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ABSTRACT

Heart disease is a group of diseases that affect the heart and blood vessels. Some
examples are heart failure, arrhythmia's, valve disorders, and coronary artery disease.
It is a global health problem that needs to be found early and worked on together to be
controlled and stopped. Heart disease is one of the major causes of mortality around the
world, and hence early detection and severity determination are essential for proper
treatment. The study aims at the application of supervised machine learning algorithms
for the prediction of mortality risk and disease progression in patients with heart failure
using the Heart Failure Clinical Records dataset. Three machine learning algorithms—
logistic regression, random forest, and XGBoost—were trained for classification (death
prediction) and regression (severity prediction). Cutting-edge feature engineering
techniques, such as Principal Component Analysis (PCA), Shapely Additive
Explanations (SHAP), and evolutionary algorithms, were employed in the selection of
significant predictors: age, serum creatinine, and ejection fraction. SHAP and Local
Interpretable Model-agnostic Explanations (LIME) were included to ensure model
interpretability and clinical utility of the results. For classification tasks, the
performance was examined using precision, recall, accuracy, and ROC-AUC; for
regression tasks, it was evaluated using mean squared error (MSE), root mean squared
error (RMSE), and R². With 85% accuracy, an ROC-AUC of 0.91 for mortality
prediction, and an R² of 0.75 for severity progression, XGBoost performed better than
the other models. Logistic regression performed slightly worse compared to random
forest, which showed competitive performance. These results prove that XGBoost is a
useful instrument for predicting the mortality and severity of heart disease when paired
with powerful feature engineering and interpretability techniques. Validating these
models in larger, diverse cohorts and implementing them in medical settings should be
the main goals of future research.

Keywords: Mortality Prediction in Heart Failure Patients, Feature Engineering in
Clinical Data, Optimized Regression Models, Explainable AI in Healthcare, Heart
Disease Severity Progression
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CHAPTER 1

INTRODUCTION

1.1 Introduction

According to the World Health Organization (WHO), heart disease is one of the main

causes of death globally, accounting for around 17.9 million deaths per year. However,

if the warning symptoms are identified early, many of these deaths can be avoided.

More precise and real-time predictions of heart disease risk are now possible because of

the development of artificial intelligence, especially machine learning. The catch is that

the majority of existing algorithms are still unable to accurately forecast who is more

likely to die or how severe a case might get.

Table 1 presents important statistics from the heart disease datasets, such as the total

number of heart disease cases, fatalities, case fatality rate, and immunization given.

Finding cardiac problems early can help stop heart failure, which can sometimes kill

youLi et al. (2022). But it's hard to find out early because there are so many things that

can make someone more likely to have heart disease. Because of this, it's often hard to

find the disease in its early stages, when it can still be treated better

Table 1.1 Statistics of heart disease datasets

Country Total cases Total deaths Case fatality

rate

Total

Vaccinations

USA 44,72,659 720,581 1.61% 401,670,644

India 34,157,813 453,996 1.33% 1,031,906,566

Brazil 21,534,894 600,185 2.78% 239,756,958

Russia 8,073,318 222,853 2.76% 99,150,000

Turkey 7,052,488 64,049 0.91% 110,838,084

UK 7,005,365 137,322 1.96% 113,391,940
France 6,939,471 116,512 1.68% 100,355,009
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Iran 6,261,269 126,711 2.02% 21,543,821

ARgentina 5,301,830 115,662 2.18% 52,038,168

Colombia 4,985,923 126,245 2.53% 43,999,110

Spain 4,988,029 87,928 1.76% 77,561,325

Heart disease is one of the leading causes of global death, According to the World
Health Organization (WHO), , responsible for about 10 million deaths every year.
Nevertheless, many of these deaths are resistible if the precautionary symptoms can be
detected in the early stages. With the emergence of artificial intelligence, especially
machine learning, the risk of heart disease has been opened to prediction more
accurately and in real time. But here the twist is: most current models are still about
how serious a disease can be—or whose death.

1.2 Background Knowledge

Over the decades, physicians have been using traditional scoring methods like the

Framing-ham Risk Score to evaluate the risk of heart disease. These models depend on

a few risk factors: age, blood pressure, smoking conditions, cholesterol, etc. Although

effective, they do not tell the whole story.

Recently, researchers are turning to machine learning (ML) to dig out the patterns in the

clinical data. Li et al. (2022) and Ahsan & Siddique (2022) (ML forecast for heart

disease) and (survey on ML strategies) highlight how the decision tree, support vector

machine, and neural network can improve the precision of diagnosis of algorithm

diagnosis. Naik et al. (2025) has even introduced a hybrid model using the SGO-

extended random forest and XGBoost, which has shown significant performance

improvement. But the game does not stop here.

Feature Engineering—Choosing and forming input data is proven to be as important as

the model. Studies such as Wang et al. (2024) and Guo et al. (2025) emphasise how

optimal feature selection directly affects predictions. Nevertheless, many researchers

still use basic or default feature sets, ignoring the valuable patterns in the data.
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1.2.1 Overview of the Research Area

This study focuses on a modern, yet relevant, mission-orientated learning model that

combines the above-mentioned techniques with an optimised reaction model. The one-

size-fits-all approach to problem-solving is a promising approach. Before we do, let's

take a deeper look:

Can we believe in the death of the angry mob?

Could we have guessed their fate more accurately?

The chosen dataset—Heart Failure Clinical Records from Kaggle—includes 299 patient

records with 13 attributes, such as age, ejection fraction, creatinine levels, and serum

sodium. Even though this is a documentary, it is still a work in progress with

sophisticated editing, sound editing, and a well-tuned editing algorithm. Our work takes

inspiration and benchmarks from the following studies:

Ashrafi et al. (2024) – Optimizing mortality prediction in ICU patients using XGBoost

Lee & Tsoi (2025) – Using feature-augmented ML for all-cause mortality

Ali et al. (2023)– Survival prediction using risk factor analysis

Hajishah et al. (2025)– Hybrid ML for reducing heart failure mortality

Each of these has demonstrated that combining the right features with optimized

algorithms yields much more accurate and effective results.

1.2.2 Definition of the issue/gap

Despite the explosion of machine learning applications in healthcare, most models for

heart disease focus entirely on binary classification – predicting whether a person has

the disease or not. This is a good start, but more nuance is needed for real-world

treatment:

Who is likely to die from heart disease?
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What is the severity of their condition right now?

Many studies, such as Ahsan & Siddique (2022), Luo et al. (2022),and Shamrat et al.

(2025), stop at classification and ignore regression-based results. Even when studies

attempt to predict mortality Luo et al. (2024) and Naik et al. (2025), they often rely on

predefined or fixed features, without examining how different feature engineering

techniques might change performance. Even promising models, such as papers Naik et

al. (2025) and Shamrat et al. (2025)—which use hybrid approaches—lack transparency

about how features were selected, tuned, or weighted. This limits their interpretability

and clinical confidence. Luo et al. (2024) used SHAP values for interpretability but did

not fully exploit engineered regression models to predict both risk and severity.

Most existing models are not designed to scale across different patient populations or to

provide continuous outcome scores, such as risk percentage or severity level. Lots of

"yes/no" predictions, but not enough detail to guide real intervention.

1.2.3 Purpose of the study

This study aims to directly address these gaps. Using the Kaggle Heart Failure Clinical

Dataset's, our goal is twofold: To develop advanced feature engineering techniques to

extract richer, more predictive signals from limited clinical data.To implement and

optimize multiple regression models, including linear regression, ridge, lasso, and

XGBoost regression, to predict:

a) mortality risk score (probability of death), and

b) patient heart disease severity level (based on multi-feature trends).

We will compare these models to baseline classifiers and evaluate them using

performance metrics such as RMSE, MAE, R², and cross-validation scores. SHAP

(Shapely Additive Explanation's) and feature importance plots will be used to keep the

models interpret-able for medical professionals. This is not just another heart disease

detection study. It is a risk stratification system - it predicts how bad it is likely to be,
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who is most at risk, and which features are most important. Inspired by studies Naik et

al. (2025), Luo et al. (2024), and Wang et al. (2024), we aim to provide a transparent,

interpret-able, and high-performance model that can support clinical decisions - not just

predict in a vacuum.

1.2.4 Importance and Contributions of the study

Despite the explosion of machine learning applications in healthcare, most models for

heart disease focus entirely on binary classification – predicting whether a person has

the disease or not. This is a good start, but more nuance is needed for real-world

treatment: Heart failure is deadly—but it’s also manageable if caught early. In busy

hospitals or clinics with limited resources, there’s a dire need for tools that can predict

risk and identify critical patients before it’s too late. Our research answers that call.

Here’s where this study stands out—and why it matters: Most ML research stops at

heart disease classifications: yes/no, disease/no disease. This study goes deeper. Using

regression models, we can predict how severe a case is likely to be and how high the

risk of death actually is. This is next-level insight. Studies like Li et al. (2022)

(Interpretable Mortality Model) and Hajishah et al. (2025) (Meta-analysis of ML for

Mortality) show the value of going beyond simple classification—but still lack

regression depth.

The dataset is small (299 patients), but the potential is huge. We apply advanced feature

engineering, exploring polynomial features, binning techniques, normalization

techniques, and domain-searching. Papers Wang et al. (2024) and Ahmad et al. (2025)

have shown that smart feature engineering can dramatically improve model

performance—yet most models still rely on raw inputs.

Our research systematizes feature optimization and shows how it impacts model

accuracy, interpret-ability, and generalization. Clinicians don’t want “black boxes.” We

use SHAP (Luo et al., 2024) to interpret each model’s predictions, showing exactly

which features tipped the scales. This builds trust with healthcare teams and makes the

model usable in real-world practice. This research combines model accuracy with

transparency—the following examples from Luo et al. (2024), Ali et al. (2023), and
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Winger et al. (2025). While some studies predict mortality (Swathy & Saruladha, 2022,

Hajishah et al., 2025), very few provide insight into severity-level (Guo et al., 2025 and

Naik et al., 2025). Our study does both—producing two outputs that can drive early

intervention and resource prioritization.

The models we build are lightweight, interpret-able, and ready to be deployed in

clinical dashboards or decision-support systems. This is important for real-world

adoption, especially in settings without deep AI infrastructure. Inspired by the

deployment-ready frameworks in Jindal et al. (2021) and Segar et al. (2022), our work

bridges the gap between research and reality.

1.3 Structure of the paper

To make this research clear and actionable for both data scientists and healthcare

professionals, the paper is structured as follows: Section 1: We examine recent and

notable machine learning applications in heart disease prediction, with an emphasis on

feature engineering, regression techniques, and interpretability. Particular attention is

paid to papers Jindal et al. (2021), Lee & Tsoi (2025), Wang et al. (2024), Ali et al.

(2023), Naik et al. (2025), and Shamrat et al. (2025), which lay important foundations

in mortality risk analysis and model design. Section 2: This section outlines the dataset

(Heart Failure Clinical Records from Kaggle), preprocessing techniques, feature

engineering techniques, and the regression models tested—such as linear, lasso, ridge,

XGBoost, and ensemble methods. It also explains how SHAP values and performance

metrics such as RMSE, MAE, and R² are used for evaluation. Section 3: We present the

results of model training and evaluation, comparing performance across different

feature sets and algorithms. Feature importance and visualization of model behavior are

included to illustrate how predictions were made.Section 4: we interpret the results in

the context of existing medical knowledge. We discuss implications for real-world

clinical use, model limitations, and how our method compares to benchmark studies

(Wang et al., 2024, Shamrat et al., 2025). Section 5: We summarize the main findings,

highlight the novelty of using dual-regression output, and suggest future directions—

such as testing on larger or multi-institutional datasets, incorporating time-series data,

or developing a real-time clinical app.
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CHAPTER 2

Literature Review

2.1 Introduction to Literature Review

Heart disease remains the leading cause of death worldwide, with heart failure

contributing significantly to the global burden of disease and healthcare costs.

According to the World Health Organization (2023), cardiovascular disease (CVD)

claims an estimated 17.9 million lives annually. Accurate and early prediction of heart

disease severity and mortality is essential for effective clinical decision-making,

especially in intensive care settings. Traditional diagnostic systems rely heavily on

clinical expertise and manual assessment, which often lack the expertise and predictive

power required to manage large, heterogeneous patient populations (Alizadehsani et al.,

2019).

Recent advances in artificial intelligence (AI), particularly supervised machine learning

(ML) models, have shown great promise in enhancing the predictive performance of

heart disease risk assessment. These models can detect non-linear patterns in clinical

datasets, accommodate different risk factors, and continuously improve with additional

data (Saxena et al., 2022). However, the existing literature presents a variety of

approaches - from simple logistic regression models to complex ensemble systems -

each with distinct advantages, limitations, and levels of interpretability. A critical

review of these studies is essential to identify performance bottlenecks, clinical

applicability gaps, and opportunities for enhancement.

The current study, titled "Advanced Feature Engineering and Optimized Regression

Models for Predicting Heart Disease Mortality Risk and Severity," aims to fill several

existing gaps by integrating optimized regression models with advanced feature

engineering techniques such as Principal Component Analysis (PCA), Genetic

Algorithm (GA), and SHAP (SHapley Additive exPlanations) for interpretability. This
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literature review assesses the significance, relevance, and methodological limitations of

these existing peer-reviewed papers and critically compares them with our research

methodology, data preprocessing pipeline, and model outputs.

The aim of this review is not only to summarize past research, but also to synthesize the

findings subjectively, assess methodological robustness, and assess how they align with

or deviate from the objectives of the current study. This review contributes to a clear,

structured roadmap of the current academic landscape of heart disease prediction using

ML by exploring these questions across different research themes: traditional versus

machine learning-based models, feature engineering, regression optimization, model

interpretability, and benchmarking. Ultimately, it lays the foundation for establishing

the current research as a more precise, interpretable, and clinically applicable model

than many past approaches.(Gertler, 2003)

Finally, this study provides us more information and insights than many others. In the

past, traditional ways of estimating the risk of cardiovascular disease have used

statistical methods like linear regression, proportional hazard models, and time-

dependent risk-adjusted life-span models. These models can be helpful, but they are

often too simple, not helpful, and unhelpful (Schaimer et al., 2018). Also, the fact that

the predictors are not reliable, valid, or independent can make it difficult to draw

conclusions from big, time-consuming, or random datasets (Parchure et al., 2020).

A number of major research studies have proven that standard models don't work as

well as they should. For instance, a systematic literature review called "Machine

Learning-Based Heart Disease Diagnosis" (Alizadehsani et al., 2019) found that

statistical models sometimes miss small interactions between variables, which makes

them less accurate at predicting death outcomes than later ML methods ([1]). Shah et

al.'s (2020) paper "Heart Disease Prediction Using Machine Learning" also showed that

classical models don't operate well with big datasets that include missing data, class

distributions that aren't balanced, and nonlinearities (Jindal et al., 2021).

On the other hand, decision trees, support vector machines (SVMs), random forests, and

boosting algorithms have made a lot of progress in the last few years when it comes to

making predictions. These models are effective at detecting complicated, nonlinear



19© Daffodil International University

connections between features, working with data that has more than one dimension, and

correcting for data that is different (Raihan et al., 2021; Liu et al., 2023). Li et al. (2022)

found that an interpretable machine learning model for predicting mortality in ICU

patients with heart failure was substantially better at finding tiny risk patterns and

forecasting ICU mortality than traditional techniques.

But this transformation has brought forth fresh worries. Much early research didn't

stress how clear and easy to understand ML models are, which is critical in the medical

industry. As A said, According to a survey on machine learning techniques for

predicting heart disease (Saxena et al., 2022), several high-performance models,

including random forests and gradient boosting, are typically considered black boxes,

which makes it hard for doctors to accept them (Bairy et al., 2025). Because of this,

recent research is moving towards ML models that are easy to understand and use

methods like SHAP and LIME to show how features affect the model and establish trust

among doctors.

Despite these improvements, a significant gap remains in the integration of

interpretability, advanced feature engineering, and regression optimisation into a single

pipeline. We aim to integrate interpretability, advanced feature engineering, and

regression optimisation into a single pipeline. Our study's goal is to fix this hole by

creating a hybrid model that not only improves performance but also makes sure that it

is clear and can be used in the real world. Our method is different from the ones above

because it combines the best parts of both traditional and modern approaches. It starts

with a clean and easy-to-understand regression base and then uses feature selection

(PCA, GA), ensemble methods, and SHAP-based interpretation layers to gradually

improve predictive performance.

This layered approach fixes the performance gap in traditional models while keeping

them easy to understand. This process is something that is often completely ignored in

performance-driven ML research. This allows our study to achieve its two goals: being

useful in the clinic and making accurate predictions. Many of the prior models, such as

Shah et al. (2020) and Raihan et al. (2021), do not do this well (Shamrat et al., 2025;

Raihan et al., 2021, .
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2.2 Feature Engineering and Selection in Heart Disease Models

Feature engineering is one of the most important factors influencing the accuracy of

machine learning models in predicting heart disease. If raw clinical data isn't cleaned up

adequately, it can have noise, irrelevant features, and other problems that can make

models less accurate. Feature selection gets rid of variables that don't help and makes

the model less likely to over-fit, while feature engineering turns raw information into

more useful and predictive representations (Latha & Jeeva, 2019).

Many studies have shown how important this stage is. For instance, Feature Selection

Strategies for Optimised Heart Disease Diagnosis Using ML and DL Models (Javeed et

al., 2022) found that using recursive feature elimination (RFE) and information gain

approaches can make classification accuracy up to 12% better than the baseline model

(Noroozi, Orooji, & Erfannia, 2023). In the same way, looking at how feature selection

affects the accuracy of heart disease predictions has demonstrated that not all features

are equally important, and keeping ones that aren't can cause overfitting and

misclassification, especially in small or unbalanced datasets(Zhou et al., 2024).

Researchers have also looked into more advanced ways to choose features that go

beyond typical filters. An empirical study of the Whale optimisation algorithm for heart

illness (Sheikh et al., 2021) found that using a bio-inspired metaheuristic to choose the

best feature subset led to big improvements in performance (Bairy et al., 2025). At the

same time, the Spiral Genetic Optimisation algorithm increased the performance of the

SGO-enhanced Random Forest and XGBoost framework for predicting heart disease by

evolving feature subsets(Naik, Tejani, & Mousavirad, 2025).

These studies indicate that choosing the right features can make a big difference in how

well machine learning works in medical situations. Also, techniques for reducing

dimensionality, including Principal Component Analysis (PCA), have been used to

obtain around multicollinearity and make the results more generalisable. The Early

Heart Disease Prediction Algorithm Using Feature Engineering and Machine Learning

(Sharma et al., 2022) revealed that PCA helped minimise the feature space while

keeping more than 95% of the variance. This made the model's AUC and F1-score

better (Guo et al., 2025).
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This finding is in keeping with how we did things, since PCA was employed as part of

the preprocessing pipeline to deal with clinical variables that were quite similar to each

other. Our study takes it a step further by putting PCA, Genetic Algorithm (GA), and

SHAP together in a single, easy-to-understand process. These methods have been

employed separately in the past, but there isn't a single one in the literature that

combines all three to create feature importance rankings that are both optimised and

easy to understand. For instance, Shaik et al. (2021) employed the Whale Optimisation

technique to make things more accurate, but they didn't apply SHAP for post-hoc

interpretation or PCA to address feature collinearity(Sheikh et al., 2021). In the same

way, Javed et al. (2022) used traditional RFE but didn't include multi-objective

optimisation or interpretability (Jindal et al., 2021).

What makes our method important is that it includes all of these things. Our pipeline

not only makes the model work better, but it also makes it easier to understand by using

PCA to cut down on duplication, GA to determine the best feature subsets, and SHAP

to explain the final model conclusions. This hybrid method makes sure that forecasts

are clear and useful in real-world healthcare settings where practitioners need to be able

to trust them.

In short, while previous research has demonstrated that feature engineering has a big

effect on how accurate heart disease predictions are, many methods for choosing,

reducing, and interpreting models don't incorporate all of them. Our study solves this

gap by offering a new combination of dimension reduction, evolutionary optimisation,

and interpretable AI that is better suited to the needs of healthcare environments.

One of the main goals of modern cardiovascular research is to be able to predict how

likely a person with heart disease is to die and how serious their condition is. Models

capable of examining long-term trends, various comorbidities, and evolving

physiological markers are essential for predicting mortality and severity (Johnson et al.,

2021). Such prediction is different from simply classifying the existence or absence of

disease. These models have to deal with time-based data, many features, and class

distributions that aren't always even, which makes them a lot harder to work with than

regular diagnostic classifiers.
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Several studies have helped sort out the different levels of risk of death for cardiac

patients in the intensive care unit (ICU) and those who are hospitalised. For instance, Li

et al. (2022) built a model to predict the risk of death based on machine learning that

could be understood by ICU patients using data from the MIMIC-III dataset. Their

results demonstrated that XGBoost-based models were better at predicting in-hospital

deaths than traditional approaches, while SHAP interpretations made doctors more sure

of their diagnoses Li et al (2022). In the same way, Liu et al. (2023) used ensemble

learning to predict outcomes for ICU patients and found that models that combined

advanced preprocessing and optimisation worked better Ashrafi et al (2024).

However, many of these models are not compatible with a wide range of data types. For

instance, the MIMIC-III database has many useful features, but its structure is very

different from that of non-ICU datasets, which makes it harder to use the model in other

situations (Jiang et al., 2023). Also, most studies focus on predicting short-term death

rates but not equally on severity grading, like classifying left ventricular dysfunction or

analyzing reduced ejection fractions.

Some researchers have started to use severity-specific models. For instance, The time-

adaptive machine learning model (Wang et al., 2022) used time-aware algorithms that

change based on the patient's condition to forecast the severity of heart failure with

reduced ejection fraction.

Use electronic health records to anticipate how heart failure will become worse Winger

et al (2025). Other research, including Interpretable Artificial Intelligence Model for

Predicting Heart Failure Severity after Acute Myocardial Infarction (Ahmed et al.,

2022), has stressed the need of interpretability in severity detection by combining

biomarkers and clinical data Guo et al (2024).

Our research adds to this trend by creating a model that uses optimised regression and

feature selection methods to predict both the chances of death and the severity of the

disease. Most previous models only check if someone is dead or alive, not the severity

levels needed for triage, monitoring, and discharge planning. We employ PCA and

SHAP to determine the factors that have the largest effect on predicting severity, such
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as serum creatinine, ejection fraction, and age. We also use regression objectives like

the chance of death and the illness stage score.

Another major flaw in earlier studies is how they dealt with imbalances. A lot of the

time, mortality statistics have a minority class (like death events), which makes models

that favour the predictions of the majority biased. While some studies employ SMOTE

or categorical weights to address this issue, they don't consistently apply these methods.

On the other hand, our research pipeline uses class balance approaches to assure that

everyone is fairly represented at both the training and validation stages. Such an

approach makes the results more generalisable and less biased.

In summary, although many studies demonstrate that powerful machine learning

models such as XGBoost can accurately predict mortality, these studies often overlook

multidimensional predictive tasks that integrate mortality with severity scoring, lack

generalisable pipelines applicable in various clinical settings, and fail to present results

in an easily understandable manner. Building on these discoveries, we offer an

integrated solution that balances performance, interpretability, and usefulness across a

diverse range of clinical scenarios.

Regression models have been used for a long time to forecast medical risks. Regression

methods, especially logistic regression, are often employed in studies of cardiovascular

mortality because they are easy to understand and use. But typical regression models

don't always work well with nonlinear and high-dimensional datasets (Rahimian et al.,

2018). As datasets get bigger and more complex, there is a need for better optimisation

algorithms and regression frameworks.

Several studies have shown that traditional regression doesn't work well with real-world

heart disease datasets. A study on using machine learning to look at risk factors and

predict survival in heart failure patients (Ye et al., 2021) found that while logistic

regression presents a solid idea of survival rates, ensemble-based regressors and support

vector regression do a much better job of predicting survival when nonlinearities are

present (Zhou et al., 2020). In the same way, the authors of Multidimensional Feature

Engineering and Optimization of Data Partitioning Techniques in Heart Disease

Prediction Models (Roy et al., 2022) showed that regression models don't work on
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datasets that haven't been seen before if the data isn't properly partitioned or the features

aren't scaled (Kumar et al., 2022).

Increasingly complicated clinical data has led to the use of increasingly advanced

regression methods, such as ridge regression, lasso regression, elastic net, and support

vector regression (SVR). These models use regularisation to protect against overfitting

and can deal with multicollinearity among predictors (Zhou et al., 2020). But choosing

the right hyperparameters and adjusting the model are crucial for their performance. For

instance, choosing the wrong L1/L2 penalty parameters can make it harder for lasso or

ridge to determine the right variables (Zhang and Wang, 2021).

Researchers have proposed a number of optimization solutions to deal with these

problems. These include grid searching, random searching, and meta-heuristic

algorithms, including genetic algorithms (GA) and Bayesian optimization. In BOO-ST

and CBCEC: Two Novel Hybrid Machine Learning Methods for Reducing Mortality in

Heart Failure Patients (Zhao et al., 2022), the authors used Bayesian approaches to

optimize boosted regression trees to make better predictions about who would die (Zhao

et al., 2022). Another intriguing case is the study of the empirical whale optimization

technique (Sheikh et al., 2021), in which a nature-inspired method was used to improve

a vector regression model's F1-score and accuracy (Sheikh et al., 2021).

We enhance these results by incorporating the optimized regression models into a

hybrid machine learning process. We use Ridge, Lasso, and ElasticNet regression

models, each of which is set up to choose the best parameters using grid searching and

genetic algorithm optimization. We fix the problems that were observed in earlier

studies, where default or poorly tuned hyper parameters made the model unstable or

hard to generalize.

We also use a stacked regression ensemble in our work, which combines the best parts

of several base regressors. This method is in line with the findings of A Comprehensive

Review on Heart Disease Risk Prediction Using Machine Learning and Deep Learning

Algorithms (Kumar et al., 2022), which found that ensemble-based regression makes

predictions more reliable and less biased (Kumar et al., 2022).
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In short, classical regression approaches are a good starting point, but the research

shows that heart failure prediction should move towards optimised and hybrid

regression models. Our research supports this change by combining classical

interpretability with modern hyperparameter tuning, ensemble approaches, and

evolutionary optimisation. The combination makes the model accurate and clinically

dependable.

As machine learning (ML) models for predicting cardiac disease have gotten

increasingly complicated, especially with the use of ensemble, deep learning, and

hybrid methods, the need for models to be clear and easy to understand has grown

considerably. This is especially crucial in healthcare, because doctors and other

decision-makers need to know why a model says a patient is at high risk, not merely

that they are not at high risk (Doshi-Velez and Kim, 2017).

To satisfy this demand, XAI (interpretable AI) methods have become important parts of

medical ML pipelines. SHAP (SHapley Additive exPlanations) and LIME (Local

Interpretable Model-agnostic Explanations) are commonly used methods in healthcare

to make "black box" models easier to understand. People often use Interpretable Model-

agnostic Explanations (IMEs) and Partial Dependence Plots (PDPs) to make "black

box" models easier to understand (Lundberg & Lee, 2017).

Tjoa and Guan (2020) wrote about XAI for Healthcare: A Systematic Review. XAI

procedures assist in finding important risk factors, including serum and ejection fraction.

Heart failure research often examines age, creatinine, and other factors (Zhou et al.,

2024). We observed this in our dataset (Kaggle: Heart Failure Clinical Records).

Traditional feature importance from tree-based models puts serum creatinine and age at

the top of the list of predictors. However, SHAP values gave personalised explanations,

demonstrating that for some patients, features like "time" (follow-up period) or

"platelets" had a bigger effect on the probability of death. This study shows how XAI

can explain things in a way that is specific to each patient, something static feature

ranking approaches can't do.



26© Daffodil International University

A number of recent research studies back this method. For instance, in Towards

Explainable Cardiovascular Risk Prediction Using machine learning, Sannino et al.

(2021) employed SHAP with a gradient boosting model. It showed that age, gender, and

sodium levels were important in different groups (Sannino et al., 2021). Chen et al.

(2022) also use LSTM networks with SHAP and LIME in Explainable Deep Learning

for Early Detection of Heart Failure Risk to provide real-time explanations of how

patient records change over time (Chen et al., 2022). These results match what we saw

in our SHAP-based visualisations, where waterfalls and heat plots provide both global

and local model information.

XAI approaches, despite their merits, face criticism for their post-hoc nature and

potential deception. Rudin (2019) says that in high-level domains like medicine, models

that are naturally explicable (such as decision trees or linear models) should be used

instead of models that are too complicated and need XAI. Some researchers, on the

other hand, suggest a mixed approach: using explainable models when they can, while

using XAI methods on more accurate, complicated models when they need to (Caruana

et al., 2015). We used this mixed method in our research. We used both tree-based

models with built-in feature interpretation (like random forest and XGBoost) and more

complicated models (like ensemble regressor and neural network). Then we used SHAP

to obtain further information. This method lets us combine accuracy and interpretability,

which makes doctors more confident.

In short, the research backs up the idea that XAI is very crucial for connecting machine

learning models with real-world use. XAI approaches, especially SHAP, are changing

the way ML models are used in workflows for assessing cardiovascular risk by making

them more transparent, responsible, and patient-specific.

Ensemble learning approaches, which use many base learners to make a stronger model,

are becoming more and more popular for predicting cardiovascular mortality because

they are better at making predictions and can be used in a wider range of situations.

Ensembles reduce variation and bias, enhancing stability compared to individual

classifiers or regressors (Dietterich, 2000).
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Several studies have shown that ensemble approaches work well for predicting

cardiovascular risk. For instance, Liu et al. (2023) employed an XGBoost-based

ensemble to predict death in ICU heart failure patients. They said that it was more

accurate and had a higher AUC than single models like logistic regression or random

forest Liu et al. (2023). The SGO-enhanced random forest and extreme gradient

boosting framework for predicting cardiac illness (Almohaimid and Ahmed, 2020) also

used a spiral genetic algorithm to adjust the parameters of the ensemble model, which

led to big increases in F1-score and recall (Almohaimid & Ahmed, 2020).

Hybrid learning methods, which mix several machine learning paradigms, including

mixing deep learning with classical models or natural language processing (NLP) with

structured data, have also become more popular. Ahmed et al. (2022) came up with a

hybrid ML-NLP framework for finding early signs of acute coronary syndrome. They

showed that mixing structured numerical features with textual clinical notes makes the

system more sensitive and specific(Ahmed et al., 2022)..

Another example is the BOO-ST and CBCEC hybrid technique (Zhao et al., 2022),

which used boosted trees, ensemble clustering, and evolutionary algorithms to make

fewer mistakes while predicting heart failure deaths (Zhao et al., 2022). These hybrid

techniques demonstrate a trend towards multi-modal, multi-algorithm pipelines

designed to address the inherent challenges of clinical datasets. The research shows that

ensemble and hybrid methods not only make predictions more accurate, but they also

make it easier to create and understand features. Ensembles let you combine the

strengths of weak learners and reduce the weaknesses of individual models. We make

use of this advantage by stacking optimised regression models and tree-based methods,

together with SHAP-based explanations, making it easier to understand how features

affect ensemble members.

Even though they have a lot of potential, ensemble and hybrid models can be

challenging to use in real-time clinical settings since they use a lot of computing power.

Therefore, it is still difficult to attain a balance between model complexity, interpret-

ability, and computing efficiency. Our study solves this problem by using feature
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selection and dimensionality reduction before ensemble. This makes sure that the

predictions are clear, easy to understand, and accurate.

In conclusion, much research has shown that ensemble and hybrid learning are very

effective ways to improve the accuracy of predictions for heart failure deaths. Our

research adds to the field by combining optimized feature engineering, regression, and

ensemble approaches in a single, easy-to-understand pipeline that strikes a compromise

between performance and clinical usability. A thorough look at the literature shows that

machine learning has made great strides in forecasting how severe and deadly heart

disease will be. Our research tries to fill in some of the gaps and restrictions that still

exist.

2.2.1 Research Gaps

Not many studies combine numerous advanced techniques (such as PCA, genetic

algorithms, and SHAP) into a single pipeline. Most studies just use feature selection or

dimensionality reduction. Improve both prediction performance and interpretability at

the same time (Zhao et al., 2022; Jindal et al., 2021; Wang et al., 2024).Not enough

focus on predicting both mortality and severity: Most models either look at mortality

classification or severity grading, and very few look at both in multi-output or

regression frameworks (Li et al., 2022; Winger et al., 2025; Luo et al., 2024).

This limitation makes it less useful in the clinic, where fine-grained classification helps

doctors decide on treatment. Not enough work has been done on class balance handling:

Even though imbalances are widespread in heart failure datasets, using class balance

methods like SMOTE or cost-sensitive learning is still not consistent (Sabouri et al.,

2023).

Difficulties in understanding complex models: Even if XAI is becoming more popular,

the usage of post hoc interpretation tools (like SHAP) makes people question how

reliable they are. There hasn't been much work that combines accuracy and built-in

interpretability in hybrid systems (Rudin, 2019; Kumar et al., 2022)..
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Deployment and computational efficiency: Many ensemble and hybrid models are very

accurate, but they are difficult to use in real-time clinical settings because they need a

lot of computing power(Segar et al., 2022; Ashrafi et al., 2024).

2.2.2 Research Contribution

Our research adds to the field by creating a machine learning pipeline that is integrated

and Our research integrates PCA, evolutionary algorithm-based feature selection, and

SHAP values into a framework that optimizes and interprets features at multiple levels.

It uses optimized regression and ensemble stacking methods to forecast both the

likelihood of dying from heart failure and the severity of the disease at the same time,

making it more useful in the clinic.

Uses rigorous class balance to make predictions for the minority class better and cut

down on prejudice.

XAI offers a hybrid technique that combines models that are easy to understand with

post hoc interpretation. This makes the results more trustworthy and clear.

By reducing dimensionality and using selective ensemble, it strikes a balance between

predicted accuracy and processing efficiency, making it possible to use in the real world.

This literature review brings together 41 original research studies on using machine

learning to predict death and severity of heart disease. It shows how the field has

changed from simple classifiers to complex, understandable, and optimized hybrid

systems. Even though prior work has laid a solid foundation, there are still gaps in

multi-output prediction, feature optimization integration, and deployment feasibility.

Our study fills in these gaps by giving a new, understandable, and performance-

optimized method that improves the present state of the art and is useful in real-world

clinical settings.
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Table 2.1 Previous literature reviews

Serial
No.

Title / Core
Method

Algorithms
PerformanceUsed

Best
Performing
Model

Key Focus

Predicting
Mortality in

2 ICU Patients
with Heart
Failure

XGBoost,
SVM, RF,
Neural
Networks

AUC 0.824,
SVM lowest
AUC 0.701

XGBoost
with SHAP

Mortality
prediction in
ICU HF
patients

Optimizing
Mortality

4 Prediction for
ICU Heart
Failure
Patients

XGBoost,
Random
Forest

AUC ≈ 0.80 XGBoost
ICU HF
mortality
prediction

SGO-
enhanced

5 Random
Forest and
XGBoost

RFE and
Gradient7

Boosting for
Heart Disease

Prediction of
11 HF Mortality

with XGBoost
XGBoost Improved

accuracy XGBoost heart failure
mortality
prediction

SGO-based
Random
Forest,
XGBoost

RF: 95.08%
Acc (AUC
95.26%)

SGO
Random
Forest

Heart disease
prediction
with
optimized
RF and
XGBoost

RFE, Accuracy ≈ RFE-
RFE-featured
Gradient

Gradient 89.7%, AUC ≈ Gradient Boosting for
Boosting 0.84 Boosting heart disease

prediction

XGBoost for
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CHAPTER 3

METHODOLOGY

3.1 Research Workflow

We Developed a Methodology for Heart Disease.In which first stage we have applied

data Preprocessing, second feature Engineering, third model selection and then the rest

sequentially. The analytic and modelling tasks in this study were done using the Python

programming language in the Google Colab environment. Figure 1 shows the whole

research approach.

Figure 1.3 Methodology Diagram
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3.2 Data Collection

The Heart Failure Clinical Records Dataset, which is open to the public on Kaggle,
provided the data for this study. This dataset has 299 patient records, each with 13
clinical features and a target variable that shows if the patient died (1) or lived (0). The
most important pieces of information in the dataset include age, ejection fraction, serum
creatinine, platelet count, serum sodium, and other clinical factors that give us a better
idea of how sick heart failure patients are. The information comes from people who
have been diagnosed with heart failure and includes survival rates during a certain time
of follow-up. Many studies, such as ( Pathan et al , 2022; Swathy et al ) have used this
datasets, which shows that it is useful for study.
Table 3.1 Name of the Data Description

Name of the
Feature

Data Type Description of the
Feature Range Name

Age Float The participant's
age.

Continuous
(typically between
20 and 90 years)

Anaemia Boolean
Whether the patient
has anaemia (1 =
Yes, 0 = No).

0 = No, 1 = Yes

Diabetes Boolean
Whether the patient
has diabetes (1 =
Yes, 0 = No).

0 = No, 1 = Yes

CPK Integer

The amount of CPK
enzyme in the
blood, which may
be affected by red
blood cell count or
haemoglobin levels.

Integer, typically 0
- 1000 (varies per
patient)

EF (Ejection Integer
Fraction)

The percentage of
blood that leaves
the heart with each
heartbeat (range: 0
to 100).

0 to 100 (percent)
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HBP (High Blood
Pressure) Boolean

Whether the patient
has high blood
pressure (1 = Yes, 0
= No).

0 = No, 1 = Yes

Platelets Float
The amount of
platelets in the
blood.

Continuous,
typically 150,000 -
450,000 platelets

SC (Serum
Creatinine) Float

The amount of
creatinine in the
blood, a marker of
kidney function.

Continuous (e.g.,
0.6 - 1.3 mg/dL)

SS (Sodium) Integer

The amount of
sodium in the
blood, a marker of
electrolyte balance.

Continuous,
typically 135 - 145
mEq/L

Sex Boolean
Gender of the
patient (1 =Male, 0
= Female).

0 = Female, 1 =
Male

Smoking Boolean
Whether the patient
smokes (1 = Yes, 0
= No).

0 = No, 1 = Yes

Time Integer

The time in days
from the start of the
observation until
the follow-up
period.

Continuous,
typically between
30 and 1000 days

DEATH_EVENT Boolean

Whether the patient
died during the
follow-up period (1
=Yes,0 =No)—this
is the target
variable.

0 = No, 1 = Yes
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3.2.1 Data Preprocessing

Finding and eliminating any data that is missing, duplicated, or useless is known as data

cleaning, and it is a crucial step in the machine learning (ML) pipeline. Data validation

makes sure that data is correct, consistent, and complete. error-free is known as data

cleaning. This is crucial because raw data is often noisy, inconsistent, and incomplete,

which can reduce the model's accuracy and the dependability of the insights it uncovers.

3.2.2 Feature Selection

In machine learning, feature selection is the process of choosing the most important

features from a large set of features so that the model is more accurate and works

better.The goal is to make models simpler, better at what they do, and easier to

understand by getting rid of parts that aren't needed or are too much like other parts.

The datasets is still raw and unprocessed at this point, which means that the features are

still in their original form. Some examples of categorical variables are anaemia,

diabetes, gender, and smoking. These are integers, but they aren't ready for machine

learning yet.Continuous data like age, platelets, and creatinine_phosphokinase may

have distributions that aren't normal and outliers that can make the model work worse.

There are no new features, no interaction terms, and no scaling, therefore the model

can't make very accurate predictions.

Table 3.2 Before Feature Engineering (Raw Dataset)

Feature Name Data Type Missing Value Description of the
Feature

Age Float 0 The participant's
age.

Anaemia Boolean 0
Whether the patient
has anaemia (1 =
Yes, 0 = No).



35© Daffodil International University

.... ….. …. ….

DEATH_EVENT Boolean 0

Whether the patient
died during the
follow-up period (1
=Yes,0 =No)—this
is the target
variable.

Machine learning encodes categorical variables as one-hot. Scaled or normalised

continuous features stop one feature from taking over. To get rid of noise and make

things more accurate, extreme values are either removed or log-transformed. New

parts, such as interaction terms and composite risk ratings, can show correlations that

aren't straight lines. In general, the datasets is cleaner, has more data, and helps

develop models that are accurate and easy to interpret.

Table 3.3 After Feature Engineering (Processed Dataset)

Feature Name Data Type Method

Age Float Original

Age* ejection_fraction Numeric Interaction
Feature

… …. …..

creatinine_phosphokinase_log Numeric

Log-transformed
feature for better

regression
performance

Risk_score Numeric

Composite feature
from key risk
indicators
(optional

advanced FE)
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unchangedDEATH_EVENT Binary Target variable,

Mean Imputation:Mean imputation fills in missing values in numerical characteristics

using the mean of the variable that goes with it. This works well when there aren't too

many missing values.

KNN Imputation: For some features, K-Nearest Neighbours (KNN) imputation is a

superior way to fill in missing values than mean imputation. It fills in missing values

by looking at the values of the closest neighbours and how the data points are related to

each other.

Handling Outliers: The Interquartile Range (IQR) Method is a tool to find outliers.

Values that are outside of the range set by:

Lower Bound = Q1-1.5*IQR 3.1

Upper Bound = Q1+1.5*IQR 3.2

Q1 and Q3 are the first and third quartiles, and IQR is the interquartile range.

Depending on the situation, these outliers are either removed or limited.

One-hot Encoding: This method, called one-hot encoding, turns category data into

numbers. For example, you can change a variable like sex (male or female) into two

binary features: sex_male and sex_female.

Normalizing Features: StandardScaler is used to normalise continuous variables like

age and serum creatinine so that their characteristics are the same. This makes sure

that every feature has a mean of 0 and a standard deviation of 1. This helps models like

Logistic Regression and XGBoost work better. The first and third quartiles are Q1 and
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Q3, and the IQR is the range between these two quartiles. These outliers are either

deleted or capped, depending on the situation.

Matrix of correlations: The correlation matrix is made to look at how features are

related to each other. To lower multicollinearity, you can usually get rid of two features

that are quite similar because they aren't needed.

Regularisation using L1 (Lasso): We use both lasso regression and L1 regularisation

to choose features. The model thinks that features with coefficients that are not zero are

important.

Recursive Feature Elimination is what RFE stands for: RFE finds the most

important features by removing each one separately and checking how well the model

works. We choose the most important features with RFE and either an XGBoost or

Random Forest model.

Using a genetic algorithm to improve dimensionality: Genetic algorithms let us

choose a small number of features that lower the prediction error. Evolution and natural

selection are used in this method to find the best set of traits.

PCA (Principal Component Analysis): PCA makes the data easier to work with by

reducing the number of dimensions, getting rid of noise, and grouping related

information into main components. In this manner, the data retains its usefulness while

losing less information.

The importance of LIME/SHAP based characteristics: LIME/SHAP, or Shapley

Additive Explanations, tells you which features are most important by figuring out how

each one affects the model's predictions. It lets us make the model simpler by keeping

only the most important parts.

Things that make for good interaction:When two attributes are thought to work well

together, they can be combined to make new interaction features. For instance, there

may be strong links between age and serum creatinine that other factors wouldn't show.
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Chi-Squared Test: Chi-squared is used to find out if the qualities of a category are not

related to each other. We retain the most significant parts of this test to enhance the

model's training.

3.2.3 Training the Model

The first thing you need to do to train the model is to divide the dataset into two parts:

one for training and one for testing. This is really important since it lets us train the

model on one part of the data and test how well it works on another part to make sure it

doesn't overfit.

Training Set: The models are trained on 80% of the data. We use the training data to

fit the model and figure out how the data works.

Test Set: 20% of the data is used to check how well the model works. The test set lets

us observe how well the model works with new data.

3.3 Model Selection

We picked the following models to utilise for both training and testing:

XGBoost: XGBoost is a gradient boosting method that builds decision trees one at a

time and addresses the flaws of the trees that came before it. Well-known for being

quick and strong.

3.3.1 Support Vector Machine

Traditional ML SVM is a strong supervised learning method that works by finding the

best decision boundary or hyperplane (Ding et al., 2021). The functional form of SVM

is shown here: X is the input, W is the weight, B is the bias, T is the transpose operation,

and SIGN() is a function that returns either 1+ or 1 dependent on the kind of input data.

SVM(X) = SIGN{W(T)X+B} 3.3
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3.3.2 Random Forest

Random Forest (RF) is a strong machine learning technique that uses a lot of decision

trees. We train each tree in the forest on a random sample of the data, which we call

bootstrapping. X = {x1, x2...xn} is the set of input features, and Y = {y1, y2...yn} is the

set of labels that go with them. n is the total number of samples. There are L trees in the

forest, and each one learns from its own collection of facts. The ultimate output is the

average of all the predictions made by the various trees when it's time to make a

forecast for a new input xp. This approach helps lower overfitting and makes the results

more accurate (Ghosh et al., 2021).

RF = 1∑ (() 3.4 ​

3.3.3 Decision Tree

Decision Trees (DTs) are a type of machine learning technique that can be used for

classification and regression. They work by building a tree-like model of decisions,

where each internal node is a test on an attribute, each branch is the result of the test,

and each leaf node is a class label (in classification) or a continuous value (in

regression). The Process of Building: The most important part of building a DT is

dividing nodes. This means choosing the best feature to partition the data at each node,

starting at the root. Best Criteria: The choice of the "best" feature for splitting is based

on measurements that show how pure or mixed the data is. There are two main

measures:

Entropy (E): This tells you how random or dirty a dataset is. More chaos is shown by

higher entropy, whereas more uniformity is shown by lower entropy. For a dataset D

having both positive (P+) and negative (P-) samples, the formula for Entropy E(D) is:
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3.5

Information Gain (G): This tells you how much the dataset's entropy goes down when

you split it based on a certain property. Usually, the attribute that gives the most

information gain is the one that gets split. For an attribute X and class level Y, the

formula for Information Gain G(X) is G(X) = E(X) - E(X,Y), where E(X) is the entropy

of attribute X and E(X; Y) is the conditional entropy of X given the class level Y.

3.3.4 Logistic Regression

Logistic Regression is a simple and widely used statistical technique for binary

classification problems, such as the prediction of heart disease. It models the

relationship between the dependent variable (heart disease) and a set of independent

variables (features) using a logistic function .For binary LR with a single predictor, the

Eq. (6) is a statistical model given by:

(
1 − ) = 0+11 3.6

3.3.5 Model Evaluation

Use classification measures like accuracy, precision, recall, and ROC-AUC to evaluate

models. For regression models, use MSE, RMSE, and R² to test them. For model

interpretability, use SHAP and LIME. This strategy is based on best practices found in

(Li et al., 2022; Sutradhar et al., 2023; Luo et al., 2024). This tells you how many of the

cases were correctly sorted. Precision is defined as the number of real positives divided

by the number of all positive predictions. Recall is the number of true positives divided

by the number of actual positives. The harmonic mean of precision and recall is the F1

score.It provides a fair view of how well someone is doing. ROC-AUC tests how well

the model can discern the classes apart.
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3.3.6 Restating the Research Quetsions

Heart failure is still a major cause of death around the world, and there is an urgent need

to find high-risk patients and track the progression of their disease. Machine learning

(ML) models have shown promise, but much research (Li et al., 2022; Shinde et al., 2025;

Swathy & Saruladha, 2022) doesn't do a good job of making predictions that can be

explained in a clinical setting or optimising regression frameworks. This study's goal is

to fill up these gaps by creating an end-to-end ML pipeline that combines advanced

feature engineering, optimized regression, and explainable AI to forecast the probability

of death and the severity of sickness.

3.3.7 The Suggested Method

To accomplish two main goals, we created a multi-stage supervised learning framework,

which is shown in the workflow (Figure 1). Use traditional evaluation criteria like

accuracy, F1-score, RMSE, and others to choose the model that works best. If the

desired accuracy is not realised, use sophisticated explainable feature engineering

methods (such as SHAP, LIME, and feature importance tuning) to improve

performance and make it easier to understand. This cycle goes on until the desired level

of accuracy and clinical explainability is reached.

3.3.8 Method Used

This study is different from others because it uses explainable AI (XAI) combined with

typical supervised learning models. A lot of research is on how to make models more

accurate, but our goal is to build models that are both accurate and easy to understand.

Most studies use black-box models that aren't very clear; therefore, this combination of

SHAP and LIME is rare in predicting heart disease mortality. The study also uses

advanced approaches for feature selection and dimensionality reduction, such as PCA

and RFE. These are important for enhancing model performance by finding the most

important features and getting rid of noise in the data.
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CHAPTER 4

RESULTSANDDISCUSSION

4.1 Introduction

This section illustrates the results of using supervised machine learning algorithms on

the Heart Failure Clinical Records Datasets to predict the likelihood of dying from heart

disease and how bad it will go over time. We used a number of machine learning

models in this study, and we show the results in data tables, graphs, and figures to show

how well the models worked, how easy they were to understand, and how important

each attribute was

4.2 Graphical Representation of Key Findings

This study used logistic regression, random forest, and XGBoost as models. They were

all put through tests that involved both classification (predicting whether someone

would die or live) and regression (predicting how bad the situation would be).

a. How well the classification worked (predicting death: survived vs. died)

Comparison o Figure 2 will demonstrate how the goal variable (Mortality: Survived vs.

Deceased) is spread out in the datasets. This will provide you an idea of how balanced

or unbalanced the datasets is with regard to the classes. previous relevant literature

reviews
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Figure 4.2 Class Distribution Graph

Figure 3 will show how things like age, serum creatinine, and ejection fraction affect

death estimates for the complete datasets. This summary plot displays which features

have the most effect on how the model makes choices. It demonstrates how these

features help the model determine whether a patient is dead or alive.

Figure 4.3 SHAP Value (Impact On Model Output)
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Table 4.1 The Classification Performance Matrices on each model

Model Accuracy Precision Recall F1-Score ROC-AUC

Logistic

Regression
0.79 0.79 0.79 0.79 0.84

Random

Forest
0.83 0.81 0.83 0.82 0.89

XGBoost 0.85 0.84 0.86 0.85 0.91

XGBoost had the highest accuracy (85%), precision (84%), recall (86%), F1-score

(85%), and ROC-AUC (91%). Random Forest did well too, with an accuracy of 83%

and a ROC-AUC of 0.89, but XGBoost did better on all counts. The tree-based models

were better at predicting the chance of death than logistic regression, which only got

79% of the time right. What this means is that XGBoost did better than the other

models, which means that it can dependably find patients who are at risk of dying. The

ROC-AUC score of 91% reveals that XGBoost can discern the difference between the

classes (dead vs. surviving) quite well, which is significant for making clinical

judgement s.

Table 4.2 Regression Performance Models (Severity Progression Prediction)

Model MSE RMSE MAE R
2

Logistic

Regression
0.215 0.464 0.362 0.62

Random

Forest
0.187 0.432 0.335 0.70
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XGBoost 0.169 0.411 0.322 0.11

XGBoost had the lowest MSE (0.169) and RMSE (0.411), and the highest R² value

(0.75), which means that it explains 75% of the variation in predicting how severe a

person's death will be. This shows that it works well for modelling how bad heart

disease becomes worse. Random Forest also did well, with a R² score of 0.70, but

XGBoost is always better at making predictions and being accurate.

Box plot: Figure 4 shows how parameters including age, serum creatinine, and ejection

fraction are spread out between the two groups (survived and died). This graph shows

you how feature values are different between classes and helps you talk about how

essential features are.

Figure 4.4 Box-Plot Graph
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Figure 4.4 will demonstrate how serum creatinine and ejection fraction are spread out

among the classes. This will provide us a better idea of how these traits differ between

the two groups (survived vs. Died). The violin plot is better than a box plot because it

displays how the data is spread out over different values.

Figure 4.5 Violin Plot
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Interpretation of Violin Plot:

Age: The violin plot for Age will indicate how old the patients that lived and died were.

Older patients are more likely to die, thus we might see more older patients in the group

of people who died.

Ejection Fraction: The graph for Ejection Fraction will probably show that people with

lower ejection fractions (which means their hearts aren't working as well) are more

likely to die. This is because a lower ejection fraction is linked to a higher risk of death.

Serum Creatinine: The levels of serum creatinine in the blood frequently show how

well the kidneys are working. Higher amounts might be linked to worse results. The

violin plot will help you see how serum creatinine levels are different in living and dead

patients.

Low serum sodium levels (hyponatraemia) are generally a bad marker for heart failure,

and we may see a higher concentration of lower sodium levels in people who died.
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LIME: An explanation for each prediction in the area

We developed local model explanations for each patient using LIME. For instance, the

LIME explanation revealed that a high serum creatinine level and a low ejection

fraction were the two most crucial things to look at when trying to figure out if a patient

will die. LIME both showed that things like age, serum creatinine, and ejection fraction

are very crucial for figuring out how likely someone is to die and how bad their

condition is. This can help clinicians understand why the model made certain

predictions, which will make them more likely to believe what the model says.

Valu
Feature

e

-
time

0.58

-
serum_creatinine

0.28

ejection_fraction 1.85

age 0.77

creatinine_phosphokinase
-

0.54
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Figure 4.6 LIME Local Explanation for Individual Predictions

Correlation Matrix: Figure 4.7 will show how the features are connected, which will

help readers comprehend how strongly serum creatinine, age, platelets, and ejection

fraction are linked. It helps you see how features are connected as a whole, which is

vital for revealing multicollinearity or feature dependencies in your model. By looking

at how the features are related to each other, the correlation matrix could help you

figure out why some features are more relevant than others. For instance, the fact that

serum creatinine and ejection fraction are quite similar could help explain why both are

good at predicting death.
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Figure 4.7 Correlation Matrix

4.3 Significane of the Result

I can use supervised machine learning models like Random Forest, XGBoost, and

logistic regression to guess how bad a heart attack will be and how likely it is that

someone will die from one. You'll learn how in this essay. The results reveal that

XGBoost is the best model for both regression (figuring out how bad a situation will be)

and classification (figuring out if someone will live or die).

On every major performance indicator, XGBoost did better than random forest and

logistic regression. XGBoost and other gradient boosting systems can deal with

complicated correlations in clinical data since they can see both linear and nonlinear

patterns. XGBoost will only work right if the features and hyperparameters are set up

correctly. We improved the model's ability to make accurate predictions by carefully

picking the most critical portions and modifying its settings. The survey also claimed

that it was simple to grasp. We used SHAP and LIME to check that the models were

correct and easy for doctors to understand. These are two very crucial things to think

about when you use them in the real world. This part talks about what other studies

have found.

4.4 Comparison with Previous Research

Some research from the past that tried to estimate who is most likely to get heart disease

used algorithms that learn from data. On the other hand, most of this research either

didn't think about how easy it would be to grasp the data or didn't use particularly

complex feature engineering techniques. For instance, Zhao et al. (2020) utilised a

random forest to forecast when persons with heart disease would die, and they were

right 80% of the time. On the other hand, our XGBoost model was right 85% of the

time. This study showed that XGBoost is better at picking and improving

characteristics, which makes predictions more accurate.
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ROC Curve: The ROC curve below shows how well the XGBoost model can

distinguish the difference between those who lived and people who died. XGBoost has

an AUC of 0.91, which means it is very good at sorting things.

Figure 4.8 ROC-Curve

The SHAP-based feature importance plot shows how essential each feature is in the

XGBoost model when compared to the others

Figure 4.9 Feature Importance Graph
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Confusion Matrix

This is the confusion matrix for the XGBoost model. It tells you how many true

positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) there

are. This matrix indicates that XGBoost is quite good at telling the difference between

cases that lived and cases that died, with very few mistakes.XGBoost has the lowest

MSE (0.169), RMSE (0.411), and R² (0.75). This suggests that it explains 75% of the

changes in severity progression. Random Forest worked well, although it wasn't quite

as effective as XGBoost, which achieved an R² of 0.70. Logistic regression has the

biggest MSE (0.215) and the worst R² value, which suggests it is not as good at

predicting how severity would evolve over time. What this means is that the XGBoost

model is substantially better at forecasting how severity will change over time than the

other models. It does better than the other in both explained variance (R²) and

regression error metrics. This proves that XGBoost is the best model for predicting how

bad heart disease will get.

Figure 4.10 Confusion Matrix

Liu et al. (2019) sought to utilise deep learning to guess who might have heart disease,

but they didn't know how their models worked. We employed AI methods that are
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straightforward to understand, such SHAP and LIME. Our method is easier to

understand than these other methods. It's different from research that aims to find out

who will die in the ICU.

The results of this work are comparable to those of Feng et al. (2021), who utilised

XGBoost and other machine learning models to guess how many persons with heart

disease will die in the ICU. But our research does more than merely guess when people

will die. It also looks at how the sickness gets worse. Other research haven't looked at

this closely enough. The major purpose of our study is to make it more useful and

complete in the clinic. Feng et al. got an AUC of 0.87 using XGBoost, however our

study got an AUC of 0.91. You can make things even better by picking the proper

features and tweaking the hyperparameters.

Built on ideas: This study reveals that supervised machine learning algorithms like

XGBoost can properly estimate how likely a patient is to die or how their heart disease

will get worse, especially when they are based on clinical data. This helps us figure out

how to better forecast heart disease.

Doctors and nurses need AI that can explain itself so they can learn and employ

complicated machine learning methods. This is one more reason why healthcare AI

systems need to be honest and open. It's very vital to inform people about the relevance

of some features and how specific clinical variables, including age, ejection fraction,

and serum creatinine, can greatly affect model projections. Sharma et al. (2020) also

discovered that these clinical factors are quite useful for making predictions.

What this means for theory and the actual world The results of this study will have a

huge effect on how things work in the actual world.This study could benefit in a

number of ways: Help with making clinical decisions: Doctors can utilise XGBoost

and other optimised models to assist them figure out the best way to treat people with

heart disease. They can use this data to put patients who are most likely to die at the top

of their list.

Early help: Doctors can find patients who are at high risk of dying early on and figure

out how likely they are to die and how rapidly their sickness will get worse. This lets
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them act quickly, which can make a major difference in how well patients do. Resource

allocation: These models can assist hospitals and healthcare systems make sure that the

people who need the most care get the most important resources. The research shows

that AI models can have a huge effect on healthcare, especially when it comes to

making sure that each patient gets the right treatment and stays healthy. Liu et al. (2019)

sought to utilise deep learning to guess who might have heart disease, but they didn't

know how their models worked. We employed AI methods that are straightforward to

understand, such SHAP and LIME. Our method is easier to understand than these other

methods.

This is different from studies that aim to guess who will die in the ICU. The results of

this work are comparable to those of Feng et al. (2021), who utilised XGBoost and

other machine learning models to figure out how many people with heart disease will

die in the ICU.Our study doesn't only guess when people will die, though.It also looks

at how the condition becomes worse.Other research hasn't looked at this closely

enough.The major goal of our research is to make it more useful and complete in the

clinic. Feng et al. got an AUC of 0.87 using XGBoost; however, our study got an AUC

of 0.91.This indicates that you can make things even better by picking the proper

features and tweaking the hyperparameters.

Based on the premise: This study indicates that supervised machine learning

algorithms like XGBoost can properly estimate how likely a patient is to die and how

quickly their heart condition will become worse, especially when they are based on

clinical data.This helps us figure out how to better forecast heart disease.

Doctors and nurses need AI that can explain itself so they can understand and employ

complicated machine learning methods.This emphasises the importance of honesty and

transparency in healthcare AI systems.It is highly crucial to tell individuals how certain

clinical variables, including age, ejection fraction, and serum creatinine, can have a

major effect on the model's prediction.Sharma et al. (2020) also discovered that these

clinical indications are quite useful for making predictions.
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What this means for theory and the actual world-this study has a profound effect on

how things work in the actual world. There are a few ways that this research can help:

Help with clinical decisions: XGBoost and other optimized models can help doctors

figure out the best way to treat heart disease patients.They can use this knowledge to

prioritize patients who are most likely to die. Early help: Doctors can find high-risk

patients early on by figuring out just how likely they are to die and how rapidly their

sickness will get worse.This offers them the chance to act quickly, which can have a

giant effect on how healthy their patients are.Resource allocation: These models can

help hospitals and healthcare-systems make sure that the patients who require the most

care get access to the most important resources. According to the study's policy findings,

AI models have the potential to significantly influence healthcare, particularly in the

areas of illness prevention and custom treatment plans.

What is the theoretical meaning of this?

We can learn more from this study about how feature engineering, adjusting hyper-

parameters, and simplifying AI can all help healthcare machine learning models

become more accurate and practical.It also supports the idea that, with the right design

and understanding, complex models can be used to predict what might occur in a

clinical setting.This notion is supported by an increasing number of studies on AI in

healthcare.

Limitations

There are some issues with the data:Despite a number of problems, such as a small

sample size and inadequate information, the Heart Failure Clinical Records Datasets is

still valuable.When applied to larger and more diverse groups, the model may not work

as well.

Class Imbalance: Because there are more living patients in the sample than deceased

ones, the results are less trustworthy.Although SMOTE was useful for balancing the

datasets, other techniques, such as weighted loss functions, could reduce the difference

even further.
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External validation: The model was tested solely on the training data.We still need to

test it on humans and in various environments to see if it works.

In the future, where should I go to further my studies?

Improving the datasets: To improve the models and make them more applicable in

various contexts, researchers may employ a wider variety of datasets in the future, such

as longitudinal and real-time clinical data. Researchers should be able to build mixed

models that integrate machine learning models with deep learning approaches like

LSTM networks. These models should be able to provide more accurate predictions

about mortality and severity progression over time.Linking to clinical processes

Researchers are looking into the idea of putting machine learning models directly into

clinical decision support systems (CDSS) so that healthcare workers can use them

quickly and in real time.
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CHAPTER 5

CONCLUSION

The goal of this study was to develop a machine learning model that could guess how

long people with heart disease will live and find the early risk factors that affected their

outcomes. XGBoost was the best model for figuring out how likely death and

worsening severity were. It did better than logistic regression and random forest. It

was the greatest at predicting death (85% accuracy, 84% precision, and 91% ROC-AUC)

and the worst at forecasting how bad things would get (0.75 R²).

What does "interpretability" mean? Adding SHAP and LIME made the models easier

to comprehend and trust, which made the forecasts more accurate. Age, serum

creatinine, and ejection fraction were the three things that were most likely to kill

someone. After changing hyperparameters and adding features, the model got a lot

better. It was beneficial to choose the proper features, such as serum creatinine and

ejection fraction. This work shows how vital it is to make machine learning pipelines

better.

This study demonstrated that XGBoost can make a model that, when combined with

advanced feature engineering and hyperparameter tweaking, can properly forecast how

likely a patient is to die and how their heart disease will progress. Healthcare workers

should employ SHAP and LIME, which are explainable AI technologies, together

because they assist them figure out why the models make certain predictions. This

knowledge makes it more probable that people will accept to use AI-based medical

solutions.

External validation: Future studies should test the models on bigger and more varied

sets of data. This will make sure that the models operate properly for a lot of

people.There are different parts to models: We might be able to make better guesses

about how many people will die and how bad the sickness will be if we utilise machine

learning and deep learning techniques like LSTM networks to predict time series. We

need to perform further study to find out how these models can be used in real-time in
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clinical settings so that doctors can make judgements based on the data more quickly.

This research can help us figure out who is most likely to have a heart attack by using

straightforward approaches of machine learning and artificial intelligence. This helps

us guess when someone will die and how horrible things will be. Researchers can also

use this as a starting point to make these models more better and use them in real life.
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