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CHAPTER 6 

 

SUPER LEARNER ENSEMBLE MODEL IN HEART 

DISEASE PREDICTION 

In the analysis of statistical data, an excessive degree of human bias is introduced 

when inappropriate models are chosen. The choice of a statistical model is the foundation 

of all estimating and hypothesis testing techniques, therefore achieving reliable estimates 

and making sound statistical inferences depends heavily on the model's correct depiction 

of the process that produced the data. This chapter briefly discusses on utilizing different 

ML base classifiers and devising the proposed SLEM. Comparing the Super Learner Model 

to state-of-the-art ML techniques is also demonstrated. 

6.1. INTRODUCTION 

 
Cardio Vascular Diseases (CVDs) are receiving a growing degree of attention due 

to increasing incidences and fatalities worldwide. There are many risk factors which on 

exceeding their normal limits would lead to heart disease at a later stage. Diagnosing heart 

disease at an early phase is also a crucial task. In the modern medical system, the role of 

ML is crucial, particularly in the early prediction of cardiovascular illnesses. Even though 

single classifiers may perform well on few datasets, it may not work very well for all new 

samples. This disadvantage of individual classifier can be overcome in ensemble models. 

The ensemble of classifiers provides robust solutions than individual classifiers. 

There are three ways by which ensemble models can differ: 

 
i) data selection for ensemble base model training 

 
ii) by deciding on which foundational models to use for the ensemble 

 
iii) by the method used to synthesize the ensemble model's results from those of its 

constituent base models. 

By carefully selecting appropriate base models, this study proposes a unique Super- 

Learner Ensemble Model (SLEM) for categorizing data on heart disease. Early heart disease 

detection with the SLEM is achieved through the merging of many individual base models 

and tree based models. 
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6.2. MACHINE LEARNING MODELS 

6.2.1 Support Vector Machine (SVM) 

Developed by Vladimir Vapnik, SVM , is widely used for both linear and non- linear 

classification in the machine learning community. The SVM technique uses n- dimensional 

vectors (features) to represent each data point (Uddin et al., 2019). The SVM kernel converts 

a non-separable issue into a separable one by mapping the input space from a lower 

dimension to a higher one. Once the hyper-plane separating the two groups has been located, 

classification can be finalized. However, this model takes long time to train the larger 

datasets. 

6.2.2 Logistic Regression (LR) 

Probability theory forms the basis of LR, a method for predictive analysis. It makes 

use of the function sigmoid, a logistic function, which is effective in the classification of 

binary or multiple classes because it accepts any real input and returns a value between zero 

and one. In predicting the likelihood of an event, LR takes into account a wide range of 

variables. Where 𝑥 is the predictor variable and 𝑓(𝑥) is the predicted variable, we get the 

logistic function, denoted by Eq. (6.1). 

𝑓(𝑥) = 1/(1 + 𝑒−𝑥)                                                        (6.1) 

 
LR should be avoided since it can lead to overfitting if there are fewer observations 

than features. 

6.2.3 Gaussian Naive Bayes (GNB) 

Using a probabilistic strategy and the Gaussian distribution, GNB is a classification 

method. When predicting a class/outcome/target variable, GNB considers that all 

parameters (also known as features or predictors) contribute equally and independently. 

GNB is based on the 'naive' assumption that features of the dataset are uncorrelated with 

one another. Given ‘n’ independent features (𝑋1, 𝑋2, 𝑋3, … 𝑋𝑛) in a dataset, the probability of 

a data point belonging to class ‘y’ given its features (𝑋1, 𝑋2, 𝑋3, … 𝑋𝑛) is: 

𝑃(𝑌 = 𝑦|{X1, X2, X3, … Xn}) =  
𝑃(X1/𝑌).  𝑃(X2/𝑌)…  𝑃(Xn/𝑌) .𝑃(𝑌) 

P(X1).P(X2)…P(Xn)
          (6.2) 

However, this approach requires more extensive data sets in order to yield useful results. 
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6.2.4 K-Nearest Neighbors (KNN) 

The KNN technique is widely used in ML for both classification and regression 

purposes. A new data point is assigned a label based on its closeness to labeled training set 

points. This is accomplished by calculating the average distance of each newly contributed 

data point to the entire training dataset. Euclidean distance is commonly used for continuous 

features, while other distance metrics may be used for categorical data. When a new data 

point is introduced, the K training examples closest in distance are chosen. The new data 

points nearest neighbors are these examples. The majority class of a point's K neighbors is 

used to assign a class label to the point. The classification performance of KNN can vary 

widely depending on the values used for K and the distance metric. 

6.2.5 Decision Tree (DT) 

Attribute-based data partitioning is the basis for the DT method, which uses decision 

rules at internal nodes to choose which attribute to evaluate next. After a particular depth is 

reached or when all instances in a partition belong to the same class, the splitting process 

stops. A leaf node is then generated and given the class. To determine the quality of a split, 

entropy is used to quantify the uncertainty or randomness in the class labels of the instances 

within a particular node. Eq. (6.3) shows the formula for entropy computation. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝐻(𝑆) = − ∑𝑛    𝑝𝑖 (𝑆) ∗ 𝑙𝑜𝑔2 𝑝𝑖(𝑆)) (6.3) 

If 𝑆 is the collection of cases, 𝑝𝑖(𝑆) is the chance that one of those examples falls into class 

𝑖, and a total across all possible groups is computed. 

After the division, the IG is determined by contrasting the parent node's entropy with 

the weighted average of the entropies of the child nodes. The criterion for the divide is 

determined by the attribute that provides the most useful information. Eq. (6.4) shows the 

formula for IG computation. 

 

(6.4) 

 

DT has high interpretability but prone to over-fitting. A limitation of DT model is its 

instability. What this means is that the model's resilience can be impacted by even modest 

changes in the training data, which might lead to different DT’s. Ensemble methods can 

  help address this issue by combining multiple DT’s to make more stable predictions.  
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6.2.6 Ensemble Classifiers 

Ensemble classifiers are either a combination of homogenous classifiers or 

heterogeneous classifiers. Among the many benefits they offer is enhanced prediction 

accuracy, resistance to overfitting, and the ability to identify intricate relationships within 

the data. On the other hand, they could be more difficult to interpret and computationally 

intensive than separate models. The challenge at hand, the data, and the needs of the task all 

factor into which ensemble classifier is selected. Ensemble classifiers outperform individual 

models by pooling their best features. 

6.2.6.1 Random Forest (RF) 

The RF classifier is trained using a group of DTs, each of which is fed a distinct 

subset of the full training set. Each node of each DT additionally undergoes a split-check 

using a randomly selected set of characteristics. These randomizations improve 

generalization by reducing overfitting since they increase variation among the trees. RFs 

are less interpretable than DT’s due to their ensemble nature. For huge datasets or difficult 

tasks, the computational cost of building many DT’s can be prohibitive. Training times, 

however, can be cut in half by performing the steps in parallel. 

6.2.6.2 Extreme Gradient boosting (XGB) 

By merging the results of several different DT’s, XGBoost (eXtreme Gradient 

Boosting) generates an accurate predictive model. The technique works by training 

successive DT’s to reduce the error made by the preceding trees. Overfitting is avoided by 

pruning newly-added DT’s in the method, which is used to maximize an objective function. 

XGBoost's capacity to deal with intricate connections in the data is one of its greatest 

features. In XGBoost, the objective function is a mixture of the Training Loss and the 

Regularization, where the Training Loss is the differentiable convex loss function that 

determines  the  difference  between  the  target  𝑦𝑖      and  the  prediction  𝑦̂𝑖.  Eq.  (6.5)  is  the 

XGBoost objective function. 

  (6.5) 

The model's complexity is punished by the second term Ω. The regularization term 

is then applied to the learned weights as a whole to prevent over-fitting (Tianqi Chen & 

Carlos Guestrin, 2016). For large datasets in particular, XGBoost's memory requirements 
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can be prohibitive. Because of this, it may be difficult to run on systems with minimal 

memory, resulting in decreased performance. 

6.2.6.3 CatBoost (CatB) 

 
Categorical Boosting (CatBoost) is intended to work on categorical data impeccably. 

The distinct features of CatB compared to other boosting algorithms are: 

 High performance even without hyper parameter tuning 

 Categorical features support 

 Improved accuracy by reducing overfitting 

 Fast prediction 

 CPU as well as fast and scalable GPU version 

 

CatB uses a random permutation-driven ordered boosting technique. In ordered 

boosting, a new training dataset is obtained in each step of boosting. This assures that the 

previously obtained model has not seen the labels in the new training set. This prevents 

biasing of the trained model at each step of boosting. Its claim to fame is that it can deal 

with categorical variables without resorting to label encoding or OHE. CatB is distinct in 

its usage of symmetric trees, for example. In other words, the split condition is the same 

across all the decision nodes at every depth. 

 

6.2.6.4 Majority Voting Ensemble (MVE): 

 

The predictions of several different ML models are pooled together to form an MVE. 

It's a method for boosting model efficiency, with the goal of outperforming even the best 

individual model. Multi-model prediction is the key to an MVE's success. The majority 

label is anticipated by adding up the predictions for all of the labels in a classification. 

6.2.6.5 Stacking: 

 
Stacking is a method of ensemble learning that makes predictions by combining 

numerous individual models in a hierarchical fashion. To stack multiple models, one 

trains a meta-model that learns to make predictions based on a combination of the 

predictions from the individual models used as input. 
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6.2.7 Advantages of opting Ensemble classifier over Individual classifier 

i) Performance: 

 
The effectiveness of any one ML classifier may be capped by the problem's 

complexity and the model's inability to capture all the underlying patterns. When compared 

to individual classifiers, ensemble classifiers may get better results. By combining multiple 

models, ensemble methods can reduce bias, variance and overfitting, leading to better 

generalization and higher prediction accuracy. 

ii) Robustness: 

 
An individual ML classifier is vulnerable to noise, outliers, and dataset biases. Poor 

generalization may result from inaccurate predictions or sensitivity to outliers in the training 

data. Ensemble classifiers are generally more robust due to their ability to average or vote 

on multiple predictions. They can mitigate the impact of individual model errors or outliers, 

making them more resilient to noise and improving overall stability. 

iii) Interpretability: 

 
It is typically easier to understand and explain the behavior of a single ML classifier, 

leading to improved interpretability. Ensemble classifiers tend to be less interpretable. The 

combination of multiple models makes it harder to extract specific insights or understand 

the decision-making process. 

iv) Training and Inference Time: 

 
Training a single model is faster compared to training an ensemble. However, during 

inference, ensemble classifiers can often make predictions faster by leveraging 

parallelization and averaging/voting the results. 

v) Handling Complex Relationships: 

An individual ML classifier may struggle to capture complex relationships or 

interactions between features, especially if the problem is highly nonlinear or involves high-

dimensional data. Ensemble classifiers, especially gradient boosting and neural network 

ensembles, have the capability to capture complex relationships and interactions between 

features. They excel in handling challenging and intricate patterns within the data. 
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Potential benefits of using ensemble classifiers include enhanced performance, 

increased robustness, and the ability to deal with complex interactions. However, ensemble 

classifiers may sacrifice interpretability and require more computational resources for 

training. The choice between a single ML classifier and an ensemble classifier depends on 

the specific problem, dataset characteristics, interpretability requirements, and the trade-

offs between performance and complexity. 

6.3 PROPOSED METHODOLOGY 

The most crucial characteristics of each heart disease dataset are isolated using the 

‘ModifiedBoostARoota’ (MBAR) technique. SVM, LR, DT Classifier, Gaussian Nave 

Bayes (GNB), RF, XGBoost (XGB), KNN, CatBoost (CatB), and MVE are just some of the 

models that make up the Super Learner Ensemble Model (SLEM) for classification (Van 

der Laan et al., 2007). LR is the chosen meta-learner. 

The base models chosen in the proposed SLEM model is a combination of linear, 

probabilistic, bagging, boosting and stacking models. The ensemble classifier is most 

effective when its base models are significantly different. These classifiers are first trained 

using three iterations of a k=10 stratified k-fold cross-validation. Each classifier's 

performance is evaluated by calculating their average accuracy over all folds and repeats. 

Then Super Learner, devised with a combination of all these classifiers and LR as meta 

learner, is trained and tested on the Heart Datasets. The backward elimination method was 

applied to the ensemble model's base classifiers to determine the optimal mix of classifiers 

to optimize the SLEM's performance. When compared to existing classifier combinations, 

the SLEM's innovative mix of DT and CatB classifiers provides superior performance. The 

SLEM’s performance is compared with individual classifiers’ performances, on both low 

and high dimensional datasets. 
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Figure 6.1 Proposed methodology 
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6.3.1 Proposed Super Learner for Classification of Heart Disease 

 

The Figure 6.2 depicts the block diagram of the Super Learner Ensemble Model. 
 

 

 

Figure 6.2 Block Diagram for the proposed SLEM 

 
As depicted in Figure 6.2, the SLEM’s working is briefly illustrated in following steps: 

 
Step 1: Relevant characteristics are chosen from the dataset (depicted in section 3.4) and 

preprocessed using MBAR. Next, they partition this dataset with the chosen features into 

𝑘 blocks, each of which has 𝑘 subparts. While the remaining blocks are used to teach the 

fundamental learner, one of the 𝑘 pieces is set aside for checking. The algorithms used to 

build the super learner are the ones that were chosen as the base learners, also known as the 

candidate learners 𝑆. The ML base learners utilized in this framework are briefly described 

in section 6.2 and include SVM, LR, GNB, RF, DT, XGB, CatB, and MVE. 



Chapter 6 

Prediction of Heart Diseases Risk using Novel Machine Learning Techniques 104 

 

 

 

Step 2: Until all 𝑘 of the blocks' sections have been swapped as the validation set, the 

candidate learners are trained and tested. 

 

Step 3: As the reference to Figure 6.2, a matrix is constructed with all the outputs of the 

candidate learners in the validation block. The meta-learner takes the matrix as its input. 

Predictions are saved alongside determined sample outcomes 𝑦. 

 

Step 4: The resulting super-learning model is built by integrating the predictions of each 

candidate with those of the meta-learning model, which is trained using the matrix. 

 

Step 5: In order to be employed on previously unseen samples, the candidate learners are 

fully trained with the entire dataset. 

 

Step 6: The SLEM is evaluated by first applying the base models to the novel test data and 

then feeding the resulting classifier outputs into the SLEM in the form of a vector. The 

ensemble learner predicts the output for the given vector. 

 

Step 7: SLEM's effectiveness can be enhanced by using the right classifiers. 

Algorithm: Super Learner Ensemble Model 

 

1: Input: Dataset (𝑑) on coronary heart disease, containing a sample set (𝑥) and a response 

column (𝑦) 

2: Output: Models of Prediction in an Ensemble 

 
3: Set up the ensemble 

- Indicate a set of model parameters (𝑆 in this case) and provide a list of 𝑆 potential 

learners. 

- Indicate a result you expect the 𝑆 algorithm to produce. 

 
4: Train the ensemble. 

 

- Train each of the 𝑆   on the training set represented by {𝑥1, 𝑥2, 𝑥3, …, 𝑥𝑧}, 

where 𝑧 is the total number of samples. 

- Apply k-fold cross-validation (CV), where v is the total number of data points, to 

each of the 𝑆 to make predictions for {𝑦1, 𝑦2, 𝑦3, …, 𝑦𝑉}. 



Chapter 6 

Prediction of Heart Diseases Risk using Novel Machine Learning Techniques 105 

 

 

 

- The 𝑘 -fold CV predicted values from each of the 𝑆 base learners serve as X, the 

meta-learner's training input. 

- Integrate the CV predictions from 𝑆 to form a new meta matrix, 𝑅 (𝐾 𝑋 𝑆). Train the 

meta learner model on the meta matrix 

{(𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑠, 𝑦1 ), (𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑠, 𝑦2 ), … , ((𝑥1, 𝑥2, 𝑥3, … . , 𝑥𝑠, 𝑦𝑘 )) } 

- To improve test-set prediction accuracy, merge the basic learners with the meta 

model. 

5. Predict new data. 

 
- Ensemble prediction requires first capturing the decision made by the base 

learners' output. 

- To create the ensemble predictions, include these forecasts into the super learner 

model. 

 
6.4 RESULTS AND DISCUSSION 

 
Using Ubuntu OS and Python in Jupyter Notebook, the experiment was done on a 

system with an i5 processor and 4 GB of RAM. Cleveland HD, Statlog HD, and South 

Africa (SA) HD, Cardiovascular Disease Dataset (Mendeley Data) and a novel real world 

dataset comprising of cardiac biomarkers named as ‘Cardio Biomarkers dataset’ (described 

in section 3.2) are the low_dimensional datasets used. High_dimensional datasets are 

employed in this study, specifically the Arrhythmia heart dataset and the Z- Alizadeh Sani 

dataset on heart illness. Brief descriptions of each dataset are provided in subsection 3.4. In 

addition, section 3.5 details the assessment measures employed for scoring the efficiency of 

the suggested algorithms. 

6.4.1 Performance Evaluation on Low and High Dimensional Heart Datasets 

 
SMOTE is first applied to all datasets in order to balance them by over-sampling the 

minority class. After filling in missing data in each dataset, continuous attributes are 

normalized with Min-Max scaling. Eq.5.1 provides the formula for Min-Max normalization. 

𝑋′ =   𝑋−𝑋𝑚𝑖𝑛   

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛 
(5.1) 
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The base classifiers used in this SLEM model are listed in section 5.2. Repeated 

Stratified K-Fold cross validation was used to train and test the classifiers. The Stratified K-

Fold cross validation is performed three times, each time with a different randomization. 

Maintaining a constant fraction of samples from each target class throughout iterations. The 

Stratified K-Fold used here creates 10 separate groups from the full dataset. A cross-

validation cycle uses 9 folds as the training set and 1 fold as the validation set. Iterations are 

set at 10, the same as the number of folds. Each classifier's performance is evaluated by 

calculating their average accuracy over all folds and repeats. Training and evaluation are 

repeatedly performed using the Low-dimensional Heart Datasets. Table 5.1 displays the 

outcomes of feature-less, repeated stratified K-fold cross validation on the selected datasets. 

On the heart datasets mentioned in Section 3.2, we model classifiers such as the 

SVM, LR Classifier, DT Classifier, GNB, RF, XGBoost (XGB), KNN, CatB, and MVE. 

6.4.1.1 Evaluation of Classification Accuracy on Low-Dimensional Heart Datasets 

with All Features 

All the features in the low dimensional datasets are taken into consideration and the 

accuracies of all the classifiers mentioned in section 5.4.1 are obtained. A comparison of the 

accuracies of the proposed SLEM model and all the other classifiers is provided in Table 

6.1. Proposed SLEM gives high prediction accuracy compared to other classifiers on all the 

five low-dimensional heart datasets. From Table 6.1, it is clear that on Cardiac Biomarkers 

dataset and Statlog heart dataset the performance of CatBoost is greater than the SLEM 

model with all classifiers. Hence, on experimenting the SLEM model with different 

combination of classifiers by backward elimination method, SLEM with CatB and Decision 

Tree combination of base classifiers gives higher performance on all heart datasets. 
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Table 6.1 Comparison of performance accuracy of individual classifiers with SLEM 

on low-dimensional datasets without feature selection 

 

 

Classifiers 

Accuracy (in %) on datasets (without Feature selection) 

Cardiac 

Biomarkers 

Dataset 

Cleveland 

HD 

Dataset 

SA HD 

Dataset 

Statlog 

HD 

Dataset 

Cardio- 

vascular 

Dataset 

CatBoost (CatB) 96.5 82.5 81.0 80.0 98.37 

Gaussian Naive Bayes 78.1 83.5 72.7 80.0 94.6 

XGBoost 96.3 80.9 74.4 80.0 98.0 

Random Forest 95.7 82.6 78.5 81.1 97.8 

Decision Tree (DT) 95.7 74.5 72.7 70.0 96.3 

Majority Voting 92.7 84.3 70.2 83.3 96.1 

Support Vector Machine 91.5 82.9 71.9 80.0 96.5 

K Nearest Neighbors 79.2 80.3 74.4 81.1 84.5 

Logistic Regression 86.1 83.7 68.6 80.0 95 

Super Learner Ensemble 

Model (SLEM) 

91.7 85.2 80.2 82.2 97.9 

SLEM with CatB & DT 97.9 88.5 81.0 82.2 98.8 

 
6.4.1.2 Evaluation of Classification Accuracy on Low-Dimensional Heart Datasets 

with Chosen Features 

The relevant features which are closely associated with the target variable are 

selected by MBAR and the SLEM’s performance is compared with other classifiers. The 

accuracies of the SLEM model and all classifiers on the reduced features of the datasets is 

showcased in Table 6.2. The SLEM model with all base learners gave an accuracy of 95%, 

85.5%, 98.6% , 81.0% and 83.3% whereas, SLEM comprising of CatB and DT as 

base classifiers, provides an improved accuracy of 98.33%, 93.4%, 99.0%, 81.8% and 

83.3% on Cardiac Biomarkers, Cleveland HD, South African (SA) HD, Statlog HD and 

Cardiovascular Disease datasets respectively. In comparison with other models, the SLEM 

(CatB, DT) demonstrates significantly higher performance. 
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Table 6.2 Comparison of Accuracies of Classifiers on Low-Dimensional Datasets 

with Features Chosen by MBAR 

 

 

 

 
Classifiers 

Accuracy (in %) on datasets (with Feature selection) 

Cardiac 

Biomarkers 

Dataset 

Cleveland 

Heart 

Dataset 

SA Heart 

Dataset 

Statlog 

Heart 

Dataset 

Cardio- 

vascular 

Dataset 

CatBoost (CatB) 98.33 85.5 81.8 83.3 99.0 

Gaussian Naive Bayes 90.00 86.8 70.2 77.8 94.5 

XGBoost 98.33 84.2 76.9 84.4 98.2 

Random Forest 98.33 85.5 76.8 83.3 98.6 

Decision Tree (DT) 98.33 80.3 76.0 83.3 96.1 

Majority Voting 95.00 88.2 71.9 83.3 98.3 

Support Vector Machine 78.33 85.5 72.7 77.8 79.7 

K Nearest Neighbors 90.00 82.9 72.7 83.3 83.1 

Logistic Regression 93.00 86.8 69.4 77.8 96.9 

Super learner Ensemble 

Model (SLEM) 

95.00 85.5 81.0 83.3 98.6 

SLEM with CatB & DT 98.33 93.4 81.8 83.3 99.0 

 
6.4.1.3 Evaluation of Performance Metrics of SLEM with MBAR on Low - 

Dimensional Heart Datasets 

The performance measures recall, f1-score, precision, and accuracy of the proposed 

SLEM on low-dimensional heart datasets   with   all   characteristics   and on the features 

chosen by MBAR are displayed in Table 6.3. Results show that the MBAR with SLEM 

model has consistently performed better across all the heart diseases datasets. 
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Table 6.3 Performance Metrics of SLEM with MBAR on 

Low-dimensional Heart Datasets 

 

 

Dataset 

 

Classifier 

Performance Metrics in % 

Precision Recall f1-score Accuracy 

Cleveland Heart 

Disease Dataset 

SLEM 95.2 76.9 85.1 88.5 

MBAR+SLEM 95.8 88.5 92.0 93.4 

 
SA Heart Dataset 

SLEM 83.3 84.5 83.9 81.0 

MBAR+SLEM 85.5 83.1 84.3 82.0 

Statlog Heart Disease 

Dataset 

SLEM 79.5 79.5 79.5 80.0 

MBAR+SLEM 83.7 81.8 82.8 83.3 

Cardio Vascular 

Disease Dataset 

SLEM 97.9 97.9 97.9 97.9 

MBAR+SLEM 97.9 100.0 98.9 99.0 

Cardiac Biomarkers 

Dataset 

SLEM 92 100 96 97.9 

MBAR+SLEM 95 100 97.24 98.3 

 
6.4.1.4 Visualization of the Performances of the Classifiers on Low Dimensional 

Datasets 

Accuracy comparisons between the proposed SLEM model and other classifiers on 

datasets with all features are displayed in Figure 6.3. After using MBAR to narrow down 

the datasets' most pertinent features, the suggested SLEM model is compared to the 

classifiers in Figure 6.4. It is evident that all models that are tree based, show good 

performance but, the proposed SLEM model together with MBAR, produces the best results 

across all heart datasets. 



Chapter 6 

Prediction of Heart Diseases Risk using Novel Machine Learning Techniques 110 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.3 Performance Accuracy of the classifiers on Low Dimensional Heart 

Datasets without Feature Selection 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 6.4 Comparison of the Performance Accuracy of the Classifiers on 

Features Chosen by MBAR 

Comparison of the Performance Accuracy of the classifiers -without 

Feature Selection 

100% 
 

90% 
 

80% 
 

70% 
 

60% 
 

50% 

Cardiac Cleveland Heart 
Biomarkers Dataset 

Dataset 

SA Heart 
Dataset 

DATASETS 

Statlog Heart Cardio- vascular 
Dataset Dataset 

CB GNB XGB RF DT MVE SVM KNN LR SLEM SLEM (CB & DT) 

C O M P A R I S O N O F T H E P E R F OR M A N C E A C C U RA C Y O F 

C L A S S IF I E R S ON F E A T U R E S C H O S E N B Y M B A R 

100% 

95% 

90% 

85% 

80% 

75% 

70% 

65% 

60% 

55% 

50% 

Cardiac 

Biomarkers 

Dataset 

Cleveland Heart SA Heart Dataset 

Dataset 

DATASETS 

Statlog Heart Cardio- vascular 

Dataset  Dataset 

SVM GNB XGB RF DT MVE KNN LR CB SLEM SLEM (CB & DT) 

A
C

C
U

R
A

C
Y

 I
N

 %
 

A
C

C
U

R
A

C
Y

 
IN

 %
 



Chapter 6 

Prediction of Heart Diseases Risk using Novel Machine Learning Techniques 111 

 

 

 

6.4.1.5  Evaluation of classification accuracy on High-Dimensional Heart Datasets 

with All Features 

The proposed SLEM model and all the classifiers mentioned in 6.4.1 are applied on the 

high-dimensional Heart Datasets, mentioned in section 6.4, with all features. Table 6.4 

provides the accuracy of all classifier on performing 3 rounds of stratified–ten -fold cross- 

validation on the datasets with all features. The SVM model has low performance on Z- 

alizadeh Sani dataset. On exploring SVM with different kernels and hyper parameter tuning, 

the SVM’s performance could be increased. All bagging and boosting models have shown 

good performance. The proposed SLEM model with all base learners gives an accuracy of 

87.8% and 90.8% on Arrhythmia dataset and Z-Alizadeh Sani dataset. On choosing, (by 

backward elimination), CatB and DT as base learners in the ensemble SLEM, an increased 

performance accuracy of 88.8% in Arrhythmia dataset and 93.1% in Z-Alizadeh Sani 

dataset is achieved which is also higher than that of other classifiers. 

Table 6.4 Classification Accuracy without Feature Selection on High- 

Dimensional Heart Datasets 

 

High 

dimensional 

heart datasets 

Classification Accuracy (in %) without Feature Selection on High-Dimensional 

Heart Datasets 

 
LR 

 
RF 

 
DT 

 
SVM 

 
GNB 

 
XGB 

 
KNN 

 
CatB 

 
MVE 

 
SLEM 

SLEM 

(CB,DT) 

Arrhythmia 

heart dataset 

74.5 86.7 75.5 73.5 62.2 86.7 65.3 88.8 78.6 87.8 
88.8 

Z-Alizadeh Sani 

heart dataset 

92.0 92.0 86.2 46.0 87.4 93.1 61.0 93.1 93.1 90.8 
93.1 

 
6.4.1.6 Evaluation of classification accuracy on high-dimensional Heart Datasets with 

chosen features 

MBAR when applied on the high dimensional datasets considerably reduced the 

set of features. The performance accuracy of all classifiers and the proposed SLEM model 

on features selected by MBAR on high-dimensional datasets are tabulated in the Table 

6.5. The proposed SLEM model with all base learners gives an accuracy of 88.1% and 

93.1% on Arrhythmia dataset and Z-Alizadeh Sani dataset, which is higher than the 

accuracy of other classifers. On modeling with SLEM consisting of CatB and DT base 
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learners, an increased accuracy of 90.0% on Arrhythmia heart dataset and 96.1% on Z – 

Alizadeh Sani HD dataset is achieved. In Table 6.5, it is apparent that the performance of 

the SLEM (CatB and DT) has significantly increased compared to all other classifiers as 

well as SLEM with all base learners. 

Table 6.5 Performance Accuracy on High-Dimensional Heart Datasets 

with Feature Chosen by MBAR 

 

Heart 

datasets 

 

LR 

 

RF 

 

DT 

 

SVM 

 

GNB 

 

XGB 

 

KNN 

 

CatB 

 

MVE 

 

SLEM 
SLEM 

(CB,DT) 

Arrhythmia 

heart dataset 

74.5 89.8 71.4 73.5 75.5 86.7 68.4 89.8 82.7 88.8 90.0 

Z-Alizadeh 

Sani heart 

dataset 

94.2 92.0 90.8 74.7 87.4 93.1 61.0 96.1 94.3 93.1 
96.1 

 
6.4.1.7  Evaluation   of   Performance   Metrics   of   SLEM   with   MBAR    on High 

-Dimensional Heart Datasets 

Considering all features of the two high dimensional Heart Datasets and relevant 

features selected using MBAR, a comparison of the model evaluation metrics of the 

proposed SLEM model with CatB and DT as base learners is shown in Table 6.6. Results 

indicate that the proposed SLEM model when used on the datasets with chosen features 

demonstrates superior performance. 

Table 6.6 Performance Metrics of SLEM with MBAR on High-Dimensional 

Heart Datasets 

 

Dataset Classifier Performance Metrics in % 

Precision Recall f1-score Accuracy 

Arrhythmia 

HeartDataset 

SLEM 89.4 87.5 88.4 89 

MBAR+SLEM 89.5 89.5 89.5 90 

Z-Alizadeh Sani 

Dataset 

SLEM 91.8 95.70 93.70 93 

MBAR+SLEM 95.9 97.9 97.29 96.1 
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Comparison of Performance Accuracy of SLEM with other 

Classifiers without feature selection on high-dimensional 

heart datasets 

Datasets 

 
LR RF DT SVC GNB XGB KNN CatB MVE SLEM SLEM (CB,DT) 

 

6.4.1.8 Visualization of the performances of the classifiers on high dimensional 

datasets 

A comparison of the proposed SLEM model with other classifiers on high- 

dimensional datasets without feature selection is displayed in Figure 6.5. The proposed 

SLEM provides efficient performance accuracy of 88.8% and 93.1% respectively on the 

datasets. 

Figure 6.6 exhibits the performance accuracies of the classifiers on high- dimensional 

datasets with features selected by MBAR. The proposed MBAR with SLEM model displays 

higher accuracy of 90% and 96.1% on the Arrhythmia dataset and Z - Alizadeh Sani dataset, 

compared to other models. 

From both Figures 6.5 and 6.6, it is clear that KNN performs lesser than its 

counterparts. By experimenting with hyperparameter tuning, KNN’s performance can be 

improved. On observing both Figures 6.5 and 6.6, it is apparent that the bagging and 

boosting models are showcasing higher performance than the other models considered in 

this study. 
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Figure 6.5 Performance Evaluation of the classifiers on High dimensional 

Heart Datasets 
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Figure 6.6 Performance Evaluation of the classifiers on High dimensional Heart 

Datasets with feature selection by MBAR 

6.5 CHAPTER SUMMARY 

In this chapter, a Super Learner Ensemble Model (SLEM) is devised with a novel 

combination of base models, for prediction of heart diseases. Using repeated stratified cross 

validation on the cardiac diseases datasets, a set of high-performing models (SVM, RF, LR, 

GNB, DT, XGB, CatB, and MVE) were chosen as the base learners of the proposed 

ensemble model. The suggested SLEM model is built on a foundation of several different 

types of models, including linear, probabilistic, bagging, boosting, and stacking models. 

The ensemble classifier, SLEM, is developed by combining the predictions of all 

those base classifiers as input to the meta learner, LR, which learns by better integrating 

predictions from these base models. The SLEM model attains high accuracy when applied 

on Heart Datasets with features selected by MBAR. 

The proposed SLEM's new combination of CatB and DT as foundation models was 

achieved via the backward elimination method. All things considered, the planned SLEM 

with CatB and DT as the basis models produced excellent precision, recall, f1 score, and 

accuracy on high and low dimensional Heart Datasets. In the next phase, the optimization 

of the selection of base models in the Super Learner Ensemble Classifier is experimented 

along with the feature selection algorithm MBAR to achieve greater performance. 

Comparison of Performance Accuracy of SLEM with other Classifiers 

on high-dimensional heart datasets with feature selection by MBAR 
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