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ABSTRACT

This study focuses on predicting cardiovascular diseases and forecasting the survival rate of 
patients using machine learning techniques. In this paper publicly available dataset is sued 
that contain the several risk factors for cardiovascular disease such as age, anemia, hyperten-
sion, diabetes, smoking habits, gender, blood pressure, glucose levels, and alcohol consump-
tion. The dataset is preprocessed to extract relevant features for predicting survival rates based 
on risk parameters. The ensemble model is designed based on combining the several machine 
learning algorithms such as Logistic Regression, Random Forest, XGBoost, and Naive Bayes to 
classify the cardiovascular disease. The study also applies the Kaplan-Meier estimator to pre-
dict the survival rate of patient based on continuous variables. The final results indicate that 
age, serum creatinine, and ejection fraction significantly correlate with the death event. At the 
same time, smoking, sex, platelets, and diabetes show uncertain statistical significance. The 
study provides insights into the impact of various factors on cardiovascular disease survival 
rates. The novelty of this work lies in its integration of survival analysis with ensemble learning 
for robust prediction and interpretability in clinical applications.
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INTRODUCTION 

Heart and blood vessel problems like heart attacks, 
strokes, and heart failure are known as cardiovascular dis-
eases (CVDs). Around 17 million people die from these 
diseases every year worldwide [1]. In India, the number of 
deaths due to CVDs has been increasing for the first time 

in 30 years. Heart failure occurs when cardiovascular sys-
tem cannot circulate blood throughout the human body. 
Excessive hypertension, diabetic complications, or other 
cardiac problems frequently bring it on. Doctors classify 
heart failure into two types based on how much blood the 
heart pumps out with each beat [2]. One type, heart failure 
with reduced ejection fraction (HFrEF) [3], happens when 
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the heart pumps less than 45% of the blood. The other type, 
heart failure with preserved ejection fraction (HFpEF), 
occurs when the heart contracts well but doesn’t relax prop-
erly to fill with blood. Most heart attacks can be prevented 
by using population-wide strategies to address lifestyle risk 
factors such as smoking, unhealthy diets and obesity, and 
alcohol consumption [4]. The machine learning is an effec-
tive strategy to early prediction and proper medication of 
patient with heart failure or who are at risk due to the com-
bination of several risk factors such as BP, diabetics, and 
other medical history [5]. This potential brings optimism 
for the future of cardiovascular disease management.

Machine learning (ML) might surpass current mod-
eling methods to accurately predict high blood pressure 
within specific racial groups and elucidate critical factors 
contributing to high blood pressure development across 
diverse races [6]. The majority of heart failure cases can be 
attributed to structural or physiological issues in the heart, 
leading to increased intracardiac pressure or reduced car-
diovascular output based on the individual’s state of rest 
or stress [7]. Consequently, heart failure is associated with 
a diminished quality of life and decreased engagement in 
physical and mental activities. Approximately 1-2% of the 
general population and 10% of older people in developed 
nations are affected by heart failure, with its prevalence 
expected to rise alongside an aging population. In hospi-
tal discharge, patients with heart failure (HF) experience a 
high 56.6% readmission rate. Addressing high frequency 
promptly is crucial to prevent future severe complica-
tions, with a current urgent focus on minimizing readmis-
sions. Cardiovascular diseases like coronary artery disease 
(CAD), atrial fibrillation (AF), and vascular conditions 
remain the primary global cause of death [8]. The rising 
incidence of cardiovascular diseases is a pressing issue that 
requires immediate attention and innovative solutions. If 
lifestyle conditions rise and the amount of stress increases, 
the incidence of cardiovascular diseases is alarmingly 
increasing. To address this problem, an ensemble approach 
and survival rate prediction of patients have developed as a 
possible treatment. 

Motivation
Based on the current studies [9]-[10] cardiovascular 

disease (CVD) is projected to cause the deaths of approx-
imately 23 million individuals by 2030. There are many 
causes such as heart disease, irregular heartbeat, and heart 
attack, which are three different forms of cardiovascular 
disease [11]-[12]. Age, gender, BMI, height, waist circum-
ference, and results from blood tests that check cholesterol 
levels, liver health, and kidney function are some of the fac-
tors used to analysed cardiovascular disease [13]–[14]. 

Several health issues could arise from the complex 
interactions across the risk factors. Traditional statistically 
effective methods are unable to investigate the complex 
relationship across risk-associated factors due to the large 
number of components present [15]–[16].

Over the last few decades, several researchers utilized 
the artificial intelligence (AI) techniques to investigate the 
new clinical data that help the physicians to analyze the 
signs and effects of many diseases and the prediction of sur-
vival of patients. The continuous efforts to collect all health 
examination records and consistent clinical data [17]–[18] 
focus to standardizing of clinical data before investigating 
previously unknown risk factors. A number of possible risk 
factors shows the associations regarding the development 
of diseases that indicate the basic causes of the disorders. 
Furthermore, a significant amount of medical data must be 
analyzed in order to create accurate prediction models for 
disease occurrences [19]–[20]. The risk assessment of CVD 
frameworks increasingly utilizes AI and large amounts of 
clinical data aggregation.

Problem Statement
Cardiovascular diseases (CVD) are the leading cause of 

death globally, with an estimated 17.9 million deaths each 
year. Early prediction of survival rates for patients with 
CVDs is crucial for providing timely and effective interven-
tions to improve patient outcomes. Machine learning (ML) 
algorithms have shown promise in predicting survival rates 
based on patient data, including demographics, medical 
history, and clinical measurements. This study designs the 
ensemble models to detect and classify CVD and also pre-
dict the survival rates of patients with cardiovascular dis-
eases. The models trained on a CVD dataset contain the 
risk factors of CVD. To measure the performance of the 
models using several evaluation parameters and also pre-
dict the survival rate of patients over a specified period. The 
proposed model helps to improved patient care that enable 
the healthcare experts to identify high-risk patients and 
early diagnosis to prevent adverse effect.

Limitation of Existing System
•	 The existing model worked on limited set of features, 

such as age, gender, and a few clinical elements.
•	 The quality and quantity of dataset is used to train the 

models could vary performance significantly that shows 
the biased or inaccurate predictions. 

•	 Some existing models might have needed to be more 
complex, making them difficult to interpret and imple-
ment in clinical settings. This need for interpretabil-
ity is a pressing issue in healthcare machine learning. 
We must address this complexity to avoid overfitting, 
where the model performed well on training data but 
failed to generalize to new data. Machine learning mod-
els worked effectively on present clinical procedure in 
order to be useful in the field of medicine. The medical 
professionals’ resistance and accessibility issues result 
that many existing methods were not designed with the 
combination in perspective.

Contribution 
Following is a list of this investigation’s primary contri-

bution as well as uniqueness:
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•	 To extract seven unique features from the CVD dataset.
•	 Following the feature extraction, we meticulously nor-

malized the data and divided the CVD dataset into 
training and testing sets using a 70:30 split, a crucial 
step in our thorough methodology. This aids in creating 
an ensemble model that includes a base ML classifier 
and a DT as a meta-classifier.

•	 Utilizes the Kaplan-Meier estimator to predict the sur-
vival rate of cardiovascular diseases for continuous vari-
ables in the dataset.

•	 Ultimately, we obtained results through various perfor-
mance parameter analyses and predicted the survival 
rate of patients.

Paper organization
Section 2 presents the previous work in cardiovascu-

lar disease prediction based on ML and DL techniques. 
Section 3 presents the proposed methodology; Section 4 
discusses the result analysis of the ensemble model. Section 
4 addressed the conclusion and future scope of the study.

Related Work
Weng et al. suggested four different ML methods using 

health information from over 300,000 patients from the UK 
[21]. They found that the Neural Network (NN) method 
gave the most accurate predictions for CVD when analyzing 
a large amount of data. Dimopoulos A. C. et al. evaluated 
three traditional machine learning methods using ATTICA 
data with 2020 instances for a smaller dataset. Among these, 
KNN, RF, and DT were tested. Comparatively, RF showed 
the best outcome when using the Hellenic SCORE tool, cal-
ibrating the ESC Score [22].

Given the increasing utilization of ML in the med-
ical domain, Mohan S. et al. suggested a hybrid HRFLM 
strategy to enhance the prediction accuracy score of the 
proposed approach, considering the growing use of ML 
algorithms [23].

In [24], they examined specific areas using different 
prediction models. They used LR to analyze 32 characteris-
tics related to cardiovascular disease in over 210,000 high-
risk patients in China.

Yang et al. [25] suggested the stacking ensemble frame-
work for CVD prediction. They used information about air 
pollution and weather to understand how the average daily 
hospitalized percentage for cardiovascular diseases changes 
with the stacking ensemble model. They started with a basic 
level of five classifiers to build the stacking model.

Several investigations focus on creating new categories 
and approaches to enhance the current ones. For instance, 
studies by [26] suggested employing NLP to develop and 
evaluate an anxiety forecasting network. A neural network 
model with a predicted accuracy of 88.3% has been sug-
gested, as reported [27], for predicting the development of 
diabetes. They indicated that the neural network’s effective-
ness was approximately 91% in training and 86% in evalua-
tion compared to its previous effectiveness of 89% and 81%.

A technique for increasing the accuracy of cardiovascu-
lar disease prediction has been developed by Mohan et al. 
[28], employing machine learning algorithms for recogniz-
ing critical features. Regarding heart disease prediction, the 
suggested hybrid RF and linear model obtained the 87.9% 
accuracy. Au et al. [29] suggested the hybrid model to detect 
the CVD based on the logistic regression and obtained the 
accuracy score of 88.00%. Investigators have suggested a 
hybrid approach for forecasting cardiovascular disease [30]. 
The framework was employed by three ML techniques: DT, 
RF, and a combination. At 87.8%, the hybrid technique had 
the most excellent accuracy score.

As reported [31], author suggested the several ML models 
used to detect CVD and also suggested the ML-based ensem-
ble model to predict and improve the efficiency of model.

We use information on coronary artery disease for our 
investigation. So, this might be our final investigation, with 
about 710,000 people and ten features in the data set. In 
addition, we employ multiple deep learning and machine 
learning techniques to determine which is most effective in 
identifying coronary artery disease.

Last two decade there is an advancements and large use of 
ML based models to predict the CVD and there are still sev-
eral gaps that are unaddressed. The existing models depends 
on limited feature sets that fail to capture the complex fea-
tures among risk factors such as lifestyle, biochemical mark-
ers, and physiological features. The usefulness of ensemble 
approaches in real-world scenarios is limited by the lack of 
thorough evaluations in several publications. The majority 
of approaches do not offer apparent findings for medical 
decision-making, making and ML models difficult to inter-
pret in healthcare settings. Additionally, the datasets utilized 
in earlier studies are either limited or region-specific, and 
also limits their applicability to larger populations. Practical 
interactions between ML and survival analysis techniques, 
including Kaplan-Meier estimators, are not fully investigated. 
Addressing these gaps could lead to more robust, interpreta-
ble, and clinically actionable models for predicting survival 
rates in cardiovascular patients.

Proposed Methodology
This section presents the methodology of the vari-

ous suggested ML models and the survival probability of 
patients. Figure 1 illustrates the complete architecture of 
the proposed model, which aims to predict cardiovascular 
diseases and forecast the survival rate of patients. The study 
utilizes a CVD dataset for model training, which initially 
requires preprocessing due to missing values. Strategies 
from feature extraction are used to extract essential features 
from data to predict the survival rates based on various 
parameters. This paper proposed ensemble model based on 
using several ML models as LR [32], RF [33], XGB [34], 
and NB [35] to predict the CVD. The study employs the 
Kaplan-Meier estimator to predict the survival rate of car-
diovascular diseases for continuous variables present in the 
dataset. 
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Dataset description 
The dataset contains comprehensive data on possible 

risk elements associated with CVD. It contains details on 
Age, anemia, Hypertension, Diabetes, Smoking, Gender, 
Blood Pressure, Glucose Levels, And Alcohol Consumption 
of over 72 thousand patients. The dataset is extracted from 
publicly available websites: https://www.kaggle.com/data-
sets/thedevastator/exploring-risk-factors-for-cardiovascu-
lar-diseases. The dataset also shows the relationship across 
the several risk factors and CVD that lead to improvement 
and understanding of the serious health issue and the 
design of better preventive measures [36].

Data preprocessing 
This step starts with data cleaning, and missing values 

were handled using imputation techniques. The outliers 
were identified and treated to avoid skewing the results. The 
categorical parameters like patient demographics encoded 
into numerical scale using one-hot encoding strategy. The 
continuous variables were transform into uniform scale 
across each features.

Feature Engineering 
This step selects the most relevant features to improve 

model performance. Initially, obtained the meaningful fea-
tures and measure the risk scores parameters such as age, 
blood pressure, and cholesterol levels for diabetes or heart 
failure. The temporal features such as duration of the diag-
nosis were obtained and also capture nonlinear effects. The 
existing features were transformed to scaling for skewed 
variables such as age groups. The relation between features 
such as age and smoking history that retrieve the uncover 
complex relationships. Creating an ML model starts with 

collecting and analyzing raw input. In this study, it is used to 
determine how closely connected items are to one another. 

Figure 2 shows the Univariate Analysis of Categorical 
parameters. The around 57.00% of the population have 
symptoms of Anemia that indicate the deficiency of red 
blood cells and around 43% do not exhibit Anemia symp-
toms. The 65% of the population has hypertension that they 
suffer from high blood pressure and approximately 35.00% 
have normal blood pressure. About 58.00% of the popula-
tion is identified as diabetic and approximately 42.00% are 
non-diabetic. Around 65% of the population is male, and 
about 35% is female that shows the gender distribution in 
dataset. The approximately 68.00% of the population has 
smoke habits and about 32% are non-smokers persons. The 
299 cases of heart failure, 96 individuals unfortunately did 
not survive the condition, whereas 203 cases have survived. 
The percentages that translate to 32.11% of the cases expe-
riencing an unfavorable outcome. The majority precisely 
67.89% of cases has positive result to survive the heart 
failure condition. The percentages shows the overview of 
the distribution of outcomes in the studied population that 
indicate the higher proportion of individuals who managed 
to overcome heart failure than those who did not.:

Figures 3 and 4 show the distribution of age with gen-
der. The minimum age for both males and females is set at 
40. On the other hand, the maximum age varies between 
genders, with males reaching up to 95, while females 
have a maximum age of 90. These age specifications pro-
vide insights into the age range covered in the research, 
indicating that individuals below 40 are omitted, and the 
maximum ages differ slightly for males and females in the 
studied cohort.

The impact of patient aging on the probability of sur-
vival is depicted in Figure 5. The 50–70 age category has 

Figure 1. Architecture of proposed model.
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a significantly greater survival probability than the popu-
lation. Every age category still carries some chance of not 
suffering a cardiovascular occurrence; the risk is most sig-
nificant in the range of 60-65 age. Beyond the age of 80, the 
chances of survival sharply decline. The patterns suggest 
that age plays a significant role in survival outcomes after 
a heart failure event. 

Figure 6 shows the distribution of various parameters 
and their survival rate. It is observed that survival outcomes 
in the studied population are based on gender. For the male 
population, 44.1% (132 individuals) have survived heart 
failure, while 20.7% (62 individuals) unfortunately did not 
survive. In the female population, 23.7% (71 individuals) 
survived the heart failure event, and 11.4% (34) did not. 

Figure 2. Univariate analysis of categorical variables.

Figure 3. Age distribution. Figure 4. Distribution of Age w.r.t Gender.

Figure 5. Age’s Impact on Patients Survival Probability.
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These percentages highlight the gender-specific variations 
in survival rates after experiencing heart failure, indicating 
a higher survival rate for males compared to females in the 
studied cohort. Around the 35.00% develop hypertension 
that excessive blood pressure. With this subgroup, 22% 
have sudden cardiac arrest events, and 13% unfortunately 
did not make it. Turning to the 65% of the population with-
out hypertension, 45.8% have successfully survived heart 
failure, underscoring a higher survival rate compared to 
the hypertensive group, where 19% succumbed to the con-
dition. Around 42% of individuals are identified as having 
diabetes, while approximately 58% do not have diabetes. 
28.4% of people with diabetes have survived a cardiovascu-
lar attack, but unfortunately, 13.4% did not survive.

In contrast, among those without diabetes, a higher per-
centage, precisely 39.5%, have successfully survived after a 
heart attack, even though 18.7% have unfortunately given 

in to the medical condition. 32% of individuals have smok-
ing habits, while around 68% do not smoke. Among those 
who smoke, 22.1% of people have prevented cardiac arrest, 
and unfortunately, 10% did not survive. On the other hand, 
among individuals without smoking habits, a higher per-
centage, precisely 45.8%, have successfully survived after 
cardiac arrest, while 22.1% have unfortunately given an 
approach to the illness. 43.1% of individuals exhibit symp-
toms of anemia, while around 56.9% do not show any signs 
of anemia. Among those with anemia, 27.8% survived after 
cardiac arrest, while 15.4%, unfortunately, failed to survive.

Conversely, among individuals without anemia, a 
higher percentage, precisely 40.1%, have successfully sur-
vived after cardiac arrest, while 16.7% have unfortunately 
succumbed to the condition. 46.5% of the entire popula-
tion has lower blood sodium levels, while 53.5% have lev-
els within the acceptable range. Among those with low 

Figure 6. Distribution of parameters and their survival rate.
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sodium levels, 26.8% after cardiac arrest, while 19.7% did 
not survive. In contrast, some patients whose sodium levels 
are below the appropriate limit have a higher percentage, 
precisely 41.1%, after cardiac arrest, with a smaller num-
ber, 12.4%, succumbing to the condition. These findings 
suggest a potential correlation between blood sodium lev-
els and heart failure outcomes, with individuals within the 
acceptable range demonstrating a higher survival rate than 
those with lower sodium levels in the studied population. 

Figure 7 shows information on various factors and lab-
oratory test results related to heart failure outcomes in the 

studied population. First, it notes that people with cardiac 
failure who failed to survive generally have higher levels of 
CPK (creatine phosphokinase) enzyme. The violin histo-
gram indicates outliers with high CPK levels in survival and 
death events. Additionally, it mentions that individuals who 
passed away with cardiac arrest often exhibited less than 
typical values for the ejection proportion, indicating inade-
quate pumping of blood from the heart. This shows outliers 
that observed in patients who survived heart failure. Serum 
creatinine levels 72.9% of cases reported elevated levels. 
The 43.8% are survived, and 29.1% succumbed to heart 
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failure. Cases with serum levels in the normal range show a 
higher survival rate of 24.1%, contrasting with a lower per-
centage of 3.01% succumbing to the condition. However, 
96 instances have passed away from cardiovascular disease. 
Of those instances, 59 people had sodium values below the 
normal range. 

Table 1 presents the most correlated values associated 
with death in the dataset. The age shows the positive cor-
relation of 0.253729 that indicate modest relationship 
across increase age and the likelihood of death. On the 
other hand, ejection fraction shows a negative correlation 
of -0.268603, suggesting that a lower ejection fraction, rep-
resenting the proportion of blood that the coronary artery 

pumps continuously per contraction, is associated with a 
higher likelihood of death. Serum creatinine exhibits a pos-
itive correlation of 0.294278, indicating that higher serum 

Table 1. Most correlated values of death

Parameter Correlated Values
Age 0.253729
Ejection_fraction -0.268603
Serum_creatinine 0.294278
Time -0.526964

Figure 7. Distribution of parameters and their effect on survival rate.
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creatinine levels, a marker of kidney function, are con-
nected to a higher chance of passing away.

Build Baseline Classifiers 
The CVD detection using ML based classifiers such as 

LR, RF, XG Boost, and NB serve as initial models to mea-
sure the performance of baseline models. The RF is a simple 
linear model measure the probabilities. The RF is a group 
of decision trees that collect correlations between the fea-
tures. The XG Boost algorithm known for its accuracy and 
efficiency; and NB for feature independence. The classifiers 
provide a starting point for evaluating more sophisticated 
models, allow us to compare their performance against 
these more straightforward approaches, and measure the 
effectiveness of their ML classifiers in predicting cardiovas-
cular diseases.

Ensemble Model
Combine the predictions of multiple individual clas-

sifiers to improve the overall prediction accuracy. We 
designed ensemble classifiers for CVD prediction using 
ML baseline classifiers such as LR, RF, XG Boost, and 
NB. Ensemble classifiers are often more robust and accu-
rate than individual classifiers that effectively used the 
strengths of different models and mitigate their weak-
nesses, ultimately improving the performance of CVD 
prediction models [37]. The suggested ensemble models 

develops the outcomes using the weighted majority to 
combine the predicted results of many ML models. The 
most favorable results are shown following the fine-tuning 
of each categorization model. Equation 1 show to obtained 
the maximum votes.

	 	 (1)

Normalize and specify the loss function that provide 
an objective function to measure the performance of the 
ensemble model

	 	 (2)

Equation 2 shows the variables measured using the plus 
operator and derived from the supplied inputs. The nor-
malization factor (Theta′) and the loss function used to cal-
culate the model generalization. 

Figure 9 shows the suggested ML-based ensemble model 
for predicting CVD. This model uses a voting approach by 
allowing each model to “vote” on the final prediction. Each 
model independently makes its prediction, and the most 
common prediction among the models is selected as the 
final. By combining these models, the ensemble can achieve 
higher accuracy and robustness in predicting CVD than 
any single model.

Figure 8. Heat map correlation of between the features.
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Hyperparameter settings
Hyperparameter optimization plays a crucial role in 

improving the performance of ensemble models for cardio-
vascular disease detection by fine-tuning the parameters 
of individual ML models included in the ensemble. Table 
3 shows the hyperparameter setting of ML models used to 
build the ensemble model

RESULTS AND DISCUSSION

The following section examines the baseline and pro-
posed ensemble classifier performance and briefly over-
views the outcomes. The main goal of this investigation is 
to investigate the effectiveness of suggested ML algorithms 
for identifying cardiovascular illness. We used the CVD 
dataset in the tests conducted for this study. We divided 
the CVD dataset into 70% training and 30% testing. We 

Table 2. Hyperparameter settings of ML models in ensemble

Model Parameters Values
LR C 0.1

penalty L1
solver liblinear
max_iter 100

RF n_estimators 100
max_depth 10
min_samples_split 2
min_samples_leaf 2
criterion Gini
max_features Sqrt

XGBoost eta 0.01
max_depth 3
n_estimators 100
subsample 0.7
colsample_bytree 0.7
alpha 0
lambda 1

Naive Bayes var_smoothing 1e-9
alpha 0.5

Figure 9. Ensemble Model.

Pseudo Code: Ensemble Model
Input: Training Dataset CVD = {(p1, q1), (p2, q2),...(pn, qn)}
Baseline Model M = (LR, RF, XGB, NB)
Meta Classifier DT
Output: Learn Ensemble Model EM
Start
Step-1: Learn the Baseline classifiers M on CVD 
for i = 1 to n do
	 Bi = Mi(CVD)
end for
Step-2: Construct new CVD Dataset for prediction CVD'
for j=1 to n' do
	 for i = 1 to n do
Used Bi to classify training parameters pj
xij = Bi(pj)
end for
CVD = (xj, qj), where xj = {xij, x2j,.... xnj}
end for
Step-3: Learn Meta Classifier DT
EM =  DT(CVD)
Return EM
END
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simulated the ensemble model using Google Colab with 

Python 3, running on an Intel Core i5 GPU @4.20 GHz, 

16 GB RAM, and 4 GeForce RTX graphics cards. Several 

evaluation parameters are shown in equation 3 to 6.

	 	 (3)

	 	 (4)

	
(1) K Nearest Neighbors	 (2) Random Forests

	
(3) XG Boost	 (4) Naive Bayes

Figure 9. Confusion Matrix of Baseline Classifiers

Table 3. Comparative result analysis of baseline model with ensemble model

Classifiers Accuracy Precision Recall F1-Score
Logistic Regression 67.00 82.00 67.00 72.00
Random Forests 65.00 81.00 65.00 70.00
XG Boost 70.00 78.00 70.00 73.00
Naive Bayes 70.00 81.00 70.00 74.00
Ensemble Model 82.00 85.00 80.00 82.00
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	 	 (5)

	 	 (6)

Table 2 presents a comparative analysis of baseline 
models, including Logistic Regression, Random Forests, 
XG Boost, Naive Bayes, and an Ensemble Model, based on 
their performance metrics. The finding shows the ensemble 
model performed well ad compared to individual models 
and obtained the accuracy of 82.00%, precision of 85.00%, 
Recall of 80.00%, and F1-Score of 82.00%. The suggested 
model is more effective due to ability to combine the 
strengths of different ML classifiers.

Table 4 shows different machine learning models’ train-
ing and test recall scores for cardiovascular disease pre-
diction. Recall, sometimes called sensitivity, indicates the 

percentage of actual positive instances the model accurately 
recognized. A higher recall indicates better performance in 
identifying positive cases. The ensemble model obtained 
the recall scores of training and testing of 86.90% and 
82.53% that shows the superior ability to identify positive 
cases. 

Survival Prediction Using Kaplan Meier 
This study uses the Kaplan-Meier estimator to predict 

the survival rate of cardiovascular diseases for continuous 
variables, such as Age, Creatinine Phosphokinase, Ejection 
Fraction, Platelets, Serum Creatinine, Serum Sodium, and 
Time. The first step is to discretize each continuous vari-
able into intervals. The proportion of observations that 
survive beyond each time interval is calculated for each 
combination of intervals. This is done similarly to the 
standard Kaplan-Meier estimator but using the intervals 
for the continuous variables. Figure 11 is a powerful tool 
that visually represents the estimated survival probabilities 
against each interval of parameters, allowing us to quickly 
grasp the survival function over the range of the continuous 
variables. Another name for the Kaplan-Meier estimate is 
“product limit estimate.” This mesure the possibility of an 
event occurred at a specific moment [38,39]. Combine this 
sequential probability with all previously estimated possi-
bilities to obtain the highest possible estimation.

Figure 10. Confusion Matrix of Ensemble Model.

	
(1) Age	 (2) Creatinine Phosphokinase

Table 4. Training and test recall of ML models

Classifiers Train Recall Test Recall
Logistic Regression 69.6352 67.0130
Random Forests 69.3282 63.0915
XG Boost 82.3399 44.4444
Naive Bayes 52.1910 56.2091
Ensemble Model 86.9057 82.5363
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(3) Ejection Fraction	 (4) Platelets

	
(5) Serum Creatinine	 (6) Serum Sodium

(7) Time

Figure 11. Survival prediction analysis
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	 	 (7)

The chance of surviving risk for every period is deter-
mined by dividing the total number of vulnerable people by 
the total number of patients who survive. Individuals who 
have passed away, stopped participating, or moved away are 
not included in the denominator and are not regarded as 
“under threat. 

p Values and Statistical Significance of Parameters 
The summary’s p-values shows risk exhibit considerable 

significance, with p-values below 0.0005 that shows statisti-
cal significance at a confidence level of 99.9995% or higher. 
The attributes demonstrate a strong correlation with the 
occurrence of the death event. Conversely, Smoking, Sex, 
Platelets, and Diabetes yield notably high p-values, mak-
ing it uncertain whether they hold statistical significance. 
Consequently, their impact on the hazard rate may be dis-
regarded in the analysis. This observation is supported by 
their substantial standard errors and the consequent broad 
confidence intervals [40].

Anemia is a binary variable represented by 1 or 0, indi-
cating whether the subject is anemic. The coefficient of 
0.481 is interpreted as:

The hazard ratio for anemia is 1.618. This indicate that 
the patient has anemia, the risk of death increases by 61.8%.

High BP represented by 1 and 0 that shows that subject 
has high blood pressure (hypertension) or not. The coeffi-
cient of 0.406 is interpreted as:

The HR for high BP is 1.5. This shows that the patient 
has hypertension. The risk of death increases by 50%.

Hazard ratio (HR)
The HR shows the impact of a covariate on the hazard 

rate. An HR of 1 suggests no effect that indicate the covari-
ate does not influence the hazard rate. An HR more signif-
icant than 1 increases the hazard rate as the covariate value 
increased that indicate the higher risk of the event occur-
ring [40]. The HR less than 1 shows to decrease in the haz-
ard rate as the covariate value increases that suggest lower 
risk of the event. 

Figure 12 represents the coefficients (i.e., log hazard 
ratios) for predicting the survival rate of cardiovascular dis-
eases based on various factors. Each factor, such as anemia, 
high blood pressure, serum creatinine, diabetes, smoking, 
age, creatinine phosphokinase, platelets, serum sodium, 
ejection fraction, and sex, is listed along the vertical axis. 
The horizontal bars extending from the central axis rep-
resent the magnitude and direction of the coefficients. A 
bar extending to the right indicates a positive effect on the 
hazard ratio, meaning an increased risk of cardiovascular 
disease survival, while a bar extending to the left indicates a 
negative impact, implying a decreased risk.

Figure 12. Graphical Visualization of the Coefficients (i.e. log hazard ratios).
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The impact of covariates on survival outcomes has 
been understood through the HR which measures the 
change in hazard rate with a one-unit change in the covari-
ate. For Ejection Fraction, a one-unit change results in 
a 5.2% increase in survival time, as indicated by an HR 
of 0.95. Conversely, a one-unit rise in Serum Creatinine 
causes a 28.1% decrease in survival time, given its HR of 
1.392 [41]. Age shows a 3.9% decrease in survival time per 
unit increase, with an HR of 1.046. However, Creatinine 
Phosphokinase and Platelets have HRs of 1, suggesting no 
effect on the probability of the death occurrences.

Figures 12 and 13 provide the graphical layout of coef-
ficients, log hazard ratios, and hazard ratios, respectively, 
encompassing their sizes and standardized errors. Anemia, 

High Blood Pressure, Serum Creatinine, Age, and the 
amount of Ejection are all within the 95% confidence inter-
val of influencing the death incident.

Figure 14 shows that with age, the survival probability 
decreases for any complication arising from a heart failure 
condition. Increasing age has a significant impact on the 
likelihood of surviving. Figure 15 shows that the volume 
of blood pumped out of the heart increases with increasing 
ejection fraction percentage. Consequently, the probability 
of survival also increases during any phase of heart failure. 
Increasing EF levels has a beneficial significant impact on 
the likelihood of survival.

Figure 16 shows that with increasing serum creatinine 
levels in the blood, the survival probability decreases for 

Figure 13. Visual representation of the hazard ratios.

Figure 14. Partial effect of varied age. Figure 15. partial effect of varied ejection fraction.
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any complication arising out of a heart failure condition. 
Increasing creatinine levels have a significant impact on 
the likelihood of survival. Figure 17 shows that anaemic 
patients are more likely to encounter a hazard due to heart 
failure condition—survival Probabilities over 280 days.

Table 5 analyzes the survival probabilities of the patient 
in the test cohort over 280 days. The analysis assumes that 
the subjects have just entered the study without considering 
how long they have lived. It is observed that initially, each 
subject in the test cohort has high survival chances, hover-
ing around the 98-99% mark. For Patient -298 and Patient 
-179, the survival probabilities remain consistent through-
out the period, at 88% and 85.5%, respectively, by the 280th 
day. For Patient-42 and Patient -193, the survival probabil-
ities hover around 61% and 34%, respectively, at the end of 
280 days. However, for patient -5, the chances of survival 
show a decreasing trend. By day 15, the survival chance is 

approximately 75%; by day 38, it hovers around the 50% 
mark; by the end of 180 days, it falls below 10%.

Table 6 shows the comparative perfromance analy-
sis of the proposed ensemble models and existing model 
to detect and classify the CVD. The proposed ensemble 
model obtained the accuracy of 82.53% that performed 
well as compared to existing individual ML models that 
obtained the accuracy score of DT has 81.23%, K-means of 
78.00%, ANN of 82.10%, and Stacking Models of 82.35%. 
The XGBoost obtained the 82.44%, and SVM achieved 
the highest accuracy at 83.12%. This comparison demon-
strates that the ensemble approach offers a balanced trade-
off between simplicity and performance, positioning it as 
a competitive alternative among state-of-the-art techniques 
for this task.

The final results suggest whether the various CVD 
parameters are used to forecast a patient’s survival rate suf-
fering heart disease. They also indicate that forecasts based 

Table 5. Survival probabilities of patients last 10 days

Days Patient - 42 Patient - 298 Patient - 5 Patient - 193 Patient - 179
246.0 0.616569 0.880709 0.033281 0.346240 0.855772
247.0 0.616569 0.880709 0.033281 0.346240 0.855772
250.0 0.616569 0.880709 0.033281 0.346240 0.855772
256.0 0.616569 0.880709 0.033281 0.346240 0.855772
257.0 0.616569 0.880709 0.033281 0.346240 0.855772
258.0 0.616569 0.880709 0.033281 0.346240 0.855772
270.0 0.616569 0.880709 0.033281 0.346240 0.855772
271.0 0.616569 0.880709 0.033281 0.346240 0.855772
278.0 0.616569 0.880709 0.033281 0.346240 0.855772
280.0 0.616569 0.880709 0.033281 0.346240 0.855772

Figure 16. Partial effect of varied serum creatinine vs 
non-anaemia. Figure 17. Partial effect of partial effect of anaemia 
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simply on both variables may be more reliable than those 
based on the entire dataset. This is especially required for 
healthcare facilities environments: physicians might still be 
capable of forecasting the survival of patients using Age, 
smoking, serum creatinine amounts, and ejection frac-
tion alone, even if the individual technological medical 
care contained a lot of not present clinical information and 
test examination from laboratories. However, invetigation 
that need for further study to design the strong models to 
daignosis the CVD ealier and implementable in healthcare 
settings.

Further investigation offered several interesting results 
that were not discovered in the researchers’ earlier dataset 
analysis [41]. Ahmad et al. found that anemia, high blood 
pressure, ejection fraction, age, and serum creatinine a sign 
of kidney disease were actually the most common charac-
teristics. The characteristics are important since are highly 
predictive of patient survival rates.

CONCLUSION 

This study validated the importance of relevant 
feature extraction with machine learning by demon-
strating that conventional statistical analysis identified car-
diovascular disease factors as the most significant features. 
Furthermore, the proposed method showed that machine 
learning was applied successfully to the binary categoriza-
tion of electronic healthcare of individuals with coronary 
artery disease disorders related to the heart system. This 
study demonstrates the effectiveness of machine learning 
techniques in predicting cardiovascular diseases and fore-
casting survival rates of patients. The ensemble model per-
formed well as compared to baseline models that indicate 
its superiority in disease prediction. This study also identi-
fies age, serum creatinine, and ejection fraction as signifi-
cant factors affecting the death event, while smoking, sex, 
platelets, and diabetes may not hold statistical significance. 
The existing studies that focus on individual models or lim-
ited feature sets. The proposed model combined the diverse 
risk factors and shows superior accuracy compared to exist-
ing models. This work is unusual because it provides inter-
pretable insights into important risk factors including age, 

serum creatinine, and ejection fraction by bridging the gap 
between ML and medical survival analysis. This method 
offers useful applications for early treatment in cardiovas-
cular care while also advancing predictive modeling. In 
order to enhance preventative and therapeutic approaches, 
future studies might investigate the connections among risk 
variables and CVD prognosis.
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