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Abstract -- The major causes of deaths due to heart
disease rank among the top for global health concerns,
with predicting heart disease for diabetic patients a
major challenge. This research proposes a deep
ensemble learning with metaheuristic optimization
framework for heart disease prediction. The workflow
of this model includes performing extensive
preprocessing of the provided dataset, followed by an
optimization algorithm-based feature selection.
Furthermore, the proposed model utilizes a weighted
fusion method for combining various health data
sources, convolution-pooling, attention, and spatial-
temporal learning. Ensemble stacking learning is also
used with an SVM learner, with Pufferfish
Optimization Algorithm wused for fine-tuning. As
indicated, the proposed model was successful in
achieving 0.980 accuracy, 0.970 precision, 0.990 recall,
and 0.950 F1-score for Dataset 1, with 0.990 accuracy,
0.980 precision, 0.970 recall, and 0.980 F1-score for the
Cleveland dataset.

Keywords: Optimization, Deep Learning, Disease
Prediction, Ensemble Learning.

1. INTRODUCTION

The major causes of deaths associated with heart disease
are among the major concerns globally. One of the major
challenges is associated with the prediction of heart disease
among diabetic patients. This, among other challenges, is
caused by aspects associated with the complexity of the
various health data sources [1]. It is noted that machine
learning (ML) and shallow deep learning (DL) algorithms
were unable to predict heart disease among various
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individuals due to an inability to cope with the complexity
of the various health data sources [2]. The proposed model
involves carrying out extensive preprocessing of given
datasets [3, 4], followed by applying the Golden Jackal
Optimization Algorithm in selecting features. The
proposed model also employs a weighted fusion scheme
[5], convolution-pooling, attention, spatial-temporal,
ensemble stacking learning with an SVM learner, as well
as using a Pufferfish Optimization Algorithm. It is
indicated that the proposed model managed to achieve
0.980 accuracy, 0.970 precision, 0.990 recall [6], 0.950 F1-
score, 0.990 accuracy, 0.980 precision, 0.970 recollect, as
well as 0.980 Fl-score [7]. Furthermore, apart from
assisting physicians in delivering timely interventions,
early diagnosis will enable the system to decrease
complications and improve the survival rate of patients
[10]. The use of Artificial Intelligence (Al) is also quite
promising in the medical field, especially the use of
Machine Learning (ML) and Deep Learning (DL) in the
recent past [11]. The ability of Al, especially ML and DL,
can automatically examine the complex and vast medical
records, identify the complex patterns, and create a
predictive model while assisting the physicians in decision-
making [12]. The use of Al models predicted the risk of
serious diseases, including COVID-19, cancer, and heart
problems [13], [14]. Additionally, the hybrid ML-DL
models can also be used, where the advantages of the
models of ML and DL can be combined in a hybrid form
and yield positive results [15]. The structure followed for
the proposed research work is as follows: A short report
on some of the latest studies on the prediction will be
presented in section 2. A description of the methodology
created will be presented in section 3. The results of the
improved model will be presented in section 4. A
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description of the study's findings will be presented in
section 5 [8], [9].

II. LITERATURE SURVEY

The prediction of heart disease has gained tremendous
research interest due to the increased incidence of
cardiovascular disease (CVD) among population groups
globally [16]. Current research attempts have emphasized
the exploitation of ensemble learning, feature selection, and
hybrid optimization techniques to improve the prediction
performance and avoid redundancy and computation [17].

Further, Gradient Boosting-based Sequential Feature
Selection (GBSFS) is also applied to detect the best
features [18,19]. By incorporating the features and using
stacking, the model resulted in an accuracy of 98.78%
using 11 features selected by GBSFS [20,21]. These
features can be very useful in improving the efficiency of
prediction and eliminating any redundancy in features.
Although the model can prove to be accurate and effective,
it involves high complexity and good data from healthcare
[22,23]. The researchers proposed a coronary heart disease
(CHD) risk prediction model named Feature Weighted
Hybrid Voting Ensemble (FWHVE). The proposed
approach relies on a two-stage system [24].

*  From the reviewed literature, the following trends can
be identified:

*  Techniques such as stacking and hybrid voting always
produce better results than standalone classifiers.

*  Feature selection and optimization techniques (such
as gradient boost selection, forward selection, and
genetic algorithms) improve accuracy and reduce
redundancy.

*  Meta-learning techniques, such as using XGBoost-
based stacking models, are being employed for
stronger prediction.

Although reported model accuracy is high, challenges
remain. Some of these include computational complexity,
dataset dependency, non-generalizability due to small
dataset size or private data, as well as sensitivity towards
various feature engineering methodologies. It is worth
noting that only a few articles assess the model's real-time
feasibility as well as model explainability in clinical
settings. In brief, though recent models for predicting heart
disease have shown good performance due to advanced
techniques using ensemble and optimization methods,
future research arecas must be centered on making these
models more comprehensible, computationally cheaper,
generalized, and useful for clinical settings.

III. PROPOSED METHODOLOGY

In this study, two publicly available heart disease datasets,
specifically the large-scale "heart disease" data set on
Kaggle and another well-known data set, Cleveland, are
used. These two data sets are comprehensive, including
extensive clinical characteristics such as age, blood
pressure, cholesterol level, and presence of diabetes, as
well as lifestyle-related parameters, along with heart
diseases or not.

The suggested model for prediction, PO-MIFDELN, has
been proposed for the prediction of heart disease for

diabetic patients using the concepts of multi-sensor
information fusion, deep feature extraction, and ensemble
learning with advanced hyperparameters. For both datasets,
the initial steps of preprocessing, including missing
variable handling, normalization of numerical features,
encoding of categorical features, removal of noise, etc.,
will be performed. For the purpose of improving the
efficiency of the model and reducing its dimensionality, the
Golden Jackal Optimization Algorithm (GJOA) is utilized
for feature selection, wherein the most important features
are identified for further processing. The main body of the
proposed framework, (Multi-Sensor Information Fusion
Deep Ensemble Learning Network (MIFDELN)), is
responsible for performing a weighted fusion of multi-
source data, where convolutional pooling and attention-
based layers are utilized for discriminative feature
extraction, and temporal learning is achieved.

Lastly, a number of deep learning base learners, including
CNN and LSTM, are integrated using stacked ensemble
learning. Then, the outputs from these architectures are
combined using an SVM meta-learner for better prediction
accuracy and generalization. Lastly, the overall workflow
of the provided approach, called POA, is demonstrated in
Figure 1. In order to further enhance the predictive
capabilities of the model, the Pufferfish Optimization
Algorithm (POA) is used to optimizedly tune the
parameters of the developed model. This algorithm is based
on mimicking the adaptive defense strategies of pufferfish,
specifically their adaptability based on changes in their
surroundings. In the developed model, the POA is used to
intelligently search for optimal parameters that can increase
the overall validation accuracy of the model while
preventing over-fitting.

There is an exploration of crucial hyperparameters like the
rate of learning, batch size, dropout rate, number of hidden
layers, number of neurons, and other model-specific
parameters. This effectively balances exploration and
exploitation for better results. In effect, premature
convergence is entirely avoided, and the model converges
stably. This adaptive search of parameters ultimately helps
the model discover good combinations without wasting
much computation.

Henceforth, with the integration of POA, it is ensured that
the MIFDELN framework is implemented with
hyperparameters that have been optimized, and therefore,
robustness and immunity from noise values increase, along
with computational efficiency and prediction accuracy. As
a result, the optimized model can demonstrate robust and
consistent performance even for heart disease prediction on
the Kaggle and Cleveland datasets.

Iv. RESULTS AND DISCUSSION

The first dataset being used within this study has a massive
heart disease dataset [29], which contains 57,373 records.
It contains 18 independent clinical variables, as well as one
dependent variable, which is the class label. It is a binary
value, where 0 represents a healthy person, and 1 represents
a person with heart disease. Splitting this data into training
and test data is required for proper model evaluation,
keeping in mind the class balance of this data. From this



data, 45,898 samples were used for training, and the
remaining 11,475 samples were left for testing.

The second dataset used in this work is the Cleveland Heart
Disease dataset, which is a commonly used benchmark
dataset in the field of cardiovascular science. This dataset
features 1,025 records of patients, of which 13 are
independent clinical features, while the dependent feature
has 2 classes, signifying the absence or presence of heart
disease. In keeping with the first dataset, this too has been
divided into training and test sets, with 820 examples being
used for that purpose, while the test set consists of 205
examples. Table 1 illustrates the distribution of medical
records in the two classes in the two datasets.
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Fig 1: Flowchart of POA

Figure 2 illustrates the hyperparameter sensitivity analysis
of the proposed PO-MIFDELN framework on Dataset 1
and the Cleveland dataset. From these results, it can be
derived that the model performance is highly dependent on
proper hyperparameter tuning. The learning rate ranges to
0.001 as an optimal value, which provides the highest

accuracy of 0.940 for Dataset 1 and 0.910 for the Cleveland
dataset. Similarly, the batch size study also delivers peak
values of 0.940 for Dataset 1 and 0.920 for the Cleveland
dataset at an optimal batch size of 32. In the case of dropout
rate variation, the best performance was delivered for 0.2,
which gave 0.940 and 0.920 for Dataset 1 and Cleveland,
respectively. These results reflect that systematic
hyperparameter optimization is an important requirement
for enhanced generalization and predictive accuracy.

TABLE 1: NUMBER OF MEDICAL RECORDS FOR EACH CLASS IN THE DATASETS

Accuracy

Dataset | Classes | Training | Testing | Total
Set Set
Dataset 1 Heart 21,898 5,475 27,373
disease
Healthy 24,000 6,000 30,000
Total 45,898 11,475 57,373
Cleveland Heart 421 105 526
disease
Healthy 399 100 499
Total 820 205 1,025
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FIGURE 2: SENSITIVITY ANALYSIS OF LEARNING RATE, BATCH SIZE,
AND DROPOUT RATE
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FIGURE 3: CONVERGENCE RATE ANALYSIS

Figure 3 represents the convergence process of these
optimization algorithms. The fitness of the Golden Jackal
Optimization Algorithm (GJOA) decreases significantly
over the initial 30 iterations before slowly converging
towards 0.05 fitness values for Dataset 1 and 0.07 fitness
values for the Cleveland dataset. Similarly, the
convergence of the Pufferfish Optimization Algorithm
(POA) has been reported, with steady fitness convergence
towards 0.04 fitness values for Dataset 1 and 0.05 fitness
values for the Cleveland dataset.



Figure 4 shows the result of the feature importance analysis
for both datasets, which identifies the major clinical
attributes contributing to heart disease prediction. These
results validate the effectiveness, stability, and
optimization use of the proposed PO-MIFDELN model.
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FIGURE 4: FEATURE EXTRACTION ANALYSIS

Figure 5 shows the confusion matrices used to assess the
classification capability of the proposed PO-MIFDELN
framework on these datasets. As can be seen, for Dataset 1,
the proposed framework classified 5,500 healthy patients
(true negatives) and 3,200 patients suffering from heart
disease (true positives) with high accuracy. However, 500
healthy patients were misclassified as suffering from heart
disease (false positives), and 800 patients suffering from
the disease were incorrectly classified (false negatives). For
the Cleveland UHF datasets, the proposed framework
classified 450 healthy patients and 400 patients suffering
from heart disease with high accuracy and misclassified 50
healthy patients suffering from heart disease and 100
disease patients as healthy patients. The classification
capability of the proposed framework can be considered
high due to the high classification accuracy compared to
the misclassification rate.

Figure 6 presents the ROC curve comparison of Dataset 1
with the Cleveland dataset. Both datasets show an ROC
curve above the diagonal reference line, indicating very

good discriminative performance. The proposed model
achieved an AUC of 99.67 for Dataset 1, and 99.46 for the
Cleveland dataset. The near perfect AUC values indicate an
exceptional ability of the framework in distinguishing
between patients having healthy and heart disease, further
validating the effectiveness and generalization capability of
the PO-MIFDELN model across different datasets.
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IV. CONCLUSION

The proposed scheme promises an accuracy of 0.990 and
an Fl-score of 0.980 on the Cleveland dataset and
outperformed the majority of the state-of-the-art proposals,
including ECSVFM, which, in turn, reported an accuracy
of 0.970. These results confirm the diagnostic reliability,
stability, and superior discriminative power of the proposed
approach. Although the framework yields a promising
result, it also suffers from certain limitations. Indeed, the
merge of deep ensemble learning and metaheuristic
algorithms is computationally complex, and it highly relies
on vast quantities of data. Future directions include
continued efforts towards designing light and
computationally efficient architectures, integration with
transfer learning methods, and facilitating real-time
deployment in IoT-based healthcare settings. Such methods
will help improve the scalability of the model, making it
more efficient with reduced resource requirements.
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