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Abstract

Information about medical research has verified that the most common cause of death and health loss nationwide
is heart disease, which affects the heart and blood vessels. The number of premature deaths could be reduced by
early detection of certain illnesses. Machine learning and data mining continue to be leveraged in identifying
diseases based on an individual's distinct traits. The complexity of understanding the datasets' goals, the presence
of too many variables to examine, and the lack of performance accuracy have, nevertheless, frequently posed
difficulties for these approaches. This study presents a machine learning (ML) based approach for cardiovascular
disease (CVD) prediction using integrated datasets (Cleveland and Statlog) to enhance model robustness. The
proposed work addresses key challenges such as class imbalance and outlier influence, which often degrade
predictive accuracy in clinical data analysis. Data preprocessing techniques, including balancing methods and
outlier removal, were applied to ensure a reliable dataset. Three supervised ML classifiers, Random Forest (RF),
Gradient Boosting (GB), and Support Vector Machine (SVM), were trained and evaluated using five-fold cross-
validation and RandomizedSearchCV for hyperparameter optimisation. Performance was measured employing
Fl-score metrics, recall, accuracy, and precision. Among the models, RF demonstrated the highest predictive
accuracy of 98.2%, followed by GB at 97.6%, indicating the effectiveness of ensemble methods in heart disease
prediction. The findings highlight machine learning’s potential for clinical decision assistance and risk assessment
in cardiovascular health.

Keywords: Heart Disease, Machine Learning, Hyperparameter Optimisation, UCI Heart Disease
dataset, Prediction.

1. Introduction

Heart ailments rank among the most challenging conditions to treat because they occur when the heart's
arteries cannot adequately pump oxygen-rich blood to other areas of the body. Heart disease affects
millions of people every year and places an enormous strain on healthcare systems. 17.5 million deaths
nationwide are tied to heart disease and stroke each year, according to research by the World Health
Organisation[1]The diagnosis of heart disease is often made following a physical examination and
observation of symptoms. Cardiovascular disease risk elements comprise smoking, ageing, genetic
history, blood pressure rise, obesity, diabetes, stress, high cholesterol, and inactivity.[2]Thus, early
management and precise assessment of heart disease risk have become especially crucial[3].

These days, the healthcare sector depends heavily on Artificial Intelligence (Al), Deep Learning (DL),
and Machine Learning (ML) [4]. Large volumes of patient data have become available in recent years,
enabling automated diagnosis of heart disease by predicting each patient's risk of developing the chronic
illness using statistical methods. ML has a notable influence as a perceptive method for improving
prognostic outcomes across several fields, particularly those related to heart disease risk [5][6]. Al and
domain expertise are utilised to create a Decision Support System based on healthcare data[7]. Due to
the intricate nature of the procedure, incorrect diagnosis or postponements in medical care could lead
to increased rates of mortality and health decline. Therefore, the development of an efficient, automated,
and intelligent model for predicting heart-related diseases is greatly needed [8]. Numerous research
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studies forecasted CVD leveraging medical datasets and Machine Learning (ML) methods.
Nevertheless, class imbalance, outliers and high dimensionality in clinical datasets pose significant
challenges. Therefore, not addressing these issues while using machine learning lowers the approaches'
accuracy and efficiency.
The primary accomplishment of the paper is laid out as follows:
e A precise approach to forecasting coronary disease has been developed by integrating Isolation
Forest, SMOTE, and machine learning algorithms.
Isolation Forest removes outliers, and the SMOTE oversampling method balances the data.
e Experimentation is done on the combined dataset, Cleveland and Statlog.
To validate the accuracy of the suggested model for diagnosing cardiac disease by comparing
it with conventional models using several performance metrics
The document's remaining sections are organised in the following order: Section 2 highlights the
literature study on the prediction of heart disease. A thorough explanation of the suggested approach,
dataset description, and classification approaches, as well as materials and methods, is included in
Section 3. The experimental results and discussion are covered in Section 4. The conclusion and future
scope are covered in Section 5.

2. Literature Review

Heart disease, another name for cardiovascular disease, is one of the deadliest conditions that
significantly raises death rates globally. However, for all doctors and researchers in the cardiovascular
field, predicting such diseases has emerged as the most pressing concern. Owing to the capabilities of
Al approaches, various studies have recently sought to enhance methods that use machine learning to
predict heart failure and cardiovascular disorders.

Authors in the paper[9] trained different machine learning classifiers on the best characteristics of the
Cleveland dataset, and produced an intelligent predictive model for the early identification of heart
disease. Four feature selection techniques were used to select relevant features. Using the Extra Tree
classification, 94.41% accuracy was attained. To deal with the outliers, the authors in the paper[10]
have used density-based spatial clustering of applications with noise (DBSCAN) and developed a
prediction model based on XGBoost.[11] First, standardized the properties of the heart-based dataset
for better results. They then used the GridSearchCV approach to hyperparameter-tune machine learning
classifiers. Following an evaluation of the classifier models' performance, they came to the conclusion
that standardization and hyperparameter tweaking increased prediction accuracy. A 96.72% accuracy
rate was attained with an SVM classifier. Using the Random Forest technique and exploratory data
analysis of dataset attributes, in the paper[12] created an application for heart disease identification. An
83% accuracy rate in the training set was achieved by evaluating the significance of the cardiac dataset
features using a correlation matrix. In the paper[13] The authors use AdaSyn, Particle Swarm
Optimisation (PSO), and Machine Learning to develop a hybrid model for disease prediction. The
recommended model outperformed with a 91.16% F1 score, 90.9% specificity, 92.8% sensitivity, 90%
precision, 91.8% accuracy, and 92% area under the receiver operating characteristic curve (AUC).

In the paper[14],a new ensemble learning-based voting method was proposed using six machine
learning techniques, and it was discovered that the ensemble technique outperformed all individual
techniques and achieved 83%average accuracy. Similarly, in the paper [15] Researchers developed a
model employing correlation feature selection and particle PSO, achieving 85.71% accuracy. Class
imbalance is a problem that degrades the performance, so to deal with it, in the paper[16] The authors
used the three balancing techniques and trained, tested, and assessed several classifiers, primarily
focusing on optimising sensitivity for CVD risk prediction, yielding recall rates of 88% with CatBoost
and SMOTE-ENN.

Since most published work focuses on the UCI online repository dataset, which is comparatively small,
the authors in [17] create a hybrid dataset by merging datasets from Switzerland, Hungary, Long Beach,
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and Cleveland. The CatBoost ML classifier achieves the greatest accuracy of 94.34%. Similarly, in the
paper [18], the authors combined two private heart disease datasets and applied various feature selection
techniques to ten ML models. XGBoost classifiers achieved 97.5% accuracy.

3. Materials and Methodology

This section presents a methodical approach pursued by dataset description, data preparation,

hyperparameter optimisation, ML classification, and performance analysis.

3.1. Proposed Methodology

The authors of this study propose an integrated approach for predicting heart disease. Data
collection is the initial step in which the Cleveland and Statlog heart datasets are combined to obtain
more observations for the experimental study. Next, the pre-processing stage involves cleaning the
data, checking for missing values, removing outliers, normalising using a Min-max scaler, and
balancing using SMOTE. We then trained three distinct machine learning algorithms: Random
Forest, Adaboost, and Gradient Boosting and performed a hyperparameter tuning approach to
maximise our model. Lastly, by computing the various performance metrics, the efficacy of models
has been evaluated. Figurel. shows our methodology's complete workflow diagram.
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Figure 1: Complete methodology workflow

3.2. Dataset Collection

The suggested method creates 573 observations by combining two datasets from the UCI machine-
learning library: Cleveland[19], having 303 observations, and Statlog[20] 270 observations total,
of which 314 have no disease and 259 have disease. Tablel. Shows features of the combined
dataset.

Tablel. Combined heart disease dataset features

Index No Features Characteristics

Age Patients age {29-77}
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sex Gender of Patient{1- Male, 2-
Female}

Cp chest pain  characteristics
(typical angina-1, 2- atypical
angina, 3- non-angina pain, 4-

asymptomatic

trestbps Blood pressure resting{94 to
200} measured in mm/ Hg

chol Cholesterol serum{126 to 564}
measured in mg dl

fbs Blood sugar during fast> 120
mg/dl

restecg Electrograph at resting
0:Normal, 1:Abnormal,
2:Hypertrophy

thalach Max heart rate{71 to 202}

exang Induced angina by
exercise{1:yes,0:no}

10 oldpeakslope Exercise-induced ST depression

in comparison to rest{Upslope:
1, Flat: 2, downslope:3}

11 slope The peak workout ST segment's
slope{0-6.2}
12 ca Number of fluoroscopy-colored

main vessels (0-3)

13 Thal The condition of the heart {3:
normal, 6: fixed defect, 7:
reversible defect}.

14 target 1:Disease, 0:no disease

3.3. Data preprocessing

Data preprocessing is the process of converting data into a precise, comprehensible format to
improve the accuracy and effectiveness of models. Medical data often contains unnecessary
information, is imprecise, lacks attribute values, and is incomplete [21].The Cleveland dataset,
however, had six missing data two for the heart rate (Thal) attribute and four for the number of
major vessels (Ca) attribute, even though both characteristics had fewer than 5% missing values,
whereas the Statlog dataset doesn’t have missing values.

3.3.1 Missing value imputation by Multivariate imputation by chained equations algorithm (MICE).
This method was used to impute missing values in the Cleveland dataset. Imputation is carried out
repeatedly by this algorithm. It is assumed that data is absent at random. This approach makes use
of a regression model to forecast the value of the missing feature based on the dataset's remaining
attributes[22].

3.3.2 Outlier removal by Interquartile Range (IOR). A number that deviates by a factor of three or
more from the mean is called an outlier[23]. Before employing a model for prediction, identifying,
removing, and eliminating outliers can significantly reduce errors and increase accuracy. Finding a
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continuously distributed outlier in a dataset is made easier by the IQR approach. The data points
are said to be farther apart the higher the IQR, and closer to the mean the lower the IQR. The first
or lower quantile QI is subtracted from the third or upper quantile Q3 to find QR. In addition to
taking the 50% middle point, IQR = Q3-Q1[24].After outlier removal, 408 samples are left in the
dataset.

3.3.3 Data normalisation. After removing the outliers, the min-max was used to normalise the data.
3.3.4(SMOTE) Synthetic Minority Oversampling Technique It is an oversampling method that
addresses an imbalanced class in a dataset. Using the Euclidean distance from its closest neighbor,
SMOTE generates duplicate value of the minority class at random[25] Following the removal of
outliers, 237 values were left in the majority class (disease, target=1) and 171 values in the minority
class (no disease, target=0), total of 408 samples. In this case, duplicate samples were created for
the minority class to bring its count to 237, matching the majority class's count. This resulted in a
balanced dataset with 237 data for both classes, a total of 474 samples

3.4. ML Classifiers

3.4.1 Random Forest(RF) is a set of tree predictors that, during training, creates multiple decision
trees and selects the class by voting on each tree separately. The technique randomly selects
attribute locations and creates a decision tree; however, it is conceptually related to decision tree
algorithms[26]. Its primary benefit is that it can increase forecast accuracy without raising
processing costs.

3.4.2 Adaboost makes use of the boosting notion, an ensemble strategy meant to improve weak
learners' performance. Using the real data set,it first trains the classifier. Following that, the
classifier is trained in several iterations, every attempts correct the mistake of the preceding
iteration. Decision tree was used as the default classifier for boosting[27].

3.4.3 Gradient Boosting (GB) Using a serial method, this technique creates an ensemble of trees by
training a weak model-—one with few splits, for example—and then gradually enhancing its
performance by continuing to produce additional trees. Repairing the prior prediction error is the
responsibility of each new tree.

3.5. Hyperparameter Optimization

Hyperparameters are crucial, even though they directly affect model performance and the outcomes
of training machine learning algorithms[28]. In this work, randomisedsearchcv() is used.
RandomisedSearchCV is more efficient than GridSearchCV when processing power or time is
limited, as it optimizes hyperparameters by sampling from predefined distributions instead of trying
every conceivable combination[29]. The K-fold cross-validation procedure with K = 5 was used to
certify the outcome. Using this procedure, 5 groups were formed by dividing the dataset. 4 groups
are used for model training, while one group for model testing to assess the model's performance.
These model-evaluation approaches are performed 5 times, using different training and test groups
each time.

4. Experimental Analysis

This section provides a brief overview of the environment, performance metrics, and classification

model results. The experimental setup was conducted on a computer running Windows 11th Core i5-
13420H with 16GB of RAM. Python programming language, with all basic libraries: sklearn,
matplotlib, pandas, numpy, and seaborn.

4.1 Performance Metrics
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Four metric parameters are presented in this work to assess the models' performance. The
performance matrices are represented by the following formulas.

tp +tn

Accuracy = (D
tp+tn+fp+fn
t

Precision = P 2)

tp+fp
Recall = —F 3)

ecart = tp+ fn

2 x precession * recall
F1 — score = . (4)
precession + recall

To assess the method's robustness, we first present the confusion matrix for the test data, where tn
denotes true negative, tp true positive, fn false negative, and fp false positive. A confusion matrix
evaluates the above-mentioned values[30].

4.2 Results and Discussion

This work employed ML techniques, namely RF, Adaboost, and GB, with hyperparameter
optimisation, outlier removal, and balancing techniques to predict cardiac disease. From the UCI
platform, the authors gathered the Cleveland and statlog datasets, combined them, and used them
in their work. 80: 20 ratio for the training parts and testing parts. To detect heart disease, several
medical characteristics from the dataset were utilized. Class 0 indicates that a person is disease-
free, whereas class 1 suggests that a person has an ailment. These criteria were used to perform
classification. F1 score, Accuracy, Precision, and Recall were used to evaluate the model's
performance. Before resampling the dataset, it's also important to determine the model's
effectiveness on the original, imbalanced test set (before SMOTE) to gain a more realistic
understanding of its impact on unseen, real-world data. The metrics for each model are shown on
the imbalanced dataset in Table 2.

Table 2. Model performance metrics for imbalanced datasets.

Model Accuracy Precesion Recall F1 score
Random Forest 97.2 99 94.5 96.7

GB 97 99 94 96
Adaboost 88 90 91 89

From Table 2, it is evident that Random Forest outperformed; however, GB performance is very
close to RF. Adaboost lags behind the above two models. Table 3, depicts the model's performance
after applying the balancing technique.

Table 3. Performance metrics of models on the balanced dataset.

Model Accuracy Precesion Recall F1 score
Random Forest 98.2 99.5 96.7 97.9
GB 97.6 99 95.7 97.4
Adaboost 89.3 87.9 91.4 89.4

From Table 3, it is drawn that balancing techniques improve the model's effectiveness. The model
on the balanced data showed slightly higher results in all metrics, especially recall and F1-score,
which might be preferable depending on the false negative cost in this medical context. Comparison
analysis of metrics in a bar graph is shown in Figure 2. Random Forest is the top performer with
the highest accuracy of 98.2. The confusion matrix of Random Forest is presented in the Figure. 3.
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Comparison of Model Performance Metrics
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Figure 2: Comparison of metrics
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Figure 3: Confusion matrix of Random Forest

5. Conclusions and Future Scope

In summary, our study on CVD prediction using mixed datasets and machine learning approaches has
yielded crucial findings with significant ramifications for researchers and healthcare professionals. Our
results highlight the inherent difficulties in handling imbalanced datasets and underscore the importance
of correctly identifying positive events, especially when their representation is constrained. The efficacy
of ML models in forecasting coronary disease has been enhanced by the implementation of balancing
techniques and outlier removal from the integrated (Cleveland + Statlog) heart dataset. The five-fold
cross-validation approach and the RandomizedSearchCV hyperparameter method have been employed
before model implementation to achieve optimal accuracy. Three Machine Learning classifiers were
developed and analyzed using F1-score metrics, recall, precision, and accuracy, and RF achieved the
highest accuracy of 98.2%, followed by GB 97.6 %.
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To demonstrate its potential for healthcare and medical diagnostics, the proposed work will be further
evaluated and investigated using a variety of medical datasets in the future. The authors plan to
experiment with different outlier identification and balancing strategies in their future work to further
improve system performance. Additionally, it is necessary to investigate other hyperparameter
optimization methods.
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