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Predictive Modelling Coronary Artery Diease and
Hypertension Using Machine Learning

Maitreya Govind Lavalekar
X23209976

Abstract

A Diseases related to the heart such as Hypertension (HT), and coronary artery
disease (CAD) are major global health hazards. The timely prediction can help in
performing preventive measures, thus providing a better patient outcome.Present
models. Current techniques, despite their progress in predictive modeling, are often
inapplicable for generalizing across complex and heterogeneous patient populations.
This limitation has reduced their accuracy and reliability in real-world clinical set-
tings, indicating that there is a need for more robust models that could address
these issues and provide better prediction performance. In this study, by over-
coming the data imbalance issue and utilizing ensemble methods with the data
balancing through CTGAN, developed machine learning models that can predict
the HT and CAD correctly with high accuracy. HT model generalized well over
datasets attaining a test accuracy of 97% with balanced precision and recall. Test
accuracy for the CAD model: 92% with a recall of 0.91 of CAD-positive cases,
meaning it is able to reliably classify patients at risk of CAD. The CAD model
shows minimal overfitting, with the training accuracy at 94%. The findings suggest
that balancing the data can improve the accuracy to levels that can be clinically
useful, and the ensemble model provides a reliable tool for accurate risk assessment
for healthcare providers in the early stages of patient care. Larger datasets and
advanced efforts over the model development on how to be more sturdy can be seen
in future works.

Keywords : Coronary Artery Disease (CAD), Hypertension (HT),
Synthetic data generation , Predictive Modelling, Machine Learning ,
Ensemble Method.

1 Introduction

In Cardiovascular diseases have become global risk factors for human health. If the
healthcare providers can identify these conditions earlier, they may be able to take pre-
ventive measures that will lead to an improved healthcare outcome or decreased complic-
ations Jaiswal et al. (2017) . Although predictive models have been trained well, current
models still struggle, particularly when working with imbalanced datasets, in which the
rising(high) risk cases are rare Singh et al. (2024),Perkonoja (2020). We intend to solve
these problems by developing a better predictive model that has both lower bias and
variance compared with the current models and investigates the use of advanced machine
learning techniques and data balancing with realistic synthetic data. A reliable predic-
tion model for HT and CAD could have a great public health impact. Present models
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often have low generalizability to more heterogeneous patient populations and have sub-
optimal predictive accuracies in the clinical settings Garćıa-Vicente et al. (2022),Wang
et al. (2024). This study aims at ameliorating model prediction by addressing data imbal-
ance and model ensemble techniques. If such models are implemented successfully, it can
serve as a decision-support tool for healthcare providers to identify high-risk individuals
so that appropriate interventions can be implemented at a timely stage Acherjya et al.
(2023)

Research Question: How information regarding cardiovascular health can be be-
neficial for building integrated prediction models for Hypertension and coronary Artery
Disease Verification?

Sub-Research Questions: How the application of these prediction models in a
clinical setting can improve early identification and preventative treatment of hypertension
and CAD?

What important health indicators have the greatest impact on risk forecast for hy-
pertension and CAD?[Blood Pressure ,Cholestrol Level,Systolic Blood pressure ,Diastolic
Blood pressure ,Age, Family History , Diabetes ]

Research Objective:To address the above questions, this study first evaluates the
previous research on hyper-tension (HT) and coronary artery disease (CAD) prediction
models and then provides a comprehensive review of existing models, including the cur-
rent approaches and their limitations. A machine learning model will then be built on the
basis of this review, with ensemble methods and data balancing techniques, to improve
prediction performance. After the model will be applied focusing on proper data chal-
lenges in an environment where high risk cases are imbalanced. Third, it will assess the
performance of the model using the three key performance metrics (accuracy, precision,
and recall) to determine the reliability of the model across different clinical scenarios.

A novel model that integrates ensemble learning techniques with some optimization
needed, for instance, CTGAN to create a predictive model, is the primary contribution
of this research work. The model applies an integrated approach, meaning it can enhance
predictions by potentially reducing biases through higher versatility, which is advantage-
ous for reliable evaluation in various datasets, making the model a useful clinical tool to
identify and monitor patients at risk for HT and CAD Alqulaity and Yang (2023),Mroz
et al. (2024). There are several limitations in the present study. The dataset one uses
may not cover all population groups adequately, while the model presets the data quality
to be stable all the time. Testing of the model with larger, diverse datasets in various
healthcare contexts is recommended for future work, making this research a preliminary
result.

Structure of the Report: The report has been organised in a way which best ad-
dresses the question and objectives laid out in the introduction. Introduction describes
the purpose of the study, research problem and significance. Abstract: The Literat-
ure Review illustrates existing models of prediction for Hypertension (HT) and coron-
ary artery disease (CAD), as well as emphasizes the demand for the enhanced accuracy
and adjustment data balancing. The Methodology includes detailed information on the
applied research design, processing of the data, and feature engineering (feature extrac-
tion/selection) and machine learning (ML) methods (SMOTE, Regression, and KNN).
The effectiveness of the achieved model will be evident with metrics like accuracy and
precision through the results. The Discussion mainly interprets, brings forth key health
indicators and limitations of the study.

Finally, the Conclusion and Future Work captures the main findings and possible ways
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in which the study can be extended to improve the model and broaden the analysis. In
the next section, we discuss some of the related work and existing methods in predicting
modelling for coronary artery disease and hypertension.

2 Related Work

In this section, we will critically review the main literature on predicting modelling for
CVD focused on HT and CAD. This review discusses the evolution of predictive models
since the early days of statistical modelling to contemporary machine learning-based
approaches, showcasing a combination of foundational and recent studies. We synthesize
approaches as part of the Knowledge Discovery in Databases (KDD) process to tackle
ongoing issues of data imbalance and lack of generalizability of models in real-world
clinical practice. In this regard, this analysis main objectives is to identify gaps in extant
research and provide justification for the method used in this study, which combines
synthetic data generation with ensemble methods to improve prediction accuracy and
reliability in predicting HT and CAD risk..

2.1 An Overview of Cardiovascular Health Predictive Models

Choi et al. (2021)’s model had proven its ability for large-scale CVD prediction using data
from the UCI repository And achived 0.67% of accuracy in Logistic regression model . In a
similar fashion, Jeanson et al. observed that the accuracy of the model would be improved
by 20% achieving 0.87% accuracy with the same dataset and help of ensemble learning
methods such as bagging and boosting while applied in clinical environments. However,
these methods have somehow to be continuously adapted and adjusted for different real
datasets; however, researchers did not perform feature engineering and hyperparameter
tuning in there research if they did, the result might be more generalize Choi et al. (2021);
Jeanson et al. (2024).

2.2 Advanced Feature Selection Methods

In a different study, the authors implemented advanced feature selection techniques in
their work for prediction of HT and CAD Abdullahi et al. (2024). They obtained data
from live patient presenting to hospital in clinical settings. By reducing data dimension-
ality via certain algorithms, they made progress toward achieving an accuracy level as
high as 75%. Using their feature selection process, they improved interpretability and
achieved a gain of 12% in relation to baseline models. Petmezas et al. (2022) also applied
Kaggle electrocardiogram data and showed noise reduction so that feature selection en-
sured 18% accuracy gain. Although these models are very promising, they require a lot
of data preprocessing to perform well on different datasets but after hyperparameter tun-
ning there accuracy got decreased from 0.95% to 0.75% Abdullahi et al. (2024); Petmezas
et al. (2022).

2.3 Conventional Risk Analysis Models

Chowdhury et al. (2022) performed the conduct of regression and ML analysis on a set
of national clinical data using samples based on traditional. Using samples from Na-
tional Health Insurance Service, 75% accuracy for prediction of hypertension as outcome
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was achieved with regression models. But they discovered ML models (especially the
deep learning included ones) performed 20% more accurately than regression, climbing
to about 90%. Chang et al. (2019)also supported these results using UK Biobank data,
stating that the ML models had superior performance when predicting HT among large
cohorts of patients Chowdhury et al. (2022),Chang et al. (2019).But both authors didn’t
applied Statistical test ,l2 regularization for generalized model and co-relation-based fea-
ture selection .

2.4 Models in Coronary Artery Disease and Hypertension Pre-
diction

Park et al. (2023) developed Powerful algorithms a gradient-boosting machine that was
trained on real-time patient monitoring data features to predict hypoxemia with 78%
accuracy. where as researcher Chang et al. (2019) Random Forest was used to identify
the most important risk factors for rectal toxicity, with correct predictions of 88% on the
kaggle’s heart dieases dataset, again showing that these machine learning algorithms can
be translated into applicable clinical data. Yet all models demanded a lot of computing
resources and tuning Park et al. (2023),Chang et al. (2019)

2.5 HT and CAD Prediction by Ensemble Techniques

Singh et al. (2024) Alqulaity and Yang (2023) used ensemble learning methods like Ran-
dom Forest, SVM and Gradient Boosting to predict CAD and HT, obtaining an increase
of 16% in accuracy over single model predictions. They obtained a maximum accuracy
of 88% using their models trained of Kaggle ’s heart disease dataset. Even though the
ensemble models were found to be more robust, transferring their results across different
patient demographics continues to be a problem also most important gap in there study
was model validation if they worked on validation it might more clear about how there
model perform on training as well as in testing. Singh et al. (2024) Alqulaity and Yang
(2023)

2.6 Synthetic Data Generation for Solving Data Imbalance

One of those improvements is synthetic data generation used to mitigate data imbal-
ance. Garćıa-Vicente et al. Clinical Synthetic Data Generation Garćıa-Vicente et al.
(2022)leveraged KDD’s framework to utilized CTGAN method in cardiovascular data-
sets, resulting in better representation of minority classes. They improved model robust-
ness by creating synthetic samples for underrepresented high-risk cases, without losing
data quality . In the same way used CTGAN to create synthetic data on cardiovas-
cular data from the VLDB workshop and increased model accuracy for minority cases
by 20% and reached an overall accuracy of 84%. Perkonoja (2020) exercised the Priv
Bayes on health data from UCI with more balance in datasets and semi-limited pri-
vacy for cardiovascular-specific predictions; however, exercise was constrained. Although
these synthetic data methods are encouraging, they may need further testing to establish
clinical importance Garćıa-Vicente et al. (2022)Perkonoja (2020)
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2.7 Improvement in Data Processing Techniques

Wang et al. (2024)implemented KDDMethodology in there research and on a UK primary
care dataset they applied machine learning algorithms like traditional models and under
sampling methods like smote ; by following an orderly approach they achieved 82% ac-
curacy in predicting patient outcomes. Kumar et al. (2023). A 10% improvement in
model reliability on Big Data healthcare analytics was achieved by incorporating KDD
with ensemble approaches on different datasets, reinforcing that if data is handled sys-
tematically, consistent model performance will be obtained but both researcher did not
perform hyperparameter tunning as well as model validation Kumar et al. (2023),Wang
et al. (2024)

2.8 Development and Optimization for Model Framework

The prediction of cardiovascular disease was implemented using KDD framework for
model optimisation Tompra et al. (2024)to achieve 88% accuracy over the Z-Alizadeh
Sani dataset. The structured optimization-based learning and Advanced machine learn-
ing model like ANN conveyed them a high accuracy, yet they were not unable to do
hyperparameter tunning .Similarly, Fang et al. (2023) designed a deep learning-based
ensemble strategy together with traditional machine learning methods to surpass state-
of-the-art accuracy of UCI health datasets and they achieved 86% of highest accuracy
from ensemble model that combined knn and lightgbm .These frameworks are effective,
but they involve a trade-off between and the computational efficiency and prediction ac-
curacy and also some how they did not consider features like family history blood pressure
types. Tompra et al. (2024),Fang et al. (2023).

2.9 Model generalizability and clinical applicability problems

In a study of hypertension models from different clinical environments, Garćıa-Vicente
et al. (2022)reported that performance decreased by 15% and got 0.75% accuracy when
applied to patients in a new setting. More worryingly Cuevas-Chavez et al. (2023) and
Mroz et al. (2024) showed a reduced prediction accuracy of approximate 10% on datasets
coming from four regional healthcare centres in Europe, highlighting the difficulty to get
final models that perform well everywhere.Garćıa-Vicente et al. (2022) , Cuevas-Chavez
et al. (2023),Mroz et al. (2024)

2.10 Research Niche and Novelty

The novelty of this study is its integration of ensemble learning, synthetic data generation
using the CTGAN algorithm, and KDD framework in order to improve predictive accuracy
for HT and CAD.

Earlier, synthetic data techniques or ensemble learning were applied separately, but
very few studies incorporated these approaches within a more structured KDD process.
This integration is expected to make a combination of a more robust and flexible model to
cope with imbalanced real clinical data. Utilization of KDD facilitates a more systematic
handling, balancing and evaluation of data, addressing the current limitations in predict-
ive performance and generalizability of the models. Fang et al. (2023),Garćıa-Vicente
et al. (2022),Kumar et al. (2023),Wang et al. (2024). Below, Table 1 shows the summary
of related work.
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Author Dataset Name Technique Accuracy Research Gap
Choi et al. (2021) National Health Insurance

Service Database from Re-
public of Korea

Logistic Regression and Long
Short-Term Memory (LSTM)

LR: 0.679%
LSTM:-0.75%

Feature Engineering, hyper-
parameter tuning.

Jeanson et al. (2024) National Health Insurance
Service Database from Re-
public of Korea

Ensemble Method Ensemble
method:
0.894%

Feature Engineering, hyper-
parameter tuning.

Abdullahi et al.
(2024)

CVD Prediction UCI Re-
pository

Dimensionality Reduction +
Ensemble Technique

0.75% Did not perform Hyperpara-
meter tuning.

Petmezas et al.
(2022)

Samples from National
Health Insurance Service

Perform regression and deep
learning

Regression:
0.75%, Deep
Learning:
0.95%

Feature engineering for Hyper-
tension model.

Chowdhury et al.
(2022)

Z-Alizadeh Sani dataset Gradient Boosting and Ran-
dom Forest

Gradient
Boosting:
0.78%, Ran-
dom Forest:
0.83%

Did not perform Hyperpara-
meter tuning.

Chang et al. (2019) Kaggle’s heart disease
dataset

Random Forest, SVM, and
Gradient Boosting combined
with Ensemble Technique

0.88% Feature selection-based model
training.

Alqulaity and Yang
(2023)

Kaggle’s heart disease
dataset

GANs and Ensemble Tech-
nique

0.88% Model Validation (Cross Valid-
ation).

Park et al. (2023) Z-Alizadeh Sani dataset Random Forest 0.78% High computational resources,
hyperparameter tuning.

Singh et al. (2024) Kaggle’s heart disease
dataset

Ensemble Technique 0.88% Model validation (Cross Valid-
ation).

Garćıa-Vicente et al.
(2022)

Cardiovascular data from
the VLDB workshop

CTGAN for synthetic data
generation and deep learning

0.84% Hyperparameter tuning, Stat-
istical Analysis, generated
fewer synthetic data.

Perkonoja (2020) UK Bio Bank Data Deep Learning models 0.90% Did not perform Statistical test
on Categorical features.

Wang et al. (2024) UK primary care dataset GANs, Traditional ML Models 0.82% Generated fewer synthetic
data.

Kumar et al. (2023) Big Data healthcare ana-
lytics

GANs and Ensemble approach 0.92% Model Validation, Hyperpara-
meter Tuning.

Tompra et al. (2024) Z-Alizadeh Sani dataset Advanced Sampling method
(SMOTE), ANN

0.88% Hyperparameter Tuning.

Fang et al. (2023) UCI health datasets Ensemble method (LightGBM
+ KNN)

0.86% Didn’t consider features like
family history and Blood pres-
sure type.

Cuevas-Chavez et al.
(2023)

Dataset from 4 regions in
Europe

Deep learning 0.90% Difficult to make real-time pre-
diction.

Mroz et al. (2024) Dataset from 4 regions in
Europe

XGBoost 0.80% Difficult to make real-time pre-
diction.

Table 1: Literature Summary

3 Methodology

The present study systematically develops and evaluates predictive models that include
two major cardiovascular diseases namely, Hypertention (HT) and coronary artery disease
(CAD), through the methodology of knowledge discovery in databases. KDD process,
from data selection to preprocessing, transformation, mining and evaluation together
ensure the methodical rigor and should allow a straight-forward re-production of results
(Figure 1). Breaking them down as three distinct steps leads to granular operation
with great generalization performance on heterogeneous and imbalanced datasets while
facilitating model interpretability. Consistent with KDD framework, this study offers
a reproducible roadmap for researchers to validate its findings and use it as stepping
stone for future works that ultimately lead to reliable and clinically useful models for HT
and CAD predictionAbdullahi et al. (2024)Tompra et al. (2024). In next section we will
discuss phases of KDD Methodology.
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Figure 1: KDD Methodology

3.1 Data Selection

In this section we did data selection from kaggles .In next sub-section we discuss how
data was colleted and what features are in datasets.

3.1.1 Raw Data Collection

Primary dataset was collected from Kaggle’s Heart Attack Risk Prediction Dataset. It
includes 8764 rows, and it includes 26 features like Patient ID, Age, Sex, Cholesterol,
Blood Pressure, Heart Rate, Diabetes, Family History, Smoking, Obesity, Alcohol Con-
sumption, Exercise Hours Per Week, Diet, Previous Heart Problems, Medication Use,
Stress Level, Sedentary Hours Per Day, Income, BMI, Triglycerides, Physical Activity
Days Per Week, Sleep Hours Per Day, Country, Continent, Hemisphere, Heart Attack
Risk. Synthetic and real-world datasets were used in this study to reflect as completely
a picture of HT and CAD indicators as possible. To deal with the problem of data
imbalance, synthetic data was generated using state-of-the-art Generative Adversarial
Networks (GANs) specifically CTGAN Arora and Arora (2023). Furthermore, synthetic
data enhances privacy without loss of utility.Garćıa-Vicente et al. (2022)In next section
we will discuss about Data Preprocessing .

1

3.2 Data Preprocessing

The following steps illustrates important processes in the data preprocessing stage such
as null value treatment, normalization, encoding categorical features and outlier removal
Each step is required, for preparation of data for further analysis, and it will lead to im-

1https://www.kaggle.com/datasets/iamsouravbanerjee/heart-attack-prediction-dataset

7

https://www.kaggle.com/datasets/iamsouravbanerjee/heart-attack-prediction-dataset


proving model performance and also most important getting meaningful results effective
for machine learning Petmezas et al. (2022).

3.2.1 Handling Missing Value

After analysing the dataset where used. isnull (). sum () methods for finding a missing
values. Method. isnull () identifies Nan or None values in the dataset and returns a same
shape data frames or list of series and. sum () method written a true value. In taken
dataset we did not came across missing values. In (Figure 2) we can see that there were
no missing values found in the dataset. Mroz et al. (2024)

Figure 2: Missing Value

3.2.2 Checking Outlier

Finding an outlies is important step to identify unusual datapoints that will effect on
machine learning models accuracy, and it may indicate data quality issue. Handling these
outliers in data will improve overall accuracy as well as robustness of machine learning
model and give us meaningful insights. For this study we applied boxplot as well as
z-score method for finding outliers from data, and we did not find outliers from data it
indicates that data is consistent and free from extreme values (Figure 3). Researcher
Mahmood et al. (2024) state that Using Z-score method for finding outliers from data
is important because z-score method indicates the number of standard deviations a data
point is from the mean of a dataset. Analyzing z-scores is often used to detect outliers,
standardize data, or compare scores across different distributions.Mahmood et al. (2024)

Figure 3: Checking Outliers
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3.2.3 Removing Irrelevant Features

In this study we removed irrelevant columns patientid, Country, Continent, Hemisphere
based on co-relation matrix method. (Figure 4)Because we could not find any relation
with other features that contribute to study.Wang et al. (2024)

Figure 4: Removing Irrelevant Features

3.2.4 Encoding Categorical Features

In this study we did encode Sex columns in binary if sex is male then we allocated value 1
and 0 for Female. it also uses one-hot encoding to transform Country into binary columns
but drops one category to avoid duplication and we can say to avoid multicollinearity.Choi
et al. (2021)

3.2.5 Synthetic Data Generation

In this Study we generated synthetic data using CTGAN library .Researcher Alqulaity
and Yang 2023 suggested that using Generative Adversal Network for handling data
imbalance and testing robustness of model will be useful in Particularly in healthcare
domain Alqulaity and Yang (2023).

3.2.6 Normalization

For a normalization we are using robust scalar method this method measures the median
and IQR i.e. Inter Quartile Range to normalize the data, therefore it is robust to very
extreme outliers. This is useful when your data contains outliers. This step we did after
feature engineering that’s why two columns that shows follwoing figure Blood pressure
and Blood pressure status showing missing values. Researcher Morgan et al. (2023) state
that if the new features provide the necessary and valid information for analysis or for
machine learning model this approach is perfectly valid and improves data quality by
avoiding redundancy or outdated features in datasets. Morgan et al. (2023) Figure 3.2.6
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Figure 5: Normalization

3.3 Exploratory Data Analysis

Exploratory Data Analysis (EDA) is the key first step in this work, enabling a full un-
derstanding of the dataset as well as informing later modelling directions. The EDA step
consists of understanding how variables are distributed, locating missing values, deal-
ing with outliers and analysing correlations. EDA ensures that noise is minimized, and
predictive insights are more reliable in the later stages by preparing and optimizing for
model training with underlying data characteristics revealed Gupta et al. (2022),Mroz
et al. (2024). Below are some Visualizations that we are going to look at.

3.3.1 Visualizations

According to researcher pramanik Visualization becomes an integral part of Exploratory
Data Analysis (EDA) as it helps to reveal the patterns, trends or anomalies that are not
obvious by reading numercal summaries alone.Pramanik et al. (2023) Below are Some
visualizations that are help to understand data.

Average Cholesterol By Age The below line graph (Figure 6) depicts the changes
in cholesterol levels of individuals with hypertension and without hypertension. The red
color shows the individual with hypertension and blue color shows individuals without
hypertension. This graph also describes the relationship between two features, i.e. high
cholesterol and high blood pressure, among individuals with different ages.
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Figure 6: Average Cholestrol By Age

Cholesterol vs Systolic Blood Pressure Below (Figure 7) shows the Scatter plot
between cholesterol and systolic blood pressure We have plotted cholesterol and systolic
BP readings for each person (each dot) and fitted a linear trend line since we just want
to see how things behave you can see that there is a slight upward direction – where also
please note the very low correlation coefficient between higher cholesterol and systolic
BP.

Figure 7: Cholestrol vs Systolic Blood Pressure

Original Data Vs Synthetic Data The following (Figure 8)highlights that the pat-
terns are very similar between most variables in terms of the key features, where both
datasets have a density close to 1 and shows how this would look with respect to original
dataset (green) and synthetic (blue). Visualising both the datasets side-by-side gives one
an idea of how well the synthetic data mimics statistical properties of real dataset, al-
lowing a complete summary of synthetic data quality. For continuous features, like ’Age’
and ’BMI’, as well as categorical ones, such as ’Smoking’ and ’Diabetes’, the synthetic
data has distributions that closely follow those of the original data. This shows that the
generator learns to approximate the trends and properties of the real data. Non-negligible
differences are noticed in some features like ’Income’ and ’Stress Level’ which are either
overwhelmed or understated within specific ranges of the original data by the point cloud
of synthetic ones. Even these variations provide a more accurate fit but perhaps not
entirely to the tails or details of the data distribution. The fidelity of the synthetic data
to the original dataset indicates that it is suitable for training predictive models in this
study. This guarantees that the synthetic dataset can be a valid replacement for real
data when we have issues with privacy or small data availability.
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Figure 8: Original Vs. Synthetic Data

3.3.2 Statistical Test

Statistical tests are essential to exclude non-informative predictors of hypertension and
CAD from the model, which may invalidate the final risk predictions as significant associ-
ation is not proven between variables. Such variable had the clear statistically significant
p-value good for making prediction tactics for instances like cholesterol, diastolic BP,
diabetes and family history. This technique improves prediction accuracy and stability,
according to research by Abdullahi (2024) as they emphasized that good feature select
passing the predictive power of an excellent predictor.Abdullahi et al. (2024) Below (Fig-
ure 9) shows the Statistical tests for coronary artery disease which include two tests first
one is ANOVA which we applied for Continues features and other is chi-squared test
that applied for categorical features. In our statistical tests, CAD continuous variables of
cholesterol and diastolic blood pressure are significant, and among categorical variables
therefore from the category of datasets diabetes and family history also show significant
associations. It may imply that these factors have, in fact, some importance regarding
CAD risk or its presence. where we can see a relationship for continuous features like
Cholesterol p = 0.00000 and Diastolic Blood Pressure (BP) p = 0.04568 have a meaning
full relationship with CAD also Categorical features like Diabetes p = 0.00000 Family
History p = 0.00000 have meaningful relationship with CAD which show how important
this feature is. Below (Figure 9)Shows the statistical tests for hypertension which in-
clude two tests Anova and Chi -square tests. ANOVA applied for continues feature and
Chi-square test applied for categorical features. Statistical tests for Hypertension (HT)
show that continuous variables systolic and diastolic blood pressure are both significant,
corroborating the close link between HT and the continuous versions of these parameters.
The variable ”Blood Pressure Status”is highly regular P < 0.001, major it to be strongly
associated in categorical analysis of HT. However this test since other parameters like
cholesterol and diabetes are not linked to hypertension. In next section we will analyse
the how data preprocessing helped for further analysis for coronary artery disease and
Hypertension.
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Figure 9: Statistical Test Coronary Artery Diease And Hypertension

3.4 Data Transformation

In this sections we will see data transformation according to researcher Jeanson et al.
(2024) Data Transformation is nothing but transformation of original data into format
that well suitable for analysis or modelling .

3.4.1 Feature Selection

In this study we used method(Figure 10)co- relation-based feature selection for improving
stability of model and we can avoid multicollinearity by performing corelation based
feature selection. Based on co relation matrix we selected features like, Systolic Blood
Pressure, Diastolic Blood Pressure, Cholesterol, Family history, Diabetes, Blood pressure
status and so forth.
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Figure 10: Statistical Test Coronary Artery Diease And Hypertension

3.4.2 Feature Engineering

In this study we splitted columns “Blood pressure” into systolic BP and Diastolic BP The
systolic blood pressure measures the pressure in arteries when heart is pumping blood
out to the body according to doctors normal systolic blood pressure is about less than
120mmHg(millimetresofmercury) and higher is 140mmHg(millimetresofmercury) or
higher values than 140.However according to medical experts measures Diastolic Blood
pressure measures the pressure in arteries when the heart is relaxed between the beats the
normal range is for diastolic blood pressure is less than 80millimetremercury(mmHg)
and 90mmHg or higher values is higher range for diastolic blood pressure according to
new feature we add new feature “HT” which will be our Target variable for predicting
Hypertension this feature takes both i.e. systolic blood pressure and diastolic blood
pressure if both values is higher we allocate 1 and if the blood pressure is normal then we
allocated 0 . Then we add another features “CD” for predicting coronary artery disease
based on Family history and cholesterol level for “CD” features we checked in feature
cholesterol level if it is equal to 240 milligramsperdecimetre(mg/dL) or greater than
240mg/dL if its greater we allocate binary value 1 and if it is less than 240 then we
allocate 0 values.Stevens et al. (2024)

3.5 Data Mining

According to researcher Polikar (2006)Data mining is the analysis of massive data sets
in order to extract patterns, trends and useful information from them. This project is
Exploration of the data using different Machine learning, and Predictive modelling. Some
of the algorithms selected are K-Nearest Neighbours (KNN), Support Vector Machines
(SVM), Logistic Regression, Balanced Random Forest and Gradient Boosting Kumar
et al. (2024) .We chose these methods because they have high accuracy with different
types of data and enable us to improve our predictions and to capture nonlinear and
linear relationship and complex patterns in data.Yadav et al. (2024) Furthermore, we
are combining strength of each model, and it reduced each other individual model weak-
ness. Researcher Polikar (2006) states that logistic regression struggled with nonlinear
relationship which can limit its performance when we data complexity increases whereas
Balanced Random search and gradient Boost can easily handle nonlinear relationship for
identifying highly effective patterns in data we are using KNN and SVM and we also
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utilized ensemble techniques to join these models and increase their accuracy. Polikar
(2006), Yadav et al. (2024),Kumar et al. (2024)In next section we will discuss algorithms
or technique in detailed.

4 Design Specification

he following figure describe the model architecture (Figure 4) It trains an ensemble model
on synthetic data for prediction complements the proposed architecture. The process
starts with the creation of synthetic data, which acts a proxy for real-world data where
it is not practical to obtain or use real-world data often because it is too sensitiveGarćıa-
Vicente et al. (2022). For base classifiers, we use 4 machine learning models: K-nearest
Neighbours (KNN), Logistic Regression, Gradient Boosting and Support Vector Machines
(SVM). And we used Balanced Random Search on top of each model so that the best hy-
perparameters are achieved on performance. A soft voting classifier combines these base
models, where each model’s output (predicting the class) is weighted based on its prob-
abilities and the class with the highest overall probability is chosen Kumar et al. (2023).
As a result, it composes an ensemble model that combines the powers of each single
classifiers and produces more precise and robust predictions. The Ensemble architecture
uses different models to learn separate patterns from the data and utilizes the strength of
each model to minimize errors and enhance generalization and robustnessAbdullahi et al.
(2024). This design ensures that even synthetic data-based training will yield a scalable
and effective predictive model.

Figure 11: Ensemble Model Architecture

We will discuss the implementation details of our approach in the following section.
It will cover a detailed description of the approaches, models and frameworks used in con-
structing the system providing an outline of each step performed to train/evaluate/optimize
the ensemble model. The emphasis is going to be on showing how the theoretical concepts
previously discussed were made practical.
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P (y = c) = w1PLR(y = c)+w2PKNN(y = c)+w3PSVM(y = c)+w4PGB(y = c)+w5PBRS(y = c)
(1)

Where: PLR(y = c) : Probability predicted by Logistic Regression. PKNN(y =
c) : Probability predicted by KNN. PSVM(y = c) : Probability predicted by SVM
PGB(y = c) : Probability predicted by Gradient Boosting. PBRS(y = c)PRFC(y =
c) :Probability predicted by Balanced Random Search W1,W2,W3,W4,W5 weights for
each model (default is equal, i.e., w=1N w= N1). For better understanding, we took
weight, i.e., w, which go along with each model with w1,w2,w3,w4 and so on .According
to Dietterich (2000)When we set the weights to 1 (meaning they all contribute equally
to the ensemble prediction), i.e default weights it prevents any one model from over-
powering the others. This is especially helpful as a baseline in the situations we have no
idea which model performs better or contributes more to the prediction. Also,Researcher
Zhou (2012) states that equal weights would not bias the ensemble towards a particular
model, which would be a major concern for healthcare studies because these studies try
to aggregate the perspectives of different algorithms like logistic regression, KNN, SVM,
etc. Moreover study Conducted by Polikar (2006),states that it allows for simplified en-
semble design furthermore researcher Kumar et al. (2023) says weighted ensemble models
can outperform baseline methods of testing based on various weights, but starting with
equal weights allows us to evaluate the win ratio of the combined model overall without
complicating matters of weight tuning. For example, research has shown that mixing al-
gorithms in equal weights does well compared to each individual one since each algorithm
has its strengthes and weaknesses Zhou (2012).

Let’s take an example Assume Logistic Regression says 60% chance, KNN says 70%,
SVM says 50% and Gradient Boosting says 80% for “Hypertension” — the mean will be
65%. Because 65% is greater than that probability for ”No Hypertension”,the ”No Hypet-
ension ”Probability is based on 1-Probability of hypertension so the Logistic regression
says 40% chance ,knn says 30% chance and svm says 50% chance and gredient boosting
says 20% chance after calculating the probababilty for ”No Hypertension” is 35% .So the
65% is greter than ”No-Hypertesnion” the model state the case is “Hypertension”. Same
goes for” coronary artery disease “prediction model.

2

5 Implementation

In this section, in order to achieve a good result we used Python Programming language
with version 3.11.7, and for creating a web framework, we used Flask, a lightweight
WSGI web framework with Hypertext Markup Language (HTML), CSS and JavaScript.
In the following image (Figure 5) shows the implementation architecture that describe
how each section works practically. Starting off with Input Data, we make use of real-
world or synthetic datasets as a basis for model training and evaluation. The data will
pass through Data Preprocessing in which it identifies cleaning, normalization, categorical
encoding and missing value handling, to produce a standardized form of the data that is
compatible with ML models. After this, Synthetic Data Generation using advanced meth-
odologies (e.g. GANs) increases the number of samples in the dataset, balances classes

2https://scikit-learn.org/1.5/modules/generated/sklearn.ensemble.VotingClassifier.html
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distributions and reduces restrictions from low data volume or protection from patient
privacy by generating only sensitive data synthesizing new ones. All this is provided to
a package of Machine Learning Algorithms comprising Logistic Regression, K-Nearest
Neighbour (KNN), Support Vector Machines (SVM) and Gradient Boosting. Each of
these base models operates independently, from the training to hyperparameter optimiz-
ation using Balanced Random Search to aim for best performance. Trained model results
are aggregated through an Ensemble Method. This ensemble uses a Soft Voting Classifier
that takes the result of each base model and averages the probability to reach the final
prediction. We also applied methods including but not limited to L2 Regularization to
reduce the chance of an overfitting producing and 5-Fold Cross-Validation is conducted
to confirm that the ensemble model generalizes well on unseen data. Through Train vs.
Test Accuracy, we evaluate the performance of a model, which can help find overfitting or
underfitting as issues. Final Model is serialized (e.g., joblib file) to deploy the optimized
model. These model gets hosted onto a Web Framework built on Flask to make real time
predictions and interactions with the user. Login Page help the web app requires users
to log in before being able to use it. The Welcome page allows users to navigate through
the application. The Result Page Displays predictions. Backend MySQL Database It
supports the backend of the application, saving user inputted data, results from pre-
dictions and other data across the application. This framework encompasses the entire
workflow, from preprocessing data to deploying a model and is a comprehensive solution
for creating simple but scalable predictions in one place.

Figure 12: Implementation

5.1 Practical Implementation and User Interface

In Medical or in an clinical environment, web application can solve many problems and its
worthy to used in daily life according to the researcher Menon et al. (2022) web application
was built to prove the usefulness of the ensemble models developed. The interface ensures
seamless interaction where users can input patient data, retrieve predictions, and visualize
the results. Bridging the gap between theoretical modeling and real-world clinical utility,
the application is designed to be both accessible and scalable. Here are the main parts
of the interface:
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Login Page A login page is important as it is a gateway page, where every user would
enter to access your application securely. Authentication – among the most essential
security measures used in systems, users need to sign in with valid credentials. This page
was created in a way to ensure data privacy and that only an authorized entity can view
the data per the norms of data security in the healthcare industry..(Figure 5.1)

Figure 13: Login Page

5.1.1 Welcome Page

The welcome page shows you what the application is all about, how in medical environ-
ment use the application. It is a navigation panel that directs the users to different site
sections, like input forms for predictions and the dashboard for results (Figure 5.1.1)

Figure 14: Welcome Page
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5.1.2 Result Page

This has produced predictions that are presented on the result page from the ensemble
models shows in (Figure 5.1.2) . The output of detailed information, including probab-
ility for coronary artery disease (CD) and Hypertension (HT) and visual insights such
confidence score and feature importance can be viewed by the users.

3

Figure 15: Result Page

6 Evaluation and Result

The ensemble models built for predicting coronary artery disease (CD) and Hypertension
(HT) performed excellently on both training and testing datasets, as visualized on the
Confusion Matrices (Figure 6) and the ROC Curves (Figure 6). For the CD model,
we received a training accuracy of 92% and a testing accuracy of 94%, indicating that
the model generalizes well to unseen data. The confusion matrix (Figure 6). shows
that the model was able to accurately identify most cases, capturing 320 true negatives,
265 true positives, 25 false positives, and 27 false negatives. The balanced precision
(0.92), recall (0.92), and F1-scores suggest trustworthy performance for both classes (No
CD and CD). The probability of goodness of fit of the model is supported by ROC
curve (Figure 6)., where AUC score of 0.97 indicates the good separation ability of the
model between classes Although it showed great performance, we also observed some
false positives and false negatives where we could add discriminative features to improve
it even more. The HT model performed even better, presenting an accuracy of 97% of
the training and testing datasets. As depicted in the confusion matrix , almost all the
samples were classified correctly, with 3850 true negatives, 3861 true positives, 104 false
positives and 99 false negatives. All precision, recall and F1-scores were very high (0.97)
for both classes i.e. No HT and HT, showing it is very reliable and accurate in predicting
hypertensive cases. In conclusion, the model HT received an AUC score of 0.98 (Figure 6).
on the ROC curve corroborating its strength and relative generalization. The results
validate that the ensemble models proposed can effectively address the research problem
by providing accurate predictions of coronary artery disease and Hypertension. The HT
model performed marginally better than CD; this may be owing to more distinct class
separability in the dataset, or less complicated feature interactions. ROC curves for both

3https://www.python.org/downloads/release/python-3117/

19

https://www.python.org/downloads/release/python-3117/


models show high AUC scores of 0.923 and 0.926 confirming strong discriminatory power.
Both the models performed quite well, however the misclassifications observed suggest
potential areas of improvement in terms of feature engineering and data preprocess. The
implications of these findings are great academically and practically. Theoretically, they
confirm the usefulness of ensemble methods for complex healthcare prediction problems.
From a practical point of view, our models exhibit great promise for implementation as
a part of clinical decision-support systems for sensitive conditions, as they are capable
of reliably producing correct and timely predictions. In the following section, we will
discuss the general implications of these findings, and possible avenues for future work.

Figure 16: Confusion Matrix and ROC Curve

6.1 Experiment

In this section, we elaborate the experiments performed to answer the research questions
from this study properly. These sets of experiments aim to compare different predictive
models for coronary artery disease (CAD) and for Hypertension (HT). We explored the
effect of feature selection, data preprocessing, and algorithm choice on model accuracy
and generalizability through repeated experimentation. All experiments were designed
to yield important information regarding the important features driving predictions and
their clinical relevance. The following are the table will give a how this study improved
in modelling stage.

6.1.1 Experiment 1

The following experiments were conducted on a data set with class imbalance to check
the robustness and performance of the model over both classes (major and minor) to get
pretentious precision, recall, and f1-score measurements.
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Model Class Precision Recall F1-Score Support
CD Class 0 1.00 1.00 1.00 117

Class 1 1.00 1.00 1.00 1636
HT Class 0 1.00 1.00 1.00 554

Class 1 1.00 1.00 1.00 1199

Table 2: Experiment 1

From the above Table 6.1.1, we can confirm that from the first experiment, this model
was overfit by calculating ratio for both model(ratio for hypertension(HT) 1.2.2 and
coronary artery diease (CD) 1.14). According to Mahmood et al. (2024)The overfitting
occurred when the model memorized the data instead of identifying common patterns in
the data. In next experiment, we did handled class imbalance using ctgan library, crated
synthetic data and validate second model on synthetic data.

6.1.2 Experiment 2

The accuracy of this model (applying 5-fold cross-validation) significantly improves the
previous one, as it reduces overfitting and shows better generalization we can show in
Table 6.1.2. The CD model had a test accuracy of 0.910.910.91, with balanced perform-
ance per class. The HT model also had a test accuracy of 0.970.970.97 and a uniform
metric for both classes. This model’s realistic and solid performance across folds sug-
gests its robustness and generalization power to out-of-sample data—in contrast to the
previous overfit model, which created artificially perfect metrics.Fernández et al. (2018)

Model Class Precision Recall F1-Score Support
CD Class 0 0.90 0.93 0.92 345

Class 1 0.91 0.88 0.90 292
HT Class 0 0.97 0.97 0.97 3954

Class 1 0.97 0.97 0.97 3960

Table 3: Experiment 2

6.1.3 Final Result

By using L2 Regulairization ,5-Fold Cross validation and Hyperparameter combined the
models Performance was better than previous one which shown in Table 4.Fang et al.
(2023)Gupta et al. (2022) The high accuracies for CD(0.92) and HT(0.97) directly trans-
lates to balanced metrics across classes, with very few amounts of errors. This facilitates
a more solid and dependable experience for real-world applications.

Model Class Precision Recall F1-Score Support
CD Class 0 0.92 0.93 0.92 345

Class 1 0.91 0.91 0.91 292
HT Class 0 0.97 0.97 0.97 3954

Class 1 0.97 0.97 0.97 3960

Table 4: Final Results

In the next section we will discuss how this study achived good results.

21



6.2 Discussion

This study confirmed the efficiency of the applied ensemble models such that we achieved
testing accuracies of 94% for coronary artery disease (CD) and 97% for Hypertension
(HT). Models being robust also being justified by balanced precision, recall and f1-scores
which signifies that these models are not biased towards any class and give reliable pre-
dictions. This finding indicates that the HT model has higher capacity for generalization
across heterogeneous patient profiles, while the CD model’s marginally lower accuracy
suggests capacity for further improvement around feature selection and engineering. One
of the primary strengths of this study is an ensemble learning using Logistic Regres-
sion, KNN, SVM and Gradient Boosting with the soft votingAbdullahi et al. (2024).
It combines the best aspects of each model, reduces their drawbacks, and improves the
overall accuracy. The performance obtained from the models was highly attributed to
hyperparameter tuning and the addition of synthetic data, which were considered to alle-
viate data scarcity and guarantee a balanced dataset. Though the models exhibited very
high performance, small areas of misclassification indicate improvements can be made,
specifically testing the models against larger, real-world datasets to further ensure gener-
alizability. And while practical, the reliance on synthetic data may reduce applicability in
cases with high data variability. These results have great significance. From an academic
point of view, they showcase the promise of ensemble methods for predicting healthcare
needs, and they provide a target for further studies. On a more practical note, the models
show potential as diagnostic tools, providing accurate and timely predictions that may
improve clinical decision-making and patient care. Further improvement of these models
may motivate evolution of more sophisticated, scalable diagnostic systems.

7 Conclusion and Future Work

This work has shown a powerful and scalable approach to healthcare diagnostics by util-
izing advanced algorithms and synthetic data. While predictive models have been well
trained, existing models still face challenges, especially when dealing with imbalanced
datasets where high risk cases are rare Singh et al. (2024),Perkonoja (2020). Ensemble
models were developed to predict CD and HT with testing accuracies of 94% and 97%,
respectively. The ensembling approaches of soft voting achieved strong and reliable per-
formance by combining predictions for Logistic Regression, KNN, SVM, and Gradient
Boosting with generated synthetic data, which could address the data scarcity and bias
in the models. This study has important ramifications for clinical practice as it covers
generalizable high-performance models that can be implemented into clinical workflows
for better diagnostic and resource allocation. The study takes on limitations; the use of
synthetic data as well as small misclassifications indicate design elements that could be
improved upon, yet the research offers a groundwork for future research.Last but not least
the models not only advance academic research but also have the potential for clinical
usage, enabling tangible benefits to patient care.

7.1 Future Work

Involving and testing with more complex, real-world datasets, scaling to multi-class prob-
lems, and incorporating explainable AI can be improve interpretability. further more
testing each individual model with weights and adding this weights to ensemble model
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either manually or using automatically via meta learner approach could be benifiicial in
Preditcing Coronary Artery Diease and Hypertension.
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