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ABSTRACT

The growing heterogeneity of cardiovascular disease presentations poses significant challenges for clinical decision
support systems, particularly in identifying patient similarities and developing robust predictive models capable of
supporting personalized treatment strategies, which motivates the need for advanced data-driven frameworks that
can jointly exploit unsupervised learning, deep learning, and intelligent optimization. In this study, we propose a
comprehensive hybrid framework that integrates unsupervised patient clustering with deep learning classification,
enhanced through Fitness Greylag Goose Optimization (FGGO), where clustering is first employed to uncover
latent patient subgroups and inform downstream learning, followed by the use of a Deep Learning Framework
Distilled by Gradient Boosting Decision Trees (DeepGBM) as the core predictive model, and finally optimized
via FGGO for automated hyperparameter tuning. The primary contribution of this work lies in the design of an
FGGO-optimized DeepGBM framework that systematically improves learning stability, feature interaction modeling,
and predictive robustness, while also providing a rigorous comparative evaluation against other state-of-the-art
metaheuristic optimizers, including Particle Swarm Optimization (PSO), Grey Wolf Optimizer (GWO), Dipper
Throated Optimization (DDTO), and Multiverse Optimization (MVO). Experimental results demonstrate that, at the
baseline stage without optimization, DeepGBM achieves an accuracy of 0.9032, sensitivity of 0.8824, specificity of
0.9195, and F-score of 0.8889, indicating strong but improvable performance on heart disease patient data. After
metaheuristic optimization, the proposed FGGO + DeepGBM model exhibits a substantial performance enhancement,
reaching an accuracy of 0.9795, sensitivity of 0.9747, specificity of 0.9831, positive predictive value of 0.9776,
negative predictive value of 0.9809, and an F-score of 0.9761, consistently outperforming PSO + DeepGBM, GWO
+ DeepGBM, DDTO + DeepGBM, and MVO + DeepGBM across all evaluation metrics. These results highlight the
robustness and convergence consistency of FGGO-based optimization and confirm its effectiveness in navigating
complex hyperparameter search spaces. The implications of this work extend to clinical practice and intelligent
healthcare systems, as the proposed framework offers a reliable and scalable solution for patient stratification and
heart disease prediction, supporting more accurate, interpretable, and data-driven clinical decision-making while
paving the way for future integration into personalized and precision medicine applications.
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1. INTRODUCTION

Clinical decision support systems have become an integral
component of contemporary healthcare infrastructures, par-
ticularly in complex and data-intensive domains such as car-
diovascular medicine.

Heart disease continues to represent a major global health
burden, characterized by high prevalence, diverse clinical
manifestations, and substantial variability in patient outcomes
[1, 2, 3]. This variability is driven by a combination of demo-
graphic factors, physiological measurements, lifestyle influ-
ences, and diagnostic indicators, which collectively create a
highly heterogeneous patient population.

In such settings, traditional rule-based or population-average
approaches are often insufficient to capture the nuanced differ-
ences among patients. Consequently, data-driven methodolo-
gies that can systematically analyze large volumes of clinical
data and uncover meaningful patterns have gained increasing
importance [4, 5].

A central objective of data-driven healthcare analytics is pa-
tient stratification, which refers to the process of grouping
patients into subpopulations that share similar clinical char-
acteristics [6, 7].

Effective stratification enables clinicians to better understand
disease heterogeneity and supports more informed clinical
reasoning. By identifying hidden patient subgroups, clini-
cians can move beyond one-size-fits-all treatment paradigms
and adopt strategies that are more closely aligned with indi-
vidual patient profiles. This is particularly relevant in heart
disease management, where patients diagnosed under the
same clinical category may exhibit markedly different risk
trajectories and responses to treatment [8, 9, 10].

Patient similarity analysis constitutes a foundational concept
within personalized medicine. Rather than evaluating patients
in isolation, similarity-based approaches allow clinicians to
contextualize an individual case by examining outcomes and
clinical trajectories of patients with comparable characteris-
tics. Such approaches facilitate evidence-informed decision-
making, as treatment strategies can be guided by the observed
responses of similar patient cohorts. In cardiovascular care,
where treatment efficacy may vary substantially across pa-
tients, similarity-driven analysis offers a pathway toward
more personalized and adaptive clinical interventions.

Within this broader analytical landscape, unsupervised learn-
ing has emerged as a powerful paradigm for medical data
analysis. Unlike supervised learning approaches, which de-
pend on labeled outcomes that may be scarce, noisy, or sub-
jective, unsupervised methods are designed to discover la-
tent structures directly from the data. Clustering algorithms,
in particular, group patients based on intrinsic similarities
among their clinical features, enabling the identification of
underlying patterns without prior assumptions about class la-
bels. In heart disease datasets, clustering can reveal clinically
meaningful subgroups defined by combinations of age, blood
pressure, cholesterol levels, electrocardiographic findings,
and exercise-related indicators. These subgroupings can as-
sist physicians in recognizing distinct patient profiles that may
warrant different diagnostic or therapeutic considerations.

Parallel to the advancement of unsupervised techniques, deep
learning has profoundly influenced the field of medical data

analytics. Deep learning frameworks are capable of model-
ing highly nonlinear relationships and complex feature inter-
actions, which are common in clinical data but difficult to
capture using traditional statistical models [11, 12]. Their
ability to learn hierarchical feature representations directly
from data has led to widespread adoption in diagnostic and
prognostic tasks.

Nevertheless, despite their expressive power, deep learning
models do not inherently address the problem of patient het-
erogeneity or subgroup discovery. This limitation has moti-
vated the development of hybrid learning strategies that inte-
grate unsupervised clustering with supervised deep learning
classifiers. By incorporating clustering-derived insights into
supervised models, such hybrid frameworks aim to enhance
predictive performance while maintaining clinical relevance
and interpretability [13, 14].

The application of clustering and deep learning techniques
to heart disease data is accompanied by several methodolog-
ical and practical challenges. One of the most prominent
challenges arises from the high dimensionality and hetero-
geneity of clinical datasets. Heart disease records typically
encompass a wide range of variables, including demographic
attributes, physiological measurements, laboratory results,
and diagnostic indicators. Each category of features captures
a distinct aspect of patient health, and their combined analy-
sis increases both computational complexity and the risk of
introducing noise into the modeling process.

Feature redundancy and correlation further complicate the
analytical process. Many clinical variables are inherently cor-
related due to underlying physiological relationships. While
such correlations may carry important medical meaning, they
can adversely affect data-driven models if not properly man-
aged.

In clustering algorithms, correlated features may distort dis-
tance measures and lead to unstable or less meaningful patient
groupings. In supervised deep learning models, redundant
inputs can increase model complexity without contributing
additional information, potentially degrading generalization
performance.

Another critical challenge is the sensitivity of deep learning
models to hyperparameter configurations.

Model depth, learning rates, regularization terms, and op-
timization strategies all play a decisive role in determining
training stability and predictive performance. Suboptimal
hyperparameter choices can result in slow convergence, poor
local minima, or excessive overfitting, particularly in med-
ical datasets where sample sizes are often limited. Manual
tuning of these parameters is time-consuming and prone to
bias, underscoring the need for systematic and automated
optimization mechanisms.

Generalization and robustness constitute additional concerns
in clinical prediction tasks. Medical data are frequently af-
fected by measurement noise, missing values, and variability
in data acquisition protocols. Furthermore, privacy and ethi-
cal considerations often restrict dataset size, increasing the
risk that models may overfit to idiosyncrasies of the training
data. Ensuring that predictive models maintain stable perfor-
mance on unseen patient records is therefore a fundamental
requirement for their potential clinical adoption.
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In response to these challenges, the primary objective of this 
study is to develop a comprehensive analytical framework 
for heart disease patient analysis that integrates unsupervised 
clustering, deep learning, and metaheuristic optimization. 
The first objective is to employ unsupervised clustering 
al-gorithms to group patients according to clinical 
similarity, thereby uncovering latent structures within the 
data. This patient stratification step aims to provide a 
structured repre-sentation of the population that reflects 
intrinsic similarities among individuals.

Building upon the clustering stage, the study seeks to con-
struct a hybrid learning framework in which clustering-
derived insights are combined with supervised deep learning 
classifiers. This integration is intended to leverage the 
com-plementary strengths of unsupervised and supervised 
learning, enabling more effective modeling of complex 
clinical rela-tionships. In parallel, advanced metaheuristic 
optimization techniques are incorporated to address feature 
selection and hyperparameter tuning in an automated and 
principled man-ner. By reducing feature redundancy and 
optimizing model configurations, the framework aims to 
enhance learning effi-ciency and stability.

The overarching objective is to develop a robust analytical 
pipeline that improves predictive capability while 
maintain-ing strong generalization performance. Emphasis 
is placed on constructing models that are not only 
accurate but also resilient to noise and variability inherent 
in clinical data.

1.1 Research Contributions

This study contributes to the field of healthcare analytics in 
several important ways. First, it proposes a clustering-driven 
analytical framework for heart disease patient stratification, 
demonstrating how unsupervised learning can be systemat-
ically leveraged to uncover meaningful patient subgroups. 
This approach provides a foundation for more personalized 
analysis and supports clinically informed data exploration.

Second, the study introduces optimized deep learning mod-
els that integrate metaheuristic optimization strategies with 
advanced learning architectures. The use of Fitness Greylag 
Goose Optimization (FGGO) and other optimization tech-
niques in conjunction with DeepGBM is designed to en-
hance both feature relevance and model configuration, 
ad-dressing key limitations associated with manual tuning 
and high-dimensional clinical data.

Third, a rigorous comparative evaluation framework is 
estab-lished to assess baseline and optimized learning 
strategies under consistent experimental conditions. 
Although the de-tailed empirical findings are presented in 
subsequent sections, the methodological design emphasizes 
reproducibility, trans-parency, and fairness in comparison.

Finally, the proposed framework is explicitly motivated by 
clinical applicability. By focusing on patient 
similarity, optimization-driven learning, and robust 
modeling, the study aims to support treatment-related 
decision-making and con-tribute to the broader objectives of 
personalized and precision medicine.

1.2 Structure of the Paper

The remainder of this paper is organized as follows. The sub-
sequent section presents the dataset, data preprocessing pro-
cedures, and the methodological foundations of the proposed
framework, including clustering techniques, deep learning
models, and metaheuristic optimization strategies. This is
followed by a detailed description of the experimental setup
and evaluation methodology. The empirical analysis section
examines the outcomes of the proposed approach. Finally,
the paper concludes by summarizing the main insights and
outlining directions for future research.

2. LITERATURE REVIEW

Cardiovascular diseases (CVDs) remain the leading cause
of mortality worldwide, motivating extensive research into
automated, accurate, and early diagnostic systems. Recent
advances in machine learning (ML) and deep learning (DL)
have significantly influenced cardiovascular disease detection
by leveraging diverse biomedical signals, clinical records,
and medical imaging modalities.

Electrocardiogram (ECG)-based diagnosis has been one of
the most widely explored directions due to its noninvasive
and cost-effective nature. A deep learning–driven framework
utilizing transfer learning with lightweight pretrained models
such as SqueezeNet and AlexNet, alongside a newly designed
convolutional neural network (CNN), demonstrated the effec-
tiveness of deep feature learning for ECG image classification
[15]. By integrating deep features with traditional classifiers
including support vector machines and Naïve Bayes, the study
highlighted the complementary role of hybrid learning strate-
gies in improving classification robustness and accuracy.

The integration of Internet of Things (IoT) technologies with
machine learning has further expanded the scope of CVD
prediction by enabling continuous data acquisition from wear-
able devices. A comparative study emphasized the limitations
of conventional ML models in handling heterogeneous IoT-
generated data and proposed enhanced learning strategies that
improved predictive accuracy to nearly 96% [16]. This work
underscored the importance of adaptive learning mechanisms
for real-time cardiovascular monitoring systems.

Hybrid learning architectures combining machine learning
and deep learning have also gained significant attention.
An ensemble-based framework integrating CNN, LSTM,
KNN, and XGBoost through majority voting achieved con-
sistently high performance across multiple large-scale and
local datasets [17]. This approach demonstrated that com-
bining temporal modeling capabilities of LSTM with spatial
feature extraction of CNNs enhances predictive reliability for
cardiovascular disease risk assessment.

Beyond prediction models, comprehensive reviews have ana-
lyzed the broader application of artificial intelligence in coro-
nary atherosclerotic heart disease diagnosis. Such reviews
highlighted advancements across coronary angiography, CT
angiography, intravascular imaging, cardiac MRI, and func-
tional parameter analysis [18]. These studies emphasized
both the transformative potential of AI-driven diagnostics
and the ongoing challenges related to interpretability, data
quality, and clinical integration.

Several studies have focused on benchmarking a wide range
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of ML and DL algorithms using structured clinical datasets.
Using a Kaggle heart disease dataset, one investigation sys-
tematically evaluated logistic regression, Naïve Bayes, KNN,
SVM, multilayer perceptrons, and ensemble methods such as
Random Forest and XGBoost, demonstrating the effective-
ness of ensemble learners in improving diagnostic accuracy
[19]. Similar comparative analyses on ECG data employed
Gaussian Naïve Bayes, Random Forest, Logistic Regression,
and Linear Discriminant Analysis to automate ECG classifica-
tion, reinforcing the viability of ML-based ECG interpretation
[20].

Unsupervised and semi-supervised learning strategies have
also been explored to enhance classification outcomes. A
study incorporating k-modes clustering with Huang initializa-
tion prior to supervised learning showed improved classifica-
tion accuracy and AUC values, particularly when combined
with multilayer perceptrons and cross-validation strategies
[21]. This highlighted the value of clustering-based prepro-
cessing in handling categorical clinical data.

Feature selection and dimensionality reduction have been
recognized as critical steps in building efficient diagnos-
tic systems. A deep neural network framework employing
correlation-based feature selection and a Region-CNN ar-
chitecture demonstrated superior performance compared to
traditional ML models, particularly for coronary artery dis-
ease diagnosis [22]. These findings emphasized that optimal
feature subsets can significantly reduce model complexity
while improving predictive power.

Extensive comparative studies involving hyperparameter tun-
ing and cross-validation further demonstrated that prepro-
cessing, normalization, and optimization play pivotal roles in
improving model performance. Evaluations across multiple
classifiers, including AdaBoost, Extra Trees, LDA, and XG-
Boost, confirmed that tuned models consistently outperform
their baseline counterparts [23].

Similarly, CatBoost-based approaches achieved high accuracy
and F1-scores by focusing on automatic feature selection and
early-stage disease detection [24].

Addressing data imbalance remains a major challenge in
cardiovascular disease prediction. A comprehensive investi-
gation deploying multiple ML and DL classifiers, including
CNN and XGBoost, demonstrated that carefully optimized
XGBoost models can achieve near-perfect diagnostic metrics
for myocardial infarction detection [25]. This work empha-
sized the necessity of imbalance-aware learning strategies.

Lightweight deep learning models combined with ensem-
ble classifiers have also been proposed for multiclass ECG
classification. A tailored CNN for feature extraction cou-
pled with an optimized weighted ensemble classifier achieved
superior accuracy compared to traditional transfer learning ap-
proaches, demonstrating the effectiveness of domain-specific
lightweight architectures [26].

Interpretability has emerged as a crucial concern in clinical
AI systems. An interpretable wavelet convolution transformer
(WCFormer) integrated wavelet theory with transformer ar-
chitectures to provide physically meaningful feature extrac-
tion for heart sound analysis while maintaining high diagnos-
tic accuracy [27]. This approach addressed clinician trust and
transparency in AI-driven decision support systems.

The role of data preprocessing and optimized training strate-
gies was further emphasized in a hybrid XGBoost framework
that incorporated outlier removal and automated hyperparam-
eter tuning using Optuna. The proposed model demonstrated
high accuracy and efficiency across different train-test splits,
highlighting the importance of data quality in predictive mod-
eling [28].

Clinical decision support systems integrating machine learn-
ing with fuzzy clustering have also been explored to enhance
interpretability and physician acceptance. A decision tree–
based model validated by medical experts identified key pre-
dictors such as chest pain, anxiety, age, and smoking, while
fuzzy clustering confirmed the relevance of these factors [29].
This study illustrated how hybrid analytical approaches can
reduce diagnostic errors in real-world clinical settings.

Finally, advanced image-based diagnostic frameworks have
leveraged data-driven decomposition techniques to augment
deep learning models. By integrating higher order dynamic
mode decomposition with CNNs for echocardiography im-
age classification, one study achieved substantial accuracy
improvements through effective data augmentation, demon-
strating the potential of physics-informed feature extraction
in medical imaging analysis [30].

Overall, the reviewed literature demonstrates a clear trend
toward hybrid, ensemble, interpretable, and data-efficient
machine learning frameworks for cardiovascular disease di-
agnosis, highlighting both the progress achieved and the chal-
lenges that remain in deploying reliable AI-driven clinical
decision support systems.

Comparative Summary of Existing Studies To provide a struc-
tured and comparative overview of the existing research on
cardiovascular disease prediction and diagnosis, Table 1 syn-
thesizes the key characteristics of the reviewed studies. The
table highlights the primary focus areas, adopted method-
ologies, and major contributions of each work, enabling a
concise comparison across different data modalities, learning
paradigms, and clinical objectives. This comparative analysis
facilitates the identification of prevailing trends, methodolog-
ical strengths, and research gaps in machine learning- and
deep learning-based cardiovascular disease studies.

3. MATERIALS AND METHODS

3.1 Dataset Description

The dataset employed in this study consists of anonymized
clinical records of patients diagnosed with heart disease and
was obtained from a medical center. The data were col-
lected as part of routine clinical assessments and subsequently
anonymized to ensure patient privacy and compliance with
ethical standards for medical data analysis. The primary
clinical motivation for utilizing this dataset lies in its com-
prehensive representation of cardiovascular risk factors and
diagnostic indicators that are routinely used by clinicians to
assess heart disease severity and progression. As such, the
dataset provides a realistic and clinically meaningful basis
for exploring patient similarity, stratification, and data-driven
modeling approaches in cardiovascular healthcare.

The clinical context of the dataset reflects a heterogeneous
patient population, encompassing a wide range of ages, phys-
iological conditions, and diagnostic outcomes. This hetero-
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Table 1. Summary of related work on cardiovascular disease predic-
tion and diagnosis

Ref Focus Area Methodology Key Findings and
Contributions

[15] ECG-based car-
diac abnormality
classification

Transfer learning, custom
CNN, and ML classifiers

Proposed CNN and
hybrid deep feature
extraction achieved
near-perfect classifi-
cation performance.

[16] IoT-enabled
CVD prediction

Comparative machine
learning models on IoT
health data

Improved prediction
accuracy by address-
ing data heterogene-
ity.

[17] General CVD
risk prediction

CNN, LSTM, KNN, and
XGBoost ensemble

Superior perfor-
mance across
multiple datasets.

[21] CVD classifica-
tion with cluster-
ing enhancement

k-modes clustering with
DT, RF, MLP, and XG-
Boost

Improved accuracy
and AUC by inte-
grating clustering
before classifica-
tion.

[24] Early-stage CVD
prediction

CatBoost with automated
feature selection

High accuracy and
F1-score with ef-
ficient early detec-
tion.

[28] Heart disease
classification

XGBoost with Optuna hy-
perparameter tuning

Improved classifica-
tion under outliers
and heterogeneous
training datasets.

geneity makes the dataset particularly suitable for unsuper-
vised learning tasks, such as clustering, where the goal is
to uncover latent patient subgroups without relying on pre-
defined labels. Moreover, the real-world nature of the data
introduces practical challenges commonly encountered in
clinical analytics, including variability in measurements and
overlapping clinical profiles, thereby enhancing the relevance
of the proposed analytical framework.

The dataset comprises a set of numerical features that capture
demographic, physiological, and diagnostic aspects of heart
disease patients. Demographic attributes include patient age
and sex, which are fundamental variables known to influence
cardiovascular risk and disease manifestation.

These features provide essential context for understanding
population-level differences and individual susceptibility to
heart disease.

Clinical measurements constitute a substantial portion of the
dataset and include resting blood pressure, serum cholesterol
levels, and maximum heart rate achieved during exercise.
These variables are routinely measured in clinical practice
and serve as key indicators of cardiovascular health and func-
tional capacity. Variations in these measurements often reflect
differences in disease severity, lifestyle factors, and underly-
ing physiological conditions, making them highly informative
for patient similarity analysis.

In addition to demographic and physiological variables, the
dataset includes diagnostic indicators that describe specific
clinical findings. These indicators encompass chest pain type,
resting electrocardiographic results, fasting blood sugar sta-
tus, and the presence or absence of exercise-induced angina.
Collectively, these diagnostic features capture qualitative and
quantitative aspects of cardiac function and symptom pre-
sentation, providing a richer representation of patient health
status. The inclusion of both continuous and discretized
numerical variables ensures compatibility with clustering al-
gorithms while preserving clinically relevant information.
Figures 1 and 2 present the exploratory visual summaries

used to examine feature distributions and age-related patterns
before preprocessing.

Figure 1. Exploratory data analysis visualizations of clinical and
demographic features, including univariate distributions, bivariate
relationships, and categorical variable frequencies related to heart
disease.

Figure 2. Distribution of patient ages in the dataset represented
using a histogram with an overlaid kernel density estimate.

3.2 Data Preprocessing

Effective data preprocessing is a critical prerequisite for reli-
able clustering and deep learning–based analysis, particularly
in the context of clinical datasets that are inherently hetero-
geneous and sensitive to noise. In this study, a structured
preprocessing pipeline was designed to ensure data integrity,
numerical compatibility with unsupervised algorithms, and
balanced feature influence prior to optimization and model
development.

The initial preprocessing step focused on data cleaning and
validation to ensure the suitability of the dataset for clus-
tering analysis. Since the clustering algorithms employed
in this study require numerical input, all features were sys-
tematically examined to verify that they were represented in
numeric form. Categorical clinical variables, such as chest
pain type and resting electrocardiographic results, were al-
ready encoded numerically in the dataset, thereby ensuring
compatibility with distance-based clustering methods without
the need for additional transformation.
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Data validation procedures were applied to identify incon-
sistencies, out-of-range values, or invalid entries that could
adversely affect downstream analysis. Clinical attributes were
checked against medically plausible ranges to confirm that
recorded values aligned with expected physiological limits.

This validation step is particularly important in healthcare
datasets, where data entry errors or measurement artifacts
may introduce spurious patterns that distort similarity cal-
culations. By ensuring that all variables were numerically
consistent and clinically reasonable, the preprocessing stage
established a reliable foundation for subsequent unsupervised
and supervised learning tasks.

Following data validation, feature scaling was applied to
address differences in measurement units and value ranges
across clinical variables. Heart disease datasets typically in-
clude features measured on heterogeneous scales, such as age
in years, blood pressure in millimeters of mercury, cholesterol
in milligrams per deciliter, and heart rate in beats per minute.
Without appropriate scaling, variables with larger numeric
ranges can dominate distance computations in clustering al-
gorithms and disproportionately influence model training.

To mitigate this issue, normalization or standardization tech-
niques were employed to rescale the features to a common
scale. Feature scaling ensures that each clinical attribute con-
tributes more equally to similarity assessments and learning
processes, thereby preventing bias toward high-magnitude
variables. This step is essential for both unsupervised clus-
tering, where distance metrics play a central role, and deep
learning models, where balanced input distributions facilitate
stable training dynamics and convergence behavior.

In addition to scaling, correlation and redundancy analysis
was conducted to examine interdependencies among clini-
cal features. Many physiological and diagnostic variables
in cardiovascular datasets are inherently correlated due to
underlying biological relationships. While such correlations
may carry clinical significance, excessive redundancy can
negatively impact clustering quality and model efficiency by
inflating dimensionality without adding new information.

Pairwise correlation analysis was used to identify strongly
correlated feature pairs, providing insight into potential redun-
dancy within the dataset. Features exhibiting high correlation
were carefully examined to assess their relative clinical impor-
tance and informational contribution. This analysis informed
subsequent optimization stages by highlighting candidate fea-
tures for reduction or prioritization, thereby supporting more
compact and informative representations of patient data.

By addressing redundancy prior to optimization, the prepro-
cessing pipeline aimed to reduce unnecessary complexity, im-
prove computational efficiency, and enhance the interpretabil-
ity of clustering outcomes.

Collectively, the data cleaning, scaling, and redundancy analy-
sis steps ensured that the dataset was well-conditioned for the
application of unsupervised clustering, deep learning models,
and metaheuristic optimization techniques in the later stages
of the proposed framework.

3.3 Deep Learning Models

The complex and multifactorial nature of heart disease neces-
sitates the use of advanced modeling techniques capable of

capturing nonlinear relationships, higher-order feature inter-
actions, and latent structures within clinical data. Traditional
machine learning approaches often struggle to adequately
represent such complexity, particularly when dealing with
heterogeneous variables that span demographic information,
physiological measurements, and diagnostic indicators. For
this reason, deep learning models were selected as the core
predictive tools in this study, owing to their proven ability
to learn rich representations directly from data and to model
intricate dependencies among input features.

A total of five deep learning–based machine learning models
were considered in this work. The selection of these models
was guided by their methodological diversity, relevance to
structured and quasi–time-series data, and their established
use in healthcare and biomedical analytics. Collectively, these
models provide a comprehensive comparative framework
for assessing different architectural paradigms and learning
mechanisms in the context of heart disease patient analysis.

boosting decision trees with neural network–based represen-
tation learning. This model is specifically designed to address
the limitations of conventional deep neural networks when
applied to structured tabular data, which is the predominant
format of clinical datasets. DeepGBM leverages tree-based
feature transformations to capture complex feature interac-
tions and nonlinearities, while a deep neural component learns
higher-level representations from these transformed features.
This dual structure allows DeepGBM to effectively handle
heterogeneous clinical variables, reduce sensitivity to feature
scaling issues, and maintain a balance between predictive
power and interpretability. These characteristics make Deep-
GBM particularly well suited for heart disease data, where
clinical variables often exhibit nonlinear relationships and
conditional dependencies.

The Dynamic Temporal Convolutional Network is included as
a model capable of capturing ordered dependencies and local-
to-global patterns within data. Although originally proposed
for temporal and sequential modeling, DTCN architectures
are also applicable to structured clinical data where implicit
ordering or progression patterns may exist among features.
By employing causal and dilated convolutions, DTCN mod-
els can learn both short-range and long-range dependencies
without relying on recurrent connections. This property en-
ables efficient training and stable gradient propagation, mak-
ing DTCNs attractive for modeling complex dependencies
among physiological measurements that may reflect disease
progression or functional relationships.

The Deep Belief Network is incorporated as a representative
generative–discriminative deep learning model that employs
a layered probabilistic structure. DBNs are constructed by
stacking restricted Boltzmann machines, enabling unsuper-
vised pretraining of each layer before supervised fine-tuning.

This hierarchical learning process allows DBNs to extract
increasingly abstract feature representations, which can be
advantageous in clinical contexts where meaningful patterns
may not be immediately apparent in the raw data. The in-
clusion of DBNs in this study provides insight into the ef-
fectiveness of probabilistic and generative feature learning
approaches relative to more modern deterministic architec-
tures.
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The Convolutional Neural Network is examined due to its
established success in learning localized feature interactions
and hierarchical representations. While CNNs are most com-
monly associated with image and signal processing tasks,
their convolutional structure has been successfully adapted
to structured and transformed tabular data. In the context of
heart disease analysis, CNNs can capture local dependencies
among subsets of clinical features and learn compositional
patterns that may correspond to underlying physiological re-
lationships. As one of the most widely used deep learning
architectures, CNNs serve as an important benchmark for
evaluating the relative benefits of more specialized hybrid
models.

The Generative Adversarial Network is included as an ad-
vanced deep learning paradigm that introduces an adversarial
learning mechanism between a generator and a discrimina-
tor network. Although GANs are primarily known for their
data generation capabilities, their discriminative components
and learned representations have been explored in various
medical data analysis tasks. The adversarial training process
encourages the model to learn robust and informative feature
representations, which can be beneficial in settings charac-
terized by complex data distributions. Including GANs in
the comparative analysis broadens the methodological scope
of the study and allows for the examination of adversarial
learning concepts in clinical prediction scenarios.

Following a comprehensive baseline evaluation of all five
deep learning models, DeepGBM was selected as the primary
model for subsequent optimization. This selection was based
on its architectural suitability for structured clinical data, its
ability to effectively capture nonlinear feature interactions,
and its compatibility with feature selection and hyperparame-
ter optimization strategies. DeepGBM’s hybrid design makes
it particularly amenable to enhancement through metaheuris-
tic optimization, as both its feature transformation compo-
nents and learning parameters can be systematically tuned.

Consequently, DeepGBM serves as the core predictive model
within the proposed framework, while the remaining deep
learning models provide valuable reference points for com-
parative and methodological analysis.

3.4 Metaheuristic Optimization Framework

The effectiveness of deep learning models in medical deci-
sion support systems is strongly influenced by the selection of
appropriate hyperparameters. These hyperparameters govern
critical aspects of the learning process, including optimiza-
tion dynamics, model capacity, regularization strength, and
convergence behavior. In the context of heart disease patient
analysis, where datasets are often limited in size and charac-
terized by complex, nonlinear relationships among clinical
variables, improper hyperparameter configurations can signif-
icantly degrade model reliability and stability. Consequently,
a systematic and intelligent optimization strategy is essential
to fully exploit the representational power of deep learning
architectures while mitigating risks such as overfitting and
unstable training.

Hyperparameter optimization is inherently a challenging
problem due to the high dimensionality, nonconvexity, and
interdependence of parameters. Traditional optimization ap-
proaches, such as manual tuning or exhaustive grid search,

are not only computationally expensive but also poorly suited
to exploring large and continuous search spaces. These limi-
tations are particularly pronounced in deep learning models,
where even small changes in hyperparameter values can lead
to substantial variations in training outcomes. To address
these challenges, this study adopts a metaheuristic optimiza-
tion framework that formulates hyperparameter tuning as a
global optimization problem and leverages nature-inspired
search strategies to identify high-quality solutions efficiently.

3.4.1 Role of Metaheuristics in Hyperparameter Optimization

Metaheuristic algorithms are designed to navigate complex
optimization landscapes by balancing exploration of the
global search space with exploitation of locally promising re-
gions. This balance is especially important for deep learning
hyperparameter optimization, where the loss surface is often
rugged and populated with numerous local optima. By main-
taining a population of candidate solutions and iteratively
updating them according to adaptive rules, metaheuristics can
escape local minima and explore diverse regions of the search
space more effectively than deterministic methods.

In deep learning architectures applied to clinical datasets,
hyperparameters such as learning rates, batch sizes, regular-
ization coefficients, and architectural configuration parame-
ters play a decisive role in convergence speed and predictive
stability. Poorly tuned hyperparameters may lead to vanish-
ing or exploding gradients, slow convergence, or excessive
sensitivity to noise in the data. Metaheuristic optimization
automates the tuning process by evaluating candidate con-
figurations based on a predefined fitness function and pro-
gressively refining them through iterative search mechanisms.
This automation not only reduces human intervention but
also improves the consistency and reproducibility of model
development.

Furthermore, metaheuristics are inherently flexible and
model-agnostic, making them suitable for optimizing a wide
range of deep learning architectures without requiring gra-
dient information or explicit assumptions about the objec-
tive function. This property is particularly advantageous in
healthcare applications, where models may involve complex
training procedures and evaluation metrics.

By employing metaheuristic-based hyperparameter optimiza-
tion, the proposed framework aims to enhance learning effi-
ciency, stabilize convergence behavior, and support the devel-
opment of robust predictive models capable of generalizing
to unseen patient data.

3.5 Proposed FGGO-Optimized DeepGBM Framework

This study proposes an integrated optimization framework in
which Fitness Greylag Goose Optimization (FGGO) is em-
ployed to enhance the DeepGBM model within a clustering-
informed learning pipeline.

The proposed framework is designed to jointly address hyper-
parameter optimization and learning efficiency while lever-
aging patient stratification obtained from unsupervised clus-
tering. By embedding search space and guides the learning
process toward configurations that are more stable and suit-
able for complex clinical data.
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3.5.1 Fitness Function Formulation

The core of the FGGO-based optimization process is the fit-
ness function, which quantitatively evaluates the quality of
each candidate solution within the population. In the context
of the proposed framework, each search agent represents a
candidate configuration of DeepGBM hyperparameters. The
fitness function is formulated to reflect the predictive capa-
bility and stability of the DeepGBM model under a given
configuration. During optimization, DeepGBM is trained
using the hyperparameters encoded by each agent, and its
performance on the validation subset is used as the objective
value.

The optimization objective is defined in a minimization or
maximization form depending on the selected evaluation cri-
terion. By consistently applying the same fitness evaluation
protocol across all agents, optimization process to explicitly
favor configurations that lead to improved convergence be-
havior and robust learning, while discouraging unstable or
poorly generalized solutions. The fitness-driven nature of
FGGO enables adaptive movement of search agents toward
promising regions of the hyperparameter space.

3.5.2 Optimization Workflow Integrating Clustering and Clas-
sification

The proposed FGGO-Optimized DeepGBM framework fol-
lows a structured workflow that integrates unsupervised clus-
tering with supervised classification and metaheuristic op-
timization. Initially, patient data are preprocessed and sub-
jected to clustering in order to uncover latent patient sub-
groups based on clinical similarity. The resulting clustered
representation serves as an informative foundation for sub-
sequent classification, ensuring that the learning process ac-
counts for intrinsic data structure and patient heterogeneity.

Following clustering, DeepGBM is employed as the primary
classification model. Rather than relying on fixed or manually
selected hyperparameters, FGGO is invoked to optimize the
DeepGBM configuration. Each FGGO agent encodes a can-
didate set of DeepGBM hyperparameters, and the population
collectively explores the search space through iterative up-
dates governed by exploration and exploitation mechanisms.
During each iteration, agents are evaluated using the fitness
function, and the best-performing agent guides the search
process.

Algorithm 1 presents the detailed pseudocode of the proposed
FGGO algorithm. The algorithm begins by initializing a pop-
ulation of search agents along with FGGO control parameters
and the maximum number of iterations. The objective func-
tion is evaluated for all agents, and the best agent is identified
as the current leader. The population is then divided into
exploration and exploitation groups, enabling adaptive search
behavior.

During the optimization process, agents in the exploration
group update their positions using multiple stochastic and
fitness-driven strategies, allowing the algorithm to investigate
diverse regions of the search space. In contrast, agents in
the exploitation group focus on refining solutions around the
best-performing configurations. The algorithm dynamically
adjusts the size of these groups based on convergence behav-
ior, increasing exploration when stagnation is detected and
reinforcing exploitation when improvement is observed. This

adaptive mechanism helps balance global search and local
refinement throughout the optimization process.

At each iteration, boundary constraints are enforced to ensure
that candidate solutions remain within the feasible search
space. The fitness values are recalculated, parameters are
updated, and the iteration counter is incremented until the
termination criterion is met. The final output of the algo-
rithm is the best-performing agent, which corresponds to the
optimized DeepGBM hyperparameter configuration.

This configuration is then used to train the final DeepGBM
model for heart disease prediction.

Algorithm 1Proposed Fitness Greylag Goose Optimization
(FGGO) Algorithm

1: Initialize FGGO population Xi (i = 1, 2, ..., n ), population
size n, maximum iterations tmax, and objective function Fn

2: Initialize FGGO parametersa, A, C, b, l, c, r 1, r 2, r 3, r
4, r 5, w, w 1, w 2, w 3, w 4, A 1, A 2, A 3, C 1, C 2, C 3 3:
Calculate objective function Fn for each agent Xi 4: SetPas
the best agent position 5: Divide population into exploration
group(n 1)and exploitation group(n 2) 6: whilet≤t max do
7: fori= 1ton 1 do 8: iftmod 2 = 0then 9: ifr 3 <0.5then 10:
if|A|<1then 11: X(t+ 1) =X *(t)-A·|C·X*(t)-X(t)| 12: else 13:
Select three random agentsX Paddle1, X Paddle2, X Paddle3
14: z= 1- ( t tmax )2

15: X(t+ 1) = w1 w1+w2+w3 XPaddle1 +z w2 w1+w2+w3
(XPaddle2-XPaddle3)

16: end if 17: else 18: X(t+ 1) =w 4|X*(t)-X(t)|ebl cos(2πl)
+ [2w1(r4 +r 5)]X *(t) 19: end if 20: else 21: X(t+ 1) =X(t)
+D(1 +z)w(X-X Flock1) 22: end if 23: end for 24: fori= 1ton
2 do 25: iftmod 2 = 0then 26: ComputeX 1, X 2, X 3 using
sentry agents 27: X(t+ 1) =X 3 i

28: else 29: X(t+ 1) =X(t) +D(1 +z)w(X-X Flock1) 30: end
if 31: end for 32: Calculate objective function Fn for all
agents 33: Update parameters and incrementt 34: ifbestF n
unchanged for two iterationsthen 35: Increasen 1, decreasen 2
36: end if 37: end while 38: returnbest agentP The proposed
FGGO-Optimized DeepGBM framework thus establishes a
tightly coupled optimization and learning process, in which
clustering-informed data representation, deep learning clas-
sification, and adaptive metaheuristic optimization operate
cohesively. This integration enables the development of a
robust and efficient predictive system tailored to the complex-
ities of heart disease patient data.

3.5.3 State-of-the-Art Metaheuristic Algorithms

To comprehensively assess the impact of different optimiza-
tion strategies, several state-of-the-art metaheuristic algo-
rithms were incorporated into the proposed framework. These
algorithms represent diverse optimization philosophies and
search dynamics, allowing for a systematic comparison of
their effectiveness in deep learning hyperparameter tuning.

Fitness Greylag Goose Optimization (FGGO) is a population-
based metaheuristic inspired by the collective movement and
migratory behavior of greylag geese. FGGO emphasizes
fitness-driven adaptation, where candidate solutions adjust
their trajectories based on both individual performance and
group-level information. The algorithm dynamically balances
exploration and exploitation by modulating movement strate-
gies in response to fitness feedback, enabling it to efficiently
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traverse high-dimensional and nonlinear search spaces. In this 
study, FGGO plays a central role due to its strong capability 
to guide the search toward high-quality hyperparameter con-
figurations while maintaining sufficient population diversity 
to avoid premature convergence.

Particle Swarm Optimization (PSO) is a classical swarm in-
telligence algorithm that models the social behavior observed 
in flocks of birds and schools of fish. In PSO, each particle 
represents a candidate solution that updates its position in the 
search space based on its own historical best position and the 
globally best position identified by the s warm. This coop-
erative learning mechanism allows PSO to converge rapidly 
toward promising regions of the search space while retain-
ing exploratory behavior through stochastic velocity updates. 
PSO is widely recognized for its simplicity, computational 
efficiency, and effectiveness in continuous optimization prob-
lems, making it a strong baseline for hyperparameter opti-
mization in deep learning models.

The Grey Wolf Optimizer (GWO) is inspired by the leader-
ship hierarchy and hunting strategy of grey wolves in nature. 
GWO organizes candidate solutions into a hierarchical struc-
ture, where the best-performing solutions guide the search 
process and influence the movement of other candidates.

This hierarchy-driven mechanism promotes focused exploita-
tion of high-quality regions while still enabling exploration 
through subordinate agents. GWO’s ability to maintain a bal-
ance between convergence speed and search diversity makes 
it suitable for optimizing deep learning hyperparameters char-
acterized by interdependent and nonlinear effects.

Dipper Throated Optimization (DDTO) is a nature-inspired 
algorithm that simulates the diving and foraging behavior 
of dipper-throated birds. The algorithm alternates between 
exploration phases, where candidate solutions search broadly 
across the solution space, and exploitation phases, where they 
concentrate on refining promising s olutions. This adaptive 
switching mechanism enables DDTO to respond dynamically 
to the fitness landscape and avoid stagnation. In the context of 
hyperparameter optimization, such adaptive behavior is par-
ticularly valuable for identifying narrow optimal regions that 
may otherwise be overlooked by more rigid search strategies.

Multiverse Optimization (MVO) draws inspiration from cos-
mological theories involving multiple interacting universes. 
In MVO, candidate solutions are conceptualized as universes 
that exchange information through probabilistic mechanisms 
associated with white holes, black holes, and wormholes.

These interactions allow high-quality solutions to influ-
ence others while preserving diversity across the popula-
tion. MVO’s unique information-sharing strategy facilitates 
both global exploration and local exploitation, making it well 
suited for high-dimensional optimization problems such as 
deep learning hyperparameter tuning. this study provides 
into a unified optimization. 
this study provides a comprehensive evaluation of 
nature-inspired optimization strategies for enhancing deep 
learning architectures in heart disease patient analysis. The 
diversity of search mechanisms and adaptive behaviors 
represented by FGGO, PSO, GWO, DDTO, and MVO 
enables a thorough investigation of how different 
optimization philosophies influence learning stability, 
convergence behavior, and

overall model robustness in a clinically relevant setting.

3.6 Evaluation Metrics

The evaluation of predictive models in healthcare applica-
tions requires a comprehensive and carefully designed set of
performance metrics that reflect both statistical correctness
and clinical relevance.

In heart disease analysis, the consequences of misclassifica-
tion can be significant, as false negatives may delay critical
treatment while false positives may lead to unnecessary med-
ical procedures and patient anxiety. For this reason, model
assessment in this study is not limited to a single metric but
instead relies on a collection of complementary classification
measures that together provide a multidimensional view of
model behavior.

The selected evaluation metrics are widely adopted in med-
ical machine learning studies and are particularly suitable
for binary classification problems in clinical decision support
systems. These metrics quantify different aspects of predic-
tive performance, including overall correctness, sensitivity
to diseased cases, specificity toward healthy cases, and the
reliability of positive and negative predictions.

By jointly analyzing these measures, the evaluation frame-
work ensures that the developed models are assessed not only
in terms of predictive accuracy but also in terms of their
potential clinical utility and safety.

Let TP, TN, FP, and FN represent the number of true posi-
tives, true negatives, false positives, and false negatives, re-
spectively. A true positive corresponds to a patient with heart
disease who is correctly identified by the model, whereas a
true negative represents a healthy individual correctly clas-
sified as non-diseased. False positives and false negatives
denote incorrect predictions that may carry different clinical
risks. Based on these quantities, the evaluation metrics used
in this study are formally defined in Table 2.

Table 2. Classification performance metrics and mathematical for-
mulations

Metric Equation

Accuracy T P+T N
T P+T N+FP+FN

Sensitivity (TPR) T P
T P+FN

Specificity (TNR) T N
T N+FP

PPV T P
T P+FP

NPV T N
T N+FN

F-Score 2×PPV×Sensitivity
PPV+Sensitivity

Accuracy Accuracy= TP+TN TP+TN+FP+FN Sensitivity
(TPR) Sensitivity= TP TP+FN Specificity (TNR) Specificity=
TN TN+FP Positive Predictive Value (PPV) PPV= TP TP+FP
Negative Predictive Value (NPV) NPV= TN TN+FN F-Score

FrameScore=work,2× PPV×Sensitivity PPV+Sensitivity Accuracy

provides a global measure of classification performance by 
quantifying the proportion of correctly classified instances 
among all predictions. While accuracy is intuitive and easy 
to interpret, it can be misleading in medical datasets where 
class imbalance is common. In such cases, a model may 
achieve high accuracy by favoring the majority class while 
performing poorly on clinically critical minority cases. There-
fore, accuracy is interpreted in conjunction with other, more
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discriminative metrics.

Sensitivity, also known as the true positive rate, measures
the model’s ability to correctly identify patients who actually
have heart disease. High sensitivity is essential in clinical
screening and diagnostic applications, as it reduces the likeli-
hood of missed diagnoses. From a medical standpoint, sensi-
tivity directly relates to patient safety, since false negatives
may result in delayed intervention or disease progression
without appropriate treatment.

Specificity, or true negative rate, quantifies the model’s ability
to correctly classify non-diseased individuals. This metric
is crucial for avoiding unnecessary diagnostic procedures
and treatments in healthy patients. In clinical practice, high
specificity contributes to efficient resource utilization and
reduces the psychological and economic burden associated
with false alarms.

Positive Predictive Value evaluates the reliability of positive
predictions by measuring the proportion of predicted positive
cases that are truly diseased. PPV is particularly relevant from
a physician’s perspective, as it reflects the confidence that can
be placed in a positive model output. Similarly, Negative Pre-
dictive Value measures the reliability of negative predictions,
indicating the likelihood that a patient predicted as healthy is
indeed free from heart disease. Both PPV and NPV are highly
informative in real-world clinical settings, where predictive
confidence directly influences decision-making.

The F-score provides a balanced assessment by combining
sensitivity and precision into a single metric.

By harmonizing the trade-off between false positives and
false negatives, the F-score offers a concise summary of clas-
sification performance, particularly in scenarios where class
imbalance exists. This metric is valuable for comparing mod-
els under different optimization strategies, as it captures both
detection capability and prediction reliability.

Collectively, the evaluation metrics summarized in Table 2
establish a robust and clinically meaningful assessment frame-
work. Their combined use ensures that the proposed models
are evaluated from multiple perspectives, aligning quantita-
tive performance analysis with the practical requirements and
ethical considerations of healthcare decision support systems.

4. EXPERIMENTAL RESULTS

4.1 Baseline Model Performance

This subsection provides an in-depth analysis of the baseline
predictive performance of the deep learning models prior
to the application of any optimization or feature selection
mechanisms. Establishing a baseline is a critical step in
experimental evaluation, as it offers a clear reference against
which the effectiveness of metaheuristic optimization and
hybrid modeling strategies can later be quantified.

All models were trained and evaluated under identical con-
ditions, using the same dataset partitions, preprocessing
pipeline, and evaluation metrics, ensuring a fair and unbi-
ased comparison.

Table 3 presents the quantitative performance of the five deep
learning models in terms of accuracy, sensitivity, specificity,
positive predictive value, negative predictive value, and F-
score.

Table 3. Baseline performance comparison of deep learning models
without optimization

Model Accuracy Sensitivity Specificity PPV NPV F-Score
DeepGBM 0.9032 0.8824 0.9195 0.8955 0.9091 0.8889
DTCN 0.8901 0.8657 0.9091 0.8815 0.8966 0.8735
DBN 0.8758 0.8507 0.8953 0.8636 0.8851 0.8571
CNN 0.8627 0.8358 0.8837 0.8485 0.8736 0.8421
GAN 0.8455 0.8151 0.8690 0.8279 0.8588 0.8214

The results clearly indicate that DeepGBM achieves the
strongest baseline performance among all evaluated mod-
els. Specifically, DeepGBM attains an accuracy of 0.9032,
demonstrating that more than 90% of patient instances are cor-
rectly classified without any optimization. In terms of clinical
sensitivity, DeepGBM achieves a sensitivity of 0.8824, indi-
cating a strong ability to correctly identify patients with heart
disease. This is complemented by a high specificity of 0.9195,
reflecting reliable discrimination of non-diseased individu-
als. Furthermore, DeepGBM records a positive predictive
value of 0.8955 and a negative predictive value of 0.9091,
highlighting the robustness and reliability of both positive
and negative predictions. The resulting F-score of 0.8889
confirms a well-balanced trade-off between sensitivity and
precision, reinforcing DeepGBM’s suitability for structured
clinical data.

The Dynamic Temporal Convolutional Network demonstrates
competitive but slightly inferior performance compared to
DeepGBM. DTCN achieves an accuracy of 0.8901, which is
approximately 1.3% lower than DeepGBM. Its sensitivity of
0.8657 indicates a modest reduction in detecting true heart
disease cases, while its specificity of 0.9091 remains rela-
tively high. The PPV and NPV values of 0.8815 and 0.8966,
respectively, suggest stable predictive confidence; however,
the F-score of 0.8735 reflects a noticeable decline in balanced
performance relative to DeepGBM. These results suggest that
while DTCN is effective in modeling structured dependen-
cies, it may require further tuning to fully capture complex
clinical feature interactions.

The Deep Belief Network exhibits moderate baseline perfor-
mance, achieving an accuracy of 0.8758.

Its sensitivity of 0.8507 and specificity of 0.8953 indicate
reasonable discriminative capability, though both metrics
are consistently lower than those observed for DeepGBM
and DTCN. The PPV and NPV values of 0.8636 and 0.8851
further illustrate this performance gap. The F-score of 0.8571
suggests that while DBN benefits from hierarchical feature
learning, its probabilistic structure may limit its ability to
fully exploit the nonlinear relationships present in the heart
disease dataset without optimization.

The Convolutional Neural Network records an accuracy of
0.8627, reflecting a further decline in baseline performance.
Its sensitivity of 0.8358 indicates reduced effectiveness in
identifying diseased patients, while its specificity of 0.8837 re-
mains acceptable but lower than that of the higher-performing
models. The PPV and NPV values of 0.8485 and 0.8736
demonstrate moderate predictive reliability.

The F-score of 0.8421 highlights the limitations of conven-
tional CNN architectures when applied directly to tabular
clinical data, where spatial locality assumptions may not
align well with feature relationships.
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The Generative Adversarial Network exhibits the weakest
baseline performance among the evaluated models. GAN
achieves an accuracy of 0.8455, with sensitivity and speci-
ficity values of 0.8151 and 0.8690, respectively. These results
indicate a comparatively higher rate of both false negatives
and false positives. The PPV of 0.8279 and NPV of 0.8588
further suggest reduced confidence in prediction outcomes.
The lowest F-score of 0.8214 underscores the difficulty of
leveraging adversarial learning frameworks for direct classifi-
cation tasks in structured clinical datasets without specialized
adaptation.

Overall, the baseline results reveal clear performance stratifi-
cation among the deep learning models.

While all models demonstrate a reasonable capacity to learn
from heart disease data, none achieves uniformly optimal
performance across all metrics. The consistent superiority
of DeepGBM across accuracy, specificity, NPV, and F-score
highlights its robustness and suitability as a core predictive
model. At the same time, the observed performance gaps and
metric trade-offs across all models emphasize the limitations
of baseline configurations, particularly with respect to hyper-
parameter sensitivity and feature redundancy. These findings
strongly motivate the adoption of metaheuristic optimization
strategies in subsequent sections to further enhance predic-
tive accuracy, balance clinical trade-offs, and improve model
generalization.

A comprehensive evaluation of classification models requires
the simultaneous analysis of multiple performance metrics
in order to capture complementary aspects of predictive be-
havior. In this study, model performance is assessed using
accuracy, sensitivity (true positive rate), specificity (true nega-
tive rate), positive predictive value (PPV), negative predictive
value (NPV), and F-score, which together provide a balanced
view of discriminative capability and clinical reliability. Fig-
ure 3 presents swarm plots for these evaluation metrics across
the investigated models, enabling a clear comparison of per-
formance variability and central tendencies.

The visualization incorporates mean values and standard de-
viation bounds for each metric, thereby facilitating the identi-
fication of models that consistently perform above or below
the average range.

Such graphical analysis is particularly valuable for highlight-
ing robustness, stability, and trade-offs among models, which
are critical considerations in selecting appropriate machine
learning approaches for medical decision-support systems.

Comparative performance analysis across machine learning
models is essential for understanding trade-offs between dif-
ferent evaluation metrics, particularly in medical classifica-
tion tasks where both overall correctness and class-specific
reliability are critical. Accuracy provides a global measure
of correct predictions, while specificity (true negative rate)
reflects a model’s ability to correctly identify non-diseased
cases, which is especially important for minimizing false
positives in clinical decision-making. Figure 4 illustrates a
dual-axis visualization that simultaneously presents accuracy
values as scatter points and specificity values as a line plot
across the evaluated models.

By combining these two metrics within a single visualiza-
tion, the figure enables direct comparison of model behavior

Figure 3. Swarm plots illustrating the distribution of performance
metrics across different classification models, including accuracy,
sensitivity (TPR), specificity (TNR), positive predictive value (PPV),
negative predictive value (NPV), and F-score. Dashed and dash-
dotted lines represent the mean and mean±standard deviation, re-
spectively.

with respect to general performance and negative-class dis-
crimination. This integrated representation facilitates the
identification of models that achieve a favorable balance be-
tween accuracy and specificity, thereby supporting informed
model selection for reliable and clinically meaningful heart
disease prediction systems.

Figure 4. Dual-axis visualization of model performance, where
accuracy is represented using scatter points on the left y-axis and
specificity (true negative rate) is shown as a line plot on the right
y-axis across different classification models.

Assessing the statistical distribution of evaluation metrics is
an important step in validating the reliability and robustness
of comparative model analysis. Many parametric statisti-
cal techniques assume that performance metrics follow an
approximately normal distribution; therefore, verifying this
assumption is essential before conducting further inferential
analysis. Figure 5 presents quantile–quantile (Q–Q) plots
for key performance metrics, including accuracy, sensitivity
(true positive rate), specificity (true negative rate), positive
predictive value (PPV), negative predictive value (NPV), and
F-score.

The Q–Q plots compare the empirical quantiles of each met-
ric against the corresponding theoretical quantiles of a normal
distribution, allowing for visual assessment of normality, sym-
metry, and potential deviations such as skewness or outliers.
A close alignment of data points with the reference line indi-
cates approximate normality, thereby supporting the use of
mean-based comparisons and standard deviation measures in
the subsequent performance evaluation of the classification
models.
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Figure 5. Quantile–quantile (Q–Q) plots for performance evalu-
ation metrics, including accuracy, sensitivity, specificity, positive
predictive value, negative predictive value, and F-score.

4.2 Optimized Model Performance

This subsection presents a detailed analysis of the predic-
tive performance achieved after integrating metaheuristic op-
timization strategies with the DeepGBM model. The pri-
mary objective of this analysis is to quantify the impact of
metaheuristic-driven hyperparameter optimization on classifi-
cation effectiveness and to examine how different optimiza-
tion algorithms influence model behavior across all evaluation
metrics. By comparing optimized models against one another
under identical experimental conditions, this study provides
a rigorous assessment of optimization efficacy and stability.

Table 4 summarizes the performance of DeepGBM optimized
using Fitness Greylag Goose Optimization (FGGO), Particle
Swarm Optimization (PSO), Grey Wolf Optimizer (GWO),
Dipper Throated Optimization (DDTO), and Multiverse Opti-
mization (MVO).

Table 4. Performance comparison of optimized DeepGBM models
using different metaheuristic algorithms

Model Accuracy Sensitivity Specificity PPV NPV F-Score
FGGO + DeepGBM 0.9795 0.9747 0.9831 0.9776 0.9809 0.9761
PSO + DeepGBM 0.9700 0.9633 0.9749 0.9663 0.9727 0.9648
GWO + DeepGBM 0.9656 0.9574 0.9716 0.9612 0.9687 0.9593
DDTO + DeepGBM 0.9621 0.9535 0.9683 0.9567 0.9660 0.9551
MVO + DeepGBM 0.9578 0.9478 0.9651 0.9518 0.9621 0.9498

The results in Table 4 clearly demonstrate that all metaheuris-
tic optimization techniques lead to substantial performance
improvements over the baseline DeepGBM configuration
across all evaluation metrics. Among the optimized mod-
els, FGGO + DeepGBM achieves the highest performance
consistently. Specifically, it records an accuracy of 0.9795,
indicating that nearly 98% of patient instances are correctly
classified. This represents a marked improvement in over-
all predictive capability and highlights the effectiveness of

FGGO in navigating the hyperparameter search space.

From a clinical perspective, FGGO + DeepGBM attains a
sensitivity of 0.9747, reflecting an exceptional ability to cor-
rectly identify patients with heart disease. This high sensitiv-
ity is complemented by a specificity of 0.9831, demonstrating
strong discrimination of non-diseased individuals. The posi-
tive predictive value of 0.9776 and negative predictive value
of 0.9809 further confirm the reliability of the model’s pre-
dictions. The resulting F-score of 0.9761 indicates a highly
balanced trade-off between precision and recall, underscoring
the robustness of the FGGO-optimized model.

The PSO + DeepGBM configuration also exhibits strong per-
formance, achieving an accuracy of 0.9700. Its sensitivity
and specificity values of 0.9633 and 0.9749, respectively, in-
dicate reliable detection of both diseased and non-diseased
cases. With an F-score of 0.9648, PSO-based optimization
demonstrates effective convergence behavior, though it re-
mains consistently below FGGO across all metrics.

Similarly, GWO + DeepGBM achieves an accuracy of 0.9656,
with sensitivity and specificity values of 0.9574 and 0.9716.
While these results confirm the effectiveness of leadership-
based optimization mechanisms, the slight reductions in PPV
(0.9612), NPV (0.9687), and F-score (0.9593) suggest com-
paratively reduced consistency relative to FGGO and PSO.

The DDTO + DeepGBM model records an accuracy of
0.9621, with sensitivity and specificity values of 0.9535 and
0.9683. Although the adaptive exploration–exploitation be-
havior of DDTO yields notable performance gains, its F-score
of 0.9551 indicates a marginally lower balance between false
positives and false negatives compared to the higher-ranked
optimizers.

The MVO + DeepGBM configuration achieves an accuracy
of 0.9578, with sensitivity of 0.9478 and specificity of 0.9651.
While MVO-based optimization still substantially improves
DeepGBM performance relative to the baseline, its F-score of
0.9498 is the lowest among the optimized models, reflecting
comparatively reduced predictive balance.

A comparative ranking of optimization algorithms based on
overall performance reveals a clear hierarchy among the eval-
uated metaheuristic strategies. FGGO consistently ranks first
across all evaluation metrics, followed by PSO, GWO, DDTO,
and MVO. This ranking is not limited to a single metric but
is observed uniformly across accuracy, sensitivity, specificity,
predictive values, and F-score, indicating stable and reliable
optimization behavior.

The superior performance of FGGO-based optimization can
be attributed to its fitness-driven adaptive search mechanism,
which effectively balances global exploration and local ex-
ploitation throughout the optimization process. The consis-
tently high values achieved across all metrics suggest that
FGGO not only identifies optimal hyperparameter config-
urations but also promotes robust generalization and stable
learning dynamics. In contrast, while other optimizers demon-
strate strong performance, their results exhibit slightly greater
variability across metrics, indicating differences in conver-
gence consistency.

Overall, the comparative analysis confirms that FGGO pro-
vides the most robust and consistent optimization strategy
for DeepGBM within the proposed framework. Its ability
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to achieve superior performance across all evaluation met-
rics underscores its suitability for optimizing deep learning
models in complex clinical prediction tasks, where reliabil-
ity, stability, and balanced decision-making are of paramount
importance.

Evaluating classification models using multiple performance
metrics simultaneously is essential for obtaining a holistic
understanding of their predictive capabilities, particularly in
medical decision-support systems where trade-offs between
metrics may exist. Radar plots offer an effective visualization
framework for comparing several metrics at once, enabling
intuitive assessment of overall model balance and dominance
patterns. Figure 6 illustrates a radar plot summarizing the
performance of different hybrid optimization–classification
models across six key evaluation criteria, namely accuracy,
sensitivity (true positive rate), specificity (true negative rate),
positive predictive value (PPV), negative predictive value
(NPV), and F-score.

By projecting each metric onto a common radial scale, the
figure facilitates direct visual comparison of the strengths and
weaknesses of each model configuration. Larger and more
uniform polygonal areas indicate models with consistently
strong performance across all evaluation dimensions, thereby
supporting informed selection of robust and clinically reliable
predictive models.

Analyzing the variation of performance metrics across dif-
ferent model configurations is essential for understanding
relative strengths and performance trends among competing
approaches. When multiple hybrid models are evaluated us-
ing the same classifier, visualizing metric progression across
models helps reveal systematic improvements or degrada-
tions attributable to the underlying optimization strategies.
Figure 7 presents time-series–style line plots for key evalu-
ation metrics, including accuracy, sensitivity (true positive
rate), specificity (true negative rate), positive predictive value
(PPV), negative predictive value (NPV), and F-score, across
the investigated hybrid optimization–DeepGBM models.

Although the horizontal axis represents discrete model con-
figurations rather than temporal evolution, the line-based
visualization effectively highlights comparative trends and
relative ordering of model performance.

The line-based representation highlights trade-offs among
models, thereby supporting informed selection of robust hy-
brid frameworks for heart disease prediction.

A detailed comparative analysis of model performance met-
rics is essential for identifying strengths, weaknesses, and
overall robustness of competing hybrid learning frameworks.
Heatmaps provide an effective visualization tool for simulta-
neously examining multiple evaluation metrics across several
models, as they enable rapid identification of performance
patterns through color intensity and numerical annotations.
Figure 8 presents an annotated heatmap summarizing the
performance of hybrid optimization–DeepGBM models with
respect to accuracy, sensitivity (true positive rate), specificity
(true negative rate), positive predictive value (PPV), negative
predictive value (NPV), and F-score.

The color gradients and embedded metric values facilitate pre-
cise comparison across models, highlighting both dominant
configurations and subtle performance variations. Such visual

Figure 6. Radar plot comparing the performance of hybrid
optimization–DeepGBM models across multiple evaluation metrics,
including accuracy, sensitivity (TPR), specificity (TNR), positive
predictive value (PPV), negative predictive value (NPV), and F-
score.

Figure 7. Time-series–style line plots illustrating the variation of 
performance metrics across hybrid optimization–DeepGBM models, 
including accuracy, sensitivity (TPR), specificity (TNR), positive 
predictive value (PPV), negative predictive value (NPV), and F-
score.

Figure 8. Annotated heatmap illustrating the performance of hybrid
optimization–DeepGBM models across multiple evaluation metrics,
including accuracy, sensitivity (TPR), specificity (TNR), positive
predictive value (PPV), negative predictive value (NPV), and F-
score. Color intensity and numerical annotations indicate the relative
magnitude of each metric.
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analysis supports informed interpretation of trade-offs among
metrics and aids in selecting models that achieve balanced
and clinically reliable performance in heart disease prediction
tasks.

5. CONCLUSION AND FUTURE WORK

This study presented a comprehensive and integrated analyti-
cal framework for heart disease patient analysis that combines
unsupervised clustering, deep learning–based classification,
and metaheuristic optimization. The central objective was to
address the challenges posed by patient heterogeneity, non-
linear clinical feature interactions, and hyperparameter sensi-
tivity in deep learning models. Through the incorporation of
unsupervised clustering, the framework enabled the discovery
of latent patient subgroups based on clinical similarity, pro-
viding a structured representation of the patient population
that supports more informed learning and interpretation.

A key finding of this work is the substantial improvement
achieved through the application of Fitness Greylag Goose
Optimization (FGGO) to the Deep Learning Framework Dis-
tilled by Gradient Boosting Decision Trees (DeepGBM). The
optimization process systematically enhanced model perfor-
mance across all evaluation metrics by effectively tuning
hyperparameters and stabilizing the learning process.

Compared to the baseline DeepGBM configuration, the
FGGO-optimized model demonstrated markedly improved
predictive accuracy, sensitivity, specificity, and balanced per-
formance as reflected by the F-score. These improvements
confirm that the joint use of clustering-driven data representa-
tion and clinical prediction tasks.

The findings of this study have important implications for
clinical practice and the development of intelligent healthcare
systems. The use of patient clustering provides clinicians
with a data-driven mechanism to identify subgroups of pa-
tients who share similar demographic, physiological, and
diagnostic characteristics. Such stratification can support
treatment personalization by enabling physicians to draw in-
sights from the outcomes and responses of clinically similar
patients, thereby moving beyond population-level averages
toward more individualized care strategies.

Moreover, the optimized predictive framework proposed in
this study is well suited for integration into clinical decision
support systems. By combining robust deep learning clas-
sification with automated optimization, the framework can
deliver reliable and consistent predictions that assist clinicians
in risk assessment and diagnostic decision-making. The high
predictive reliability achieved through FGGO optimization
enhances trust in model outputs, which is a critical factor for
adoption in real-world clinical environments. As a result, the
proposed approach has the potential to contribute to improved
diagnostic accuracy, more efficient resource allocation, and
enhanced patient outcomes.

While the results of this study are promising, several avenues
for future research can further extend and strengthen the
proposed framework. One important direction involves the
exploration of advanced clustering techniques that can cap-
ture dynamic and evolving patient profiles. Such techniques
may enable longitudinal patient monitoring and more refined
subgroup discovery, particularly in settings where patient

characteristics change over time.

Another key area for future work is the investigation of real-
time clinical deployment considerations.

This includes assessing computational efficiency, scalability,
and system integration challenges associated with deploying
FGGO-optimized deep learning models in hospital informa-
tion systems or wearable health monitoring platforms. Ad-
dressing these practical considerations is essential for trans-
lating research findings into operational clinical tools.

Additionally, the proposed framework can be extended to
other cardiovascular conditions and chronic diseases, such as
diabetes, hypertension, and respiratory disorders, where pa-
tient heterogeneity and complex feature interactions similarly
affect predictive modeling. Evaluating the generalizability of
the framework across diverse medical domains would further
validate its robustness and applicability.

Finally, future research may focus on integrating the proposed
approach with smart healthcare infrastructures and AI-driven
monitoring systems. By combining optimized predictive mod-
els with real-time data streams from electronic health records,
wearable sensors, and Internet of Medical Things devices,
the framework could support continuous risk assessment and
proactive clinical intervention, thereby contributing to the ad-
vancement of intelligent and adaptive healthcare ecosystems.

Data Availability The dataset used in this study is publicly
available on Kaggle athttps: //www.kaggle.com/datasets/
kingabzpro/heart-disease-patients.
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