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Abstract. This paper proposes a technique for the creation of a neural ensemble 
that introduces diversity through incorporating ten-fold cross validation togeth-
er with varying the number of neurons in the hidden layer during network train-
ing. This technique is utilized to improve the classification accuracy of masses 
in digital mammograms. The proposed technique has been tested on a widely 
available benchmark database. 
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1 Introduction 

Biomedical diagnostic systems are a real world application where pattern recognition 
systems have great potential due to their ability to repeatedly process large amounts of 
data without suffering from fatigue [1,2]. Breast cancer can have a high mortality and 
morbidity rate with survival directly linked to early detection and appropriate treat-
ment. In the United States alone there are expected to be 39,920 deaths in 2012 due to 
breast cancer [3]. The Gold standard for detection has long been considered to be 
screening mammography [4] due to its effectiveness and cost efficiency.  Recently a 
shortage of trained radiologists has increased the need for alternative techniques. Re-
searchers have examined this problem for a number of years with numerous solutions 
being investigated however due to the similarity between benign and malignant tu-
mors as well as processing constraints no suitable automated solution has been devel-
oped. Neural networks on the other hand have demonstrated a capacity to adapt to the 
medical problem domain and have a proven record [5].  The problem however with 
neural networks like other techniques in this area has been the variable classification 
accuracy [6]. Ensemble networks while relatively new on the pattern recognition 
sphere have shown their capabilities in this sphere as the accuracies obtained are 
higher than for a standard neural network [7]. The creation of an ensemble however 
relies on conflict between the constituent classifiers in order to produce a more accu-
rate classifier.  This conflict is known as diversity and the ability to create diverse 
classifiers for ensembles is an area of active research [8, 9]. 

This research is based on the construction of an ensemble network where the con-
stituent classifiers are neural networks that have been created with a different number 
of neurons in each hidden layer. 
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The remainder of this paper is organized as follows. Section two presents a review 
of existing ensemble systems for digital mammograms. The proposed technique is 
depicted in section three. Experimental results are detailed in section four while an 
analysis against other techniques is outlined in section five. The conclusions and  
future directions for this research are presented in section six. 

2 Background 

In some cases the complexity of a problem means that it is not easily solvable by a sin-
gle mechanism (classifier), as the capacity to encapsulate the problem cannot be easily 
bounded by a single model. In the case of mass breast cancer the similarities between 
the benign and malignant cases make it hard to make an accurate diagnosis between the 
two, as the resemblance between the diagnostic features is not clear-cut. The use of 
many networks combined together can provide a better result than a single classifier 
[7,10,11] as it is better able to model more complex paradigms.  Breast cancer in partic-
ular has proven to be an area where pattern recognition has struggled due to the similari-
ties between benign and malignant patterns.  Due to the nature of the disease and the 
practical application of pattern recognition techniques this field has received a lot of 
interest in recent times [10-16].  Due to the similar characteristics between the benign 
and malignant classes breast cases have low separability in feature space resulting in 
classification complexity and variable performance of classifiers. 

Although the creation of an ensemble has been shown to have higher accuracy than 
a single classifier [7,10,11] this is dependent on diversity existing in the constituent 
classifiers.   In a group if everyone follows the lead of a figurehead we have an occur-
rence which is known as “Group Think” where the decision and hence accuracy is 
really determined by one individual.  Disagreement will lead to potentially a better 
decision.  Diversity is this degree of disagreement and is therefore required to have 
accuracy higher than that of the best performing constituent classifier(s).  The creation 
of an ensemble however does raise several issues.  These issues are: 

• Selection of the constituent classifiers (types); 
• How many classifiers make up the ensemble; 
• Membership criteria (accuracy; diversity; computational speed and or memory 

requirements / restrictions); 
• Desired accuracy; 
• Time / memory requirements for solution calculation; 
• Nature of the classification problem. 

Mechanisms for introducing diversity have been a field of active research [8, 9].  
Roselin and Thangavel [13] created a metaheuristic ensemble classifier using ant-

miner, as they wanted clarity in relation to the output as many classifiers were seen to 
be too much of a black box approach.  Using anomalies from the MIAS database they 
achieved a classification accuracy of 83%. 

Liu et al. [12] contrasted the performance of a random forest technique (ensemble 
of classification and regression trees) against a Support Vector Machine (SVM) on 
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236 regions of interest from the Digital Database of Screening Mammography 
(DDSM) [17].  The random forest ensemble had few tuning parameters and per-
formed more than twice as fast as SVM however it achieved an accuracy of 79% (Az 
0.83) compared to 81% (Az 0.86) for SVM. 

Gou et al. [10] developed a Partition Based Network (PBN) boosting technique to 
handle class imbalanced datasets.  They paid more attention to the training of classes 
that were represented less (in this case the malignant condition) in order to convert the 
network training into a balanced activity.  Experiments were performed on the Uni-
versity of California Irvine (UCI) dataset [18] and achieved a higher accuracy value 
than for standard network boosting.  The PBN network achieved a classification rate 
of 96.50% compared to a network boost accuracy of 96.25%. 

Meena, Arya and Kala [14] achieved a classification accuracy of 96.87% on a UCI 
dataset [18] by implementing a modular neural network where a Self-Organising Map 
(SOM) selector selected the neural networks that would classify the breast anomalies. 
 Their approach involved the training of the SOM selector, as well as the training of 
the candidate networks.  This was to ensure that the best network possible network 
was chosen for the classification task. 

Huang, Monekosso and Wang [15] utilised a clustered ensemble to reduce the var-
iability and improve the accuracy of clustered classifiers, which they called Clustering 
Ensembles Based on Multi-classifier Fusion (CEMF) that worked by constructing a 
number of classifiers that were optimal at classifying a subset of data that had been 
created through partitioning of the data.  They had a 10.5% error rate on their breast 
cancer dataset. 

Luo and Cheng [19] used a Decision Tree (DT) that was bagged to gain a classifi-
cation rate of 83.4% on mass anomalies.  They also used a SVM-SMO (Support  
Vector Machine Sequential Minimal Optimization) from the Waikato Environment 
for Knowledge Analysis (WEKA) [20] data mining package.  They selected mass 
anomalies from the UCI machine repository database [18].  During their research they 
utilised feature selection techniques to reduce the number of input features for the 
classifier from five to four.  They employed four BI-RADS® features and found that 
the mass margin was the most important feature for mass classification. Luo and 
Cheng concluded that the ensemble that they created was more effective than using a 
single classifier. 

Zhang, Romuro, Furst and Raicu [21] developed an ensemble classifier where they 
partitioned a mass dataset from the DDSM [17] into four subsets.  The partitioning 
was based on patient age and mass shape category.  A number of classifiers were then 
evaluated and the best performing classifier on each subset was chosen.  The classifi-
ers evaluated were SVM, k-nearest neighbor and a DT.  The ensemble achieved a 
classification accuracy of 72%. 

3 Proposed Methodology 

Devising mechanisms for generating base classifiers that are diverse for the creation of 
an ensemble is an active area of research for meta-classifier research [8, 22]. Numerous 
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researchers have utilized techniques on manipulating the training dataset(s) in order to 
introduce diversity into the ensemble [7,9,22,23].  These techniques have involved 
training on separate features, training on each classifier on separate datasets as well as 
other mechanisms.  However the number of investigations into using different types of 
neural networks in ensembles has been low [9] in comparison to manipulation of the 
training dataset.  Neural networks gain their knowledge of the problem domain by 
being trained on a sufficiently large population sample so that they can then apply that 
learned knowledge to unseen cases.  If the configuration of the classifiers is different 
the classifier will represent the acquired knowledge in a different way.  This is similar 
to the variation in conceptual understanding that an audience will gain from listening to 
a lecture.  The focus of this research is the demonstration of one mechanism to intro-
duce diversity into the constituent classifiers.  Although an explicit diversity inclusion 
mechanism could have been employed an implicit approach was utilized [9].  Diversity 
is introduced by varying the number of neurons in the hidden layer.  This causes a 
traversal of feature space that is sufficiently different for each network to result in dif-
ferent weight values that represents the acquired knowledge in the classifier.  This 
introduces diversity into our resultant ensemble [9].  Ten fold cross validation was also 
utilized as this introduces diversity into the classifier.  Partridge and Yates had previ-
ously amended the number of neurons to introduce diversity [24] however their re-
search indicated that the impact on diversity and performance was marginal however 
they only trialed a range of 8 to 12 neurons in the hidden layer.  In this research a range 
from 2 to 150 neurons in the hidden layer has been trialed.  This work differs in that 
the dataset that is utilized also has ten fold cross validation occurring on it, which in 
itself introduces diversity into the ensemble [9]. 

The research methodology is represented in Figure 1 below.  The process begins 
with acquiring mammograms.  In this research the mammograms have been sourced 
from a benchmark database called the DDSM [17].  The DDSM provides open access 
to high quality mammograms that allows for testing of pattern recognition algorithms 
in order to advance the field of CAD systems for breast cancer diagnosis. 

Once the mammograms have been obtained (200 mass type anomalies evenly di-
vided between benign and malignant) the suspicious regions need to be extracted.  
The process of extracting the anomaly is known as image segmentation and allows a 
system to more effectively operate as the background noise from normal tissues are 
removed from the diagnostic or clinical system.  Anomalies that are sourced from the 
DDSM [17] can be extracted by a chain code that exists in order to facilitate the easy 
extraction of anomalies. 

Once the anomalies are extracted it is necessary to obtain the features from the 
anomalies that are used in feature space to create a mapping to a resultant classifica-
tion.  In this research BI-RADS® are utilised since they have a good diagnostic capa-
bility [25-26] and are the same as what a trained radiologist would use to come to a 
diagnosis.  Using the same features helps to increase the utility of this technique for 
potential clinical usage.  The diagnostic features are: 

• Density 
• Calcification Type / Mass Shape 
• Calcification Distribution / Mass Margin 
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• Abnormality Assessment Rank 
• Patient Age 
• Subtlety Value 

In this research the candidate neural networks that are constructed have six input  
neurons that correspond directly to the features that are utilised to form a diagnosis. 

 

Fig. 1. Proposed research methodology 

A number of candidate neural networks were generated for the purpose of this re-
search.  These networks were created by varying the number of neurons in the hidden 
layer from 2 neurons to 150 neurons in order to introduce diversity.  The networks 
were trained and tested using ten-fold cross validation.  Once the candidate networks 
were generated they were ranked based on classification accuracy and then these can-
didates were utilised to generate our ensemble classifier(s).  The ensemble was initial-
ly created by using the first three highest performing candidate networks and then was 
trained and tested (from Table 1 this would be an ensemble that has 24,5 and 15 neu-
rons in each hidden layer).  Following this the fourth highest performing candidate 
classifier was added and then it was trained and tested with the process continuing 
until a total of the 40 highest performing candidate classifiers had been incorporated 
into the ensemble and were trained and tested.  This was done to evaluate the effect of 
adding additional classifiers to the ensemble and to attempt to determine the best 
number of classifiers for the ensemble in terms of achieving a high classification  
accuracy.  The maximum number of constituent classifiers was limited to 40 as  
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the whole process (load data, train and test candidates, generate and evaluate the  
ensembles) was to occur in only a few minutes. 

In accordance with normal scientific practice ten fold cross validation was utilized 
for all experiments. The stopping condition for network training was a root mean 
square (rms) error of 0.001 or (a maximum of 3000 iterations).  This ensured that  
the networks were fully trained for the purposes of our experiments.  The other  
parameters were a learning rate of 0.05 and momentum of 0.7. 

Table 1. Selection of candidate neural networks for ensemble inclusion 

Accuracy 86 85.5 85.5 85.5 85 85 85 84.5 84.5 … 83 
Neurons 24 5 15 32 31 43 50 75 38 … 62 
Rank 1 2 3 4 5 6 7 8 9 … 40 

 
From Table 1 the best performing network had 24 neurons, the next 5, followed by 

15, then 32 in the hidden layer etc.  
The proposed system was implemented in MATLAB 7.12.0.  MATLAB was run-

ning on a 2.66 Ghz Intel Core i7 Mac Book Pro, with 8 Gig of RAM running Mac OX 
X 10.6.8.  The experiments were carried out on a subset from the DDSM [17] utilis-
ing only mass type anomalies.  The dataset represented 200 anomalies evenly divided 
between malignant and benign cases.   

4 Results 

Accuracy of the individual constituent classifiers ranged from 83% to 86% accuracy 
(Table 1).   

Table 2. Ensemble Performance 

# Classifiers Hidden Neurons TP TN Accuracy 
(%) 

4 24,5,15,32 91 95 93.0 
14 13,24,5,15,32,31,43,50,75,38,59,68,79,116 98 98 98.0 
18 24,5,15,32,31,43,50,75,38,59,68,79,116,146,

14,30,37,95 
98 96 97.0 

22 24,5,15,32,31,43,50,75,38,59,68,79,116,146,
14,30,37,95,103,104,138,140 

98 97 97.5 

25 24,5,15,32,31,43,50,75,38,59,68,79,116,146,
14,30,37,95,103,104,138,140,19,29,33 

99 97 98.0 

35 24,5,15,32,31,43,50,75,38,59,68,79,116,146,
14,30,37,95,103,104,138,140,19,29,33,36,40,
46,48,65,74,84,93,127,22 

97 96 96.5 

 
The only condition for inclusion in the ensemble networks was accuracy.  The en-

semble networks that were constructed had from three to forty constituent classifiers.  
Table 2 provides a summary of the results obtained for the ensemble classifiers. 
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5 Discussion 

The minimum accuracy that the ensemble achieved was 93% while the maximum accu-
racy was 98%.  Numerous classifiers achieved a classification accuracy of 97%. The 
improvement in classification accuracy supports the claim by previous researchers that 
ensembles have higher classification accuracy than their constituents providing that the 
requirement of diversity is met [27].  Ensembles increase accuracy by reducing the vari-
ance in prediction errors [1].  In this research a significant improvement in classification 
accuracy was achieved by varying the number of neurons in the hidden layer as well as 
utilizing ten-fold cross validation.  In order to determine how significant the results of 
this research are we need to compare the classification accuracy achieved with that of 
other researchers and also with the best performance achieved for an individual classifi-
er. Table 3 lists the performance of the proposed technique in comparison to current 
research.  The performance achieved by Verma et al. [28] of 93% is on the same dataset 
and is directly comparable as it is the same dataset as this research. 

Table 3. Comparative performance of proposed technique and current research 

Researcher / Reference Technique Accuracy [%] 
Ensemble technique Proposed ensemble technique 98.00 
Base classifier Neural network 86.00 
Verma et al. [28] Soft clustered neural network 93.00 
Liu et al. [11] SVM 81.00 
Liu et al. [11] Random forest 79.00 
Zhang et al. [20] Partitioned ensemble classifier 72.00 

 
An ANOVA analysis of variance was performed to determine if the improvement in 

classification accuracy between the neural network and the ensemble was significant. A 
5% confidence level was utilized according to standard scientific methodology. 

Table 4. ANOVA Summary  

Groups Count Sum Average Variance 
NN 38 3195.5 84.09 0.6197 
Ensemble 38 3674 96.68 1.3706 

Table 5. ANOVA Analysis 

Group Variation 
 SS df MS F P-value F crit 
Between 3012.66118 1 3012.6612 3027.46475 8.8016E-62 3.97 
Within 73.6381579 74 0.9951102    
       
Total 3086.29934 75     
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The p-value (Table 5) is significantly below the required 5% confidence level sub-
stantiating that the improvement in performance of the ensemble is statistically signif-
icant.  Of note is the variance in the ANOVA summary (Table 4.) for the ensemble is 
much higher than that of the neural network.  This is to be expected as the classifiers 
for the neural network were chosen on the basis of being the highest performers from 
the candidate classifier pool. The ensemble representatives came from a much smaller 
candidate pool and the variation was therefore higher as all candidates were chosen.  

6 Conclusions 

Neural networks have been used extensively to solve many classification dilemmas. The 
problem with such approaches is that a single neural network has not demonstrated the 
capacity to solve complex problems where the classification dilemma is not straight 
forward due to similarities between the distinct classes as occurs in breast cancer diag-
nosis. This has lead to various authors describing neural networks as a monolithic solu-
tion [14] and advocating the usage of ensemble and modular networks. In this solution 
we utilized redundancy through the creation of an ensemble network that introduced 
diversity by altering the number of neurons in the hidden layer as well as ten-fold cross 
validation. The results were fused through the majority vote algorithm. The perfor-
mance of these networks was then contrasted.  The results of this study have demon-
strated that ensembles perform better than a single constituent classifier. There is no 
universal classifier that works best on all given problems. It is not easy to determine a 
suitable classifier for a given problem, but the use of an ensemble allows for combining 
the best of multiple classifiers in order to improve accuracy and overcome the limita-
tions of a single classifier. The proposed ensemble approach improved the predictive 
performance for the mammogram dataset.  The improvement in classification accuracy 
was 12% percentage points (98%-87%) over the best performing single neural network 
classifier.  Our future research will involve the automation of the processes through 
genetic algorithm pruning of network candidates as well as performance and diversity 
measures to determine a better performing solution.  Our research shall also examine the 
effects of tuning the momentum and learning rate of the neural network and how this 
impinges on the creation of an ensemble network. 
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