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Optimizing Real-Time Data Analytics in Healthcare: A
Predictive Model for Cardiovascular Disease Management

Forename Surname: Venkata Krishna Reddy Yeruva
Student I1D: x23223430

Abstract

Cardiovascular disease continues to be a global leading cause of death, but
conventional prediction techniques often lack the ability for real-time and customized
intervention. The paper proposes solving the problem of predictive accuracy by using
machine learning algorithms for the prediction of cardiovascular disease based on
lifestyle and clinical information. The research made use of the Kaggle Cardiovascular
Disease dataset containing 70,000 patients. The initial preprocessing involved the
removal of outliers and scaling of features. Feature selection using SHAP values and
RFECV followed. Three supervised learning classifiers—Decision Tree, Random Forest,
and Support Vector Machine (SVM)—were created and tested. The SVM model
returned the best accuracy of 72%. It was also found through statistical analysis that
cardiovascular disease had strong correlation with lifestyle habits like smoking and
inactivity. The study illustrates how machine learning could be used for early detection
and customized healthcare planning and explains its importance for preventive
interventions in the future.

Keywords: Cardiovascular Disease, Machine Learning, SHAP, Feature Selection,
Support Vector Machine, Predictive Modeling, Statistical Analysis, Healthcare Al

1 Introduction

1.1 Background and Context

Cardiovascular disease represents one of the most prevalent factors of global mortality, with
a major contribution to avoidable health complications. Despite modern diagnostic
techniques, conventional methods of prediction are based on the past and do not facilitate
real-time, customized intervention. This drives an increasing demand for intelligent platforms
that are able to incorporate real-time clinical and lifestyle information in making accurate
predictions of risks.

Machine learning provides a possible answer by identifying intricate patterns in lifestyle
factors like smoking, alcohol consumption, cholesterol, glucose, blood pressure, and physical
activity from health records (Chicco et al., 2021). Practical implementation of ML for
cardiovascular disease prediction remains impeded by factors like model interpretability,
quality of the available data, and privacy (Kaissis et al., 2020). Machine learning (ML) has
emerged as a valuable tool for disease prediction from electronic health records (EHRS),
wearables, and epidemiological data to enhance clinical decision-making. By identifying
patterns among key health determinants of blood pressure, cholesterol, glucose, smoking,
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alcohol, and physical activity, ML models can help advance disease risk prediction and
enable proactive health interventions.

Despite its potential, several issues confront the use of ML in cardiovascular disease
prediction. Missing data challenges, outliers, and data quality variability could affect model
reliability. Various ML algorithms also vary in their performance depending on data
characteristics, and thus model choice is an important factor in making precise predictions.
Model generalizability to diverse populations is also needed because the majority of
predictive models are trained on small demographic datasets. Privacy concerns also demand
the use of anonymization techniques in order to maintain confidentiality of sensitive patient
information in line with HIPAA and GDPR regulations.

1.2 Research Problem

Conventional cardiovascular disease prediction techniques are overly dependent on past
records and averaged scoring schemes, making them less effective in enabling real-time,
customized interventions. While machine learning has demonstrated promise in healthcare,
its application in cardiovascular disease prediction also has challenges with model choice,
data preparation from clinical histories, and model generalizability over heterogeneous
populations.

Most of the available studies either employ limited or small datasets, do not account for the
influence of lifestyle variables, or do not employ real-time or interpretable prediction
techniques. This study seeks to bridge these limitations by building and assessing predictive
models based on Random Forest, Decision Tree, and Support Vector Machine (SVM) using a
large, anonymized data set. The research identifies the best-performing algorithm and also
examines how particular health and lifestyle variables such as blood pressure, cholesterol,
glucose, smoking, consumption of alcohol, and physical activity contribute towards
cardiovascular disease. The research also focuses on addressing the quality of the data and on
protecting patient privacy during the analysis.

1.3 Problem Statement

Traditional methods for predicting cardiovascular disease (CVD) are predominantly
dependent upon static historic data and broad score systems, making them inadequate at
providing real-time and tailored risk evaluations. Now, while machine learning (ML) presents
promising alternatives, current studies tend to neglect considerations of lifestyle, are not
applied in real-time, and are derived from limited or not fully representative data. Moreover,
model interpretability, data quality, and patient confidentiality are significant clinical
adoption barriers. This work utilizes a large anonymized data set to create and compare
machine learning models—Decision Tree, Random Forest, and SVM—using lifestyle and
clinical variables to enhance precision in CVD prediction to enable proactive care.

1.4 Research Aims, Objectives, and Questions
Research Aim: The main objective of this research work is to investigate the feasibility and
effectiveness of the integration of federated learning with privacy-preserving techniques in
the development of more precise credit card fraud detection systems.
Research Objectives:
This research aims to enhance real-time predictive analytics in handling chronic diseases with
the following primary objectives:

e To develop a predictive model for cardiovascular disease risk assessment using

machine learning techniques.



e To compare the performance of three machine learning algorithms—Random Forest,
Decision Tree, and Support Vector Machine—in cardiovascular disease prediction.

e To assess the influence of core clinical indicators—such as blood pressure,
cholesterol, and glucose—on cardiovascular disease risk.

e To apply preprocessing techniques for handling missing values, outliers, and
improving data quality for machine learning models.

e To analyze the independent impact of lifestyle behaviors—smoking, alcohol intake,
and physical activity—on cardiovascular disease risk and how they affect model
outcomes.

Research Questions
This study seeks to answer the following research questions:

e Which machine learning algorithm (Random Forest, Decision Tree, or SVM)
performs best in predicting cardiovascular disease?

e What are the strongest predictors of cardiovascular disease based on health
examination and lifestyle factors?

e How do lifestyle behaviors (smoking, alcohol intake, physical activity) influence
cardiovascular disease risk?

e How does feature selection impact model performance in cardiovascular disease
prediction?

e How do systolic and diastolic blood pressure levels correlate with cardiovascular
disease risk?

1.5 Significance of the Study

This research enhances cardiovascular disease prediction using machine learning. It compares
the performance of Decision Tree, Random Forest, and SVM to identify the optimal
algorithm. It also improves predictability by preprocessing the data using missing value
handling and feature selection. The research also ensures patient privacy using
anonymization processes while complying with HIPAA and GDPR regulations. It also
provides insights into key health determinants—blood pressure, cholesterol, glucose,
smoking, alcohol, and physical activity—to facilitate early intervention and health planning.

1.6 Limitations of the Research

This research utilizes the Cardiovascular Disease Dataset, consisting of structured medical
examination data from a specific geographic area. Therefore, the results should not be
generalizable to other populations or healthcare systems. The research also fails to utilize
deep learning methods, which could have provided improved results on larger or more
heterogeneous datasets.

All three of these traditional machine learning models—Random Forest, Decision Tree, and
Support Vector Machine (SVM)—were tested because of their interpretability, effectiveness,
and success with structured healthcare data (Guleria et al., 2022). Omitting sophisticated
algorithms could restrict the scope of investigating more intricate patterns in the data.

While anonymization methods are used in an attempt to preserve patient identity, more robust
privacy-preserving mechanisms like homomorphic encryption or federated learning were not



utilized. These gaps provide avenues for further research that enhance predictive performance
and security of the data.

1.7 Structure of the Dissertation

e Chapter 1: Introduction — Includes background, statement of the problem, objectives,
significance, scope, and structure.

e Chapter 2: Literature Review — Discusses machine learning algorithms, real-time
processing of data, feature selection, and privacy concerns.

e Chapter 3: Methodology — Describes research design, data sources, model building,
pre-processing, and evaluation measures.

e Chapter 4: Results and Discussion — Contains experimental results, comparisons of
models, and evaluation of disease trends.

e Chapter 5: Conclusion and Recommendations — Summarizes findings, contributions,
limitations, and future research directions.

2 Related Work

2.1 Machine Learning Approaches for Cardiovascular Disease Prediction

According to the papers of, Shrestha (2024), Chhikara et al. (2024) and Naser et al. (2024)
evaluate ML applications in predicting cardiovascular disease (CVD). With regard to
Shrestha (2024), they have provided a comparative evaluation of performance of ML models
(Random Forest, Decision Tree and SVM) using Cleveland dataset (i.e., Cleveland Dataset
303 samples). Though not real time data integration and lifestyle analysis, Random Forest
(89.4%) is the best it achieves. With regard to application role of ML, Chhikara et al. (2024)
build 85-92% accuracy using Random Forest, discuss molecular intelligence simulations in
terms of genetic and environmental risks and investigate interaction with other types of SAP.
As a result, real time data and deep learning models remain under researched. With regard to
Naser et al. (2024), to the best of our knowledge, the review on evaluation metrics review on
explainable Al (XAl), IoT and big data in the context of ML-based prediction of CVD was
done. It has no empirical testing but opens up work in the future such as GANs and federated
learning. With regard to future work this should be conducted in real time with human
decision makers and new sophisticated ML methods used to build personalized models of
risks.

2.2 Optimizing Real-Time Data Analytics in Healthcare

Research indicates that real-time healthcare data analytics for CVD management particularly
benefits from the high potential of machine learning (ML) and natural language processing
(NLP). The researchers at Chicco et al. (2021) utilized ML technology on electronic health
records (EHR) for predicting chronic kidney disease (CKD) progression since it presents
cardiovascular disease (CVD) risks. The study proved that both feature selection and
temporal data provide significant value during prediction modeling while Random Forest
algorithms generated the best possible predictions. The two significant flaws of this study
included an unbalanced dataset and the inability to process data in real time. Houssein et al.
(2021) did an overview of biomedical NLP techniques used to organize unstructured clinical
narratives found in EHRs according to their publication. The analysis established NLP's
function in chronic disease predictions although it pointed out unresolved privacy issues and
lack of real-time use. The real time risk prediction of CVD can be enhanced when disease
forecasting based on ML approaches is incorporated with EHR structure development



through NLP technology. Future research must focus on real-time data integration as well as
model interpretability in addition to balancing the data sets for improved results.

2.3 Feature Selection Strategies

The research conducted by Ay et al. (2023) addresses cardiovascular disease (CVD)
prediction through feature selection optimization using meta-heuristic algorithms which
achieved high F-score accuracy of 99.72% while choosing important features. Suri et al.,
(2022) demonstrates new methods of calculating model bias in ML CVD prediction systems
while exposing existing validation irregularities. The studies include a model efficiency
optimization in the first step and secondly focus on system fairness and generalization
performance. Real-world health care research requires model optimization according to both
investigations yet ongoing work should integrate bias solutions with actual deployment
measures.

2.4 Privacy-Preserving Machine Learning in Healthcare

Multiple papers show how privacy-preserving machine learning (PPML) supports healthcare
applications especially in cardiovascular disease (CVD) management along with medical
imaging. Guerra-Manzanares et al. (2023) released a description of PPML approaches
through which they group these methods into four distinct classifications which include FL
and HE and DP and SMPC and blockchain-based systems. Healthcare practitioners utilize FL
as a primary solution yet they acknowledge its challenges involving excessive computations
together with a need for external validation. The article by Kaissis et al. (2020) focuses on
medical imaging while addressing both privacy-utility trade-offs and regulatory difficulties
alongside encryption progress in federated learning. The authors of Abramson et al. (2020)
outline an identity verification system through blockchain DIDs and Hyperledger Aries to
stop malicious agents from accessing FL workflows. The authors in Khalid et al. (2023)
illustrate Al advancements in cardiovascular medicine through ML techniques for ECG
interpretation along with risk prediction and drug discovery yet highlight biases and privacy
risks as well as minimal regulatory input.

Model performance and computational complexity both affect privacy levels throughout all
the presented research. FL draws substantial advocacy yet its capacity for growth and its
capacity to ensure fairness remains unresolved as do its compatibility challenges with actual
healthcare systems. Future work should integrate Explainable Al and compliance with
regulations and real-time ML use cases to push Al adoption in healthcare practice.

2.5 The Role of Socioeconomic Factors in ML-Based Cardiovascular
Disease Prediction

An analysis will investigate the implementation of ML applications in CVD risk prediction
aimed at studying socioeconomic variables. Salah and Srinivas (2022) establish an ML
framework which analyzes adolescent CVD risk while using lifestyle and socioeconomic data
to demonstrate that parental income and physical activity act as protective risk components.
The research by Sarraju et. al (2021) proved that educated and healthcare-utilized individuals
represented vital predictors while ML models proved better than traditional risk scores for
secondary CVD prevention. Sajid et al. (2021) reports that economic factors like food choices
coupled with minimal physical activity also need to be included when performing
nonlaboratory CVD risk predictions in areas with low-income levels. Additional EHR
socioeconomic information failed to substantially enhance risk prediction outcomes for
ASCVD risk assessment on multi-ethnic patient groups according to Ward et al. (2020). The
application of ML enables real time individualized CVD risk assessment although it demands
greater multiethnic data along with real-time clinical incorporation.
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2.6 Data Imputation and Preprocessing for Robust Disease Prediction
Models

The papers studied reveals the necessity of data imputation and data preprocessing in disease
prediction models. Al Ahad et al. (2024) use mean imputation in the classes, rejection of the
feature outliers, and log normalization to improve the class multiclass liver prediction,
attaining an accuracy of 99.84%. In this paper, Karrar (2022) uses KNN based imputation
and got 89.5% accuracy in handling the missing values. In Olisah et al. (2022), polynomial
regression is applied to impute the missing values in the data to increase diabetes prediction
accuracy by 1.2 percent compared to traditional methods. However, Al Ahad et al. integrate
ensemble models, which empowers their approach, but while all emphasize-data
preprocessing. Remaining future work should be towards real time implementations as well
as different datasets.

2.7 Explainable Al in Cardiovascular Disease Prediction

Explainable Al (XAI) in predicting cardiovascular disease (CVD) is examined in the
researches although they vary in scope and strategy. In predicting myocardial infarction,
Moore and Bell (2022) note that XGBoost has stronger class-size invariant predictive
capacity and interpretability using SHAP based interpretability. In the research in hand here,
six ML classifiers were experimented with and the best accuracy value provided by SVM and
feature importance measured using SHAP were focused on. In his work Westerlund et al.
(2021) advocates well-standardized benchmarking of Al and integration with multiple omics
and multiple Al models. Major areas to be filled in the form of deep learning and integration
exist to enhance prediction performance and real time application and cross population
validation.

2.8 Ethical and Legal Challenges in Al-Driven Healthcare Prediction
Models

Ethical and legal concerns regarding Al in the healthcare field are the researches' main
concern. Igwama et al. (2024) cite regulation models (FDA, GDPR, HIPAA) and ethical
concerns including fairness (bias), transparency and informed consent. Goktas and
Grzybowski (2025) recommend “Regulatory Genome” to dynamically regulate fairness,
security and accountability in Al. Cybersecurity threats, ownership and liability need to be
prioritized to address the legal compliance issues per Nizamullah et al. (2024). All researches
must have policies in place in Al but there is no empirical evidence to back up the same. The
future research can enable the deployment of accountable Al in the healthcare field through
transparency in Al, validity in fairness and real time security solutions.

2.9 Limitations

A major shortcoming noted throughout the discussed literature is a lack of explicit
identification and discussion of limitations in most current studies. Although numerous
studies exhibit strong performance and accuracy in cardiovascular disease (CVD) prediction
with machine learning (ML) models, they are not necessarily candid in reporting the
contextual or methodological limitations of their methods. For example, studies by Shrestha
(2024), Chhikara et al. (2024), and Naser et al. (2024) appear to state substantial
contributions in terms of ML use but neglect considerable discussions of data biases within
the dataset, generalizability issues, or computational trade-offs. Likewise, in topics involving
real-time data analytics and privacy-preserving machine learning, studies note technological
promise but avoid extensive self-criticism for model limitations or deployment walls. This
can hinder assessment of practical usability, reproducibility, and scalability of proposed
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approaches within actual health care contexts. Without clearly stated limitations, future
studies are also without a characterized sense of open questions or risk, thereby inhibiting
progress towards filling gaps like interpretability, fairness, and diversity within data. To
improve scientific value and utility, future studies need to incorporate structured assessment
of limitations, providing a balanced understanding of findings in order to produce more
sound advances in ML-enabled CVD forecasting.

Author(s)  |Year[Methodology Key Findings Research Gap
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3 Research Methodology

This chapter presents the methodological framework employed in this study, which focuses
on developing a predictive model for cardiovascular disease using machine learning
techniques. The methodology encompasses data acquisition, preprocessing, exploratory
analysis, feature selection, model training and evaluation, and statistical inference. All
processes were conducted in Python, leveraging various data science and machine learning
libraries.

3.1 Research Design

The research adopts a quantitative, experimental design using supervised machine learning
algorithms (Zhang, and Feng, 2021). The goal is to predict the presence or absence of
cardiovascular disease based on patient health indicators. The study applies a comparative
analysis approach to evaluate the performance of different models—specifically, Random
Forest, Decision Tree, and Support Vector Machine (SVM).



3.2 Data Source

The dataset used for this study was obtained from Kaggle, titled Cardiovascular Disease
Dataset (https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset). It
comprises 70,000 anonymized patient records with 13 attributes, including age, gender,
height, weight, blood pressure readings, cholesterol, glucose levels, and lifestyle indicators
such as smoking, alcohol consumption, and physical activity. The target variable is a binary
indicator reflecting the presence (1) or absence (0) of cardiovascular disease.

3.3 Data Preprocessing

Data preprocessing was needed to prepare the data to be utilized with machine learning. The
process entailed dropping the 'id' variable because it was not informative with regard to
prediction. The 'age' variable was originally measured in days and was rescaled to years to
improve interpretability

Boxplot Before Cleanin
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Figure 1: Box Plot for Blood Pressure Values before cleaning

(Source: Self-Created- Jupyter Notebook)

Outlier values among the blood pressure measurements were detected based on both
graphical methods like boxplots and statistical approaches using the Interquartile Range
(IQR) based on the following. Values were first limited within plausible ranges for their
clinical relevance: between 80-200 for systolic pressure (ap_hi) and between 50-150 for
diastolic pressure (ap_lo). Also eliminated were any records with systolic pressure lower than
the diastolic pressure for maintaining clinical consistency.

Next, the IQR method was used again to eradicate statistical outliers from both systolic and
diastolic measurements. This refined the dataset by eliminating excess deviations greater than
1.5 times the interquartile range.


https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset

Boxplot After IQR-Based Outlier Removal
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Figure 2: Box-Plot after Removal of Outliers
(Source: Self-Created- Jupyter Notebook)

All numerical attributes — age, height, weight, systolic pressure (ap_hi), and diastolic
pressure (ap_lo) — were standardized with the application of z-score normalization
subsequent to cleaning (Zaky, et al., 2021). The transformation makes every attribute have a
mean of 0 and a standard deviation of 1, making model convergence easier and keeping
compatibility with other machine learning algorithms intact.

3.4 Exploratory Data Analysis (EDA)

Exploratory Data Analysis was employed in order to understand the relations between
features and data distribution. Countplots, heatmaps, and boxplots were employed to
understand the composition of the target variable and its correlations with individual
attributes. The process of EDA revealed patterns and correlations and informed the feature
selection process through identifying important variables.

3.5 Feature Selection

Feature selection in the present research work was performed with a combination of
evaluation based on statistical analysis and model-based methods for improving machine
learning model results and eliminating unnecessary noise from the data. The methodology
consisted of three key steps:

1. Feature Importance with Random Forest

A Random Forest classifier on a random subset of 3,000 of the patient records from the
database has been trained. Because the Random Forest method uses ensemble techniques,
with this it is possible to rank variables by their contribution towards decision-tree impurity
reduction (Ward, et al., 2020). This gave an initial impression of which variables were most
useful for identifying cardiovascular disease.

2. SHAP Analysis for Interpretability
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Figure 3: SHAP Interaction Value
(Source: Self-Created- Jupyter Notebook)

In order to understand the individual contributions of features, SHapley Additive
exPlanations (SHAP) were used on the same subset of the data. SHAP values provide a
single, unified approach to explaining the prediction of any machine learning model by
presenting the effect of each feature on the model prediction for any particular instance. For
instance, in the SHAP interaction plot presented earlier, the gender feature was examined for
its interaction with other variables. The distribution of SHAP values on either axis of the zero
line represents how gender variable affects model output—positively or negatively
(Westerlund, et al., 2021). A dense, central distribution around zero indicates that 'gender'
had comparatively low effect on prediction values across the population.

3. Recursive Feature Elimination with Cross-Validation (RFECV)

Selected Features: ['age', "gender', 'height®, ‘weight', "ap_hi', 'ap_lo', 'cholesterol’, 'gluc', 'active']

After SHAP analysis, Recursive Feature Elimination with Cross-Validation (RFECV) was
utilized for further narrowing of the feature set. RFECV reduces the least important features
systematically one by one, retrains the model for each step, and cross-validates the
performance. RFECV with a step size of 2 and three-fold cross-validation was applied in the
present research. RFECV resulted in the identification of the best number of features by
selecting the features that had minimal or redundant contribution and leaving nine features of
importance: age, gender, height, weight, systolic pressure (ap_hi), diastolic pressure (ap_lo),
cholesterol, glucose, and physical activity. Together, these procedures ensured that there were
only the most salient predictors that were retained, enhancing both efficiency and
interpretability of the resulting machine learning models (Ruzsa, et al., 2022).

3.6 Model Development and Evaluation

Decision Tree, Random Forest, and SVM models were utilized because they are applicable
for classification problems and are easily interpretable (Asif, et al., 2021). The dataset was
also split into 80% training and 20% test subsets. All of these models were tuned on chosen
features and tested on unseen data. Accuracy was selected as the major evaluative criterion,
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whereas precision, recall, and F1-score were added as secondary measurement metrics in an
attempt to achieve a more inclusive evaluation.

3.7 Statistical Analysis

In addition to predictive modeling, statistical analysis was employed to evaluate the
association between lifestyle factors—i.e., exercise, smoking, and alcohol consumption—and
the incidence of cardiovascular disease. The chi-square tests of independence were employed
to test whether the provided categorical variables were statistically significant in terms of the
target class. Visualization was employed to show the incidence of cardiovascular disease in
lifestyle categories and these visualizations are attached in Evaluation section.

3.8 Tools and Environment

All data processing, analysis, and modeling were conducted using Python 3.x within a
Jupyter Notebook environment. Key libraries included pandas, numpy, scikit-learn, seaborn,
matplotlib, shap, and scipy. This toolset provided the necessary flexibility and capability to
handle large datasets, perform visual and statistical analysis, and build robust machine
learning models.

3.8 Summary

The framework integrates structured data preprocessing, advanced feature selection, robust
classification models, and inferential statistics to support the research objective. The
employed method clearly demonstrates the potential role data-driven techniques can play in
detection and prevention in cardiovascular care at an initial stage.

4 Design Specification

This chapter outlines the design framework, methodologies, and technical architecture
employed in the development of a predictive system to categorize cardiovascular disease. The
design centers on a machine learning-based solution that employs a structured data science
pipeline to process clinical data and generate binary predictions regarding the presence or
absence of cardiovascular disease. The architecture is modular with clearly defined phases
including data acquisition, preprocessing, feature selection, model building and evaluation,
and statistical interpretation. The structured framework gives the solution scalability and
interpretability.

The research design of this study will be quantitative with the aim of examining structured
numerical data through a public cardiovascular dataset. The objective will be to build and test
a predictive model with the help of machine learning and statistical techniques without any
human intervention such as interviews or surveys.

4.1 Framework Overview

The predictive system is designed using a supervised learning architecture, specifically
tailored for binary classification. The core framework follows a machine learning pipeline
which consists of the following stages shown in image.
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Data Collection and Data Cleaning and Exploratory Data
Input Handling Preprocessing Analysis (EDA)

h

|Feature Selection and|
Dimensionality
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S‘tatisticalAn_aIysis of Evaluation and Model Training and
Categorical Visualization Validation
Predictors

Figure 4: Framework Overview
(Source: Self-Created)

All components of the pipeline sequentially work together with the next to progressively
refine input data and train machine learning models on the best subset of features. The system
is developed in Python and depends on a variety of mature libraries including pandas, numpy,
scikit-learn, SHap, seaborn, and matplotlib.

4.2 Input Requirements and Dataset Structure

The data used in the project here has been obtained from the Cardiovascular Disease Dataset
on Kaggle and consists of 70,000 anonymous patient health records. The data in each record
includes 13 attributes including age, gender, height, and weight, along with systolic and
diastolic blood pressure and levels of cholesterol and glucose and lifestyle factors including
smoking habits, alcohol intake, and exercise levels. The target attribute consists of a binary
value representing the occurrence or not of cardiovascular disease.

<class “pandas.core.frame.DataFrame”>
RangelIndex: 78888 entries, @ to 69999
Data columns (total 13 columns):

# Column Mon-Null Count Dtype
a id 72208 non-null inté4
age 72208 non-null  ints4
2 gender 7208 non-null inted
3 height 72208 non-null inte4
4 weight 7208 non-null floatss
= ap_hi 72208 non-null inte4
& ap_lo 7e200 non-null inté4
7 cholesterol 7eeea8 non-null intes4
3 gluc 72208 non-null inte4
9 smoke 7eeed non-null intes
12 alco 7ee2@ non-null inte4
11 actiwve 72208 non-null inté4
12 cardio 7e@eed non-null dinté4

dtypes: floate4({l), inte4(12)
memory usage: 6.9 MB

Mone
id age gender height weight ap_hi ap_lo cholestercl gluc smoke 3\
=] e 18393 2 168 62.© 11e s 1 1 =]
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3 3 17823 2 169 82.09 15e 1ee 1 1 =]
4 4 A7474 1 156 S56.@ 128 ea 1 1 a
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Figure 5: Input Dataset

(Source: Self-Created- Jupyter Notebook)
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The design requires the dataset to be well-formed and complete with preprocessing
operations incorporated to handle anomalous or missing data points. The structured tabular
data form of the dataset makes it ideal to be used with machine learning with minimal schema
alteration required.

4.3 Data Flow and Processing Pipeline

The process begins with a data ingestion module that ingests and preprocesses the input CSV
data. The raw data then goes through a data cleaning phase where unwanted columns such as
the id (the unique id) are dropped and data transformations such as converting the age from
days to years are performed.

There is then a preprocessing layer to identify and deal with outlier values. Outlier values in
the form of blood pressure readings are filtered with clinical plausibility. Numerical attributes
are standardized with Z-score normalization. Features are normalized so that they have the
proper scale to train models and to minimize the influence of variable magnitudes on range-
sensitive algorithms.

The data after preprocessing is fed into the feature analysis and EDA stage where variable
relations are plotted. The findings from here go to the feature selection module where
Random Forest and SHAP models are employed to identify the most significant variables.
Further dimensionality reduction occurs through Recursive Feature Elimination with Cross-
Validation (RFECV) to enhance model efficiency and generalizability.

4.4 Model Design and Algorithms
The design specifies the use of three supervised classification models:

e Decision Tree Classifier
e Random Forest Classifier
e Support Vector Machine (SVM)

All the models are trained to predict the binary target variable using the optimized feature set.
The choice between the models depends on the performance they have shown in clinical
classification tasks and interpretability (Sarraju, et al., 2021). Hyperparameters are left to
default to carry out baseline evaluation with provisions to optimize in the future if required.

The Random Forest model is used further to generate SHAP values and provide transparency
in feature importance so that the predictions derived from the model can be interpreted in the
context of clinical relevance

4.5 Evaluation Metrics and Visualization Design

Model performance is quantified using a standard set of classification metrics: accuracy,
precision, recall, F1-score, and AUC-ROC. Visualization in the form of confusion matrices
and ROC curves helps to enhance interpretability and allow comparative model evaluation
(Shrestha, 2024).

The design additionally consists of a statistical analysis module in which Chi-Square tests are
applied to categorical variables such as smoking habits, alcohol consumption, and exercise. It

13



allows the exploration of statistically significant correlations between lifestyle and
cardiovascular disease.

Because the research is data-driven, assessment focuses on performance metrics based on test
results. There are no qualitative questionnaires, but model effectiveness is assessed
quantitatively based on metrics such as accuracy, recall, and AUC-ROC, with supporting
statistical analysis for investigating relationships between applicable variables.

5 Implementation

The chapter gives an overview of the project implementation phase in its final form and
outlines the outputs provided and the tools and techniques used to develop the cardiovascular
disease prediction system. The implementation was done using the specifications provided in
the previous chapter and in a Python-based development platform.

5.1 Environment and Tools

The entire implementation was carried out using Python 3.x in a Jupyter Notebook
environment, chosen for its interactivity and support for data visualization. Key libraries used
include:

pandas and numpy: for data manipulation and numerical operations.

matplotlib and seaborn: for data visualization and exploratory analysis.
scikit-learn: for model building, evaluation, preprocessing, and feature selection.
shap: for explainable machine learning and feature importance analysis.
scipy.stats: for conducting statistical hypothesis tests.

5.2 Data Transformation Outputs

The implementation began with loading the dataset and transforming it to ensure readiness
for analysis:

The id column was removed.

The age column was converted from days to years.

Blood pressure outliers were filtered based on defined clinical thresholds.
All numerical features were scaled using standardization techniques.

The resulting output was a clean, structured DataFrame with normalized numeric attributes
and encoded categorical features. This dataset was then used for visualization, model
training, and statistical testing.

5.3 Feature Selection Outputs

Feature selection was performed in two steps. A Random Forest model was trained with a
3,000-record subset and SHAP was employed to define the relative contribution of the
features. The process was done to ensure interpretability and to justify inclusion or exclusion
of specific attributes.
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The same data was then put through RFECV to produce a final set of nine chosen features
that included age, gender, height, weight, systolic pressure, diastolic pressure, cholesterol,
glucose, and physical activity. The feature set obtained was utilized as input to all subsequent
model trainings.

5.4 Model Development Outputs

Three machine learning models were trained using the selected features and evaluated on a
hold-out test set:

e Decision Tree Classifier
e Random Forest Classifier
e Support Vector Machine

All models were tested using classification metrics (Sumwiza, et al., 2023). Although
performance insights have been noted in the results chapter, the outcome from this phase
included predicted class labels, probability scores, and evaluation reports per algorithm.
Confusion matrices and ROC curves were generated and stored in visual form.

5.5 Statistical Analysis Outputs

To explore the relationship between lifestyle factors and cardiovascular disease, Chi-Square
tests were conducted on the smoke, alco, and active variables. The statistical findings were
presented with Chi-square values, degrees of freedom, and p-values along with bar plots
showing the prevalence of disease in each category of factors.

6 Evaluation

This chapter provides a thorough review of the predictive models used for cardiovascular
disease classification. Evaluation utilizes statistical techniques and standard measurement
metrics such as accuracy, precision, recall, F1-score, and AUC-ROC (Bhatt, et al., 2023).
Graphical tools like confusion matrices and ROC plots are utilized for supporting
interpretation. Results are explained with reference to research goals and analyzed from both
theoretical and practical viewpoints.
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6.1 Exploratory Data Analysis

Cardiovascular Disease Distribution
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Figure 6: Cardiovascular Disease Distribution
(Source: Self-Created- Jupyter Notebook)

A preliminary look at the dataset shows that the target variable representing the prevalence of
cardiovascular disease is well-balanced. As can be seen in Figure 3, the dataset contains
nearly equal numbers of both classes: O (disease-negative) and 1 (disease-positive). To be
exact, there are roughly 34,500 patients in the disease-negative class and 33,800 in the
disease-positive class. The near-balance validates the use of accuracy, precision, and recall as
effective performance metrics without the need to apply class rebalancing techniques.

The feature correlation heatmap in Figure 4 shows linear correlations between predictors and
target class. The predictors with the most positive correlations with cardiovascular disease
include systolic blood pressure (ap_hi, r = 0.43), diastolic blood pressure (ap_lo, r = 0.34),
age (r = 0.24), and cholesterol (r = 0.22). The correlations match clinical understanding about
cardiovascular disease and validate the choice of the features as significant predictors in the
model.

Feature Correlation Heatmap
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Figure 7: Feature Correlation Heatmap

(Source: Self-Created- Jupyter Notebook)
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While lifestyle factors like smoking and drinking have weak linear relationships with the
target variable, they remained for further statistical analyses with the aim of examining their
possible independent or interactive effects. This weak relationship may be due to the fact that
these behaviors may have indirect influence on cardiovascular disease, either independently
or with interaction with other factors.

As seen from Figure 5, boxplot of age by disease state reveals that those with disease are
older than those without disease. The disease-positive group has a median age of around 0.45
(standardized units), whereas that of the disease-free group is -0.15. Interquartile range for
the disease group ranges from around -0.25 to 1.2, reflecting age as a significant risk factor in
the dataset.

Age Distribution by Cardiovascular Disease
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Figure 8: Age Distribution by Cardiovascular Disease
(Source: Self-Created- Jupyter Notebook)

This visualization supports both clinical intuition and existing literature, reinforcing the
significance of incorporating age as a continuous and standardized feature in the
classification model.

6.2 Machine Learning Model Evaluation

The three supervised machine learning models were trained using a selected subset of nine
features derived from SHAP analysis and Recursive Feature Elimination with Cross-
Validation (RFECV). The models used were Decision Tree, Random Forest, and Support
Vector Machine (SVM).

6.2.1 Decision Tree

# Model: Decision Tree

precision recall fl-score  support

@ B.64 @.66 B.65 6957

1 B.64 @.62 B.63 6722

accuracy B.64 13679
Macro avg B.54 a.64 B.54 13679
weighted avg B.64 2.64 B.64 13679

Figure 9: Classification Report of Decision Tree
(Source: Self-Created- Jupyter Notebook)

Decision Tree had an accuracy of 64% with precision and recall of 0.64 and 0.62 for the
positive class. While interpretable, its lower generalizability exposes it to overfitting and
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noise in the data. To mitigate the same, techniques like pruning and feature subset selection,
and stronger models like Random Forest for performance and robustness with lesser
sensitivity to fluctuations in the data have been used.

6.2.2 Random Forest

# Model: Random Forest

precision recall fl-score  support

=] 8.71 8.71 B.71 6957

1 B.7a a.7a B.78 6722

accuracy 8.7 13679
Macro avg @.7a a.7a 8.7 13679
weighted avg @.7a 8.79 8.78 13679

Figure 10: Classification Report of Random Forest Model
(Source: Self-Created- Jupyter Notebook)
Random Forest improved upon Decision Tree with 70% accuracy and balanced precision and
recall scores of approximately 0.70 for both the categories. The model was strong and

handled feature interaction well due to its ensemble architecture.

6.2.3 Support Vector Machine (SVM)

& Model: swM
precision recall fl-score  support
a @.7a a.ae @.74 6957
1 a.76 a.64 @.69 6722
accuracy e.72 13679
macro avg 8.73 8.72 e.72 13679
weighted avg 2.73 .72 8.72 13679

Figure 11: Classification Report of SVM
(Source: Self-Created- Jupyter Notebook)

The Support Vector Machine model had the maximum total accuracy of 72%. It had strong
recall for the negative class (0.80) and improved precision for the positive class (0.76).
SVM’s strength of creating optimal decision boundaries in higher dimensional space, which
copes with overlapping classes, explains its higher performance. Its margin-maximization
property provides improved generalization, which makes SVM especially useful in medical
screening where false negatives should be kept as low as possible.

6.2.4 Comparative Summary

A comparative bar chart of model accuracy scores is shown in Figure 12, summarizing each
classifier’s effectiveness:
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Figure 12: Model Performance Comparison
(Source: Self-Created- Jupyter Notebook)

The SVM model’s superior performance supports its recommendation for real-world
deployment, particularly in environments where early disease detection is critical.

6.3 Statistical Significance of Lifestyle Variables

To evaluate the relationship between lifestyle choices and cardiovascular disease, Chi-Square
tests of independence were applied to the categorical variables: smoke, alco, and active. The
results are summarized below:

. Smoking (X* = 18.07,p < 0.0001 ): Statistically significant association.
o Alcohol consumption (y* = 5.37,p = 0.0204) : Statistically significant.
o Physical activity (X = 97.32,p < 0.0001) : Strong significant association.
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s chi-square Test for smoke
Chi2 Value: 18.87, p-value: ©.0088
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Figure 13: Cardiovascular Disease by Smoke

# Chi-square Test for alco
Chi2 Value: 5.37, p-value: ©.8284
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Figure 14: Cardiovascular Disease by Alco

# chi-square Test for active
Chi2 value: 97.32, p-value: ©.0000
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Figure 15: Cardiovascular Disease by Active

(Source: Self-Created- Jupyter Notebook)
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These findings indicate that lifestyle habits independently correlate with cardiovascular
disease risk, although they weakly linearly associate with the target variable. The bar plots in
all tests confirm higher disease prevalence among the smokers, alcohol users, and the
inactive.

The statistical results agree with epidemiological literature in endorsing public health
guidelines to ensure smoking abstinence and regular exercise in the prevention of
cardiovascular disease.

6.4 Discussion and Interpretation

The results serve as empirical evidence for the research aims and answer the research
questions raised. To answer the question regarding comparison of model performance,
Support Vector Machine revealed the best accuracy, precision, and recall, indicating that it
works best under overlapping class boundaries. Lifestyle variables like smoking,
consumption of alcohol, and exercise were tested for influence using Chi-Square tests and,
although the correlation was weak, some of the associations were statistically significant,
answering the aim of assessing predictors of lifestyle.

Feature engineering and selection through SHAP values and Random Forests was used to
answer the research question regarding interpretability and feature importance. The methods
enhanced model transparency, facilitated the identification of key clinical features, and
ensured reproducibility and trust in model predictions.

In terms of their generalizability, cross-validation, handling of outliers, and the application of
Z-score normalization were performed in an effort to avoid overfitting and such that the
models could generalize reliably on unseen observations, thereby addressing the scalability
and robustness of the research.

In summary, the work provides a machine learning methodology that is both clinically
interpretable as well as sound from a technical standpoint with practical application in patient
screening and early diagnosis, particularly in resource-scarce primary care environments.

6.5 Limitations and Future Work

While the models work well, there are several limitations that have been mentioned. The data
set is anonymous and lacks detailed longitudinal or demographic information and so finer
analysis over time cannot be done. The binary outcome limits the range of cardiovascular
conditions to a yes/no variable and the conditions can vary in severity and clinical effect.
Future work could include:

e Incorporating time-series or longitudinal health records.

« Expanding the feature set with genetic, socioeconomic, or environmental data.

o Testing the models on external clinical datasets to validate generalizability.

6.6 Conclusion

The performance of machine learning models on structured cardiovascular disease data yields
promising predictive performance with Support Vector Machines in particular. The
integration with statistical analysis and visualization further reinforces the results of the study
and provides a multi-dimensional view to cardiovascular risk. The results support the
theoretical framework and practical utility of machine learning in preventive medicine.

7 Conclusion and Future Work

The research was successful in developing a predictive model to classify cardiovascular
disease using supervised machine learning models. The research utilized a systematic data
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science approach with preprocessing and exploratory data analysis followed and feature
selection using SHAP and RFECV techniques. Decision Tree, Random Forest, and Support
Vector Machine were the machine learning models used and tested. Out of the models used,
the Support Vector Machine had the best predictive accuracy and thus the potential to be
applied in clinical screening conditions. Statistical tests also confirmed the role played by
lifestyle factors such as smoking and inactivity in cardiovascular disease risks.

Even though the model was successful, it was limited through the use of static data and
disease status classification. Future research would be beneficial in adding time-series
clinical data to enable prediction over time. Incorporating socio-demographic, genetic, or
environmental factors would enable improved generalizability and context awareness to the
model. External validation with diverse datasets and integration with electronic health
platforms would further improve its real-world utility in clinical environments.
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