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ABSTRACT 

Building accurate and efficient classifiers for Medical databases  is one of the essential tasks of data mining and 

machine learning research. Building effective classification systems is one of the central tasks of data mining. One of 

the most active areas of research in supervised machine learning has been to study methods for constructing good 

ensembles of learners. This paper aims to establish an accurate ensemble classification model for Medical prediction, in 

order to make full use of the invaluable information in clinical data, especially which is usually ignored by most of the 

existing methods when they aim for high prediction accuracies. This paper presents a comparison among the different 

ensemble classifiers on the database of Wisconsin Breast Cancer (WBC) and Diabetes data sets. In this experiment, we 

compare ensemble classification techniques in Weka software and comparison results show that Random forest has 

higher prediction accuracy than those methods. Different methods for breast cancer detection are explored and their 

accuracies are compared with these results, we infer that the Random forest are more suitable in handling the ensemble 

classification problem of Medical  prediction, and we recommend the use of these approaches in similar ensemble 

classification problems. 
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I. Introduction 

 Classification is one of the most studied problems in 

machine learning and data mining [10], [18]. Building accurate and 

efficient classifiers for Medical databases is one of the essential 

tasks of data mining and machine learning research. Building 

effective classification systems is one of the central tasks of data 

mining. 

A supervised machine learning task involves constructing a 

mapping from input data (normally described by several features) to 

the appropriate outputs. In a classification learning task, each output 

is one or more classes to which the input belongs. The goal of 

classification learning is to develop a model that separates the data 

into the different classes, with the aim of classifying new examples 

in the future.  

 

 Ensemble learning methods instead generate multiple 

models. Given a new example, the ensemble passes it to each of its 

multiple base models, obtains their predictions, and then combines 

them in some appropriate manner (e.g., averaging or voting). The 

majority of ensemble learning methods are generic, applicable 

across broad classes of model types and learning tasks. Ensemble 

learning is an effective technique that has increasingly been adopted 

to combine multiple learning algorithms to improve overall 

prediction accuracy [15]. 

 

 One of the most active areas of research in supervised 

machine learning has been to study methods for constructing good 

ensembles of learners. The main discovery is that ensembles are 

often much more accurate than the individual learners that make 

them up [ 2 ]. When designing an ensemble learning method, in 

addition to choosing the method by which to bring about diversity 

in the base models and choosing the combining method, one has to 

choose the type of base model and base model learning algorithm to 

use. The combining method may restrict the types of base models 

that can be used. 

 

 The rest of the paper is organized as follows. In section II, 

we review the related work for ensemble classification. Details of 

the pre processing and feature selection methods are described in 

Section III. We describe how each ensemble classifier is selected 

and how the results are combined to boost up the performance  of 

the ensembled classification techniques and types are presented in 

section IV. The details of experimental results are discussed in 

section V and conclude the paper in Section VI. 

 

II. Related Works 

 Robert E. Banfield et al[13] experimentally evaluate 

bagging and seven other randomization based approaches to 

creating an ensemble of decision tree classifiers. They find that 

boosting, random forests, and randomized trees are statistically 

significantly better than bagging. Their algorithm uses the out-of-

bag error estimate, and is shown to result in an accurate ensemble 

for those methods that incorporate bagging into the construction of 

the ensemble. 

 

 Ching Wei Wang [5] proposed a new ensemble machine 

learning algorithm for classification and prediction on gene 

expression data. The algorithm is tested and compared with three 

popular adopted ensembles, i.e. bagging, boosting and arcing. The 

results show that the proposed algorithm greatly outperforms 

existing methods, achieving high accuracy over 12 gene expression 

datasets 

 

 Gulisong Nasierding et al [8] presents a triple-random 

ensemble learning method for handling multi-label classification 

problems. The proposed method integrates and develops the 

concepts of random subspace, bagging and random k-labelsets 

ensemble learning methods to form an approach to classify multi-

label data. The proposed method is implemented and its 

performance compared against that of popular multi-label 

classification methods. The experimental results reveal that the 

proposed method outperforms the examined counterparts in most 

occasions when tested on six small to larger multi-label datasets 

from different domains.  

 

 Xiao-Dong Zeng et al [19] proposed a novel ensemble 

model that refines the bagging algorithm with an optimization 

process. The optimization process mainly emphasizes on how to 

select the optimal classifiers according to the accuracy and diversity 

of the base classifiers. The empirical results reveal that the new 

model does outperform the original method in terms of learning 

accuracy and complexity. 

 

III. Feature Selection 

 Feature selection is one of the important and frequently 

used techniques in data preprocessing for data mining [1], [9]. It 

reduces the number of features, removes irrelevant, redundant, or 

noisy data, and brings the immediate effects for applications: 

speeding up a data mining algorithm, improving mining 

performance such as predictive accuracy and result 

comprehensibility. 

 

 Many irrelevant attributes may be present in data to be 

mined. So they need to be removed. Also many mining algorithms 

don’t perform well with large amounts of features or attributes. 

Therefore feature selection techniques needs to be applied before 

any kind of mining algorithm is applied. The main objectives of 

feature selection are to avoid over fitting and improve model 

performance and to provide faster and more cost-effective models 

[15]. Attribute selection methods can be broadly divided into filter 

and wrapper approaches. 

 

  In the filter approach the attribute selection method is 

independent of the data mining algorithm to be applied to the 

selected attributes and assess the relevance of features by looking 

only at the intrinsic properties of the data. In most cases a feature 

relevance score is calculated, and low scoring features are removed. 

The subset of features left after feature removal is presented as 

input to the classification algorithm.  

 

 Wrapper methods embed the model hypothesis search 

within the feature subset search. In the wrapper approach the 

attribute selection method uses the result of the data mining 

algorithm to determine how good a given attribute subset is. In this 

setup, a search procedure in the space of possible feature subsets is 

defined, and various subsets of features are generated and 

evaluated. The major characteristic of the wrapper approach is that 

the quality of an attribute subset is directly measured by the 

performance of the data mining algorithm applied to that attribute 

subset. The wrapper approach tends to be much slower than the 
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filter approach, as the data mining algorithm is applied to each 

attribute subset considered by the search. In addition, if several 

different data mining algorithms are to be applied to the data, the 

wrapper approach becomes even more computationally expensive 

[11]. 

 

  Another category of feature selection technique was also 

introduced, termed embedded technique in which search for an 

optimal subset of features is built into the classifier construction, 

and can be seen as a search in the combined space of feature subsets 

and hypotheses. Just like wrapper approaches, embedded 

approaches are thus specific to a given learning algorithm. 

Embedded methods have the advantage that they include the 

interaction with the classification model, while at the same time 

being far less computationally intensive than wrapper methods [20]. 

 

IV. Ensemble classification techniques 

1 Bagging  

 Bagging stands for Bootstrap Aggregating(Bagging) 

which is one of the successful ensemble learning methods [6]. It 

generates multiple bootstrap training sets from the original training 

set and uses each of them to generate a classifier for inclusion in the 

ensemble [5]. It consists in training different classifiers with 

bootstrapped replicas of the original training data-set. That is, a new 

data-set is formed to train each classifier by randomly drawing 

(with replacement) instances from the original data-set (usually, 

maintaining the original data-set size). Hence, diversity is obtained 

with the resampling procedure by the usage of different data 

subsets. Finally, when an unknown instance is presented to each 

individual classifier, a majority or weighted vote is used to infer the 

class. 

2. Boosting 

 This model is based on averaging method and is highly 

applied in combination methods. Boosting is one of the most 

powerful ideas presented during the last ten years and is aimed to 

create a strong classifier through the mixture of multiple weak 

classifiers. Boosting algorithm creates a strong learning algorithm 

by the combination of three weak algorithms. This is similar to 

Bootstrap Aggregation method except that the classification is 

performed within several steps. Samples, according to the 

classification`s accuracy, are given definite weights until the final 

model could be created. 

3. AdaBoost 

 AdaBoost stands for Adaptive Boosting, it is a well 

known, effective technique for increasing the accuracy of learning 

algorithms. The sequence of base classifiers, produced by AdaBoost 

from the training set, is applied to the validation set, creating a 

modified set of weights. The training and validation sets are 

switched, and a second pass is performed. Re-weighting and re-

sampling are two methods implemented in AdaBoost[7]. The fixed 

training sample size and training examples are re-sampled 

according to a probability distribution used in each iteration. In 

term of re-weighting, all training examples with weights assigned to 

each example are used in each iteration to train the base classifier 

[21].  

4. MultiBoosting 

 MultiBoosting is an extension to the highly successful 

AdaBoost technique for forming decision committees and can be 

viewed as combining AdaBoost with wagging. It is able to harness 

both AdaBoost’s high bias and variance reduction with wagging’s 

superior variance reduction [16]. 

5. Random Forest  

 A random forest [6] is an ensemble of classifiers, where 

diversity among the predictors is obtained by using bagging 

implemented by growing many classification trees and having them 

―vote‖ for a final decision according to a majority role. However, 

due to its capability to estimate the importance of the features, it 

can also be applied as a feature quality estimator and selector (by 

applying a threshold to the feature quality estimates). 

Random forest classifier works by building a set of decision trees 

where a single tree node growing is done using a limited set of 

randomly chosen features. Since it includes many trees, this set is 

called a forest 

 

V. Result and discussion 

 Our experiments on two databases in UCI machine 

learning database repository as shown in Table 1. In order to 

validate the prediction results of the comparison of the various 

popular ensemble classification techniques and the 10-fold 

crossover validation is used. The k-fold crossover validation is 

usually used to reduce the error resulted from random sampling in 

the comparison of the accuracies of a number of prediction models. 

The present study divided the data into 10 folds where 1 fold was 

for testing and 9 folds were for training for the 10-fold crossover 

validation.  

 

Table 1 provides the attribute information of two datasets. 

 
Dataset 

 

No. of 

Attributes 

 

No. of 

Instances 

 

No. of 

Classes 

 

Wisconsin Breast Cancer (WBC) 11 699 2 

Diabetes 9 768 2 

. 

 1. Evaluation Methods  

We have used the Weka toolkit to experiment with these three data 

mining algorithms [17]. The Weka is an ensemble of tools for data 

classification, regression, clustering, association rules, and 

visualization. WEKA version 3.6.9 was utilized as a data mining 

tool to evaluate the performance and effectiveness of the 6-breast 

cancer prediction models built from several techniques. This is 

because the WEKA program offers a well defined framework for 

experimenters and developers to build and evaluate their models.  

The performance of a chosen classifier is validated based on error 

rate and computation time. The classification accuracy is predicted 

in terms of Sensitivity and Specificity. The computation time is 

noted for each classifier is taken in to account. The evaluation 

parameters are the specificity, sensitivity, and overall accuracy.  

The sensitivity or the true positive rate (TPR) is defined by  
  

(     )
 

while the specificity or the true negative rate (TNR) is defined by 
  

     
 and the accuracy is defined by 

(     )

(                 )
  

 

 True positive (TP) = number of positive samples correctly 

predicted.  
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 False negative (FN) = number of positive samples 

wrongly predicted.  

  False positive (FP) = number of negative samples 

wrongly predicted as positive.  

 True negative (TN) = number of negative samples 

correctly predicted.  

 

These values are often displayed in a confusion matrix as be 

presented in Table 2. Classification Matrix displays the frequency 

of correct and incorrect predictions. It compares the actual values 

with the predicted values in the trained model. 

 

  Table 2: Confusion Matrix 

 

 

 

 

2. Result. 

 The confusion matrix of each Classification method is presented in 

Table 3; the values to measure the performance of the methods (i.e. 

accuracy, sensitivity, specificity, error rate and time) are derived 

from the confusion matrix and showed in Table 4. 

An experiment was set up to compare Decision Tree with Bagging, 

AdaBoost, MultiBoosting and Random forest. In all ensemble 

methods, Decision Tree was used as the base classifiers. In 

implementing of the experiments, we used the WEKA software to 

gain access to different classifiers. Decision Tree construction 

method was the J48 algorithm from the WEKA.  

In this experiment, the accuracy of ensemble classification 

techniques is based on the selected classifier algorithm. The 

accuracy for each of the classifier algorithm for full attributes for 

two datasets is shown in Table 3 and 4. The results for full attribute 

present the highest accuracy of model is Random forest is 94.49% 

for WBC data and MultiBoostAB is 76.31% for Diabetes data, 

which is the results could be considered as an indicator to the 

potential ensemble classification algorithm for human talent data. 

Based on table 3 and 4 we derived the accuracies, errors and 

execution times are shown in figure 1, figure 2 and figure 3. 

 

Table 3: Confusion Matrix of Two data sets. 

 
Algorithm Breast cancer Data (699) Diabetes Data (768) 

Desired 

Result 

Output Result Desired 

Result 

Output Result 

Benign Malignant Negative Positive 

J48 

 

Benign 437 21 Negative 407 93 

Malignant 17 224 Positive 108 160 

Bagging 

 

Benign 438 20 Negative 418 82 

Malignant 15 226 Positive 107 161 

AdaBoostM1 

 

Benign 441 17 Negative 423 77 

Malignant 22 219 Positive 120 148 

MultiBoostAB 

 

Benign 439 19 Negative 422 78 

Malignant 23 218 Positive 104 164 

RandomForest 

 

Benign 443 15 Negative 421 79 

Malignant 16 225 Positive 121 147 

 

Table 4: Performance of Ensemble Classification. 

 
Algorithm Breast cancer Data (699) Diabetes Data (768) 

Acc Senst Spec Err Time Acc Senst Spec Err Time 

J48 93.79 0.96 0.91 6.21 0.09 73.83 0.81 0.60 26.17 0.20 

Bagging 93.96 0.95 0.93 6.04 0.17 75.39 0.84 0.60 24.61 0.42 

AdaBoostM1 93.87 0.96 0.90 6.13 0.12 74.34 0.85 0.55 25.65 0.22 

MultiBoostA

B 

93.69 0.95 0.91 6.31 0.06 76.31 0.85 0.61 23.69 0.05 

RandomFore

st 

94.49 0.96 0.91 5.51 0.14 73.95 0.84 0.55 26.05 0.50 

Note:- Acc - Accuracy, Senst - Sensitivity, Spec - Specificity, Err - Errors and Time - Execution time 

 

 

 
Figure-1:Accuracy comparison 

 
Figure-2:P Errors comparison 

 

     Actual 

         Predicted 

Positive Negative 

Positive TP FN 

Negative FP TN 
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Figure-3:Execution time comparison 

 

 

VI. Conclusions 

In this paper, the accuracy of Ensemble classification techniques is 

evaluated based on the selected classifier algorithm. An important 

challenge in data mining and machine learning areas is to build 

precise and computationally efficient ensemble classifiers for 

Medical applications. The performance of Random forest shows the 

high level compare with other ensemble classifiers. Hence Random 

forest and MultiBoostAB shows the concrete results with Breast 

Cancer and Diabetes disease of patient records. Therefore Random 

forest and MultiBoostAB classifier is suggested for diagnosis of 

breast cancer and Diabetes diseases based ensemble classification to 

get better results with accuracy, low error rate and performance. 
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