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Abstract 

Cardiovascular disease remains a primary contributor to global mortality, illustrating the pivotal role of effective early 

detection systems that can alleviate pressure on health system resources. This work presents an automated machine 

learning based approach to early cardiac risk detection via ensemble-based predictive modelling. This study adopts a 

disciplined multi-step process, including thorough literature review, data engineering, feature extraction and 

algorithmic optimization for clinical data on clinical datasets, all captured with Kaggle. Among the models we 

examine Random Forest (RF) and XGBoost. The study is valuable for demonstrating that a well-tuned hybrid 

ensemble can achieve near real-time, high-fidelity cardiac risk prediction and serve as a robust substitute for 

traditional diagnostics. 
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1. Introduction 

Cardiovascular diseases (CVDs) are a significant global 

health problem responsible for some 17.9 million deaths 

each year, accounting for 32% of global mortality [1]. 

Coronary artery disease, cerebrovascular diseases, 

congenital heart defects, and peripheral artery diseases are 

some of these complex diseases that collectively represent 

the leading cause of premature death in the world [2]. Risk 

factors that can be modified include a poor diet (excess 

dietary sodium/saturated fat), physical inactivity, tobacco 

use, and deleterious alcohol consumption that can 

contribute to CVD pathogenesis; epidemiological studies 

have estimated these factors account for 80% of premature 

CVD events [3], [4]. The socioeconomic health costs are 

equally profound: By 2030, global estimates from the 

World Heart Federation show that the economic cost to 

productivity associated with CVD will exceed $1 trillion 

annually.  

Traditional diagnostic methods that depend on manual 

interpretation of electrocardiograms (ECGs) and 

angiography information, together with the patient’s 

history play increasingly challenging roles in today’s 

health-care system. As Al-Alshaikh et al. [5] demonstrates 

that the use of manual analysis of multidimensional patient 

characteristics results in diagnostic errors ranging from 18 

to 24% and delays in treatment of an average of 48 hours. 

Such inefficiencies are highly fatal in acute coronary 

syndromes where “golden hour” interventions contribute 

to suboptimal survival. Compounding these issues is the 

daily collection of around 2.5 quintillion bytes of clinical 

data, from healthcare systems worldwide, that would 

easily overwhelm the abilities of humans to perform 

analysis [6]. At present our situation of a kind of diagnostic 

crisis demands intelligent systems capable of translating 

clinical parameters into actionable insights.  

Machine learning (ML) revolutionizes medicine in 

many ways; it demonstrates how to isolate tiny patterns 

from high dimensional biomedical data. Current literature 

comprises various ML methods: Karna et al. [2] achieved 

89% accuracy in detecting arrhythmias by utilizing CNNs 

in ECG time-series while Liyakat [4] achieved 91% 

precision for prediction of blockage of coronary artery 
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with feature-driven logistic regression to predict it. But 

there are three big research gaps. First, unbalanced data 

sets, where CVD-positive cases represent <15% of 

instances, have been used most, and are susceptible to 

algorithmic bias towards majority classes. Secondly, 

comparative studies fail to isolate the best architectures to 

function autonomously which do not work with 

autonomous functionality, for example real-time 

adaptability and computational efficiency [6]. Third, the 

same mechanisms for explainability that are critical for 

clinician adoption are not afforded in any framework, as 

"black-box" predictions will likely reduce physicians' trust 

[5]. These challenges require a systematic algorithm-

agnostic assessment for autonomous detection systems. 

2. Related Work 

Machine learning (ML) plays a crucial role, as it has the 

potential for autonomous pattern recognition in 

complicated data without explicit programming [8], 

transforming the field for diagnosis in health. Its use in 

diagnosing heart disease is possible thanks to the capability 

to discover functional features from noisy and high 

dimensional clinical data while dealing with intrinsic 

uncertainties [8]. A more complex approach is taken by 

deep learning (DL), which extends this process by multi-

level neural networks which model inputs, gradually 

turning them into non-linear functions and making it 

possible to achieve representation learning in terms of 

large datasets [9].  

The health care prognostic literature focuses on feature 

engineering, imputation, and ensemble optimization for 

predictive precision improvement [10], [11]. Optimization 

heuristics and collaborative filtering approaches guide the 

hyperparameter search and ensemble selection strategies 

of RF/XGBoost frameworks in near real time in clinical 

settings [12], [13], [14], [15].  

Well-built feature engineering provides a strong 

foundation of effective autonomous detection. Feature 

selection algorithms for dimension reduction in discrete 

features and weighted feature extraction have been shown 

to be crucial to avoid dimensionality decrement, without 

loss of discriminative signals [7]. Ahmad et al. [16] 

reached 99% precision by recognising distinctive 

predictive features from heterogeneous patient data, 

highlighting ML’s ability to reduce unnecessary repetition 

and ease training data in models. Nevertheless, as Ahsan 

and Siddique [17] observe via systematic review of 450 

data, imbalanced datasets are still a major problem, 

potentially biased toward majority classes, until they are 

alleviated by methods such as SMOTE or adversarial 

reweighting.  

Recent autonomous detection systems demonstrate 

robust, however diverse performance: 

• Neural architecture: Naeem et al. [18] applied artificial 

neural networks (ANNs) used in ECG data, which 

gained >85% accuracy by extracting sensory features 

but found it difficult to apply in real time owing to 

excessive computational costs. 

• Hybrid Methods: Arooj et al. [8] used convolutional 

networks using attribute selection, achieving 91.7% 

validation accuracy for Kaggle-possessed data, but 

required a lot of prescience to get rid of missing values 

in the model. 

• Ensemble Strategies: Bharti et al. [19] integrated 

isolation forests with SVM and XGBoost classifiers, 

reaching 94.2% accuracy by eliminating irrelevant 

features such as a benchmark in multimodal fusion. 

• Algorithmic Comparisons: Nagavelli et al. [9] directly 

compared techniques, confirming XGBoost's 

superiority over decision trees in ECG-based diagnosis 

but omitting critical latency metrics. 

3. Methodology 

This research is carried out using constructive methods 

as it supports in solution development for the problem 

identified [20]. This constructive method has helped this 

research to address the literature problem through 

autonomous model development that is trained by using 

the available datasets.   

Experimental research techniques were adopted for 

developing this autonomous model because of the support 

offered in undertaking various steps. The different steps 

which were used in this project are dataset selection, data 

preparation, model development, model training, model 

testing and model evaluation.    

4. Analysis 

The imported data set is then displayed to develop 

general understanding of the different features covered in 

this data set. As given in (Table 1), each record of this data 

set consists of 11 features/characteristics for explaining 

health information of everyone. 

Table 1 Display of the Data Set. 

 

After completion of importing the data set in successful 

manner, it is pre-processed by identifying if there are any 

missing values or null values in the data set. The rows 

having such values were deleted and the rows having data 

in unwanted format were also addressed by not considering 

them into the data set.   

Exploratory data analysis is conducted on the imported 

data set with the intention of exploring the diversified 

characteristics of this data set. The outcome of such 

exploration data analysis as given in the above screen 

shows the identification of the key features along with the 

data type of these features. This feature of the model 
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helped to differentiate between patients having heart 

disease and patients not having any such condition. 

XG Boost is one of the machine learning algorithms 

used to develop the model and support understanding of 

the data set. Above are the lines of code which were used 

for developing the model with the help of XG boost 

algorithm. Because of using this imported XG Boost 

function, classification of data and understanding of the 

data where supported. 

Table 2 Model Development using Random Forest 

 

Similar to the utilisation of this XG Boost machine 

learning algorithm, random forest has also been used for 

the process of model development. The lines of code which 

were utilised to facilitate in calling random forest function 

is shown in (Table 2). This helped in the process of 

developing the model that constructs decision trees and 

gives the outcome by combining the output from these 

decision trees. 

  

Figure 1 Detection of heart disease. 

After the developed model was trained and tested, it is 

now capable of doing the heart disease detection process 

in autonomous manner. The result of such detection is 

given above in (Figure 1). The pie chart indicates that 53% 

of the patients have the probability of developing heart 

disease while 47% don't have such risk. In terms of 

numbers, 561 patients don't have the chance of developing 

heart disease while 628 patients have the probability of 

developing heart disease condition. 

 

 

Figure 2 Relation between ECG Value and Heart Disease. 

In the process of detecting whether a patient has the 

probability of developing heart disease or not, 

Electrocardiogram (ECG) value has also been identified to 

play a very important role. Depending on different ECG 

values, the probability of the patient developing heart 

disease condition was found to be determined. As given in 

the pie chart shown in (Figure 2), 57.44% of patients with 

normal ECG value can develop heart disease, 27.33% of 

patients with left ventricular hypertrophy ECG value can 

also develop the condition of heart disease. 

5. Result 

Training and testing the model showed its functioning in 

detecting the heart disease condition in autonomous model. 

The effectiveness of this model in making such detection 

process in accurate manner was identified through the 

evaluation activity. Accuracy is the first evaluation 

parameter considered to assess the proportion at which 

predictions are accurate compared to the total number of 

samples predicted. Comparison of accuracy scores of 

different models showed that that XG Boost model has the 

highest accuracy of 90.6% in the prediction of our business 

condition. The second evaluation parameter that is 

considered is accuracy which specifies the mean power 

ratio of the true positives are total sum of true positives and 

the false positives. 

In terms of precision, XG Boost followed by Random 

Forest were identified as the most effective models in 

making predictions because of incorporating the function 

of gradient boosting. This is the third evaluation parameter 

specifying the ratio of the total number of true positives to 

overall number of actual positives determined from the 

predictions. Even for sensitivity score, because of gradient 

boosting, XG Boost has high level of sensitivity followed 

by random forest-based model. The fourth evaluation 

parameter considered is F1 score which calculated the 

harmonic mean of the precision value and the recall values. 

The outcome of this F1-score informs that both random 

forest and XG Boost have high levels of F1 scores 

implying their effectiveness in generating predictions with 

higher precision value. 

Specificity was also another evaluation criterion for the 

machine learning algorithms which was defined as the 

ratio of true negatives over all the actual negatives of this 

model. This evaluation indicates that random forest is more 
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specific as it predicts heart disease condition, in which the 

true negatives of prediction are maximized. 

6. Conclusion 

All in all, this manuscript shows that the machine 

learning techniques offer a reliable springboard for self-

guided early heart disease identification, can be related to 

existing research, and helps towards real implementation. 

Guided by critical treatment of most existing 

models/architecture [17], [18], our approach shows that 

ML, then, is in essence a tool for extracting discriminative 

features from the dense clinical databases, and it is this 

critical ability that is key for inferring useful diagnostic 

information from the raw data of patients. Following 

Garza-Frias et al. [21] and Ahmad et al. [22], our feature 

engineering system was able to effectively identify 

essential biomarkers, which greatly raise the prediction 

probability, which indicates that ML outperforms manual 

feature selection for detection of subtle pathological signs. 

Random Forest, XGBoost, and Gradient Boosting 

compare gives deep insights into autonomous function. In 

our exploration methodology, we have confirmed that ML 

architecture takes into consideration data complexity 

(outliers and feature correlation mapping), enabling 

efficient self-directed learning. Additionally, the 

improvement in prediction accuracy with gradient-boosted 

error correction mechanism of XGBoost increases the 

sensitivity against early-stage cardiac anomalies found by 

our evaluation. This finding is in line with Moshawrab et 

al.’s [23] claim in relation to XGBoost's diagnostic 

accuracy. Simultaneously, Random Forest exhibited 

exceptional specificity through aggregated decision-tree 

consensus, particularly in distinguishing true negatives as 

a critical advantage for reducing false alarms in clinical 

settings. 
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