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Abstract 

An ensemble model is a combination of different numbers of models for making predictions. Each model is trained separately and all models 

participate to solve the same issue. The output from all models is combined to make predictions. Research shows that the ensemble model 

provides better results compared to individual models. In the 1990’s, four popular machine learning models were introduced bagging, 

boosting, stacking, and voting to improve the performance of the ensemble model. The two-tailed test indicates ensemble model is best as 

compared to the single method. In this study, two ensemble models have been proposed that are applied to different datasets. The first model 

is a combination of decision tree, neural network, and logistic regression (DNL) that is applied to 4 different datasets. The second model’s 

name MEDPOLY is proposed as a combination of 24 different classifiers and tested using bagging, boosting, stacking, and voting classifiers. 

DNL ensemble model using stacking performs better as compared with bagging and provides an accuracy of 98% in predicting cardiovascular 

disease. MEDPOLY ensemble model that consists of 24 different classifiers is compared with DNL also. The result reveals that the DNL 

outperforms the MEDPOLY framework. Analysis indicates that DNL can handle linear relationships and complex patterns and is also able 

to handle situations of overfitting. MEDPOLY when applied to a dataset that is not large or diverse enough, can lead to over-fitting. A 

combination of a smaller set of classifiers provides better and interpretable results. 

 Keywords: Ensemble model;  Bagging; Boosting; Decision Tree;  Neural networks 

1 Introduction 

Most researchers combined the multiple models into a single model to achieve good accuracy [8] [9] [29] [31] [32]. It has been proved from 

the result that a combined model has better accuracy than a single classifier[18][23]. There are two important issues to take care of when 

choosing a classifier. First, each classifier must be accurate, meaning it should perform well while making predictions. Another benefit is 

overcoming errors of one classifier. If one classifier produces an output on a particular type of data, another classifier in an ensemble model 

must resolve that error. This makes the ensemble model more robust and efficient [19][28][27]. An Ensemble consists of two popular 

techniques one is known as Bagging and the other is known as Boosting. 

Many ensemble methods like bagging and boosting have been created and tested for prediction. Ensemble techniques demonstrated that those 

techniques are very effective with decision trees [5][10][7][12][30] and very little work is done with neural networks. Fast training speed 

and well-established parameter settings lead to the use of decision trees. While working with the neural network, difficulty comes with 

processing time and selecting training parameters. We benefit from adding neural networks while making predictions for different datasets. 

Neural networks as individuals provide more accurate results than corresponding decision trees[11] [15][16]. The neural network has been 

applied across different domains[3]. While applying a decision tree along with neural networks, we can further test how bagging and boosting 

are influenced by the learning algorithm, it provides a further vision of the general characteristics of these approaches. Bagging and boosting 

used two learning methods decision tree and Naive Bayes. The main motive is to test the performance of the decision tree. From previous 

results, it’s clear that the bagging ensemble method produces better results than a standard classifier. Hence, we can say that bagging is 

one of the safest and most effective methods to get better results for decision trees or neural networks. Boosting is unable to handle noisy data 

so it performs differently for different datasets. As per the author [12], boosting reduces errors when using machine learning models but in 

actuality, it increases the error when using the neural networks. The main reason boosting sensitivity to noisy data.A neural network is an 

ensemble with other methods and tested. An ensemble of neural networks has been built where each network is trained on the same data but 

consists of different initial weights. Despite these different weights, which are later on combined provide good results and better performance. 

The performance or accuracy of the algorithm has been improved for both neural networks and decision trees. But still, comparisons are 

generally made to know which performs better either bagging or boosting. Previous research shows that boosting performance depends on 

the type of dataset rather than the classifier type. Boosting is more sensitive to the type of data because if data is noisy then boosting will 

not provide accurate results. Bagging always performs better than boosting.In this article, the investigation will be done for several classifiers 

required in an ensemble model for accurate prediction. Previous research shows that error starts reducing when the number of classifiers 

increases in an ensemble model. The next section explains the complete details of the ensemble model like bagging and boosting classifiers in 

the literature review. Section III represents the framework for the proposed methodology and explains results based on research. The last 

section includes the conclusion summarizing the findings. 

2 Literature Review 

Figure 1 shows the concept of the ensemble method. In this area, the neural network is combined with a random model. Each model in this 

diagram (M1 to MN) is trained using the training instances for that network. The output from each model is observed and at the end, it is 

combined with all models. The Voting will be done to find the predicted result from these models. Other researchers conclude that combining 

the output from different models will simply average the network’s predictions [30]. Combining the output of several classifiers, if they are 

not ready on one decision. If all agree on one decision, there is no need to ensemble. The error rate defines the accuracy of the model. The 

model is accurate, if component classifiers in the example are diverse and the error rate is less than 50%[18]. According to[23], the total error 

of ensemble classifiers is described in two different ways as shown in Figure 2. The author focuses on applying a convolution neural network 

with IOT healthcare data for analyzing complex cardiovascular data effectively[20]. Convolution and recurrent neural networks are used for 

the prediction of various health risks. This focus is to see patterns in clinical data for making accurate predictions [24].  

Average generalization error of individual classifiers: It shows how individual classifier performs individually when applied to unseen data. 

Every individual classifier is accurate on its own but still, they exhibit some level of error due to over-fitting or noise in the data. 

Disagreement among the classifiers: When ensemble classifiers (like bagging, boosting, and stacking) that give highly accurate results also 

disagree with a given input. This disagreement mitigates errors of individual classifiers and also improves the performance of the 

classifiers.In this study, author [28][27] also verified that the ensemble method mitigates individual bias and reduces variance, often leading 

to performing well on new, unseen data. Henceforth, we will use different classifiers in the ensemble method where each classifier has a 

different result for prediction. Training subsets often differ for each classifier to show disagreement on predictions to improve overall 

accuracy. 

Methods for creating an ensemble model will include those groups of classifiers (neural networks) that disagree with their predictions. 

Different technologies will be used during the training process like different topologies, different initial weights, different parameters, and 

different subsets of training data [2][18]. In this article Bagging and boosting have been used for prediction 
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Figure 1: Ensemble Model 

Figure 2: Measuring the Ensemble Error 

2.1 Bagging classifiers 

Bagging helps to improve accuracy by reducing variance and preventing over- fitting. Without bagging, high-variance problems persist, 

leading to performance well on the training subset but not well on the testing subset. Randomly selected samples with replacement generate 

training set, N examples. The bagging resamples the training set with replacement, some instances are represented multiple times while 

others are left out. Training sets are resampled in bagging with replacement, where some cases are repeated again and again and some are 

left out as shown in Figure 3. The result from one classifier that is trained on one set generates higher test errors than the classifier using all 

the data. The second classifier is also trained on another set of data and gives higher test errors and so on. When we combine all the classifiers 

that are diverse from each other, it can produce a test-set error lower than the single classifier. 

 
Figure 3: Bagging Method 

2.2 Boosting classifiers 

Boosting [12] helps reduce bias and variance to improve the model’s accuracy. Mistakes or errors have been identified in previous models 

and the adjusting the model to correct those errors. As a result, over-fitting issues are resolved and models become stronger to handle different 

data samples. It improves the weakness of its predecessor model, which means learning from the past model. The training set is chosen by 

looking at the weaknesses and performance of the earlier classifier. To generate a more accurate model, those instances that are not correctly 

predicted by previous classifiers have been chosen. Hence, boosting the ability to predict new classifiers for which earlier classifiers failed 

to predict.Arcing (Arcing reweighing and combining) [1] and Ada-Boosting[12] are two new and powerful forms of boosting as shown in 

Figure 4. For each classifier, the training set is generated to improve the performance of weak classifiers. Each iteration creates diversity in 

the training sets with every selection. Arcing generates the different subsets from the original data and these subsets train the model. In this 

way, arcing focuses on all aspects of the data and this improves the predictive performance of the ensemble model. 

In the boosting process, a subset must be created with replacement from the actual data so that it covers all items. The creation of a subset 

helps correct errors iteratively and improves predictive accuracy. For each iteration (classifier K + 1), a new training set is created. 

2.3  Trade-off between bias and variance 

To measure the performance of bagging and boosting, several authors[8] [13] [21] [22] introduced several theories based n [14]trade-off 

between bias and variance. Bias and variance concept used in machine learning. The model is generated on training data, and tested on 

unseen data. Three main mechanisms could be used to test the error in the model as shown in Figure 5. 

Bias Error: It is helpful to predict the underlying relationships. Complex models like neural networks or decision trees must be used instead of 

linear prediction models. With a simple model, several significant factors will be ignored, leading to an under-fitting problem. 

Variance error: High variance means the model is trained on specific data, leading to an over-fitting issue. The model didn’t perform well on 

unseen data. Irreducible error: Some errors cannot be reduced even if we build a better model. It is perfectly fine if the model faces minimum 

error.Cardiovascular diseases vary from gender to gender also. The author proved that Myocardial infarction symptoms common in male 

patients(55.6%) than in female patients(32.0%)[17]. Machine learning techniques are not only helpful in the prediction of heart disease but 

also in another field like predicting stress levels in students by using ML techniques[25]. Deep neural networks and hybrid architectures 

have been combined to improve the accuracy of heart disease prediction[1]. 
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Figure 4: Boosting Classifiers 

Figure 5: Mechanism to test error 

3  Methodology 

Ensemble methods like Ada-boosting, Bagging, and Arcing have been discussed in this section. Two models have been created in this study. 

In the first method, datasets were tested with decision trees, neural networks, and Logistic Regression. In the other method, 24 different 

classifiers have been used as an ensemble model for prediction. 

3.1 Data Sets 

To check the model’s performance, the dataset has been taken from the University of Wisconsin Machine Learning Repository and the UCI data 

set repository [26]. The Dataset has been chosen which consists of different characteristics: 

1. (a) Related to real-world datasets. 

(b) Large size data 

(c) Mix datatype (continuous, discrete, or the mix of two) 

(d) Good outcome prediction by previous researchers. 

The dataset has been shown in Table 1 that consists of details about each dataset like the name of the dataset, number of samples in the dataset, 

number of output classes for classification, number of continuous and discrete features, types of data, dataset size, continuous(numerical) and 

discrete(categorical) features, total number of inputs, outputs, hidden and epochs used for training the neural network. 

Table 1: Summary of the dataset used in this paper. 

 

 

3.2  Ensemble Classifier 

We got the result after performing a 10-fold cross-validation test, where the same test is applied five different times. Two different models 

have been proposed in which one model consists of 3 different classifiers decision tree, neural network, and logistic regression (DT+NN+LR). 

The other model consists of a total of 24 different classifiers that have been used as an ensemble model. To test the model that consists of 24 

different classifiers, data is split into 10 equal parts. Each time, 9 parts are used for training the model, and one part is used to test the model 

(how actual model performance). This process is repeated repeatedly so that the model must be trained using each part and each part of the 

data must be used as a test set exactly once. The final result is a combination of 24 different models to make a prediction. A common 

technique, back-propagation learning, has been used to train the neural network. Weights play an important role in back-propagation learning, 

where weights are going to be adjusted based on the errors made during the training phase. It’s important to know parameter information 

like how much weights are adjusted with each update. Moderate weights are adjusted with each step. For example: Learning 

rate=0.15(moderate weight). But make sure it should not be zero. One more important parameter of the neural network is momentum. To 

make the training process work smoothly, faster and stable, the momentum value is set to 0.9. This indicates that this parameter is highly 

influenced by prior updates directions. Initially, to know the impact of every input, weights are set within the range from -0.5 to 0.5 values. 

The number of hidden units(neurons) is decided based on the number of inputs and outputs. Different-different criteria can be chosen for 

hidden units and epochs as shown in Figure 6 and Figure 7. 

3.3  Dataset Error Rates and Performance Metrics 

The error rate shows how accurately the system performs. The model is trained using training data and to check the model’s performance, the 

comparison is done between actual data and predicted output. 

 

Datasets Size Class Features Extraction Inputs Outputs Hidden Epochs 

Cont. Discrete 

Heart Cleveland 303 2 8 5 13 1 5 40 

Diabetes 768 2 9 - 8 1 5 30 

Iris 159 3 4 - 4 3 5 80 
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As per Table 2 and Table 3, an ensemble model has been created. The macro average precision across the two classes is 85%. These values 

provide an overall sense of the model’s performance across both classes, without weighting by class frequency.In Table 4, Stan(standard 

neural network), Sim(Simple ensemble methods), and Bag(Bagging-based neural network) shows the test set error rates for the datasets 

described in the table. The result concludes that each ensemble method tends to reduce the error rate for almost all of the datasets.Table 4 

shows test set error rates that show how often each model incorrectly classifies data instances. A lower value in this table indicates 

better performance. Error rates are described for five neural network methods that explain the misclassification rates of various models. This 

table shows the importance of choosing the right ensemble method based on the dataset and the model used. The boosting model with arcing 

and Adaboost had the lowest error, making it the most accurate for the heart Cleveland dataset. The bagging method improved neural network 

accuracy, leading to fewer mistakes compared to other models for the diabetes dataset. The two-tailed sign test indicates that every ensemble 

method is significantly better than its single. The standalone neural network error rate is shown in Table 5. 

 

 
Figure 6: Criteria for choosing hidden units 

Table 2: Ensemble the model using Stacking. 

 

Figure 8 shows the reduction in error rates for two ensemble methods Ada- boost and Bagging by using four different datasets. Because of 

the unique characteristics of the iris dataset, this will produce low error rates that are not visually apparent. The x-axis represents different 

datasets like cardio, heart, diabetes, and iris and the y-axis represents error rate. The height of the bar indicates the effectiveness of the model 

because a lower height means the error rate is low and a high bar means the error rate is high. When Ada-boost and bagging are both applied 

to the cardio dataset, Ada-boost implies lower error rates than Bagging. This indicates that Ada-boost is more suitable and effective for this 

dataset as compared to others. Similarly, for the heart dataset, Ada-boost performs better than bagging as it clears from the figure. But for the 

diabetes dataset, both ensemble models Ada-boost and Bagging perform equally because of simple data patterns or well-separated classes. 

 
Figure 7: Criteria for choosing epochs 

Table 3: Ensemble Model Using Bagging. 

 

 

 

 

 

 

 

 

 

3.4  External Validation dataset 

In this proposed study, we have used four independent, publicly available datasets from different domains. They are as follows: 

1. Heart-Cleveland (UCI, Cardiac disease) 

2. Diabetes (Pima Indian, Metabolic Disease) 

3. Iris(Fisher, Multi-class Benchmark) 

4. Cardiovascular disease (Sulianova, Cardiovascular disease) 

     Across all the dataset, DT-NN-LR Stacking model achieved the highest accuracy which shows the robustness of the model across three 

different domains.  

 

Datasets Size Class Model Accuracy 

with stacking 

Precision 

with stacking 

Recall with 

stacking 

Support 

with stacking 

Heart Cleveland 303 2 DT +NN+LR 86.88% 87% 87% 30.5 

Diabetes 768 2 DT +NN+LR 77.97% 76% 75% 77 

Iris 159 3 DT +NN+LR 100% 100% 100% 100% 

Cardiovascular 70,000 2 DT +NN+LR 98% 97% 99% 40% 

 

Datasets Size Class Model Accuracy with 

bagging 

Avg Precision with 

bagging 

Avg Recall with 

bagging 

Macro Avg 

Support with 

bagging 

Heart Cleveland 303 2 DT+NN+LR 85.24% 85% 85% 30.5 

Diabetes 768 2 DT+NN+LR 73.7% 70.5% 70.5% 77 

Iris 159 3 DT+NN+LR 100% 100% 100% 10 

Cardiovascular 70,000 2 DT+NN+LR 70.75% 71.5% 71% 7000 
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3.5 Ensemble Size 

Knowing how many models we can use to reduce the test-set error is essential. Early research shows that the ten models are sufficient to 

reduce error. Previous studies have proved that bagging and boosting beyond ten models increase the model’s performance and reduce the 

error[4]. Bagging and boosting are applied to neural networks and decision trees result in error reduction after adding 10 to 15 classifiers[6]. 

[16]proves that models perform better and bet- ter after adding up to 25 trees. The work of Ada-boost is to correct errors made by previous 

trees. Bagging with decision trees or neural networks, adding beyond fifteen classifiers does not improve performance. But with Ada-boost 

and Arcing applied to decision trees, adding more classifiers continues to improve the performance. 

Table 4: Test set error rates 

Dataset Neural Network Accuracy Boosting  Accuracy 

Acc(Stan) Acc(Simp) Acc(Bag) Acc(Arc) Acc(Ada) 

Heart Cleveland 0.15 0.15 0.15 80.3% 80.3% 

Diabetes 0.29 0.26 0.31 73.3% 73.3% 

Iris 100% 100% 100% 100% 100% 

Cardiovascular 73.93% 74.01% 73.62% 73.66% 73.6% 

Table 5: Accuracy with different classifiers. 

Dataset Neural Network Error Rate(ER Boosting ER 

 Stan Simp Bag Arc Ada 

Heart-Cleveland 85.24% 85.24 85.24% 80.3% 80.3% 

Diabetes 72% 72% 68.83% 73.3% 73.3% 

Iris 100% 100% 100% 100% 100% 

Cardiovascular disease 73.93% 74.01% 73.62% 73.66% 73.6% 

 

 
Figure 8: Error Rate Reduction for Ada Boost and Bagging across Datasets 

3.6  Proposed Ensemble Model 

Our proposed model MedPolyVote-24(Medical, poly means multiple, vote means voting method. 24 different classifiers) for prediction of 

cardiovascular disease using voting method and got accuracy 74.03%, MedPolyStack-24 got accuracy 74.46%, MedPolyBagging-24 got 

accuracy 76.10%, MedPolyBoosting-24 got accuracy 77.37%, MedPolyRFC-24 got accuracy 78%, DT+NN+LR(Stacking) got accuracy 

98%. The factors that are affecting CVD prediction more are Age, gender, blood pressure, sugar and Cholesterol. The ensemble model that 

is a combination of decision tree, neural network and logistic regression performed better than other models as shown in Table 6.  Figure-9 depicts 

ROC-AUC curve.  

Table 6: Comparative analysis of ensemble models using CVD 

Dataset Model Accuracy Precision Recall fl1-Score ROC-AUC 

Cardiovascular MedPolyVote-24 74.03% 73.88% 74.03% 73.95% .9864 

Cardiovascular MedPolyStack-24 74.46% 74.39% 74.46% 74.42% .9903 

Cardiovascular MedPolyBagging-24 76.10% 76.24% 76.10% 76.06% .9703 

Cardiovascular MedPolyBoosting-24 77.37% 77.37% 77.33% 77.32% .9313 

Cardiovascular MedPolyRFC-24 78.00% 78.04% 78% 77.99% .9895 

Cardiovascular DT+NN+LR (Bagging) 70.75% 71.50% 71% 71% .9940 

Cardiovascular DT+NN+LR (Stacking) 98% 97% 99% 97.90% .9940 
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Figure-9  ROC-AUC curve 

Our proposed stacked model, combines the benefits of all three individual models such as DT is appropriate in handling rules and thresholds, 

NN can capture any complex patterns from the data and LR provide us stable linear decisions. Increasing the number of classifiers while 

creating ensemble models does not always gives better results. Here, we got more accuracy for ensemble model with three classifiers. 

3.7 Confidence Intervals 

Normal approximation for proportions was used to evaluate the model performance with 95% confidence intervals (Cis). Table 7 depicts the 

95% CIs for accuracy, precision, recall and F1-score. 

Table 7 Model Performance with 95% CIs 

Model Acc 95% CI F1 95% CI 

MedPolyVote-24 74.0% [73.2%, 74.9%] 74.0% [73.1%, 74.8%] 

MedPolyStack-24 74.5% [73.6%, 75.3%] 74.4% [73.6%, 75.3%] 

MedPolyBagging-24 76.1% [75.3%, 76.9%] 76.1% [75.2%, 76.9%] 

MedPolyBoosting-24 77.4% [76.5%, 78.2%] 77.3% [76.5%, 78.1%] 

MedPolyRFC-24 78.0% [77.2%, 78.8%] 78.0% [77.2%, 78.8%] 

DT+NN+LR (Bagging)  70.8% [69.9%, 71.6%] 71.0% [70.1%, 71.9%] 

DT+NN+LR (Stacking) 98.0% [97.4%, 98.6%]      97.9% [97.6%, 98.2%] 

From these results, it is clear that DT-NN-LR stacking model significantly outperforms MEDPOLY models with an highest accuracy of 

.9800 with 95% CI of  97.4 and 98.6.95% Confidence Intervals for accuracy and F1 score were calculated using normal approximation 

method which is suitable for proportions>0.1 with sufficient n using the following equation:  

CI= 𝑝̂ ± 𝑧√
𝑝̂(1−𝑝̂)

𝑛
 , where z= 1.96 for 95%. 

In the case of CVD dataset, we have splitted the dataset in 80:20 ratio. Hence, test set consists of 14000 samples, and p <0.001. 

3.8 Stastistical comparison using 95% CI 

 

Model Reported Accuracy Estimated 95% Confidence Interval 

DT+NN+LR (Stacking) 98.0% [97.77%-98.23%] 

MedPolyRFC-24 78.0% [77.31% - 78.69%] 

MedPolyBoosting-24 77.4% [76.5%- 78.2%] 

MedPolyBagging-24 76.1% [75.3%- 76.9%] 

MedPolyVote-24 74.0%  [73.2%- 74.9%] 

MedPolyStack-24 74.5%  [73.6%- 75.3%] 

DT+NN+LR (Bagging) 70.8% [69.9%- 71.6%] 

The 95% CI achieved for DT-NN-LR model is significantly higher than other models, which indicates that 98% accuracy achieved is not 

because of the random sample set. Hence, it is statistically significant.  

3.9 Two proportion z-test 

It is used to determine whether the difference in accuracy between two models are statistically significant or not. The two models that we 

are considering here are DT-NN-LR with 98% accuracy (Model 1) and MEDPOLY- RFC-24 with 78.0% accuracy. (Model 2). 

Null Hypothesis: There is no significant difference between the accuracy of Model 1 and Model 2.. 

Alternate Hypothesis: There is significant difference. 

Z-statistic is calculated using the following formula. 

Z-stat=
𝑝1−𝑝2

𝑝(1−𝑝)(
1

𝑛1
+

1

𝑛2
)
 

Where, 

p1 and p2 are the accuracies achieved by Model 1 and 2 respectively. 

n1 and n2 are the number of observations in test set (i.e, 14000) 

p is the pooled proportion: 
(𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠1+𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠2)

(𝑛1+𝑛2)
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Eg: Model1: Accuracy=98% (.98) 

Model 2: Accuracy= 78% (.78) 

20% difference in accuracy is shown on a sample size of 14000, which results in high Z-score that exceeds 50. 

Now, we have calculated p-value, which is the probability that the observed value occurred by chance. Based on Standard normal 

distribution table, a high z-score will result in a p-value < .00001. Since the p-value is less than the standard significance level (0.05), we 

reject the null hypothesis.  

From these results, we can clearly state that our Stacking model outperformed the MEDPOLY models. 

4 Conclusion 

This study aimed at the importance of choosing the right ensemble model based on the dataset. Comparative analysis of the ensemble model 

is calculated by using different datasets and different numbers of classifiers. Ada- boost and Bagging both applied to different datasets for 

describing the error rates for five neural network methods. The boosting model with Arcing and Adaboost has the lowest error rate, making 

it accurate for cardio and heart Cleveland data. But for diabetes, both performed equally. Two models have been proposed DNL in which 

three models are combined and Med-poly in which 24 different classifiers are combined and tested using bagging, boosting, and stacking 

techniques. The result shows that DNL (stacking) performed better than Med-poly. This finding suggests that these types of models perform 

well with healthcare data, and practitioners can rely on well-constructed ensemble models. This model removes the problem of complexity 

and over-fitting because of a few algorithms. This model helps in the early prediction of disease where computational resources and times 

are constrained. The findings indicate that increasing the number of classifiers while creating an ensemble model does not always perform 

better. In the future, we want to focus on quality rather than quantity. Researchers can focus on optimizing the selection of classifiers rather 

than increasing the number of classifiers to create an ensemble model. This model can be used as a decision-support tool to assist clinicians 

in identifying high-risk patients during routine check-ups 
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