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Abstract: Tumour detection medical applications utilize 
classification techniques to categorize malicious and non-
malicious tumour features to provide an efficient medical 
diagnosis of the human individual under investigation. One way 
to enable efficient classification, Feature extraction methods are 
used to eliminate the redundant features and obtain the most 
relevant features. However, the challenges concerning the 
dimension and quantum of tumour dataset persist. Toward this 
goal, this paper aims to maximize the malicious tumour 
classification accuracy using two reliable ensemble classifiers 
namely Bootstrap Aggregation and k-nearest neighbour. Tumour 
features extracted by Aggregate Linear Discriminate Analysis 
(LDA) and the feature distance is calculated with iterative 
scattering matrix algorithm. The extracted features are further 
refined by aggregation to select most effective feature values. 
After this, an ensemble classifier technique is employed to 
construct malicious and non-malicious tumour classes. The 
tumour classification based on an ensemble of bagging and k-
nearest neighbour. Simulation is carried out on Tumour 
Repository data set to show that proposed ensemble classifiers 
have considerably better tumour detection accuracy than existing 
conventional techniques. Numerical performance evaluations 
show that 8% improvement by proposed method in tumour 
classification accuracy for malicious tumour detection in human 
individuals. 

Keywords: Feature extraction, ensemble-based classifiers, 
Bootstrap Aggregation, Aggregate Linear Discriminate Analysis, 
k-nearest neighbour, Gene expression. 

I. INTRODUCTION 

Early detection of tumour detection is necessary for 
successful treatment for tumour classification. Three 
ensemble classification structures that fuse information from 
multiple sensors to identify   abnormalities in the breast was 
investigated in [1] using cost-sensitive support vector 
machines.They were feature fusion approach, classifier 
fusion approach and ensemble selection approach 
respectively.  
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By applying a cost-sensitive ensemble classification 

model, the algorithms were able to select threshold values in 
such a way to reduce the false positive rate below a 
specified maximum value. However, the performance of 
classification minimized when the algorithms apply to the 
clinical dataset. 
This motivated the improvement of measurement system 
and procedure, and the further development of classification 
algorithms to provide measures for dimensionality related 
issues. With this objective, an Aggregated Linear 
Discriminate Analysis-based Feature Extraction (ALDA-
FE) investigated in this work. The ALDA-FE offers an 
improvement of the measurement system and procedure that 
considers the sum of within-class and between-class 
scattering matrices, ensuring dimensionality reduction.    

Classification of cancer by molecular level has 
gained the interest of researchers because it provides the 
diagnosis of disease in a more systematic, accurate and 
objective manner for several types of cancer. An ensemble 
system, a set of individually trained classifiers presented in 
[2] whose decisions integrates with majority voting, 
weighted voting and Naïve Bayes combination.  

The ensemble method in [2] also provided 
solutions enhancing the accuracy of the result, applied 
ensemble technique to more cancer types, and avoiding the 
problems related to over fitting. However, to improve 
tumour classification accuracy, different classifiers have to 
be used as base members. This is addressed by investigating 
ensemble classifiers, namely, Bootstrap Aggregation and K 
Nearest Neighbour in the proposed work and thus improving 
the tumour classification accuracy.  

Our work focuses on the development of two 
strong ensemble classifiers, Bootstrap Aggregation and K 
Nearest Neighbour screening system. The ensemble 
classifiers and the associated algorithms can process 
measurements and decide as to whether a malicious tumour 
is present or not. 

II. RELATED WORKS 

Most of the previous work on tumour classification 
has concentrated on cost-sensitive classification methods. 
An efficient Cost-Sensitive Classifier with Gentle Boost 
Ensemble (Can-CSC-GBE) presented in [3] for the 
classification of breast cancer based on the protein amino 
acid features. The application of ensemble methods resulted 
in the minimization of misclassification cost. However, 
accuracy was not said to 
identify the concentrated 
work. 
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An ensemble model, Hierarchical Multi-level 
classifiers bagging with Multi-objective optimized voting 
(HM-BagMOOV) in [4] achieved the highest accuracy. 
Though, accuracy rate ensures the prediction of recurrence.  
Hybrid Computer-aided diagnosis system for Prediction of 
Breast Cancer Recurrence (HPBCR) designed in [5] that 
provided a promising means for prediction of breast cancer 
recurrence. Machine learning methods were applied in [6] to 
reduce the human workload of matching records, 
minimizing the computation cost.  

Recently, specific research has explored the 
application of proximity relations, in particular, classifiers, 
for feature selection. Many weak classifiers were combined 
into a strong optimized classifier [7], resulting in the best 
features identifies the selected result based on the 
performance. Though features being selected were found to 
be the best, the diagnosis rate was not concentrated.  

Weighted Vote-based Ensemble model was 
investigated in [8] using different classifiers resulting in 
effective breast cancer diagnosis. Another hybrid intelligent 
system was developed in [9] by applying feature extraction 
and prediction module. This hybrid intelligent system 
resulted in the effective diagnosis of cancer at an early stage. 
RNA-sequencing data was used in [10] to differentiate 
Histologic Grade1 (HG1) and Histologic Grade3 (HG3) 
with high accuracy.  

There has also been some recent work towards the 
disease diagnosis at an early stage for malicious tumour 
detection. In [11], a web-based clinical expert system 
designed that overcome the limitations of the individual as 
well as other ensemble classifiers. To enhance the prediction 
performance, SVM and SVM ensembles were used in [12] 
resulting in the early prediction of breast cancer.  

Another multimodality model using wavelets and 
machine learning investigates the feature [13].  A multistage 
classification model proposed [14] for breast cancer 
diagnosis applying a histogram equalization and nonlocal 
means filtering. This multistage classification model 
resulted in the improvement of classification accuracy for 
breast cancer diagnosis. 

In the area of machine learning, the model's 
training heavily depends on the performance of data. But, 
the distribution of two classes behaves in an imbalanced 
manner, and the scenario is found to be ubiquitous in real 
life. In [15], a novel ensemble method called, Bagging of 
Extrapolation Borderline-Synthetic Minority Oversampling 
Technique SMOTE SVM [16] (BEBS) designed for dealing 
with imbalanced data. 
A selective ensemble method is combining, KNN, SVM and 
Naïve Bayes present in [17] for breast cancer diagnosis. 
Performance analysis of data mining algorithms for breast 
cancer diagnosis provided [18]. A comparative study of 
breast cancer classification models using ensemble 
classifiers presented for tumour classification [19]. Another 
Neural Network ensemble method was designed in [20] to 
enhance the rate of classification accuracy. 

This paper presents a novel application of ensemble 
classification methods using tumour repository dataset 
collected from UCI to detect the presence of a tumour. Our 
main contributions when compared to state-of-the-art work 
are the following:  
a) We employ an Aggregate Linear Discriminate 

Analysis technique to extract the best features to 
improve the sensitivity (true positive rate) while 
minimizing the specificity (true negative rate);  

b) We design two ensemble classification architectures 
to construct malicious and non-malicious tumour 
classes and thus reducing the tumour classification 
time. 

c) We demonstrate the performance of our ensemble 
classification methods using data collected in a 
clinical trial with freshly excised breast tissues made 
at different frequencies. 

                      This paper extends the previous work by 
designing an ensemble selection-based classification method 
which significantly outperforms existing methods. It also 
provides a more detailed description of our algorithms, 
Iterative Scattering Matrix algorithm and Ensemble-based 
Classification algorithms that factor in the tumour detection 
accuracy, and a complete performance evaluation involving 
UCI repository datasets, Breast tissue and Wisconsin 
Diagnostic Breast Cancer (WDBC) dataset.  

  The remainder of the paper organized as follows. 
Section 2 reviews the related works. Chapter 3 introduces 
our system, algorithm, and the ensemble classifier. 
Experimental results reported in Section 4 with the detailed 
discussions provided in Section 5. A summary of concluding 
remarks included in Section 6. 

III. PROPOSED SYSTEM 

                    In this paper, we propose a selective ensemble 
classification method called, Aggregate Linear Discriminate 
Analysis-based Ensemble Classifier (ALDA-EC) for 
malicious tumour classification and detection. The proposed 
ALDA-EC method is designed with the objective of 
maximizing the classification performance of malicious 
tumour detection with minimal time as compared to state-of-
the-art works. This aim of proposed ALDA-EC method is 
achieved by the application of Ensemble-based 
Classification (i.e. integration of Bootstrap and k-nearest 
neighbour classifiers). As Ensemble-based Classification 
applied Weighted Voting Scheme to classify difficult 
instances, where each instance is classified by measuring the 
total vote based on the K Nearest Neighbours. Then, the 
highest vote of the base classifier is assigned to each sample 
with a lower amount of time utilization. Thus, ALDA-EC 
method increases the classification accuracy for effective 
malicious tumour detection as compared to existing works. 

On the contrary to existing classification works, 
Aggregate Linear Discriminate Analysis technique is used in 
a proposed method to extract 
the best features for malicious 
tumour classification. 
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 In addition to existing classification works, a 
proposed method designed an Ensemble-based 
Classification technique by integrating a Bootstrap 
aggregation with k-nearest neighbour classifiers using the 
weighted voting rule to reduce the classification errors of 
malicious tumour detection as compared to state-of-the-art 
works.   
 Extracting the feature using UCI machine learning 
repository and cancer gene expression profiles namely 
Breast tissues (BT), WDBC (Wisconsin Diagnostic Breast 
Cancer), respectively, we sampled with 10-fold cross-
validation to train the base classifiers. Cross-validation is 
used in proposed ALDA-EC method to evaluate predictive 
models by partitioning the original sample into a training set 
to train the model, and a test set to evaluate it. With the 
objective of improving the tumour classification accuracy or 
the malicious tumour detection rate, the proposed work 
integrates Bootstrap and k-nearest neighbour classifiers and 
ranks them based on the trained tumour indicator value. The 
better-ranked class is then selected by majority vote to 
detect malicious tumour classes. The flow chart of the 
proposed work ALDA-EC is shown in figure 1.  

As shown in the figure, we consider Aggregate 
LDA-based Ensemble Classifiers in the tumour 
classification systems based on cancer data sets to achieve a 
high degree of accuracy. The proposed system consists of 
two main modules: the feature extraction and the ensemble 
classification.  

 
To start with the features in the training dataset are 

extracted using Aggregated LDA. With the extracted 
features, each base classifier is trained based on the assigned 
weight for each sample. 

 
                                                                                                                                          

 
 
 

 
 
 
 

 
 
 
 
 
 
 
 

Figure 1 Block diagram of Aggregate LDA-based 
Ensemble Classifier 

 
These base classifiers are combined using the weighted 
voting rule resulting in an ensemble-based classifier. Two 
well known Bootstrap Aggregation (based on a weighted 
vote of prediction) and KNN base classifiers are used to 
arrive at to classify ensemble classifier into malicious or 

non-malicious tumour classes, achieving ensemble of 
prediction.  
 

A. Aggregate LDA-based Feature Extraction 

The extraction of data follows a standard procedure depicted 
in figure 2, where the extraction process summarized in 
three main steps. In ALDA, feature extraction is performed 
by constructing a matrix within the class and between the 
classes. Feature distance is evaluated using the Iterative 
Scattering Matrix algorithm for reducing dimensionality in 
feature extraction. 

 

 

 

 

 

 

 

 

Figure 2 Main steps in the feature extraction process 

The Iterative Scattering Matrix algorithm infers to the 
evaluation of within-class and between-class scattering for 
extracted data. Finally, the extracted features are further 
refined using aggregate-class scattering matrices. The 
aggregate scattering matrices reduce the distance between 
samples in similar classes and improving distance between 
different classes.  In this manner, the most predominant 
features selected. 
Let us consider a training dataset ‘  ’, with a total of ‘ ' 
features, comprising of ’ rows and ‘ ' columns. To extract 
relevant features, the ALDA-EC method obtains an initial 
set of measured data with which builds desired values using 
aggregate class. The aggregate class in the ALDA-EC 
method consists of the summation of within-class scattering 
matrices and between-class scattering matrices with which 
the features extracted. In addition to arriving at aggregate 
class, with the objective of minimizing the classification 
errors, the ALDA-EC method uses a local mean and global 
mean values for neighbourhood processing.  The global 
mean value is obtained as given below, 

    
 

 
      

 
   

 
    (1)                                                   

From (1), the global mean value ‘ ’ for 

neighbourhood processing for measured data ‘   ’ is 

obtained. Next, the local mean value ‘  ’ is obtained 

through ‘                ’ and is as given below. 

 

Generate within-class 
scattering matrices 

Evaluate aggregate-class 
scattering matrices  

Training datasets  

Generate between-class 
scattering matrices  

Training 
dataset 

Feature extraction 
using ALDA 

Sample weight assignment 

KNN Classifier 

Integrate KNN classifier by 
weighted vote of prediction 

Ensemble of prediction 
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                    (2)                                                                      
From (2), the ‘                ' is symbolized as   

1,  ,  +1,  ,  ,  −1,  ,  +1’ respectively. With the 

obtained local and global mean values, within-class matrices 
and between-class matrices formed efficiently, which forms 
the basis for feature extraction. The within-class matrix 
obtained is as given below. 

         
 

 
                   

   
  (3)                                            

From (3), the within-class matrices ‘  ’ is the product of the 

differences between the measured data ‘   ’ and local mean 

‘  ’ to that of the transposed measured data and local mean 

‘         
 
’ respectively. The between-class matrix 

obtained is as given below.  

                
  

 
                     (4)    

               From (4), the between-class matrices ‘  ’ are 

arrived from the product of the differences between the local 
mean ‘  ’ and the global mean ‘ ’ to the transposed local 

and global mean ‘        ’ respectively. Finally, to select 

the most predominant features, the aggregated class 
scattering matrices is obtained as given below.  

                            (5) 
                             (6)                                                          

 From (5), the aggregated-class forms the summation of the 
within-class and between-class matrices. From that, the 
distance between test samples in similar classes reduced. 
This helps to extract the features and reduces the 
dimensionality. The objective behind the design of 
aggregated-class is to reduce the within-class scattering 
while increasing the between-class scattering. As a result, 
the ALDA-EC method minimizes the misclassification 
probability by selecting features that reduce the distance 
between the samples in similar classes and improve the 
distance between different classes. The pseudo code for 
Iterative Scattering Matrix manipulationgiven in algorithm 
 

 

Algorithm 1 Aggregate LDA 

As given in the algorithm 1, the Iterative Scattering 
Matrix algorithm obtains the target point in the features 
based on class separation. These target point in the features 
then forms the basis for ensemble classifiers explained in the 
following sections. Creating an aggregation class using the 
within and between class not only extracts more relevant 
features for classification but also reduces the redundant 
features present in the class. In this way, the ALDA-EC 
method reduces the misclassification probability or 
improves the true positive rate of the features extracted and 
therefore proves the way for tumour prediction.    

B. Ensemble classifiers using Bootstrap Aggregation and 
K Nearest Neighbour 

Ensemble classifiers are learning algorithms that construct a 
set of classifiers. It further classifies new data points through 
a weighted vote of their predictions. The objective behind 
the use of ensemble methods is to use a combination of 
models to increase tumour classification accuracy. In recent 
years, several methods for constructing ensembles have 
developed. 
In this work, we consider bagging methods that create 
individuals for its ensembles by training each classifier on a 
random redistribution of the training set, called as Bootstrap 
replicate. The technique therefore referred to as Bootstrap 
Aggregation. Followed by this, the distance between the test 
sample and the nearest neighbour predicted and measured 
via KNN. This in turn, therefore, minimizes the complexity 
involved using the Euclidean distance measure.  
On the contrary to existing works, the weighted voting rule 
is used in proposed ALDA-EC method in order to minimize 
the classification errors of malicious tumour detection. With 
help of Weighted Voting Rule scheme, an ensemble-based 
classification is performed in ALDA-EC method according 
to the class that acquires the most frequent votes. Therefore, 
ensemble-based classifiers reduce the classification error 
rate of malicious tumour detection than that of the base 
classifiers. Thus, the proposed ALDA-EC method provides 
good classification performance for malicious tumour 
detection. 
The Ensemble-based Classifier model used the majority vote 
of the samples for the decision of     class to effectively 
classify the samples into a malicious or non-malicious 
tumour classes. From that, the majority vote of positive 
samples of base classifiers is classified as non-malicious 
tumour classes. In the same way, the majority vote of 
negative samples of the base classifiers is classified as a 
malicious tumour class. Thus, the ensemble method 
enhances the classification performance by combing all base 
classifiers results into a strong classifier. Figure 3 shows the 
Ensemble-based Classifier model.  
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Figure 3 Block diagram of the Ensemble-based 

Classifier model 

Let us consider a training set of size ‘ ’, with ‘ ' possible 
random instances; then, the ensemble methods combine a 
series of ‘ ’ learned models or random instances 

‘        ’ with the aim of creating an improved 

model  ’.  Given a training set ‘ ’ (i.e. extracted features 

‘  ’ using ALDA-EC) using ‘ ’ tuples, each iteration, ‘ ’, a 

training set ‘  ’ or ‘   ’ of ‘ ’ tuples is sampled with 

replacement from ‘ ’. A classifier model ‘  ’ is learned 

from each training set ‘  ’. 
To classify an unknown sample ‘ ’, each classifier 

‘  ’ returns its class prediction by Weighted Voting Rule 

scheme as given below. In this Weighted Voting Rule 
scheme, a classification performed according to the class 
that acquires the most frequent votes. 

                                          (7) 

From (7), ‘     ’ represents the classification of the ‘   ’ 

classifier with ‘ ’ denoting the sample to be classified and 

‘      ’ is a scaling function and is mathematically written 

as given below.  

           
     
      

             (8) 

 
With the Weighted Voting Rule scheme, using 

KNN classifier, the classes are classified by a majority vote 
of its neighbour features with the features being assigned to 
the class most common among its K Nearest Neighbours. To 
minimize the computational complexity of base classifiers 
and selecting the best value of k, the ALDA-EC, select 
‘   '. To find the majority vote mathematical formula 
given as below. 

 
                     

               (9 

 
    From (9), the ALDA-EC method uses the 
nearest neighbour type classifier as the one nearest 
neighbour classifier ‘   ’ that assigns a sample ‘ ’ to the 

class ‘     ’ of its closest neighbour.  This is because in the 
ensemble based classifiers having an error rate lesser than 

that of the base classifiers ‘     ’ is enough to arrive at 

good performance. With this, an ensemble-based classifier is 
generated by combining the base classifiers using the 
Weighted Voting Rule scheme to classify given test 
sample '. 
 Then, the total vote for each class evaluated mathematical 
formulas as given below to obtain the excellent 
performance. 

       
 

     
        

         (10) 

 
From (10), the total vote for each class ‘   ' 

obtained by logarithmic values of the base classifier classes 
‘     '. With this, the sample ‘ ’ is assigned to class ‘ ’ 

based on highest vote ‘   ’. Given below is the pseudo code 
representation of the Ensemble-based Classification 
algorithm.  

Input: Features Extracted ‘  ', sample ’ 

Output: Tumour classification   
1: Begin 
2: For each extracted features ‘  ’ and ‘   .' 
3:   For each class ‘ ' and sample ’ 
4: Evaluate Weighted Voting Scheme using (7) 
5: Measure KNN distance classification using (9)  
6:     Measure total vote using (10) 
7:     Assign the highest vote  
8:                   End of 
9:             End of 
10: End  

Algorithm 2 Ensemble-based Classification 
 

As given in the pseudo code, the ensemble-based 
classification starts with the extracted features obtained 
using ALDA-EC. Followed by this for each class and 
samples, each iteration includes two steps. The first step 
involves the Weighted Voting Scheme that is applied to 
arrive at classifying difficult instances, where each instance 
is classified by measuring the total vote, based on the K 
Nearest Neighbours. Next, the highest vote assigned to each 
sample where the final classification represents the simple 
majority vote. In this way, malicious tumour classification 
accuracy is improved based on the strong ensemble 
classifiers, Bootstrap Aggregation and k-nearest neighbour. 

 

IV. PERFORMANCE EVALUATION 

In this section, we provide an experimental 
evaluation of the proposed algorithm. We implement our 
method using JAVA with various experiments conducted on 
Breast tissues (BT) and WDBC (Wisconsin Diagnostic 
Breast Cancer) data sets.  

 
 
 

https://www.openaccess.nl/en/open-publications


 
Aggregate Linear Discriminate Analyzed Feature Extraction and Ensemble of Bootstrap with Knn 

Classifier for Malicious Tumour Detection 

3691 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number C4802098319/2019©BEIESP 
DOI: 10.35940/ijrte.C4802.098319 
Journal Website: www.ijrte.org 

 

To prove the efficiency of the proposed algorithm, 
and made the comparison with the results of several existing 
ensemble classifier methods, including ensemble selection-
based algorithm [1] and the ensemble system for cancer 
classification [2]. The datasets used and summarized in 
Table 1. 

Table 1 UCI Machine Learning Datasets 

 

Dataset 

 

Source 

 

k 

 

n 

 

a 

 

Breast Tissues 

 

UCI 

 

6 

 

106 

 

10 

 

WDBC 

 

UCI 

 

2 

 

569 

 

32 

The two datasets Breast tissues and WDBC include 
106 and 569 number of instances, each comprising of 10 and 
32 attributes and 6, two classifications have made. The 
breast tissues dataset included the impedance measurements 
of freshly excised breast tissue were made at the 
frequencies: 15.625, 31.25, 62.5, 125, 250, 500, 1000 KHz.  
Regarding the WDBC dataset, features collected and 
computed from the digitized image of a fine needle aspirate 
(FNA) of a breast mass. The scanned image described the 
characteristics of cell nuclei present in the image. When 
conducting experimental work using Breast Tissue dataset, 
ALDA-EC method used the following attributes for 
classification of malicious tumour 

Table 2 Attribute information’s about Breast Tissue 
dataset 

Attribute Name Description 

I0 Impedivity (ohm) at zero frequency 

PA500 phase angle at 500 KHz 

HFS 
the high-frequency slope of the phase angle 

 

 

 

DA impedance distance between spectral ends 

REA area under spectrum 

A/DA area normalized by DA 

MAX IP maximum of the spectrum 

DR the distance between I0 and real part of the 
maximum frequency point 

P length of the spectral curve 

When performing experimental work using Breast 
Tissue dataset, ALDA-EC method used below attributes for 
classification of malicious tumours.  

1. Sample code number             

2. Clump Thickness                

3. Uniformity of Cell Size        

4. Uniformity of Cell Shape       

5. Marginal Adhesion              

6. Single Epithelial Cell Size    

7. Bare Nuclei   

8. Bland Chromatin   

9. Normal Nucleoli                

10. Mitoses                        

The metrics used to measure the performance 
evaluation of ALDA-EC are tumour classification accuracy, 
tumour classification time, sensitivity and specificity. 
The tumour classification accuracy ‘   ’ of an individual 

sample ‘ ’ depends on the number of samples correctly 
classified (true positives plus true negatives) and is 
evaluated by the formula as given below. 

      
  

 
      (11) 

From (11), ‘  ’ is the number of sample cases 

correctly classified and ‘ ’ is the total number of sample 

cases. The tumour classification time ‘   ’ of an individual 

sample ‘ ’ depends on the number of samples correctly 
classified (true positives plus true negatives) and the time 
taken to classify the correct classified samples. The tumour 
classification time is evaluated by the formula as given 
below. 

 

                   
  

 
       (12)   

                                 From (12), ‘  ’ is the 

number of sample cases correctly classified and ‘ ’ 

is the total number of sample cases. 
Sensitivity also called the true positive rate 

measures the proportion of positives that correctly identified 
as such. In other words, sensitivity or true positive rate 
refers to the percentage of malicious classes which correctly 
identified as having the condition. Higher the rate of 
sensitivity, more efficient the method is said to be.   

             
                    

                                                

 (13)                                                       

Specificity also called the true negative rate measures the 
proportion of negatives that correctly identified as such.  

 

http://www.gepsoft.com/gepsoft/APS3KB/Chapter09/Section2/SS03.htm
http://www.gepsoft.com/gepsoft/APS3KB/Chapter09/Section2/SS03.htm
http://www.gepsoft.com/gepsoft/APS3KB/Chapter09/Section2/SS03.htm
http://www.gepsoft.com/gepsoft/APS3KB/Chapter09/Section2/SS03.htm
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In other words, specificity or true negative rate refers to the 
percentage of non-malicious tumour classes which correctly 
identified as not having the condition 

            

 
                    

                                                    
(14)   

V. DISCUSSION 

Firstly, the proposed ALDA-EC method compared 
for malicious tumour detection with two other tumour 
detection methods, ensemble selection-based algorithm [1] 
and ensemble system for cancer classification [2]. Four 
performance measures were employed to evaluate the tested 
tumour detection method.  The first measure was the tumour 
classification accuracy, which measures the relative 
monotonicity between the sample cases correctly classified 
and the total number of sample cases. The second measure, 
tumour classification time which measures the time taken to 
classify the tumour cells, if detected. Finally, the third and 
fourth measure, sensitivity and specificity are evaluated.  

C. Performance evaluation using WDBC dataset 

Table 2 records the measure of four metrics, 
namely, tumour classification accuracy, tumour 
classification time, sensitivity and specificity obtained from 
(11), (12), (13) and (14). It proves from Table 2 that our 
malicious tumour detection method, ALDA-EC provides 
better performance measure among all the other methods. 

Table 2 Performance evaluation of ensemble selection-
based algorithm and ensemble system for cancer 

classification using WDBC dataset 

Metrics 
ALDA-

EC 

Ensemble 
selection-

based 
algorithm 

Ensemble 
system for 

cancer 
classification 

Tumour 
Classification 
Accuracy (%) 

68.15 65.23 61.45 

Tumour 
Classification 

Time (ms) 
75.13 89.13 88.28 

Sensitivity (%) 65.13 61.23 59.15 

Specificity (%) 62.13 59.19 56.28 

 

Figure.4.Performance comparisons with ensemble 
selection-based algorithm [1] and ensemble system for 

cancer classification [2] using WDBC dataset 

Figure 4 shows that the tumour classification 
accuracy, tumour classification time, sensitivity and 
specificity have better performance improvement as the 
features extracted increases from 10 to 90. The reason is that 
an ensemble of the classifier used in the ALDA-EC method.  

The ensemble is performed using bagging and the 
K Nearest Neighbour. With these two classifiers, ALDA-EC 
method performs tumour classification efficiently. 

        Furthermore, by applying the ensemble-based 
classification algorithm in the ALDA-EC method, Weighted 
Voting Rule scheme, using KNN classifier measures 
difficult instances. Here, each instance is classified by 
measuring the total vote, based on the K Nearest 
Neighbours, by assigning the highest vote to each sample.  

This helps in achieving the performance 
improvement of tumour detection using ALDA-EC method 
when compared to the existing methods [1] and [2] 
respectively.  

D.Performance evaluation using Breast Tissue 
dataset 

Table 3 shows the performance of the methods 
tested across all views when Breast Tissue dataset have 
used. It is evident that the proposed ALDA-EC performs 
consistently better than the compared methods across all 
aspects. Note that all methods achieve the lowest 
classification time in the frontal view. However, the ALDA-
EC significantly improves the performance attained by the 
other methods in this view. We attribute this to the fact that 
ALDA-EC performs the classification using bagging that 
builds several instances of a black-box estimator on random 
subsets of the original training set. It then aggregates 
individual predictions to form a final prediction, where the 
classification of the features from the frontal view 
facilitated. 
Table 3 Performance evaluation of Breast Tissue dataset 

Metrics 
ALDA-

EC 

Ensemble 
selection-

based 
algorithm 

Ensemble 
system for 

cancer 
classification 

Tumour 
Classification 

Accuracy 
(%) 71.17 68.25 64.48 

Tumour 
Classification 

Time (ms) 68.08 72.09 81.23 

Sensitivity 
(%) 70.23 66.33 64.25 

Specificity 
(%) 67.33 54.33 51.48 

Having the full features extracted from each training dataset, 
we can calculate how much correlation there is between an 
individual evaluation an the overall mean.  

https://www.openaccess.nl/en/open-publications
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Figure 5 Performance comparisons with ensemble 
selection-based algorithm [1] and ensemble system for 

cancer classification [2] using Breast Tissue dataset 

              Figure 5 compares the proposed ALDA-EC with 
two other methods, ensemble selection-based algorithm [1] 
and the ensemble system for cancer classification [2] four 
best-performing algorithms even further. It is worth noting 
that the tumour classification accuracy is higher than the 
state-of-the-art methods [1] and [2]. Since aggregated 
predictions are used to form a final prediction, ALDA-EC 
reduces the variance of the base estimator by introducing 
randomization into its construction stage and then creating 
an ensemble out of it. As the proposed framework using 
ensemble methods, named, bootstrap aggregation and K 
Nearest Neighbour, it provides a way to reduce overfitting 
and therefore reducing the tumour classification time also 
using Breast Tissue dataset. The improvement was found to 
be 4% and 10% compared to [1] and [2], reducing the 
classification time by 6% and 16% respectively.  

VI. CONCLUSION 

             In this paper, we proposed a method for 
selective ensemble classification method for malicious 
tumour detection. By observing that dimension and quantum 
of a tumour usually compromised, they are utilized to obtain 
relevant features, the ALDA-EC method, initial set of 
measured data are obtained, which then builds desired 
values using an aggregate class with the aid of Iterative 
Scattering Matrix algorithm. A significant feature of our 
method is that the dimensionality of features, especially the 
most relevant features obtained at the same time, the 
Iterative Scattering Matrix algorithm reduces the 
dimensionality. That is, our methods allow the doctors or the 
medical practitioners to reduce the tumour misclassification 
error with the aid of local and global mean for 
neighbourhood processing. This goal is achieved using the 
concept of aggregation of linear discriminate analysis. On 
the other hand, our method allows the correct classification 
of a tumour using the ensemble-based classifiers. This goal 
is achieved using the techniques of Bootstrap Aggregation 
and KNN. Through experimental study, we show that 
ensemble aggregation used in ALDA-EC can help to reduce 
the total tumour classification time by 15% and 11% 
compared to the ensemble selection-based algorithm using 
two different datasets, WDBC and Breast Tissue dataset 
respectively.  The future enhancement of ALDA-EC 

method can proceed with different boosting techniques to 
reduce the false positive rate of malicious tumour 
classification. 
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