of DAE and Transformer
Models
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Fig. 6 shows the training and validation accuracy over
20 epochs for Transformer and DAE optimized with
GGO. The DAE model improves from ~76% to ~97%
(training) and ~72% to ~93% (validation). In comparison,
the Transformer increases from ~71% to ~88% (training)
and ~66% to ~83% (validation). At epoch 20, DAE
outperforms the Transformer by approximately 9%
(training) and 10% (validation). The learning progression
of DAE is consistently higher across all epochs,
maintaining a margin of ~5-10%. The gap between
training and validation remains low for both models (=3—
4%), indicating stable generalization. These results
confirm that DAE achieves superior accuracy and faster
convergence than the Transformer, making it more
effective for handling noisy clinical data, while the
Transformer  provides  comparatively  moderate
performance.

D. ROC Curve and AUC-Based Performance
Analysis
The ROC curves of four GGO-optimized models are
shown in Fig. 7. The Quantum-LSTM achieves the
highest performance with an AUC of 1.00, indicating
perfect classification. The Denoising Autoencoder (DAE)
follows with an AUC of 0.99, while the Transformer
Encoder—Decoder records 0.96, and Quantum-CNN
achieves 0.91. At low false positive rates (FPR = 0.1),
Quantum-LSTM reaches a true positive rate (TPR) of
~1.0, while DAE achieves ~0.95, Transformer ~0.80—
0.85, and Q-CNN ~0.65-0.70. This shows a ~15-30%
improvement in early detection sensitivity for Quantum-
LSTM and ~10-15% for DAE over Transformer and Q-
CNN. Across the full FPR range, all models remain well
above the random baseline (AUC = 0.5). Overall,
Quantum-LSTM improves AUC by ~9% over Q-CNN

ROC Curves for GGO-Optimized Deep Learning Models

08

0.6

True Positive Rate

0.2

= Quantum-CNN + GGO (AUC = 0.91)

= Quantum-LSTM + GGO (AUC = 1.00)

= Transformer Encoder-Decoder + GGO (AUC = 0.96)
Denoising Autoencoder + GGO (AUC = 0,99)

0.0

0.0 0.2 04 0.6 08 10
False Posiive Rote

Fig. 7. Receiver Operating Characteristic curve
for deep learning models optimized using
Greylag Goose Optimization (GGO)

and ~4% over Transformer,
discriminative performance.

E. Confusion Matrix-Based Diagnostic Evaluation

The confusion matrices for Quantum-CNN and
Quantum-LSTM are optimized using GGO, as shown
in Fig. 8. The Quantum-CNN model records 131 True
Negatives (TN) and 126 True Positives (TP), with 28
False Positives (FP) and 23 False Negatives (FN). This
results in an overall accuracy of approximately 86.2%,
with moderate misclassification rates. In contrast, the
Quantum-LSTM model achieves 159 TN and 143 TP,
with only 6 FN and 0 FP, yielding an accuracy of
approximately 98.1%. The absence of false positives
indicates 100% specificity, while sensitivity reaches
approximately 96.0%. Comparatively, Quantum-LSTM
reduces false positives by 100% (28 — 0) and false
negatives by ~74% (23 — 6) over Quantum-CNN.
These results demonstrate a significant improvement
in classification reliability, particularly in minimizing
critical diagnostic errors, confirming the superior
performance of the GGO-optimized Quantum-LSTM
model.

confirming superior

0 1
0
—-
25
s
(a)
0
— ]
253
gs
(b) Predicted Values

160 NN | | 0

Fig. 8. Confusion Matrix for (a) Quantum LSTM
and (b) Quantum CNN

F. Confusion Matrix for DAE and Transformer
Encoder-Decoder Models

Fig. 9 depicts the confusion matrices of the Transformer
Encoder Decoder and Denoising Autoencoder (DAE)
models, which makes it possible to compare the ability
of each of the models to categorize cardiac disorders.
The Denoising Autoencoder (DAE) model had an
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Fig. 9. Confusion Matrix for (a) DAE and (b)
Transformer Encoder Decoder Models

impressive diagnostic accuracy when 140 True
Positives (TP) and 355 True Negatives (TN), and with
only 3 False Positives (FP) and 2 False Negatives (FN).
It is such a low error rate that shows the great precision-

The analysis of the confusion matrix of the Denoising
Autoencoder (DAE) model also shows that the error rate
is relatively low, and there are few False Positives and
false Negatives with high True Positive and True
Negatives. Though the DAE is largely a noise-resilient
feature learning model, its capacity to learn clean
representations of corrupted inputs allows the model to
learn stable and discriminative latent features. This
enhances higher classification reliability when
incorporated with the predictive pipeline. The findings
show that the denoising mechanism strengthens the
quality of the learned feature space that enables the
model to adequately discriminate the diseased and non-
diseased cases in the condition of either noisy or
imperfect clinical data.

V. Discussion

A. Comparative Evaluation of Models

The Transformer Encoder-Decoder, standard Quantum-
LSTM, Quantum-CNN, and Denoising Autoencoder
represent some of the prominent benchmark models
that are juxtaposed with the proposed Quantum Long
Short-Term Memory (Quantum-LSTM) model integrated
with Greylag Goose Optimization (GGO) in Table 2.
Metrics like accuracy, precision, recall, and F1-score
were used to evaluate the model's performance in binary

Table 2. Evaluation of Suggested Quantum and Deep Learning Models' Performance

. . F1- Balanced | AUC-
0,
Model Accuracy (%) | Precision | Recall Score Specificity Accuracy | ROC
Q”aft(‘;‘gg:”” 83.44+0.40 8182 | 8456 | 8317 0.824 0.853 | 0.834
Quantum-
LSTM + GGO 98.05+0.29 1.00 98.96 97.95 1.000 0.980 0.980
Transformer
Encoder- 87.99+0.28 82.00 96.00 | 89.00 0.805 0.882 0.882
Decoder +
GGO
Denoising
Autoencoder 97.08+0.15 0.99 96.53 98.16 0.986 0.989 0.989
+ GGO

recall balance and strong generalization property of the
DAE model. Instead, in the Transformer Encoder -
Decoder model, 143 TP, 128 TN, 31 FP, and 6 FN were
registered, which means a slightly more significant level
of misclassification. These disparities did not affect the
model with regard to its reliable predictive power and
reasonable sensitivity. All in all, the comparative analysis
highlights the strength of Denoising Autoencoder and its
superior resilience to the occurrence of false alarms, as
such a structure is more suitable in clinical decision-
making support systems that require high levels of
diagnostic quality.

classification. The Quantum-LSTM + GGO model
obtained the highest accuracy of 98.05% and an
impressive F1-score of 97.95%. A perfect precision
score (1.00) and a slightly lower recall (98.96%)
demonstrated its accuracy in classifying cases of cardiac
disease. The Denoising Autoencoder, on the other hand,
demonstrated its ability to identify the positive class with
a remarkable 98.16% F1-score, 99% precision, and
97.08% accuracy. In contrast, the Quantum-CNN and
Transformer Encoder-Decoder models showed poorer
accuracies of 83.44% and 87.99%, respectively,
suggesting difficulties with dataset management.
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Overall, the Quantum-CNN + GGO model produced the
least desirable results, pointing to potential architectural
limitations. In conclusion, the Quantum-LSTM + GGO
model outperformed all other evaluated methodologies,
demonstrating robust, precise, and widely applicable
capabilities for predicting heart disease from structured
clinical data.

B. The Receiver Operating Characteristic

(ROC) Curves also show that the proposed models can
be classified with various levels of decision threshold. As
it can be seen in Table 2, the Quantum-LSTM + GGO
model demonstrated an AUC-ROC of 0.980, which

suggests a high level of discrimination between cases of
cardiovascular disease and non-disease. Denoising
Autoencoder + GGO also showed a high predictive
capability with an AUC-ROC of 0.989, which shows
great success of noise-resilient feature learning. In like
manner, the Transformer Encoder-Decoder + GGO
model achieved an AUC-ROC of 0.882 and the
Quantum-CNN + GGO model achieved an AUC-ROC of
0.834. These findings prove that the suggested hybrid
model has a high generalization and sensitivity in
identifying patterns of cardiovascular threats

Table 3. GGO-Optimized Deep Learning Architectures for Clinical Prediction: A Paired t-Test

Assessment
S.No Model Comparison t-statistics p-values Significances
(Q-CNN +Quantum LSTM) with ) w12 Statistically
! GGO 1100.2149 | 4.09710 Significant(p<0.005)
(Q-CNN +Transformer Encoder ) %4 n—8 Statistically
2 Decoder) with GGO 179.6827 1.23710 Significant(p<0.005)
(Q-CNN +DenoisingAutoencoder) ) *14—10 Statistically
3 with GGO 474.7539 245710 Significant(p<0.005)
(Quantum LSTM +Transformer a4 n—15 Statistically
4 Encoder Decoder) with GGO 702.7249 3.56"10 Significant(p<0.005)
(Quantum LSTM 16 Statistically
5 +DenoisingAutoencoder) with GGO 53.7778 1.02710 Significant(p<0.005)
(Transformer Encoder Statisticall
6 Decoder+DenoisingAutoencoder) -787.6752 8.34*107 1 Sianif <Oy00
with GGO ignificant(p<0.005)

C. Statistical Analysis

Table 3. presents the paired t-test results comparing
GGO-optimized models, showing substantial statistical
differences across all pairings. The largest performance
gap is observed between Q-CNN and Quantum-LSTM (t
=-1100.2149, p = 4.09x107"), followed by Transformer

100 = Qyagtum-CNNgmGGO W Quantume LSTM +
T former Efi@bder—Decgler + GGO Denoi: Autoend r+GGO
8
6
4
2
0

Accuracy (%) Precision Recall Fl-Score  Specificity —Balanced ~AUC-ROC
Accuracy

o

o

o

o

Fig. 10. Visual Analysis of Performance Metrics
Across Models

vs DAE (t = -787.6752, p = 8.34x107"") and Q-CNN vs
DAE (t = -474.7539, p = 2.45%107"°). Even the smallest
difference, between Quantum-LSTM and DAE (t =
53.7778, p = 1.02x107®), remains statistically significant.
All p-values are far below 0.005, confirming that the
observed accuracy differences are not due to random
variation. The magnitude of t-statistics (ranging from
53.77 to 1100.21) indicates strong effect sizes, with
Quantum-LSTM consistently outperforming Q-CNN and
Transformer, while DAE also shows significant
improvements over baseline models [39,40]. These
results quantitatively validate that GGO optimization
produces statistically significant performance gains
across all architectures

D. Performance Metrics Visually Across Models

Fig. 10 compares four GGO-optimized models across
seven metrics. Quantum-LSTM + GGO achieves the
highest overall performance with ~98% accuracy, 100%
precision, ~99% recall, ~98% F1-score, 100%
specificity, ~98% balanced accuracy, and ~98% AUC-
ROC. The Denoising Autoencoder + GGO follows
closely, recording ~97% accuracy, ~99% precision,
~96-97% recall, ~97% F1-score, ~98% specificity,

Manuscript received 30 Dec 2025; Revised 10 Feb 2026; Accepted 20 April 2026; Available online 30 April 2026

Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i2.1440

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

819


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i2.1440
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 2, April 2026, pp: 806-824

e-ISSN: 2656-8632

~98% balanced accuracy, and ~99% AUC-ROC. In
comparison, the Transformer Encoder—Decoder + GGO
achieves ~88-90% accuracy, ~81% precision, ~96%
recall, ~89% F1-score, ~80% specificity, and ~89%
AUC-ROC, showing an imbalance between recall and
precision. Quantum-CNN + GGO records the lowest
performance with ~82—85% accuracy, ~80% precision,
~95% recall, and ~83% F1-score. Overall, Quantum-
LSTM improves accuracy by ~13—-15% over Q-CNN and
~8-10% over Transformer, demonstrating the
effectiveness of GGO optimization.

E. Comparison of Model Learning Curves &
Feature Importance Using Shap Analysis

Fig. 11 presents the SHAP summary plot showing
feature contributions to model predictions. The most
influential features are ca, cp, and thal, with SHAP
values ranging approximately from -3.0 to +3.5,

SHAP Summary Plot

ca T N = TR
D R R e e
thal connte @ .‘..'....-..M”..
oldpeak .. ey .g...w.}‘.-,: 5 e o
v v bttt ROt} o o
sex .....*.
Y T
slope b pede—
thalach - *M”.. =
restecg of”..—
exang .- -y

restbps .-*'..

fos — -
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SHAP value (impact on model output)

Fig. 11. Learning Performances vs Features
Impact

indicating a strong impact on classification outcomes.
High values of ca and cp predominantly contribute
positively (SHAP > +2.0), while lower values push
predictions toward negative classes (SHAP < -2.0).
Features such as oldpeak, age, and sex show moderate
influence with SHAP values between -2.0 and +2.0,
whereas chol, slope, and thalach contribute within a
narrower range (+1.5). Lower-impact features include
restecg, exang, trestbps, and fbs, mostly concentrated
within £1.0, indicating limited effect on predictions. The
distribution density shows that only the top 3-5 features
dominate model decisions, while the remaining features
contribute marginally. This confirms that the model relies
on a small subset of high-impact clinical attributes,
improving interpretability and reducing unnecessary
feature influence.

VI. Conclusion

To forecast cardiovascular diseases, this research
proposed a hybrid deep learning architecture that
integrates Quantum-CNN, Quantum-LSTM,
Transformer  Encoder-Decoder, and Denoising
Autoencoder models, which were optimized via the
Greylag Goose Optimization (GGO) technique.
Meanwhile, the Transformer Encoder—Decoder + GGO
achieved a respectable AUC of 0.96, highlighting its
proficiency in learning inter-feature dependencies
through multi-head attention. The Quantum-CNN +
GGO model, though slightly lower at AUC = 0.91, still
delivered robust discriminative performance, reflecting
the benefits of quantum-inspired feature extraction in
spatially structured data. The Quantum-LSTM model
exhibited remarkable predictive performance, achieving
an AUC-ROC of 0.980 and a peak classification
accuracy of 98.05%. Nevertheless, significant
methodological redundancies, potential overfitting
issues, unresolved computational burdens, and limited
comparability with traditional optimization methods were
identified. To validate the robustness and
generalizability of the proposed GGO-based
optimization framework, forthcoming studies will focus
on enhancing computational efficiency through
techniques such as pruning, quantization, and
knowledge distillation; incorporating federated and
transfer learning for privacy-centric and adaptive
modeling; and conducting extensive benchmarking and
multi-institutional validations.
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