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Abstract - CVD remains a global health concern. Early and accurate prediction is crucial for the prevention of treatments as 

well as better patient outcomes. In classification, Cardiovascular Disease (CVD) is identified using machine learning algorithms 

that analyze and predict if an individual will have CVD from a collection of medical data. The suggested process is comprised 

of several valuable steps. To ensure data completeness, imputation techniques are first used to fill in the missing values. However, 

numerical features are then scaled in order to improve model performance and convergence. Categorical variables are encoded 

to numerical representations to prevent some biases and preserve the informativeness of the variables. Finally, feature selection 

approaches are used to find the most instructive qualities of the models in order to improve their interpretability and efficiency. 

Machine learning is used to identify CVD. These algorithms were also proposed to use a dataset closer to real-time cases. The 

model is well-trained based on available historical data. To the model, it taught the patterns in the data. The metrics were then 

generated to find the model's proposed performance. The paper also proposes the preferred method of CVD prediction. The 

classification has always been done so that GBMs are the accurate method. Overall, the main intention is to develop a reliable 

model of accurate disease of the patients at risk. BM processes the categorical variables like smoking status and gender and 

numerical values such as age and blood pressure. The dataset considered is closer to the practical scenario for predicting CVD. 

The attribute's contribution when predicting the disease will be considered for each tree in the ensemble to try and learn more 

about the attributes with the strongest attributes in predicting the disease. The paper defines the prediction accuracy of CVD 

well. The real-time dataset is input to the model, and improved model accuracy is achieved by modifying the Gradient Boosting 

Machines GBMs. The proposed GBM model was evaluated in terms of performance, and it was found to outperform traditional 

classification models such as logistic regression by [percentage] in terms of predictiveness. Further validation of the model in 

predicting high-risk patients is achieved through sensitivity, specificity, and precision-recall curves. However, this technique 

could potentially reduce the burden of CVD by enabling healthcare practitioners to receive important insights that help reduce 

the risk of CVD and accurate risk assessment. Analysis of the primary variables driving the predictions adds insight into the 

clinical information beyond risk assessment that can be derived from the model. With this work, we contribute towards the effort 

of improving the management of cardiovascular health through artificial intelligence. 

Keywords - Early disease detection, Feature extraction, Machine Learning, Gradient Boosting Machines (GBM), Cardio 

Vascular Design (CVD). 

1. Introduction 
One of the major causes of mortality in the human race is 

Cardio Vascular Disease. As a suitable machine learning 

technique for the early detection of CVD, the paper proposes 

the Gradient Boost Method. The chosen dataset is closer to the 

real-world situation, as it has several features that provide 

various information about the patients. Clinical 

measurements, lifestyle details, and information on 

demographics in individual patients with vs. without CVD are 

the features. If the disease can be identified early, it is possible 

to give patients preventive measures and proper medication. 

The model must be highly reliable so that the patients consider 

the outcome serious. Now, machine learning has also gained 

great attraction and has become ubiquitous in different aspects 

of engineering. Second, the model requires a large dataset, and 

the patients vulnerable to heart disease can be identified based 

on various parameters. A relation among various parameters 

and factors can be analyzed. The learned model, which usually 
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relies on existing clinical tests and their properties based on 

lifestyle details and demographics, can be used for risk 

assessment. However, many factors, such as lifestyle, history, 

parent details, working conditions, etc., cannot be so 

effectively linked to clinical results. The machine learning 

methods consist of all those factors, which are the prime 

factors for making decisions and forecasting. What machine 

learning algorithms do is find out the pattern among big data 

and the relations of one or more features. 

The data instances are unique in detail but represent 

different patients' data, and the algorithms can recognize 

influential features irrespective of the demographics. It is used 

to learn and implement the same on the test data or unseen data 

and predict the probability of disease as well as the stage of 

the disease. The processes involved in machine learning 

algorithms can be generalized as follows: 

Data Collection 

| 

Data Preprocessing 

| 

Splitting Data 

| 

Gradient Boosting Machines (GBM)-Model Selection 

| 

Model Training 

| 

Model Evaluation 

| 

Validation and Fine-tuning 

 By applying techniques like predictive, mean, or median 

imputation, one can impute missing data. 

 To avoid a single attribute taking precedence over others, 

scale numerical features to a comparable range. 

 Transform categorical variables into numerical 

representations using feature encoding.  

 To lower dimensionality and boost model performance, 

choose pertinent characteristics.  

 Divide the dataset into training and testing sets to assess 

how well the model performs on unseen data. Cross-

validation is an optional process to achieve a more 

dependable evaluation. 

 Select the best classification methods depending on the 

needs of the task and the properties of the dataset. In this 

work, the Gradient Boosting Machines (GBM)-Model is 

selected after verifying its suitability to the data. 

 Utilizing the training data, train the chosen classification 

model. 

 Use performance metrics to evaluate the trained models, 

such as the Area Under the ROC curve (AUC-ROC), 

recall, accuracy, and precision. Based on the impact of the 

features, make necessary changes in the values of the 

parameters in order to improve the performance of the 

model.  

 Test the model's performance based on different 

performance metrics and evaluate the methodology 

implemented. 

A Gradient Boosting Machine (GBM) classifier is used to 

train for the forecasting of the risk of CVD. It is done on the 

processed data. The model is then trained subsequently, and 

the unseen data in the test dataset is used to predict the 

presence/possibility of CVD by the model. The model's 

performance is analyzed using measures such as F1 score, 

accuracy, recall, and precision. It was found that the 

implemented method is effective for recognizing the features 

of better risk for CVD and stage of CVD. The dataset that has 

been chosen contains both numerical as well as categorical 

data. First, anomalies and missing values are removed from 

the data. The method could handle such data by focussing on 

the ability to predict disease risk thereafter using GBM, which 

was found to be an effective way to predict disease risk. The 

GBM is an interpretable model that can analyze and provide 

the structure of the individual tree. You can gain insights about 

the important factors that affect model prediction at every 

stage. GBM model is the main advantage of the 

interpretability of the model. The CVD risk prediction also 

includes the presence of other diseases. The evaluation 

conducted proved very good credibility for the GBM model. 

The model is shown to be dependable and intelligible for CVD 

detection. 

While GBMs excel at classification and are, therefore, 

highly suited for determining the probability of CVD, such 

GBMs can lead to large numbers of 'inactive' CVD indicators. 

The changing and unique complexity of the data can be 

addressed by combining the data, such as numerical data, age, 

blood pressure data, and categorical data, such as gender data, 

using GBMs. GBMs are a very popular choice since they're 

easily understandable. An analysis of individual decision trees 

is made, and in the GBM model, the disease is predicted 

among the most important features for the aim of decision-

making. The medical professionals would benefit from early 

prediction, assess the risk and consequently lower the 

mortality of cardiovascular disease using the proposed model. 

Different metrics are considered to know the performance of 

the proposed mode. It is mostly based on learning curves, 

feature importance plots, confusion matrices, precision-recall, 

and ROC curves. Finding a tradeoff between accuracy and 

recall is best demonstrated by precision-recall curves. If the 

Area Under the Curve is large, then the model is assumed to 

perform well. To visualize the true and false positives, we 

intervene and find the difference between the classes, 

represented graphically on the ROC curve. To check the plot 

of feature importance, it plots the feature's contribution in 

making predictions and decisions. It uses a learning curve to 

find the model's performance with respect to the size of the 

training dataset and to see if the model's performance can be 

enhanced by just increasing the size of the dataset. The 

calibration curve is useful for assessing the bargain you pay to 
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get the prediction of the probabilities and the result. Confusion 

matrix is an important aspect that contributes towards the 

summary of accuracy of the model along the line of 

classification, which specifies the correct classification and 

misclassification. GBM also suffer from disadvantages. Often, 

there can be overfitting, and in case of many iterations (trees). 

The hyperparameters, such as the learning rate, the tree depth, 

and the regularization parameter, need to be carefully tuned in 

order to achieve optimal performance. Computationally 

expensive, GBMs also need a large amount of processing 

power, especially when working with big datasets. The 

computational resources needed to run GBMs in large-scale 

settings are extremely large. Although they face such 

challenges, gradient boosting machines are among the most 

widely used and popular algorithms nowadays in banking, 

healthcare, and e-commerce. They have always been 

performing very well in many machine-learning competitions 

and real-world applications. 

1.1. Research Gap 

Lack of systematic feature selection and interpretability: 

Prior works do not have a systematic way of choosing the most 

influential features, thereby rendering the model less 

interpretable to medical practitioners. Some existing studies 

provide little clarity on where the data came from, the 

approach towards data sampling used, and how the data was 

transformed before experimentation. These issues prevent 

model reproducibility. Amongst other things, no work 

benchmarks on single model performance but rather compares 

on top of different baselines like logistic regression or Support 

Vector Machines (SVM). 

1.2. Explicit Problem Statement 

The goal is to create a robust, interpretable and high-

performing predictive model from real-world medical data to 

forecast and predict individuals at risk of CVD. The model 

must deal with missing data, feature selection, classification 

performance evaluation and comparison with baseline models 

to prove the model's superiority. The uniqueness of the 

approach Based on this, the following is a Gradient Boosting 

Machine (GBM) based predictive model for early CVD 

detection, optimized at a real-world dataset. Selecting the most 

important risk factors by applying selection techniques and 

making the model medically interpretable. The performance 

of GBM is compared to other ML models, including the 

logistic regression, using various measures such as AUC-ROC 

and sensitivity. Analyzing precision-recall curves, feature 

importance and the calibration plots for the model robustness 

beyond accuracy. A dataset with clear documentation of 

preprocessing and sampling strategies and a dataset that 

reflects very much actual patient scenarios. 

2. Literature Survey 
Yang et al. have enhanced a technique known as 

Convolutional Spatial Feature Engineering (CSFE) to extract 

spatial features from a collection of available images. Machine 

learning approaches utilize the temporal and spatial 

correlations present in the data, with spatial features 

encompassing both spatial and temporal information [1]. 

Geweid et al. have proposed a dual SVM and non-parametric 

model, a hybrid method for identifying the HFD in ECG data. 

This model discusses the improvised accuracy and reliability 

for the early prediction and identification of heart disease 

classes [2]. Nahas et al. have presented an AI-enabled end-to-

end CDI processing pipeline, exploiting edge computing and 

GPU acceleration [3]. Mohanad Alkhodari et al. have 

discussed the early detection of heart murmurs caused by 

CHD and developed a deep learning-based attention 

transformer model for automating using PCG data [4]. Zafar 

and Siddiqui have explored wideband data for heart attack 

detection using deep learning to create meaningful features 

[5]. A recent study by Jingbo Wang investigates high-risk 

plaque in optical coherence tomography images, aiding in the 

early diagnosis of heart disease using the potential of 

convolutional neural networks to identify [6]. MLBF-Net, 

proposed by Zhang et al. as a unique neural network 

architecture, can effectively classify arrhythmias by 

leveraging information from multiple ECG leads [7]. 

Andreassen et al. (2022) suggested employing 3D 

convolutional neural networks for transesophageal 

echocardiography image analysis. This technique successfully 

offers insightful data regarding the mitral annulus, a vital 

component of the heart valve [8].  

Using simulated patients and regional strain data, 

Akdeniz et al. validated their deep-learning system for the 

purpose of recognizing cardiac scarring [9]. Echo-SyncNet is 

a self-supervised deep learning model Taheri Dezaki et al. 

recently introduced [10]. It synchronizes echocardiogram 

pictures from different cardiac views to enable more precise 

analysis and diagnosis. Li et al. suggested classifying 

arrhythmias from ECG signals using Incremental Broad 

Learning (IBL), which combines morphology and rhythm 

analysis with a dropout strategy for increased accuracy [11]. 

Applying IBL for arrhythmia classification was another area 

of attention for Li et al. [12].  

In order to effectively categorize different arrhythmias 

from ECG signals, Huang et al. presented a novel technique 

that combines convolutional neural networks and the Short-

Time Fourier Transform [13]. Bhoj et al. have discussed 

generating electron energy distribution functions and electron 

sources using HPEM to calculate electromagnetic fields, 

which are subsequently used [14]. Baños et al. [15] have 

suggested a classification approach for cardiac arrhythmias. 

Kim et al. [16] combined Residual Networks, known for their 

effectiveness in handling complex data, with Long Short-

Term Memory networks, well-suited for sequential data, to 

automatically detect cardiac arrhythmias from ECG 

recordings. Each fragment contains three full heartbeat 

processes of different ECG leads. Utilizing Three Heartbeats 

Multi Lead (THML) ECG data, a unique arrhythmia 
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classification algorithm is introduced [17]. Nijaguna et al. 

suggested the most relevant feature subset to prevent 

overfitting from the total features. The selected features are 

subsequently integrated to enhance the Auto Encoder (AE) 

classification capabilities. Models based on Shapley Additive 

Explanations (SHAP) are utilized to clarify the categorized 

output from the AE. The proposed SOARO-AE is assessed 

utilizing the MIT-BIH arrhythmia database [18]. Chen et al. 

assessed the performance both with and without the SRECG 

[19]. By using SRECG instead of more conventional 

interpolation techniques, experimental results demonstrate 

that HMC accuracies can be effectively improved. Moreover, 

SRECG preserved almost half of the HMC CA classification 

accuracy within the amplified ECG signals [19]. Maytam et 

al.'s proposed detection approach achieves a 98% 

classification accuracy for seven distinct types of arrhythmias, 

utilizing samples from the Chapman ECG dataset obtained 

from 10,646 patients across independent sessions. Ultimately, 

comparisons with existing models based on extensive deep-

learning architectures demonstrated that the proposed model 

had competitive performance [20]. Maytham et al. have 

proved that Single-lead ECG signals are used in identification 

systems for long-term, continuous cardiac health monitoring 

[21].  

In order to verify the suggested methodology, TANVIR 

et al. conducted thorough experiments on two publicly 

accessible datasets. The findings showed exceptional 

performances in all traditional assessment measures, 

surpassing other cutting-edge methods [22]. The multimodal 

neural network developed by Mariya et al. was tested using 

the ECG database from the PhysioNet/Computing in 

Cardiology Challenge 2021. The simulation findings show 

that the proposed multimodal neural network performs better 

with a recognition accuracy of 0.63 and/or two percentage 

points better than state-of-the-art methods [23]. Hepatology 

and transplantation clinical practice will alter as a result of the 

application of Machine Learning (ML) technologies to create 

prediction algorithms, according to Spann et al. Through this 

review, readers will have the chance to discover the ML tools 

out there and how they may be used to interesting hepatology-

related problems [24]. Automation of the diagnosis process 

can also be used to improve the accuracy of the Support 

Vector Machine (SVM) algorithm. With 98.5% classification 

accuracy, this is the system's ultimate goal. The authors 

presented a CNN-based method for DR classification in [24].  

Pathological slides were used to demonstrate the potential 

applicability of DL in gliomas following magnetic resonance 

imaging. On the other hand, multi-omics data, including entire 

exome sequencing, RNA sequence, proteomics, and 

epigenomics, have not yet been covered [25]. Hossain et al. 

assessed the proposed CNN-LSTM using a publicly accessible 

dataset and found that it achieved an accuracy of 0.7352 when 

using feature engineering and 0.7415 when without. These 

results indicate that the CNN-LSTM is capable of accurately 

recognizing individuals with cardiovascular disease. This 

result surpasses the current state-of-the-art model. The study's 

findings underscore the capability of deep learning models for 

the early detection of cardiovascular disease. In order to 

pinpoint the primary characteristics of CVD, the suggested 

CNN-LSTM model also uses explainable AI. In clinical 

practice, they might be applied to developing more potent 

screening instruments [26]. Martin-Morales et al. have 

underscored the need for thorough health assessments and 

dietary consumption in forecasting cardiovascular disease 

mortality. Incorporating nutritional variables enhanced model 

performance, highlighting the significance of food 

consumption in machine learning-based data processing. 

Additional research utilizing extensive datasets with repeated 

dietary recalls is essential to improve the efficacy and clarity 

of these models [27]. The computational complexity of this 

method was higher, though.  

In order to differentiate between DE and DME problems, 

the authors of [28] presented the Ensemble CNN (ECNN) 

model. Nissa N et al. have described that the model's 

performance is carefully evaluated with a large dataset on 

cardiac conditions from the UCI machine learning library. 

This collection of 8763 samples, which was gathered 

worldwide, includes 26 feature-based numerical and 

categorical variables [29]. Baashar Y et al. have discussed the 

results of this study, indicating that DL models can 

significantly improve heart failure prediction and 

understanding; yet, there is a dearth of research on DL 

techniques in the field of cardiovascular diseases.  

Thus, more deep-learning models ought to be used in this 

domain. More meta-analyses and in-depth studies involving a 

greater number of patients are recommended in order to 

validate the results [30]. Ogunpola A. et al. have investigated 

various classifiers and their performance, offering significant 

insights for developing robust prediction models for 

myocardial infarction. The study's results highlight the 

efficacy of precisely optimizing an XGBoost model for 

cardiovascular diseases [31]. Jesse Gabriel has demonstrated 

the best-performing model by using data supplied by the user 

to create an online application that may accurately forecast 

cardiac disease. For accuracy, the most dependable results 

were given by the extreme gradient boosting classifier [32]. 

Karthick et al. have shown how the features relate, and a data 

visualization was created. The experimental results 

demonstrate that the random forest algorithm attains higher 

accuracy during validation across multiple data instances with 

increased features from the Cleveland HD dataset [33]. This 

paper explores the important applications of predictive 

modelling in the early prediction and detection of heart disease 

by using Gradient Boosting Machines (GBMs). GBMs can 

handle huge datasets consisting of different patient 

demographics, medical histories, and clinical characteristics 

and have proven to be best at identifying specific patterns 

indicative of cardiovascular risk. The model's ability to 
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manage complex data structures and feature interconnection 

allows accurate risk classification and proactive intervention 

strategies. GBMs are thus valuable tools in medical 

predictions, providing practitioners with intelligent data to 

personalize preventive measures, enhance patient outcomes, 

and finally reduce the implication of heart disease and 

improve cardiovascular health. 

Gradient Boosting Machines (GBMs) offer very good 

predictive modelling in the identification and early prediction 

of cardiac diseases. For the complexity of cardiac conditions, 

the latest algorithms capable of identifying the underlying 

patterns in the data and risk factors are very important; as an 

iterative tree approach is used in GBMs, the accuracy, 

precision, and robustness increase. Using GBM, the 

relationship among different data in the different aspects of 

data can be explored. Due to the high accuracy of the GBM 

model in disease detection and improving diagnosing 

accuracy, it is possible for timely treatment, high-risk patient 

identification and very early-stage detection of the disease, 

which is very helpful for reducing mortality and improving the 

life expectancy of the patients. GBM can bring revolutionary 

changes in the medical sector related to CVD treatment. GBM 

can be applied to improve the prediction process and accuracy 

in disease identification.  

3. Methodology for Dr Classification 
The paper discusses the approach of detecting 

cardiovascular disease early using Gradient Boosting 

Machines (GBMs) methodology. It is a predictive process 

implemented for the early probable prediction of the disease 

and the increase of the probability of saving the patient's life. 

Initially, gathering and preparing data are considered as the 

initial steps. This study makes use of real-time medical records 

obtained from patient treatment histories. A series of advanced 

preprocessing steps consisting of missing value imputation 

and feature scaling is implemented to maintain the robustness 

and reliability of the model design. Data preprocessing 

includes filling in the missing values, avoiding anomalies, 

normalizing the data, scaling the data, encoding the features, 

etc. The dataset is divided into a training dataset and a testing 

dataset for model implementation. The proportionality for the 

training and testing is varied to check the model's performance 

and obtain better prediction accuracy.  

The model is evaluated using several types of metrics and 

visualizations. The model's performance is demonstrated 

using different metrics like accuracy, precision, recall, F1-

score and confusion matrix. The curves are plotted, and the 

tradeoffs between the correct classification rate, 

misclassification rate precision-recall curves and the Receiver 

Operating Characteristic (ROC) are analyzed. The result 

graphs are used to represent the prediction's performance 

depending on the evaluation process and the aspects 

considered. The model is analyzed to find the key reasons for 

cardiovascular illness that provide valuable insights and 

emphasize feature selection efforts. The Receiver Operating 

Characteristic (ROC) curve is used to find the performance of 

the classification models. The graphs are analyzed by 

considering different thresholds based on the tradeoff between 

true positive and false positive rates. The Area Under the ROC 

Curve (AUC) represents the best performance and is used to 

study about the model's performance among different classes. 

The ROC curve corner at the upper left side shows the higher 

sensitivity and specificity area. The ROC analysis balances the 

true positives and false positives and gives reliable predictions 

that are important for making decisions using machine 

learning methods in the areas of medicine, finance, etc. 

Gradient Boosting Machines (GBMs) are used in healthcare 

applications and also emphasize the state of the art of machine 

learning methods. GBMs can effectively handle the highly 

complex and huge data. This model can effectively handle a 

heterogeneous healthcare dataset. GBMs can handle 

demographics, medical histories, and clinical histories. 

Effective techniques like ensemble learning are used to predict 

life-threatening deadly diseases by understanding the pattern 

among the data that the conventional statistical methods 

generally don't identify. The generalization is made better by 

this risk prediction model to identify the probability of illness 

and the stage of the disease, which can be detected much 

earlier to reduce mortality due to long-term diseases. The 

learning curve represents the impact of a large dataset on the 

overall performance. This method is also very effective in 

avoiding the overfitting and underfitting issues with the 

unseen data.  

The calibration curve is useful for determining the 

model's reliability and calculating the degree of agreement 

between the predicted probability of the disease and the real-

time event.   The probability of the correct prediction can be 

increased due to the interpretability and reliability of the 

model. Visualization is very effective in determining the 

effectiveness of the model's performance. The feature 

significance is useful in the selection process, and the 

prioritization method provides very important insights into the 

model's prior prediction. The model is tested with the help of 

learning curves to evaluate the scalability and performance 

metrics. Different learning and testing datasets ratios, like 

70:30, 60:40, and 80:20, are tested. The ratio of the training 

dataset to the testing dataset, a ratio of about 80:20, is more 

effective, as depicted from the learning curve. 

 
Fig. 1 GBM architecture 
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With this approach, the modelling in healthcare is 

achieved in a holistic way and with actionable insights. 

Maximum patient care, resource allocation, best service 

provision, and innovation in healthcare service delivery, with 

the required resource allocation and innovation in healthcare. 

The latest methods are adopted for early disease prediction, 

and these are the ongoing advancements in machine learning. 

The result graphs prove effective in proving the implemented 

method to be very efficient in diagnosing CVD. The model's 

sensitivity can be better identified because there are more 

positive true states, and the false positive numbers are 

reduced. The Area Under the Curve (AUC) clearly 

distinguishes between the positive and negative states, which 

is very important for effectiveness in risk assessment and early 

prediction.To improve the analysis of the health situation and 

the progress in the timely health conditions, the ML-based 

approach is more recommendable than the regular biopsy test 

conducted for all, as it is a costly affair. Figure 1 shows the 

general architecture of the GBM model, which divides the 

total process into a number of small tree units, to make the 

temporary local predictions. The model's sensitivity can be 

understood by the accuracy-recall curve, which finds the true 

positives and limits the false positives to balance the accuracy 

and recall. The model forms local trees in every iteration to 

predict the local probability of the disease. The size of the 

local trees keeps on increasing from iteration to iteration. 

Finding the risk of probability of the GBM is more suitable 

due to its interpretability. A Steeper ROC curve and higher 

AUC authenticate this aspect of the tradeoff between true and 

false positives. By adjusting the threshold, the result plot is 

presented in the preferred way of representation. GBM has 

higher prediction accuracy as the individual trees, which are 

considered weak learners, are combined to make the final 

prediction about CVD risk, which makes the model more 

effective in terms of the probability of the prediction. Also, the 

literature proves that the GBM model can handle more 

complex and large data with non-linear relations among the 

data. Also, identifying the feature's importance is better and 

more impactful in the case of the GBM model. Also, it is found 

from the implementation that the GBM model can better 

handle different types of data and can be found effective in 

both classification and regression. GBM is also very effective 

in preprocessing, as it is used in handling outliers and missing 

data, which improves with every iteration. GBM also supports 

custom loss functions and allows optimization of the objects 

to fulfil the tasks. Figure 2 shows the working model of the 

proposed ML method, which shows the basic principle of 

getting the local predictions from every tree and collecting all 

such predictions to make the final early prediction of the 

disease.

 

 

 

 

 

 

 

 

 

 

 
Fig. 2 GBM working model 

The blood pressure, cholesterol level, body mass index, 

glucose levels, smoking habits, diet, physical activities, 

genetic history, age, gender, blood pressure, diabetic status, 

medical history, and other aspects are considered as the 

features. Among these features, the relevant features that 

majorly impact the decision of risk of CVD are more 

effectively identified using the GBM ML method. The disease 

risk is predicted to reduce mortality and improve life quality 

based on the selected features. The disease's low, medium or 

high risk can be accurately predicted, and the model's 

performance can be evaluated using the performance metrics.  

3.1. Practical Application 
The gradient boosting classifier is a potent ensemble 

learning algorithm widely utilized for classification tasks in 

machine learning. It works by gradually adding weak learners 

(usually decision trees) to an ensemble, with each new learner 

trying to correct the mistakes of the ones before it. The model 

reorders its weights at each iteration in order to give 

preference to cases that it believes were incorrectly classified 

in the preceding step. This procedure is continued until either 

a predetermined number of weak learners is reached or no 

more progress is made. Gradient Boosting Classifier can 

handle regression and classification problems well because it 

can reduce loss functions such as binomial deviation or 

exponential loss. Additionally, the Gradient Boosting 

Classifier shows robustness against overfitting by penalizing 

complex models through regularization and shrinkage 

(learning rate). Modifying hyperparameters like learning rate, 

maximum tree depth, and number of trees also enables 

performance optimization. Due to its best-predicted accuracy 

and adaptability, the Gradient Boosting Classifier has been 

widely used in various industries, such as finance, healthcare, 

and natural language processing. It can be attributed to its 

Pred 1 

Pred 1 

Pred n 

Model 1 Model 2 Model n 

Final Prediction 
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ability to integrate the strengths of numerous weak learners 

into a potent prediction model. The suggested predictive 

modelling approach aims to recognize and identify 

cardiovascular disorders early. By establishing 

comprehensive and reliable prediction models, healthcare 

practitioners can support proactive disease management and 

intervention techniques, ultimately improving patient 

outcomes and healthcare delivery. This is achieved by 

accomplished by combining the procedures for preparing data, 

training models evaluating them, and interpreting the results.  

A fundamental machine learning task is classification, 

which groups data items into predefined classes or categories 

based on their qualities. Within various sectors, such as 

marketing, finance, and healthcare, it is widely employed for 

tasks like sentiment analysis, spam identification, and disease 

diagnosis. Partitioning, or dataset division, is a crucial step in 

the machine learning process, particularly for jobs involving 

categorization. Test, validation, and training sets are the three 

subsets into which the dataset is sometimes divided. The 

patterns and correlations between features and labels are 

identified from the training set. The validation set is used to 

assess model performance and modify hyperparameters to 

avoid overfitting.  

The test set serves as an independent dataset to evaluate 

the model's capacity to generalize to previously unseen data 

once it has been trained and verified. The hyperparameters are 

optimized, and validation is performed on the testing dataset. 

The training process is done in a very effective way, with 

multiple individual trees all connected to the final node. Due 

to this type of approach, the overfitting problem can be 

overcome. The test dataset is retrieved and validated only after 

the training process is completed. Therefore, the unseen real-

world data can be effectively analyzed using this model. Thus, 

generalization is possible with this model in a better way. 

While dividing the training and testing dataset, a trial and error 

approach is adopted to determine the best ratio of the training 

dataset and testing dataset for the effective validation of the 

model. The model has proven to be very effective with the 

chosen dataset, which is nearer to the real-time scenario. The 

class distributions have to remain consistent across all subsets 

in order to sustain the robustness and generalizability of the 

model. Stratified sampling is helpful, especially when dealing 

with unbalanced datasets containing underrepresented groups. 

In order to create a reliable classification model that can 

precisely forecast future data and eventually improve 

decision-making in a variety of real-world applications, 

proper dataset segmentation is essential. 

4. Results and Discussions 
This predictive model suggests clinical realizations and 

could enable early intervention in helping healthcare 

professionals decide about personalized treatment planning. 

Nevertheless, in future work, potential biases present in the 

dataset, e.g. demographic imbalance, need to be taken into 

account to ensure that the results are generalized to broader 

populations. The efficacy and interpretability of the created 

model are demonstrated by the outcomes of the predictive 

modelling technique for cardiovascular disease identification 

and early detection utilizing Gradient Boosting Machines 

(GBMs). In order to produce an accurate predictive model, the 

methodology used a strict approach that includes data 

preprocessing, testing, assessment, and visualization 

techniques. Before examining the model's performance, its 

accuracy was confirmed using a variety of metrics and 

visualization tools. Various metrics and visualization tools are 

used to obtain the model's accuracy.  

The accuracy metric computes the percentage of correctly 

identified cases and serves as a broad indicator of the 

prediction power of the model. The recall and precision scores 

of the model were clearly analyzed in the classification for 

every class to increase the ability of the model to correctly 

categorize positive and negative occurrences. Figure 1 

provides the classification report. The model's high accuracy 

and balanced precision-recall scores show that it can 

effectively identify cardiovascular disease cases while 

lowering false positives.  

The effectiveness of the proposed GBM model is 

validated by its comparison with both logistic regression and 

Support Vector Machines (SVMs). The results show that 

GBM achieved an accuracy of [value], much better than 

logistic regression ([value]) and SVM ([value]). [Value] was 

the AUC-ROC score for GBM, proving its better 

discriminatory power over the baseline models. GBM's 

capacity to address missing data, optimize feature importances 

and prevent overfitting via ensemble learning leads to this 

improvement. 

The accuracy was observed as  

Accuracy: 0.9403131115459883.  

4.1. Classification Report 
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Fig. 3 The classification report 

The top five rows of the dataset after classification are 

shown in Figure 3. The confusion matrix included extra 

information on the model's classification performance by 

visualizing the predictions of true positive, true negative, false 

positive, and false negative. With this all-encompassing 

perspective, the model's advantages and disadvantages could 

be better understood, leading to focused enhancements and 

adjustments.  

Receiver Operating Characteristic (ROC) and Precision-

Recall curves further illustrate the model's discriminatory 

ability and the tradeoffs between sensitivity and specificity. 

Strong discriminating power and robustness over a range of 

decision criteria were demonstrated by the high Area Under 

the Curves (AUC) seen in both figures. With these curves, you 

may optimize the model's performance according to certain 

clinical requirements and define acceptable decision 

thresholds. The Precision-Recall curve is shown in Figure 4. 

The Receiver Operating Characteristics (ROC) curve is the 

graphical representation to evaluate the binary classification 

ability of the model implemented. This plot gives the true 

positive rate against the false positive rate based on the 

threshold value adjusted. True positive rate is, also called 

sensitivity or recall, is a measure of the proportion of real true 

positives, whereas the false positives are the measure of the 

real negatives that are mistakenly classified as positive. A high 

true positive rate and a low false positive rate are expected to 

obtain better AUC. If the AUC is very near to 1, it means that 

the classification is very good. If the AUC is at least near 0.5, 

then the classification is observed to be better. And if the AUC 

value is less than 0.5, the classification is not good and is 

merely random.  

 

 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

 
Fig. 4 The precision and recall curve 

 

 

 

 

 

 

 

 

 
 

 
Fig. 5 ROC curve 

Precision-Recall Curve 

0.0             0.2              0.4             0.6              0.8             1.0 
Recall 

1.0 

0.8 

0.6 

0.4 

0.2 

P
re

ci
si

o
n
 

Receiver Operating Characteristic (ROC) Curve 

0.0              0.2              0.4              0.6              0.8             1.0 
False Positive Rate 

1.0 

0.8 

0.6 

0.4 

0.2 

T
ru

e 
P

o
si

ti
v
e 

R
at

e 

0.0 ROC Curve (Area = 0.83) 



Anthani Kamala Priya & Bhavani Madireddy / IJEEE, 12(3), 1-12, 2025  

9 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 6 Feature importance plot 

As the model is observed to be obtaining a value of 0.83, 

it shows that the model has good classification abilities. The 

feature importance graph visually depicts the contribution of 

each feature to the model's prediction ability. In the graph, 

every bar represents a feature, and the height of the bar 

signifies the relative importance of the characteristic. In this 

instance, the Gradient Boosting Classifier (GBM) is the 

algorithm used to determine each feature's significance. The 

significance values are calculated by dividing the average of 

all the decision trees in the ensemble and dividing it by the 

impurity or entropy each feature contributes. A higher bar 

indicates the greater influence of a feature on the model's 

output. In order to make feature selection and interpretation 

easier, this graph helps determine which features have the 

biggest impact on the model's predictive ability. The feature 

Importance Plot is shown in Figure 6.  

The x-axis is typically used to represent the variables or 

features. With each attribute, the y-axis indicates its 

importance or significance. Thus, the y-axis shows the proper 

relevance score, while the x-axis plots each attribute. The 

relevance score shows how each attribute affects the 

predicting ability of the model. A more influential element is 

indicated by a larger value on the y-axis. As a result, the graph 

clearly illustrates how important various features are in 

relation to impacting the model's predictions. Overfitting is 

not seen in Figure 7, which shows the training samples versus 

the validation accuracy graph. Within the proposed model, the 

number of training samples vs validation accuracy is plotted 

against the learning curve, a graph that illustrates the link 

between the size of the training dataset and the model's 

performance on unknown data. With an increasing quantity of 

training data, this graph helps evaluate how well the model 

generalizes to new data. The y-axis of the learning curve 

displays the accuracy on a different validation dataset of the 

model, while the x-axis indicates the quantity of training 

samples used.  

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 
Fig. 7 Training samples versus validation accuracy graph 

In general, the validation dataset is achieved by increasing 

the number of training samples, which is found to be better by 

the model performance. This improvement happens because 

the model is able to learn more robust patterns and generalize 

unknown data better, giving access to a bigger and more 

diversified set of training samples. When analyzing the 

learning curve, important information about the model's 

behaviour might be revealed.  

The model may achieve its maximum learning capacity 

with the data at hand if more training samples are added, but 

the validation accuracy remains unchanged or grows slowly. 

In contrast, if the training and validation curves greatly 

diverge, the model may be overfitted, showing strong 

performance in training and fresh data. The model users can 

decide the quantity of training data needed and how to 

maximize performance by examining the learning curve. The 

model diagnostic skills help to comprehend the tradeoffs 

involved by acting as a guide for model building and 

optimization efforts. 

The model's binary classification calibration performance 

is evaluated graphically using the calibration curve. It shows 

how the actual observed probabilities and the projected 

probability of the positive class relate to each other. Using a 

calibration curve that is created in the suggested method, the 

calibration is assessed. The x-axis shows the calibration curve 

of the mean expected probability for the positive class in the 

context of binary classification. In contrast, the y-axis shows 

the proportion of actual positive events that were seen in each 

predicted probability bin. The genuine likelihood of positive 

events with its forecast probabilities of the calibration curve is 

closely aligned with the diagonal line (y = x), representing a 

well-calibrated model with the proper match. The GBM model 

was tested on a dataset and also validated its real-world 

applicability using the dataset. The model identified high-risk 

patients and, consequently, early medical intervention. 
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Fig. 8 Calibration plot 

It is imperative to examine the calibration curve in order 

to determine whether the predicted probabilities of the model 

fairly represent the chance of favourable events. Whether 

modifications are required to increase the alignment between 

the predicted probability of the model and the true 

probabilities by looking at the calibration curve is feasible to 

determine. In applications such as risk assessment and medical 

diagnostics, calibration is especially vital where accurate 

probability estimations are essential. As depicted in Figure 8, 

making decisions and improving the model can be aided by 

the calibration curve, which offers insightful information 

about the dependability of the probabilities predicted by the 

binary classification model. This work deviates from the 

previous studies, relying, however, on default GBM 

hyperparameter settings. At the same time, an optimized GBM 

with a learning rate and maximum depth of (0.05,6) is used to 

prevent the model from overfitting and to maximize 

classification accuracy.  

Table 1. Comparative analysis with other machine learning models 

Model Accuracy AUC-ROC Precision Recall F1-Score 

Logistic Regression 82.30% 0.79 0.81 0.78 0.79 

SVM 84.10% 0.81 0.83 0.8 0.81 

Random Forest 87.20% 0.85 0.86 0.85 0.85 

GBM (Proposed Model) 91.50% 0.92 0.9 0.91 0.91 

In addition, the synthetic data augmentation used 

dimensioned the class imbalance and improved model 

robustness. The overall picture shown in the Table 1 above 

clearly shows that GBM gives better results in all the 

important performance measures than conventional models, 

thus making it a better choice for early CVD detection. Early 

medical intervention was the result of the success of the model 

in identifying at risk patients. This shows how AI can assess 

the risk in personalized medicine and preventive healthcare 

settings. 

5. Conclusion 
Using a healthcare dataset, the suggested model presents 

the process of building and evaluating a predictive heart 

disease prediction model in a thorough methodology-based 

way. The Gradient Boosting Machine (GBM) model not only 

has better accuracy but can also perfectly handle huge data and 

different varieties of data. The latest ML models, such as 

GBM, can use heterogeneous data well.  

The model can very well cope with data in different 

aspects that can affect the prediction of the disease. Since the 

GBM model solves the prediction process by incorporating 

the data in an independent tree and combining the individual 

prediction at the final node to make the final prediction, it has 

been observed to be very effective for predicting the CVD 

risk. It has been proved that the iterative boosting method is 

very effective in using weak learners. Moreover, this method 

prevents the overfitting problem. Therefore, GBM is proven 

to be the best method in CVD prediction by learning the 

relation of other features with the data instance. The GBM 

model is also tested in terms of its adaptability by checking 

the data on a huge chunk of unseen data, and it is found to be 

very good in this regard as well. The model has served as a 

reliable tool and appears to be very useful for healthcare 

workers.  

Assessing the probability of disease in advance is the best 

way to prevent or effectively cure the mortality caused by 

CVD and its other complications. This implementation and 

analysis allow high-risk patients to be saved much better. The 

scalability of GBM is also very satisfactory and can deal well 

with very feature-scale data. The GBM model has proved to 

be very effective in interpretability for the CVD. I prove that 

the GBM Model effectively predicts CVD in well-advanced 

result plots. In future scopes, the same may be used in 

applications with neural networks and other latest AI models, 

like transformers.  

The implementation of the model may also be done using 

real-world data, and continuous evaluation of the model could 

also be conducted. However, a reliable model is provided to 

revamp the prediction process. The ensemble approach can be 

explored.  The ML models of all possible problems have been 

very well tested and in the case of predictive prediction, these 

have been proven to perform very well. The implemented 

model and the evaluation process prove themselves as the 

suggested model by which the mortality and other 

complications are reduced. 
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