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Abstract 

Heart failure is an incurable condition in which the heart gradually loses its ability to pump blood 
effectively. It is a growing global health concern affecting millions of people worldwide. The risk of 
heart failure increases with age, highlighting the need for machine learning models capable of 
predicting heart failure at an early stage. Early predictions can help reduce disease progression, lower 
hospitalization rates, and improve patients’ quality of life. The primary objective of this study is to 
predict patients in the early stages of heart failure using machine learning techniques based on health-
related attributes. By leveraging the Cleveland dataset, which includes 13 key health features, our 
system predicts heart failure with high precision, enabling early intervention and more effective 
treatment planning. These models were tested and evaluated using standard performance metrics. 
Among them, the Random Forest classifier, implemented using RapidMiner, achieved the highest 
accuracy of 92.16%, outperforming other models in predictive capability. 
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1. Introduction 

Heart failure is a major health concern in which the heart struggles to pump blood effectively[1]. 
This condition can lead to various complications, frequent hospitalizations, and even death. In the 
United States alone, approximately 6.2 million people are affected by heart failure, with the condition 
being more prevalent among older adults[2,3]. Several risk factors contribute to the development of 
heart disease, including high blood pressure, existing heart conditions, and a history of heart 
attacks[4]. 

Early symptoms of heart failure may include shortness of breath, fatigue, and swelling in the 
legs and ankles [7]. If not detected at an early stage, the disease can progress and result in severe 
outcomes, such as heart attacks and reduced quality of life. Currently, doctors rely on clinical tests 
and checkups to diagnose heart disease, but these methods may not always be sufficient for early 
detection [9]. 

This highlights the need for more effective approaches to identify heart conditions before they 
become critical. Machine learning, a modern technological advancement, offers promising solutions 
by analyzing large datasets to detect patterns associated with disease. By using a patientʹs health 
information and lifestyle factors, machine learning can assist in the early prediction of heart disease. 
As the number of cases continues to rise, it becomes increasingly important to adopt improved 
methods for early diagnosis and prevention.  

Figure 1 provides a visual comparison between a healthy heart and a diseased heart, illustrating 
how a heart attack can occur due to a blood clot blocking blood flow in a coronary artery affected by 
atherosclerosis. 
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Figure 1. Normal Heart vs Disease Heart. 

2. Literature Review 

[1] address the challenges of heart disease prediction, particularly focusing on issues related to 
low accuracy and scalability. Their research compares different machine learning algorithms [11]. By 
applying LR, KNN and RF to the UCI dataset, which contains 13 medical attributes, the authors 
achieved an accuracy of 88.52% using the KNN model. 

[2] investigate machine learning techniques for heart attack prediction [12]. This disease causes 
a significant number of deaths worldwide every year. In their paper, they study various machine 
learning approaches, including SVM, KNN, Decision Trees (DT), and RF. The Random Forest model 
achieved an accuracy of 91%, showing its potential in early disease detection and treatment. 

[3] aim to solve the critical challenge of heart disease prediction, a major global cause of death. 
They highlight previous limitations in machine learning approaches [13]. The authors developed a 
hybrid model called HRFLM (Hybrid Random Forest with Linear Model). Using Neural Networks, 
SVMs, and Decision Trees, they achieved an accuracy of 88.7%, while the HRFLM model achieved 
89.01% accuracy, demonstrating improved performance. 

[4] discuss the difficulties in early heart failure prediction. Early detection is essential to reduce 
the mortality rate. The authors used the Cleveland dataset with 14 attributes and applied models such 
as Random Forest, SVM, Naïve Bayes, and Decision Trees. They achieved a maximum accuracy of 
84%. 

[5] address the challenge of heart disease prediction using various machine learning algorithms. 
In their study, they used the UCI dataset with 14 attributes and trained models including KNN, 
Decision Tree, SVM, and Linear Regression. Among these, KNN achieved the highest accuracy of 
87%, followed by SVM (83%) and Decision Tree (79%). They concluded that KNN was the best-
performing algorithm for their dataset. 

[6] focus on predicting mortality in patients with heart failure. They found that traditional 
models like MAGGIC and ADHERE were inadequate in capturing the complete clinical picture. To 
address this, they developed a new machine learning-based model called MARKER-HF, using eight 
attributes. This model achieved an AUC of 0.81–0.84, outperforming traditional models like NT-
proBNP. Their study emphasizes the benefit of machine learning for both patients and clinicians in 
early detection and personalized treatment. 

[7] This paper describes how heart failure often follows a heart attack and is influenced by 13 
contributing factors. The HRFLM model was used and achieved an accuracy of 88.7%, showing 
improved reliability and accuracy over older models. This research demonstrates the modelʹs 
effectiveness in early detection of heart disease. 

[8] This study discusses the challenges of diagnosing and predicting heart failure, particularly 
due to the complexity of patient data. The authors advocate for machine learning techniques over 
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traditional models such as the Seattle Heart Failure Model. Their results show that machine learning 
provides more accurate and reliable predictions of heart failure. 

3. Proposed Methodology 

Machine learning offers positive advancements in different fields, including healthcare. In this 
research, different machine learning algorithms are used to analyze datasets related to heart failure 
prediction. To solve the issue, it is important that the datasets used have no missing value and are 
well organized. The RapidMiner tool was chosen for applying machine learning techniques to the 
dataset. By using different types of algorithms, our goal is to achieve high accuracy for early-stage 
prediction of heart disease. Figure 2 shows our proposed framework.  

 

Figure 2. Framework. 

3.1. Dataset 

This dataset is downloaded from Kaggle, focusing on heart disease. It consists of 11 attributes 
that represent critical conditions for a patient. In this paper, it is studied how to predict heart failure 
early based on clinical data, biomarkers, genetics, and imaging results. The researchers identified that 
patients who start early treatment for heart disease have fewer chances of heart failure. This paper 
consists of different information to avoid risks and improve how we prevent and manage heart 
failure [8]. 

Prediction of cardiovascular disease is difficult because many risk factors are involved. To 
improve prediction over previous models, the author introduced a new method called Hybrid 
Random Forest with Linear Model (HRFLM). They used dataset attributes with 919 records. The 
dataset gives results on the basis of ʺYesʺ or ʺNo.ʺ It furnishes information based on attributes such 
as Age, RestingBP, Cholesterol, Resting ECG, etc.  

3.2. Model Selection: 

The selected model is based on higher accuracy compared to other models. There are a few steps 
to perform Random Forest on the dataset: 

A. Step 1: Import the dataset into RapidMiner. 
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B. Step 2: Add SMOTE to balance the dataset. 
C. Step 3: Split the dataset into two parts: Training data and Testing data with a ratio of 

80/20, as shown in Figure 3. 

 

Figure 3. Splitting Data. 

After splitting the data, several machine learning models were tested, such as Random Forest, 
KNN, Logistic Regression, Naive Bayes, and Decision Tree. By applying these classifiers, the Random 
Forest model gave higher accuracy than the others. In this paper, we choose Random Forest as the 
model to predict heart failure disease, as shown in Figure 4. 

 

Figure 4. Overview of the model in Rapid Miner. 

4. Results 

In this section, we discuss the results of the classifiers used to predict heart disease, based on the 
findings of our experimental analysis. To optimize the accuracy of our model, we conducted 
experiments using various classifiers including Decision Tree, Logistic Regression, Naive Bayes, 
Random Forest, and K-Nearest Neighbors (KNN). We then compared the accuracy achieved by each 
model to determine the most effective approach. The results obtained from these algorithms are 
shown in Table 1. 

Table 1. ACCURACY IN DIFFERENT CLASSIFIERS. 

 

ALGORITHMS 

 

ACCURACY (%) 

 

DECISION TREE 

 

85.47 

 

NAIVE BAYES 

 

84.26 
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RANDOM FOREST 

 

92.16 

 

LOGISTIC REGRESSION 

 

83.13 

The confusion matrix depicted in Figure 5 visually represents the performance of the Random 
Forest model in our system. It presents the class recall and class precision results. The confusion 
matrix serves as a crucial tool for evaluating a classification model’s performance by detailing 
outcomes such as true positives, true negatives, false positives, and false negatives. The results are 
compared with those of other authors using the same dataset, highlighting how our model achieves 
better accuracy. Table 2 shows a comparison of accuracy results from previous models that used 
different classifiers. 
 

 

Figure 5. Splitting Data. 

Table 2. Comparison of Results with Other Authors. 

Comparison of results 
Author Year Data Set Classification Accuracy 
[7] 2021 UCI KNN 88.52% 

[14] 2018 Cleveland Random forest 91% 

[15] 2019 UCI HRFLM 89.01% 

[16] 2020 Cleveland SVC 84% 

5. Conclusion and Future Work 

This paper highlights the importance of early intervention to help patients at risk of heart failure. 
Using supervised machine learning techniques on the Cleveland dataset, we tested various classifiers. 
The highest accuracy of 92.16% was achieved by the Random Forest algorithm, outperforming the 
other methods used in RapidMiner. The dataset was first cleaned by removing irrelevant features 
and handling missing values, ensuring it was ready for model training. The models were then 
evaluated using performance metrics such as accuracy, recall, AUC, and the confusion matrix. This 
approach improves the efficiency and accuracy of heart failure prediction. With the help of such 
predictions, healthcare providers can act earlier, detect heart failure in its initial stages, and design 
better treatment plans. 
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