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ABSTRACT

Millions of people worldwide suffer from heart failure, a chronic illness that makes an effec-
tive machine learning (ML)-based approach for early detection and treatment necessary.
Although medication is still the mainstay of care, exercise is becoming recognized as a useful
adjunctive therapy for the management of heart failure. In this work, we used patient health
parameter data to design a ML-based method to enhance heart failure detection. Improving
the early detection of heart failure is our goal in an effort to save lives. To find the most
important features for enhancing performance, we conducted a comparative analysis of
ten distinct ML algorithms and applied feature engineering methodologies. By developing a
novel new feature set, we improved our strategy and obtained the best accuracy ratings. The
proposed system works on the statistical dataset and CT scan images. Numerous experiments
were carried out to assess the efficacy of different algorithms, and our suggested approach
outperformed other cutting-edge models, attaining impressive accuracy. Cross-validation
approaches were employed to validate all applied procedures. On the CT scan dataset,
AdaBoost (AB) achieved 100% accuracy, while gradient boosting (GB) led with 96% on the
statistical dataset. Accuracy improved with random or synthetic data. Notably, applying a soft
voting ensemble of all models further boosted accuracies to 98% and 95% on the respective
datasets. Our study advances heart failure early detection techniques, which make important
scientific contributions to the medical world.
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1  INTRODUCTION

Since cardiovascular diseases (CVDs) are the primary cause of death worldwide,
efficient management and preventative techniques are required. Different strategies
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for comprehending and forecasting cardiovascular outcomes are highlighted by
recent research [1]. In their discussion of the connection between glycaemic index
and cardiovascular outcomes, [2] stresses the significance of glycaemic control in
lowering cardiovascular risks. Using association rule discovery, [3] presented an
early technique for heart disease prediction that aided in the detection of important
patterns in medical data. A cluster-based decision tree learning technique was pre-
sented in [4] to pick features optimally and increase the precision of heart disease
forecasts. The usefulness of ensemble learning approaches in the early diagnosis of
cardiac disease was illustrated in [5], highlighting the advantages of merging several
machine learning (ML) models for improved predictive performance. A stacking
model fusion-based predictive classifier for cardiovascular disease was developed in
[6] and concluded by emphasizing the role of various ML algorithms in the prediction
of cardiovascular disease, underscoring advancements in predictive healthcare [7].
This classifier combines multiple models for improved accuracy.

Different ML classification algorithms have been used in various applications
including healthcare, trust prediction, vehicular networks, and many more [8]-[10].
Utilizing ML and deep learning approaches to improve diagnostic accuracy and early
detection has been the main focus of recent research on heart disease prediction.
The potential of integrated models in physiological data analysis was demonstrated
in [11], who devised a method to diagnose chronic heart failure from heart sounds
using a stack of ML classifiers. The authors in [12] emphasized the major healthcare
difficulties associated with heart failure and its impact on worldwide public health.

Comprehensive statistics on heart disease and stroke were presented in [13],
emphasizing risk factors, mortality rates, and prevalence. In their assessment of
safe and reliable ML methods for the healthcare industry, [14] addressed important
concerns such model dependability and data privacy. Predictive analytics has
advanced, as demonstrated in [15], which demonstrated how ML classifiers could
accurately predict coronary heart disease.

In order to forecast cardiac illness, [16] analysed several ML algorithms and
provided insights into the most efficient approaches. In order to enhance clinical
decision-making, [17] created a decision support system for cardiac disease predic-
tion utilizing various ML models. In their evaluation of early heart failure prediction
methods, [18] emphasized the significance of prompt intervention.

Existing techniques for predicting cardiac disease have a number of severe
drawbacks, despite tremendous progress. There are few attempts to combine statistical
data and CT scan pictures for thorough analysis, and many methods are not generaliz-
able across various data sources. Furthermore, approaches that use principal compo-
nent analysis (PCA) or other black-box models frequently have poor interpretability,
which makes clinical validation and acceptance difficult. The limited use of robust
assessment methods, which are essential for attaining dependable performance and
include ensemble optimization and systematic hyper parameter tuning, is another
drawback. Furthermore, overfitting usually results from relying on short or unbal-
anced datasets, which lowers the models’ efficacy in actual clinical settings.

1.1 Motivation and problem statement

Heart disease is one of the major causes of death and serious illness worldwide.
Because of the disease’s complexity and range of symptoms, early discovery is cru-
cial for improving outcomes and lessening the burden on the healthcare system.
However, correct diagnosis is challenging to achieve. ML, with its proven success
in various disciplines, has considerable promise for healthcare. These algorithms
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improve the identification of cardiac illness by analysing vast datasets to find complex
patterns and generate precise predictions. By applying these strategies, automated
decision-support systems may efficiently handle a wide range of patient data, giving
physician’s insightful information for efficient diagnosis and treatment planning.

1.2 Research contributions
The key contributions of this paper are as follows:

e Using performance classification criteria as its primary focus, this study assesses
and applies ten well-known ML algorithms to the statistical and CT scan
heart datasets.

e To attain the best accuracy, the grid search CV hyper parameter tuning method
with ten-fold cross-validation was applied. Performance was assessed by accuracy
and negative log loss.

e On randomly created data, every ML model was put to the test and achieved
better accuracy.

e In the end, a soft voting ensemble approach was used to merge all classifiers
to improve the accuracy of the model. The effectiveness of the results was
demonstrated by comparing them with those of prior relevant works.

1.3 Paper organization

The paper is organized to methodically investigate the use of ML for heart disease
identification. The literature on heart disease classification and prediction models is
reviewed in Section 2. The suggested methodology is explained in Section 3, along with
specifics about the dataset and ML model that were employed. The implementation
is the main topic of Section 4, which also presents the outcomes and offers a discus-
sion of the conclusions. The paper is finally concluded in Section 5, which summa-
rizes the main findings and contributions of the study.

2 RELATED WORKS

The application of various ML and data mining approaches has led to substantial
breakthroughs in the field of disease prediction, especially for heart disease. In order to
assess various supervised ML algorithms’ efficacy in illness prediction, [19] compared
them, highlighting the crucial significance of algorithm selection. The potential of
cutting-edge optimization approaches was demonstrated in [20] when they presented
a novel optimization algorithm to improve heart disease prediction accuracy. Using
several ML techniques, [21] investigated the impact of food contamination on gastro-
intestinal morbidity. Their findings can be applied to more general disease prediction
scenarios, such as cardiovascular health. By combining ML and data mining algo-
rithms, [22] created a novel feature reduction model that increased prediction effi-
ciency by decreasing data dimensionality. The MIFH framework was proposed in [23],
which combines several ML approaches to improve the diagnosis of heart disease.

In order to anticipate heart illness, [28] developed a decision support system that
makes use of several ML models. This system has potential uses in clinical settings.
[24] underlined the significance of data completeness in accurate illness prediction
by concentrating on enhancing classifier accuracy by resolving missing data
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through imputation techniques. By identifying important risk factors, [25] showed
how well logistic regression (LR) techniques work in predicting cardiovascular dis-
ease. In order to forecast cardiac illness, [26] analysed several data mining and ML
algorithms, offering insights into the relative effectiveness of various techniques.
Last but not least, [27] investigated hybrid ML approaches, combining many algo-
rithms to improve prediction performance and demonstrating the advantages of
combining various ML techniques for increased accuracy.

Although a lot has been learned about applying ML and data mining approaches
to the prediction of cardiac disease, there are still a few unanswered questions that
need to be investigated further:

e Algorithm selection and optimization: Research has shown the value of choosing
and refining the appropriate algorithms, as evidenced by the works of [22].
Nevertheless, a thorough framework that methodically assesses and chooses the
best algorithms and optimization strategies for particular datasets and prediction
tasks is still required.

e Feature reduction and selection: By decreasing data dimensionality, feature
reduction models—such as the one by [26]—and sophisticated feature selection
methods—discussed by [25]—have the potential to improve prediction efficiency.
To preserve prediction accuracy without sacrificing important information,
further study is required to create more complex, adaptive feature reduction and
selection techniques that can dynamically adapt to a variety of changing datasets.

e Handling data imbalances and missing data: The work of [28] on using imputa-
tion approaches to resolve missing data emphasizes how crucial complete data is
to precise prediction. In order to guarantee that models continue to function well
even when working with faulty datasets, future research should concentrate on
creating reliable techniques to handle data imbalances and missing values.

e Integration of diverse ML techniques: Multiple ML algorithms combined into
hybrid and ensemble techniques have been demonstrated to increase prediction
performance in a number of studies, including [27] and [28]. Nonetheless, fur-
ther research is required to determine the best arrangements and blends of these
methods. Future research should examine how various ML models perform in
concert with one another and determine the most effective ways to integrate
them in order to optimize heart disease prediction accuracy and robustness.

e Real-time and long-term monitoring systems: A large number of the models in
use today, including the ones put forth by [25] and [26], concentrate on forecast
accuracy utilizing past data. Systems that can detect cardiac illness in real-time
and anticipate its long-term danger are becoming more and more necessary.

By considering all these gaps, it may be possible to create heart disease predic-
tion systems that provide more accurate, dependable, and efficient outcomes and
progress the field of medical diagnostics.

3  PROPOSED WORK

The proposed approach is shown in Figure 1 which describes a system that uses
the best feature selection to assist people in determining their risk of heart disease.
The following are the six main steps: (i) Data collection with varying parameters
from several sources; (ii) Pre-processing the data; (iii) Splitting data; (iv) Classification
using K-nearest neighbour (KNN), support vector classification (SVC), decision trees
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(DT), and other ML classifiers; (v) Performance metrics; and (vi) K-fold technique for
model validation.

3.1 Dataset description

We have considered two different datasets for study and experimentation. The
statistical dataset [29] has 12 features spread across 1900 instances and CT scan heart
images [30]. The statistical dataset contains both normal and diseased data in cate-
gorical and continuous. The list of features considered are: ‘Age’, ‘Sex’, ‘Chest Pain’,
‘Resting_BP’, ‘Cholestrol’, ‘Fasting Blood_Sugar’, ‘Resting_Electrocardiographic’,
‘Max_Heart_Rate’, ‘Exercise_Induced_Angina’, ‘Old_Peak’, ‘Slope’, ‘Target’. We have
extracted the seven categories of features from the CT scan images such as: 1) Texture
Features, 2) Entropy, 3) Local Binary Pattern, 4) Gabor Filter, 5) Intensity-Based
Features, 6) Shape Features, and 7) Edge and Boundary Features. The features are
listed as: ‘Contrast’, ‘Energy’, ‘Homogeneity’, ‘Entropy’, ‘LBP_Mean’, ‘Gabor_Mearn’,
‘Mean_Intensity’, ‘Std_Dev’, ‘Skewness’, ‘Kurtosis’, ‘Area’, ‘Perimeter’, ‘Eccentricity’,
‘Canny_Edge_Count’, ‘Sobel _Gradient_Magnitude’.

3.2 Data pre-processing

Real-world data is frequently incomplete and unformatted due to the large
number of nulls and errors it contains.

CT Scan Images r----|Heart Datasetf---- Statistical Data
Missing values
Preprocessingr---- e lecding
Normalization
Feature Selection
Splitting
A
- . Validation
Training Data Testing Data Data
- ML Model
Accuracy 3
Precision - Evalugtion <
Recall Metrics
F1 score ¢
AUC-ROC
— Validation < K-Fold
Result

Fig. 1. Working of proposed system

International Journal of Online and Biomedical Engineering (iJOE) 31


https://online-journals.org/index.php/i-joe

Archana and Shashikala

Missing values: To find and handle outliers, this stage entails an exploratory data
analysis technique. To deal with missing values, we employ an iterative imputer.
More accurate imputations are ensured by the iterative imputation procedure,
which modifies one feature in light of the others.

Normalization of data: The dataset’s data fields could have different types. Every
data value needs to be standardized to the same type for categorization to be effec-
tive. For accurate results, we scale parameter values between zero and one. The
values in the numerical columns are converted to a standard scale without being
changed or removed.

Feature selection: Choosing the right features is essential to enhancing model
performance. Sequential forward selection (SFS) is what we use to weed out less
important traits. Because of its interpretability and performance advantages, SFS
was chosen over PCA for the prediction of heart disease using statistics and CT
scan image datasets. Because SFS chooses real features instead of altering them,
physicians will find the results more significant. It assesses each feature according
to how well it contributes to increasing model accuracy, making sure that predictive
and pertinent variables are kept. SFS is model-specific and performs well with both
structured and extracted image features, in contrast to PCA, which is unsupervised
and may miss crucial information. Better accuracy, less overfitting, and the preser-
vation of crucial clinical insights were the results of this strategy.

3.3 Dataset splitting

There are two partitions for the patient dataset: one for testing (20%) and one
for training (80%). The ML model is constructed using the training set, and its
performance is assessed using the testing set.

3.4 Classification model

We have utilized several well-known ML algorithms for the screening and
classification of heart disease. These algorithms includes, KNN, SVC, DT, random
forest (RF), extra trees (ET), AdaBoost (AB), LR, gradient boosting (GB), stochastic
gradient descent (SGD), extreme gradient boosting (XGBoost). All the ML algorithms
have been implemented on both datasets and ensemble them for better accuracy.

The application of ensemble approaches, which integrate several ML models
to increase accuracy and resilience, is emphasized in recent developments in the
prediction of cardiac disease. In order to decrease overfitting and boost reliability,
methods such as RF and GB construct numerous DT and aggregate their predictions.
The goal of AB and XGBoost is to improve misclassified predictions by successively
modifying weights. These ensemble approaches work very well with a variety of
data sources, including CT scan pictures and clinical information. These methods
can improve real-world applicability in cardiac disease prediction, decrease model
bias, and increase accuracy by utilizing the advantages of several algorithms.

3.5 Model evaluation metrics

Evaluation metrics play a crucial role in evaluating how well predictive models
perform in categorization tasks. They offer insights into a model’s effectiveness
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and assist in quantifying how well it accomplishes its objectives. We can assess
the performance of the model by contrasting its predictions with the actual results
on the training and testing datasets. The performance evaluation metrics include
accuracy, recall, precision, F1-score, confusion matrix, and AUC-ROC.

3.6 Model validation

The dataset is split into K equal parts using this procedure, with the remaining
data being used for training and each component being tested once. To guarantee
thorough validation, this procedure is carried out again for every component of the
dataset. The model’s performance is then carefully assessed and validated by com-
paring the outcomes from each iteration with the real results utilizing the entire
dataset. The model can also be evaluated based on randomly generated data values
depending on the actual samples.

4  EXPERIMENTAL RESULTS AND DISCUSSION

To efficiently run and evaluate the suggested model, a Windows 10 PC equipped
with a 2.9 GHz Core i7 processor, 8 GB RAM, Intel HD Graphics 620 GPU, and 5 GB of
disk space was used.

Prior to implementation, it is imperative to optimize the performance of a ML
model in order to guarantee optimal precision. The model’s learning behaviour is
controlled by hyper parameters, which must be properly adjusted for this optimiza-
tion. To fine-tune the model for improved performance, it is usually necessary to fit
the model. grid search CV is an effective method for hyper-parameter optimization.
Using this method, a thorough grid of possible hyper-parameter values is created,
and each combination is assessed.

4.1 Performance analysis of machine learning models

Every ML classification algorithm is executed based on the parameters. The best
model is identified by using the best estimator applied to the mentioned parame-
ters. Further the best model of algorithms are tested based on the ‘new synthetic
(random)’ data generated using random over sampler () method.

The summary shown in Table 1 uses metrics like accuracy, recall, and F1-score
for two-class (0 and 1) prediction to compare the classification performance of
different ML models on two datasets: Dataset 1 (CT scan images) and Dataset 2
(statistical). Models for Dataset 1 typically perform well and with high accuracy.
KNN and SVC show good accuracy, recall, and F1-scores in both classes, with accu-
racies of 95% and 97%, respectively. With accuracy ranging from 94% to 99%, DT,
RF, and ET also demonstrate their competence in managing the dataset’s features.
Both AB and GB receive excellent overall grades and flawless accuracy for class 0.
On the other hand, Dataset 2 exhibits marginally different model performances.
DT and LR perform worse, with accuracies of 88% and 86%, respectively, while
KNN and SVC maintain good accuracy of 95% and 90%, respectively. On the other
hand, ensemble techniques such as GB, XGB, ET, RF, and GB continue to perform
well, with accuracy levels between 93% and 96%. Because Dataset 1 presum-
ably has better pre-processing or features that are more appropriate, overall, it
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provides more favourable conditions for model performance. Across both data-
sets, ensemble approaches consistently beat simpler models, highlighting their
applicability to difficult classification problems. The performance variations
underscore the significance of dataset attributes and the possible requirement
for customized model selection and optimization tactics grounded in particular
data subtleties.

Table 1. Classification reports of all machine learning models

Dataset 1 (CT Scan) Dataset 2 (Statistical)
Class Precision Recall Fl-score  Precision Recall F1-score
KNN 0 0.92 0.96 0.94 0.96 0.93 0.95
1 0.97 0.94 0.96 0.95 0.97 0.96
SVC 0 0.96 0.96 0.96 0.88 0.91 0.89
1 0.97 0.97 0.97 0.92 0.90 0.91
DT 0 0.92 0.94 0.93 0.84 0.91 0.86
1 0.96 0.94 0.95 0.90 0.86 0.88
RF 0 0.98 0.99 0.98 0.96 0.93 0.95
1 0.9 0.98 0.99 0.95 0.97 0.96
ET 0 0.99 0.99 0.99 0.92 0.93 0.93
1 0.99 0.99 0.99 0.95 0.93 0.94
AB 0 1.0 1.0 1.0 0.88 0.88 0.88
1 1.0 1.0 1.0 0.90 0.90 0.90
LR 0 0.95 0.94 0.95 0.85 0.84 0.85
1 0.96 0.97 0.96 0.87 0.88 0.87
SGD 0 0.94 0.98 0.96 0.85 0.82 0.83
1 0.98 0.96 0.97 0.86 0.88 0.87
GB 0 0.98 0.95 0.96 0.96 0.95 0.96
1 0.97 0.98 0.97 0.96 0.97 0.97
XGB 0 0.98 0.98 0.98 0.94 0.92 0.93
1 0.98 0.98 0.98 0.93 0.95 0.94

Results with synthetic data using the random over sampler method are included
in Table 2, which also compares the accuracy of several ML algorithms on two
datasets. On Dataset 1, models such as KNN, RF, ET, AB, and GB get 100% training
accuracy and high testing accuracy (95%-99%). Moreover, SVC, DT, LR, SGD, and
XGB exhibit strong performance. Dataset 2 shows a modest reduction in perfor-
mance. While SVC declines to 90% testing accuracy, RF and KNN maintain 100%
training accuracy and 95% testing accuracy. ET drops to 94% and DT drops to 88%
testing accuracy. LR, SGD, and AB exhibit significant drops, with testing accuracies
ranging from 85% to 89%. For all classifiers, synthetic data consistently increases
testing accuracy.
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Table 2. Accuracy of machine learning algorithms on different datasets

Dataset 1 (CT Scan) Dataset 2 (Statistical)

Training Testing Synth. Training Testing Synth.

Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
KNN 100% 95% 99.82% 100% 95% 99.12%
SVC 100% 97% 99.39% 96% 90% 94.91%
DT 96% 94% 97.24% 98% 88% 98.01%
RF 100% 98% 99.74% 100% 95% 99.20%
ET 100% 99% 99.74% 100% 94% 98.96%
AB 100% 100% 99.65% 95% 89% 94.19%
LR 97% 95% 95.86% 89% 86% 89.62%
SGD 97% 96% 98.56% 92% 85% 93.22%
GB 100% 97% 99.39% 99% 96% 99.20%
XGB 99% 98% 99.65% 99% 93% 98.48%

4.2 Performance assessment of machine learning models at each fold

By testing a model on different subsets of the data, cross-validation assesses its per-
formance and offers information on its generalization and accuracy. Overfitting may
be indicated by accuracy loss, which is the difference between training and valida-
tion accuracies. We can determine which models generalize well or badly by exam-
ining the accuracy and accuracy loss mean and variation across folds. The accuracy
and loss of several ML models across 10 times for two datasets. Models such as KNN,
SVC, DT, RE, ET, AB, LR, SGD, GB, and XGB perform well for Dataset 1, with accuracies
ranging from 96% to 99% and negligible losses (0.01-0.05). More variance is seen in
Dataset 2, as KNN and RF maintain high accuracy at 93% while SVC and DT decline
to 88% and 86%, respectively. While LR and SGD exhibit more losses, suggesting
inferior performance, ET, GB, and XGB continuously exhibit strong performance.
The summary of performance results are shown in Table 3. Figure 2 displays the
ROC-AUC scores along with the standard deviation.

Table 3. Accuracy and loss of machine learning algorithms at each fold

Dataset FI F2 F3 F4 F5 F6 F7 F8 F9 FI0 %’iﬁi‘;

KNN |1 Acc | 097 | 093|099 | 099 [ 093 | 0.94 | 0.96 | 0.98 | 0.98 | 098 | 0.97
Loss | 0.03 | 0.07 | 0.01 | 0.01 | 0.07 | 0.06 | 0.04 | 002 | 002 | 002 | 0.04

2 Acc | 090 | 089 | 0.89 | 0.88 | 0.89 | 0.99 | 1.00 | 0.92 | 1.00 | 0.96 | 0.93

Loss | 010 | 011 | 0.11 | 012 | 0.11 | 0.01 | 0.00 | 0.08 | 0.00 | 0.04 | 0.07

sve |1 Acc | 098|098 | 0.98 | 1.00 | 0.98 | 0.99 | 0.97 | 0.99 | 0.99 | 0.96 | 0.98
Loss | 0.02 | 0.02 | 0.02 | 0.00 | 0.02 | 0.01 | 0.03 | 0.01 | 001 | 004 | 0.02

2 Acc | 088|089 | 080|088 | 086|091 096084094087 088

Loss | 012 | 011 | 020 | 0.12 | 0.14 | 0.09 | 0.04 | 0.16 | 0.06 | 013 | 0.12

(Continued)
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Table 3. Accuracy and loss of machine learning algorithms at each fold (Continued)

Dataset FI F2 F3 F4 F5 F6 F7 F8 F9 FI0 ya‘ii’l‘;

DT |1 Acc | 096 | 095 | 0.96 | 0.99 | 0.94 | 0.97 | 0.95 | 0.98 | 0.99 | 095 | 0.96
Loss | 0.04 | 0.05 | 0.04 | 0.01 | 0.06 | 0.03 | 0.05 | 002 | 001 | 005 | 0.04

2 Acc | 072|083 | 081|076 | 086|093 099|086 097|090/ 086

Loss | 028 | 017 | 0.19 | 024 | 0.14 | 0.07 | 001 | 014 | 003 | 010 | 0.14

RE |1 Acc | 098 | 096 | 1.00 | 0.99 | 0.97 | 0.98 | 0.99 | 0.99 | 0.98 | 0.96 | 0.98
Loss | 0.02 | 0.04 | 0.00 | 0.01 | 0.03 | 0.02 | 0.01 | 0.01 | 0.02 | 004 | 0.02

2 Acc | 084|087 083|087 | 088076079077 |085|076]| 082

Loss | 016 | 013 | 017 | 013 | 012 | 024 | 021 | 023 | 015 | 024 | 0.18

ET |1 Acc | 098|097 | 099 | 0.99 | 0.98 | 0.97 | 0.96 | 0.99 | 0.97 | 095 | 0.98
Loss | 0.02 | 0.03 | 0.01 | 0.01 | 0.02 | 0.03 | 0.04 | 001 | 003 | 005 | 0.03

2 Acc | 092|088 | 088|090 | 090|099 | 100|093 100]|095]| 094

Loss | 0.08 | 0.12 | 0.12 | 0.10 | 0.10 | 0.01 | 0.00 | 0.07 | 0.00 | 005 | 0.06

AB |1 Acc | 098|098 | 099 | 1.00 | 0.98 | 0.99 | 0.98 | 0.99 | 0.98 | 1.00 | 0.99
Loss | 0.02 | 0.02 | 0.01 | 0.00 | 0.02 | 0.01 | 0.02 | 001 | 002 | 000 | 001

2 Acc | 089 | 086 | 0.85 | 0.84 | 0.84 | 0.89 | 0.93 | 0.81 | 0.96 | 0.86 | 0.87

Loss | 011 | 0.14 | 0.15 | 0.16 | 0.16 | 0.11 | 0.07 | 0.19 | 0.04 | 014 | 0.3

LR |1 Acc | 097 | 095 | 098 | 0.99 | 0.95 | 0.94 | 0.97 | 0.97 | 0.95 | 0.96 | 0.96
Loss | 0.03 | 0.05 | 0.02 | 0.01 | 0.05 | 0.06 | 0.03 | 0.03 | 0.05 | 0.04 | 0.04

2 Acc | 084|087 |083|087 088|076 079|077 085|076 | 082

Loss | 016 | 013 | 017 | 013 | 012 | 024 | 021 | 023 | 015 | 024 | 0.18

SGD |1 Acc | 097 | 094 | 097 | 0.99 | 0.94 | 0.92 | 0.96 | 0.97 | 0.95 | 0.93 | 0.95
Loss | 0.03 | 0.06 | 0.03 | 0.01 | 0.06 | 0.08 | 0.04 | 0.03 | 0.05 | 007 | 0.5

2 Acc | 087|087 | 090|086 | 082|076 078|076 067|072 080

Loss | 013 | 013 | 0.10 | 0.14 | 0.18 | 024 | 022 | 024 | 033 | 028 | 0.20

GB |1 Acc | 098 | 096 | 098 | 1.00 | 0.97 | 0.97 | 0.99 | 0.98 | 0.98 | 0.99 | 0.98
Loss | 0.02 | 0.04 | 0.02 [ 0.00 | 0.03 | 0.03 | 0.01 | 0.02 | 002 | 001 | 0.02

2 Acc | 092|090 | 089 | 089 | 0.87 | 0.97 | 1.00 | 0.88 | 1.00 | 0.93 | 0.93

Loss | 0.08 | 010 | 0.11 [ 0.11 | 0.13 | 0.03 | 0.00 | 0.12 | 0.00 | 007 | 0.07

XGB |1 Acc | 098 | 096 | 0.99 | 1.00 | 0.97 | 0.98 | 0.98 | 0.99 | 0.98 | 097 | 0.98
Loss | 0.02 | 0.04 | 0.01 | 0.00 | 0.03 | 0.02 | 0.02 | 001 | 002 | 003 | 0.02

2 Acc | 092|092 | 085|087 | 089|097 | 100|093 100|094 093

Loss | 0.08 | 0.08 | 0.15 | 0.13 | 0.11 | 0.03 | 0.00 | 0.07 | 0.00 | 0.06 | 0.07
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Fig. 2. ROC-AUC curves at each fold
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4.3 Performance assessment of ensemble classifier

The methodology that is being suggested utilizes an ensemble approach to merge
several ML models, producing an output that is more accurate as a whole than it
would be with just one model. Soft voting is the ensemble method employed here,
averaging the estimated probabilities from six distinct models to arrive at a final
forecast. When averaging probabilities instead of solely taking into account the
majority vote, soft voting “gives more weight” to confident forecasts, which is why
it frequently performs better than hard voting. Mean majority voting and weighted
majority voting are investigated in soft voting ensembles. To improve forecast accu-
racy, the soft voting ensemble (SVE) makes use of each model’s unique capabilities.
In addition, the SVE makes data mistakes and outliers more tolerant and lowers the
chance of overfitting.

Let P,; be the probability of class j for a given test instance, as predicted by
model . The formula used to determine the average projected probability for each
class across all models.

1 n
P zﬁ;Pi,j @

Where n (in this case, ten) is the number of models. The class prediction with the
highest average probability is the final one to be made:

y=arg max P, 2)

Table 4 gives the performance of ensemble classifiers on both considered datasets.
The ensemble classifier’s remarkable 0.98 accuracy for Dataset 1 was attained. With
a precision of 0.99, which was likewise high, the classifier had an extremely low
false positive rate. With a recall of 0.98, the model’s ability to recognize true posi-
tives is demonstrated. The F1 score, which takes memory and precision into account,
was 0.99. The AUC achieved a flawless 1.00, indicating exceptional ability to discrimi-
nate between classes. Although marginally lower, the performance for Dataset 2 was
still noteworthy. With an accuracy of 0.95 and a precision of 0.94, the true positive
and false positive rates were well-balanced. With a recall of 0.97, the model demon-
strated a high degree of ability to identify true positives. AUC was 0.97 and the F1
score matched the accuracy of 0.95, indicating strong classification performance.
The overall ROC-AUC is shown in Figure 3.

Table 4. Performance of ensemble classifiers

Metric Dataset 1 (CT scan) Dataset 2 (Statistical)
Accuracy 0.98 0.95
Precision 0.99 0.94
Recall 0.98 0.97
F1 Score 0.99 0.95
AUC 1.00 0.97
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Fig. 3. ROC-AUC curves at of ensemble model

4.4 Performance comparison

Several studies on the statistical dataset demonstrate how ML classifiers
significantly impact the accuracy of heart disease detection. One study, for example,
used SGD, LR, SVM, NB, and ensemble approaches to obtain 93% accuracy, while
another used RF, LR, and SVM to get 92%. While the CART approach obtained 87%,
a combination of NN, MLPNN, AB, SVM, LR, ANN, and RF produced 93.9%. The com-
bination of RF, KNN, LR, NB, GB, AB, and a Soft Voting Ensemble yielded the greatest
accuracy, 95%. Using classifiers such as KNN, SVC, DT, RF, and a soft ensemble, the
suggested model demonstrated 98% accuracy in tests conducted on the Indian and
Cleveland datasets. It is shown in Figure 4.

100.0

98.00%

97.5
95.00%

95.0 1 93.90%
93.00%

92.00%

92.5

90.0

87.91%
87.00%

87.5

85.0

Maximum Accuracy Achieved (%)

82.5 1

23] [24] [25] [26] [271 [28] Proposed
Paper

Fig. 4. Performance comparison with previous works

5 CONCLUSION

This work presents a successful ML, method for heart disease diagnosis. The
models were optimized with the grid search CV hyperparameter optimization tech-
nique and cross-validated 10 times on TWO distinct datasets (statistical and CT scan
image dataset) in order to achieve optimal accuracy. Based on measures including
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accuracy, precision, recall, and F1-score, ten ML classifiers were evaluated and
contrasted. The results showed that on the CT scan image dataset, the AB classifier
had the highest accuracy rate at 100%, while on the statistical dataset, GB had the
best performance at 96%. Using random or generated data to evaluate the model has
increased its accuracy. Notably, accuracies were further increased to 98% and 95%
on the corresponding datasets by applying the soft voting ensemble classifier to all
10 models. The ML model must be included into useful apps in order to enable real-
time cardiac disease prediction. Web applications, mobile apps, or other software
systems can be used to achieve this. The model could be used to determine a patient’s
risk of heart disease by being used in real-world settings like clinics or hospitals.
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