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Abstract—In today’s world where awareness for Breast Cancer 

is being carried out at a large scale, we still lack the diagnostic 

tools to suggest whether a person is suffering from Breast 

Cancer or not. Mammography remains the most significant 

method of diagnosing someone with Breast Cancer. However, 

mammograms sometimes are not definite due to which a 

radiologist cannot pronounce his/her decision based solely on 

them and has to resort to a biopsy. This paper proposes a data 

mining technique based on Ensemble of classifiers following 

data pre-processing, to predict the outcomes of the biopsy 

using the features extracted from the mammograms. The 

results achieved in this paper on the Mammographic Masses 

dataset are highly promising and have an accuracy of 83.5% 

and an ROC (Receiver Operating Characteristics) area of 

0.907 which is higher than the existing approaches. 

Keywords-mammography; data mining; big data; cancer; 

biopsy; tumor; knowledge-based 

I.  INTRODUCTION 

Breast Cancer is one of the most prominent diseases 
prevalent in females. In 2016 alone it is being estimated that 
nearly 246 thousand new cases of invasive breast cancer will 
be diagnosed along with 61 thousand non-invasive cases [1]. 
It is a hard journey for any cancer patient, and a care giver 
throughout. It becomes important to diagnose breast cancer 
early, given its high mortality rate in the later stages. 
Mammography is the most reliable method used in today’s 
world for diagnosing breast cancer. Breast Image Reporting 
and Data System (BI-RADS), a trademark of the American 
College of Radiology was introduced to classify the 
outcomes of mammograms into four categories, which was 
later on increased to six. Diagnostic assessment of a patient 
in form of BI-RADS scale may require a further biopsy 
before the doctor pronounces his or her final diagnosis about 
a mammogram. The tumor biopsy may result either in 
malignant or benign tumor. If the tumor was benign, we 
could have avoided the biopsy but the need of this biopsy 
was only when the doctor wasn’t sure in a patient’s BI-
RADS assessment of the mammogram. Nearly 70% of the 
biopsies done, lead to benign results which is a very big 
number of patients and could have been prevented [2]. Such 
large number of breast biopsies not only cause mental and 
physical discomfort for the patient and family but also 

involve spending of a large sum of resources. By making use 
of Data Mining and Computer Aided Diagnosis, not only can 
we reduce this number significantly but also save the time 
and resources of doctors and patients. If by the use of Data 
Mining methods, a malignancy is predicted, a biopsy can be 
ordered for further study, whereas in case of a benign tumor 
prediction, a short term follow-up is advised saving 
resources and improving diagnosis. 

Mammograms which serve the basis of BI-RADS 
assessments are X-ray examinations of the breasts. These 
exams are then analyzed by radiologists who are trained in 
different laboratories across the globe. These exams are 
sometimes inconclusive and the BI-RADS assessment falls 
in a category which requires further tests, which in this case 
is a biopsy of the tissue. The approach followed in this paper 
to assist the diagnosis of breast cancer makes use of high 
accuracy ensemble methods. There are various datasets on 
the UCI (University of California, Irvine) Machine Learning 
repository which comprise of features extracted from 
mammograms notably the Wisconsin Breast Cancer database 
[3] and the Mammographic Masses dataset [4]. The 
Wisconsin dataset was collected from patients at University 
of Wisconsin Hospital from January 1989-November 1991 
out of which 458 cases were corresponding to benign tumor 
and 241 cases corresponded to malignant tumor. This dataset 
does not include a BI-RADS assessment for the 
mammograms but presents ten features corresponding to 
those mammograms. The Mammographic Masses dataset on 
the other hand features BI-RADS assessment of the patient 
along with other attributes corresponding to the assessment. 
The main work in this paper is aimed at the Mammographic 
Masses dataset, with an objective to increase the accuracy 
and the ROC area so as to minimize false predictions. This 
type of classification on extracted features of mammograms 
is supervised and is based on learning samples. Though 
many CAD (Computer Aided Diagnosis) approaches have 
been proposed earlier for breast cancer diagnosis, many of 
which have considered ROC area as comparison metric, 
some others accuracy, the model used in this paper 
outperforms those methods on both these metrics. The rest of 
this paper is organized as follows. In Section II, we discuss 
related works in this domain. In Section III we explore the 
dataset and the methodology in use. In Section IV we discuss 
the results obtained in this paper and compare them to earlier 
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results. In Section V we conclude the paper and discuss 
future scope. 

 

II. PREVIOUS WORK 

There are several methods for classification of 
mammography results as malignant tumor or benign. 
Approaches involving the use of ANN have been very 
popular and so have been simple approaches like Decision 
Trees. Elter et al. in [4] proposed two CAD approaches, one 
of which was a decision tree approach and another being a 
Case Based Reasoning approach. Though simpler to 
comprehend, the rules generated by a decision tree are 
subject to over-fitting and may not be exhaustive in 
approach. Simon Ludwig [2] came up with an approach 
based on Genetic Programming. His results are more 
promising than the ones reported in [4]. The limitation in this 
approach is that it can take as long as 40 minutes to train a 
single run of this model which makes this model unfit for 
realtime application. Mokhtar and Elsayad [5] reported 
results on the Mammographic Masses dataset using three 
different classification algorithms viz. Decision Trees, 
Artificial Neural Networks(ANN) and a Support Vector 
Machine Classifier(SVM) using accuracy(percentage 
correctness) as a comparison metric. They train the models 
using 70% of the dataset and use the remaining 30% for 
testing purposes. Their work has shown that out of the three 
SVM classifiers provide better accuracy. Keles et al. in [6] 
made use of neuro-fuzzy rules to diagnose mammographic 
masses. A. Elsayad also presented an ensemble of Bayesian 
methods for the prediction of the outcomes in [7], on the 
same dataset used here. Furthermore, an ROC area of 
0.82±0.01 was achieved by Bilska-Wolak and Floyd in [8] 
on a dataset collected by Duke University Medical Center. 
Harry Papadopoulos in [9] made use of Venn Predictions for 
producing valid probabilistic predictions on this dataset 
addressing the problem of uncertainty in each prediction. In 
[10], Halwani et al. also worked on the Mammographic 
Masses database and employed clustering algorithms like 
Expectation Maximization, Hierarchical Clustering and K 
Means Clustering. The results were later on compared with 
classification algorithms.  

III. MATERIALS AND METHODS 

In this section, first the Mammographic Masses Breast 

Cancer dataset is described. Through open source 

WEKA(Waikato Environment for Knowledge Analysis) 

data mining techniques [11], we explain generation of the 

model for high accuracy classification by Ensemble method. 

A short description of the classifiers forming the Ensemble 

is also given for comparison between the individual models 

as well as the Ensemble model. 

A. Dataset 

The dataset used for the purpose of solving the problem 
specified is the Mammographic Masses Dataset obtained 
from the UCI Machine Learning Repository [12]. This 
dataset was collected by Matthias Elter of Fraunhofer 

Institute of Integrated Circuits and Prof. Dr. Rüdiger Schulz-
Wendtland of Institute of Radiology, Gynecological 
Radiology, University Erlangen-Nuremberg. This data was 
collected from 2003-2006 and contains 445 malignant and 
516 benign cases. There are five attributes in this dataset 
corresponding to each mammogram along with the ground 
truth. The dataset contains 162 missing values amongst 
individual attributes for which suitable replacements have 
been performed either in form of mean or mode of the 
remaining values. The mean is used in case of numeric 
attributes such as age whereas mode replacement is done 
where the attributes are nominal. WEKA provides this 
support as the default and can be easily implemented. 

TABLE I.  MAMMOGRAPHIC MASSES DATASET 

 

B. Diagnostic and Prediction Model 

In this subsection first a brief explanation about Artificial 
Neural Networks, the Multilayer Perceptron which is the 
most widely used will be given along with the Random 
Forest classifier and Random Tree classifier. These three 
methods are later combined using Ensemble technique which 
will then be discussed. 

ATTRIBUTE 

DETAILS 

TYPE VALUE LABEL MISSING 

VALUES 

BI-RADS 
assessment 

(non-
predictive) 

Ordinal 

0 
Assessment 
incomplete 

2 

1 Negative 

2 Benign findings 

3 Probably benign 

4 
Suspicious 

abnormality 

5 
Highly suggestive of 

malignancy 

Age Integer  Age of patients 5 

Mass Shape Nominal 

1 Round 

31 
2 Oval 

3 Lobular 

4 Irregular 

Mass 
Margin 

Nominal 

1 Circumscribed 

48 

2 Microlobulated 

3 Obscured 

4 Ill-defined 

5 Speculated 

Mass 
Density 

Ordinal 

1 High 

76 
2 Iso 

3 Low 

4 Fat-containing 

Severity Binomial 
0 Benign 

0 
1 Malignant 
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1) Data pre-processing 

  The Mammographic Masses dataset contains 5 attributes 

including the BI-RADS assessment. One does not know 

about the contribution of a particular attribute, in the overall 

classification which attribute contributes more and which 

less. To analyze this, we make use of Information Gain 

Attribute Evaluation. The results are evaluated over 10 folds 

cross validation in WEKA and are shown in Figure 1 as 

below. 

 

The results obtained from this method show that the 

contribution of density attribute to the overall information 

gain is very low in comparison to other attributes and BI-

RADS assessment plays the most important role in 

determination of severity from mammograms. In order to 

simplify the model, we can remove the attribute density. 

Removal of an attribute not only will lead to a reduction in 

the number of hidden nodes in an ANN but also reduction in 

the training time of the model so that it can be applied on 

the fly. 

Following this, also the attribute age is present in numeric 

form. In this paper, it has been converted to nominal form 

for better classification. We choose the following range for 

converting the age values to nominal form. 

 Age <40 

 Age >=40 and Age<65 

 Age >=65 

The reason for choosing this classification is based on the 

study of National Cancer Institute in the USA. The study 

reports the increasing risk of breast cancer amongst women 

after 40 years of age [13]. The second marker of 65 years is 

chosen based on the findings of Anderson et al. in [14] 

where it is found that the incidents of breast cancer start 

increasing amongst women above 65 years of age and the 

women above 75 years of age are most susceptible. The data 

after preprocessing is now passed to the models. 

 

2) Artificial Neural Networks: 

The use of artificial neural networks in developing 

clinical diagnostic and prediction models has been 

prominent since a long time. We make use of WEKA’s 

Multilayer Perceptron which is open source [15] and easy to 

use. A Multilayer Perceptron is a feed forward neural 

network which uses back propagation for training the 

network and is widely used for predictive purposes. The 

structure of a Multilayer Perceptron is in the form of layers. 

Each layer consists of neurons which are mapped to neurons 

in the following layer with some weight associated with 

each mapping.  The model used in this paper comprises of 

one input layer, one output layer and one hidden layer. The 

hidden layer consists of 12 sigmoid nodes (0-11) as shown 

in Figure 2. In this paper, the number of nodes in this 

network is selected by the following formula:  

 

 Nl = (Na+Nc)/2  

 

Where Nl =Number of hidden neurons, Na=Number of 

attributes and Nc=Number of classes. We must note that this 

is the default value provided in Weka. Each value 

corresponding to each attribute forms an input node which is 

mapped to nodes in the hidden layer which are subsequently 

mapped to the nodes in the output layer which correspond to 

the classification results i.e. tumor malignant or benign. The 

activation function of this Multilayer Perceptron is a 

sigmoid function and hence the nodes are sigmoid nodes. 

It can be mathematically expressed as: 

 

 ƒ:R
i
→R

o
 

 ƒ(x)=G(b
(2)

+W
(2)

(s(b
(1)

+W
(1)

x)))  

 
 

Figure 2. Multilayer Perceptron generated by WEKA 

 
 

Figure 1. Results from Information Gain Ranking 
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where i is the size of input vector x and o is the size of 
output vector f(x); b

(1)
 and b

(2)
 are bias matrices, W

(1)
 and 

W
(2)

 are weight matrices, G and s are activating functions 
which in this case are of sigmoid type. 

3) Random Forest 

  Random Forest method is creates a forest of Random 

Trees. As it is scene that in the earlier work done on solving 

this problem many papers made a choice of using a decision 

tree due to its simplicity. This choice suffers from the 

decision trees limitation of over-fitting the training data. A 

Random Forest technique on the other hand removes this 

limitation, hence making the model robust to new values. A 

Random Forest [16] opts to grow more than one decision 

trees. The process of classification is carried out on each 

tree and for each individual instance the tree that gets the 

most votes is chosen. It is because of this approach that a 

Random Forest generally provides more accuracy than a 

Decision Tree. The learning algorithm for a Random Forest 

makes use of bootstrap aggregating [17], also known as 

bagging which leads to a decrease in the variance without 

increasing the bias, so when a single decision tree may be 

susceptible to noise, a Random Forest is not. In bagging, we 

select data points at random with replacement. This makes it 

possible for different trees to have different training data. In 

this case it might happen that a particular data point occurs 

more than once and some data point does not come at all. 

The use of bagging promotes less co-relation amongst the 

trees so that the average(in case of regression) or maximum 

vote(in case of classification) results are consistent. WEKA 

provides an open source implementation of Random Forests 

in Java [18] which has been utilized for the solving the 

purpose of this paper. 

 

4) Random Tree 

  A Random Tree [19] is chosen at random from a set of 

possible trees. These trees have a uniform distribution and a 

tree can be chosen at random without bias. The algorithm 

constructs a tree by choosing k random attributes at each 

node. The number k can be specified manually. For the 

purpose of this paper, the value of k has been chosen as the 

default value specified in WEKA, which is different for 

different datasets and can be calculated by the formula: 

 k = int(log2(NP+1)) 

NP is the number of predictors in use. In Figure 3 the 
Random Tree generated on the Mammographic Masses 
dataset is displayed. In Figure 3 it is visible that the Random 
Tree generated is not deep, which removes the susceptibility 
to outliers. In this paper where the random forests make use 
of bagging approach to generate training data for a 
particular tree and the number of data points in each training 
set is less than the total number of data points, the random 
tree generated has randomness just on attributes and not on 
data points. So, while k attributes are selected at random, 
70% of the dataset forms the training data in this case where 
bagging is not performed.  

5)  Ensemble Selection 

 The use of Ensemble selection on the three classifiers 

defined above viz. Multilayer Perceptron, Random Forest 

and Random Tree with root mean square error optimization 

is for the purpose of getting more accurate and well defined 

results on the Mammographic Masses dataset. Neural 

Networks and tree based models have proved their merit on 

the clinical datasets whereas naïve classifiers cannot be used 

because of the fact that the attributes in use are not 

independent of each other. Usage of other functional 

classifiers like RBF is not done to make the model fast to 

train so that it can be applied in real-time.  An Ensemble 

classifier makes use of all the constituent classifiers which 

form the library for the Ensemble classifier. The adaptability 

of this method to “bad” classification leads to generation of 

better results than any of the constituent classifiers. Diettrich 

in [20] said, “A necessary and sufficient condition for an 

ensemble of classifiers to be more accurate than any of its 

 
Figure 3. Random Tree generated in WEKA 
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individual members is if the classifiers are accurate and 

diverse”. A combination of Artificial Neural Networks and 

tree based classifiers is diverse and given that the individual 

classifiers produce excellent results as shown. Using these 

in a forward selection ensemble algorithm optimized on the 

root mean square error metric leads to a significant increase 

in the accuracy of the overall model compared to any of the 

individual models. 

IV. EXPERIMENTAL RESULTS 

In this section, we report the results obtained by various 
classifiers after pre-processing of data followed by 
classification process using the WEKA suite of Java class 
libraries. This section will feature the analysis and 
comparison of Multilayer Perceptron, Random Forest, 
Random Tree and Ensemble Classifier with these classifiers 
as its constituents over parameters such as Accuracy, 
Precision, Recall, F Measure, ROC (Receiver Operating 
Characteristics) area. 

In Table II, we observe that the results obtained from 
classification via the Ensemble classifier are better than the 
ones obtained by either of the constituents.  Figures 4 and 5 
compare the results obtained by the Ensemble classifier with 
its constituents. All these results are calculated on a 10 fold 
cross validation method for removing any bias present in the 
data. In Table III we compare the results obtained in this 
paper with previous results based on ROC metrics which are 
more commonly used, where we calculate results by a 70:30 
split method so that we the method for all comparisons 
remains the same. Comparison of the results has been done 
with 5 different methods which displays the quality of the 
model presented in this paper. 

TABLE II  COMPARISON OF RESULTS 

Model Accuracy Precision Recall 
F -

measure 
ROC 

Multilayer 
Perceptron 

82.9% 0.830 0.830 0.830 0.901 

Random 
Forest 

82.8% 0.829 0.828 0.828 0.891 

Random 
Tree 

83.1% 0.831 0.831 0.831 0.884 

Ensemble 
Classifier 

83.5% 0.835 0.835 0.835 0.907 

 
It is very clear from the table above that the Ensemble 

Classifier with MLP, Random Forest and Random Tree as 
input produces results that are much better than any 
individual constituents. The results are highly promising 
when compared to methods proposed earlier. An ROC curve 
area of 0.907 has been achieved which again proves that the 
model performs very well. Further, on a 70:30 selection, the 
ROC area has again been 0.907 but the accuracy in this case 
increases to 84.375% and the F Measure comes out to be 
0.844 which show the quality of the model. 

In Table III, we compare the results obtained in this 
paper with the existing papers. The results outperform the 
existing results and the ROC area achieved is very high. The 

comparisons are done with state of the art models and 
outperforming these models on Mammographic Masses 
dataset proves the capability of the model. Furthermore the 
time taken to build the model on this dataset is 1.13 seconds 
which establishes it as a prominent candidate to be put in real 
time use.  

 

TABLE III COMPARISON OF RESULTS 

Model ROC Area 

DT [4] 0.880 

SVM [6] 0.831 

DGP [5] 0.860 

CBR [4] 0.837 

ANN [6] 0.812 

This paper 0.907 

 
Figure 4. ROC Area comparisons 

 
Figure 5. Comparison of models on Accuracy, Precision, 

Recall and F Measure 
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V. CONCLUSION AND FUTURE WORK 

This paper discusses the application of an Ensemble 

Classifier with Multilayer Perceptron, Random Forests and 

Random Tree as its constituents. It is very much clear from 

the results obtained that this model outperforms the existing 

models. Application of this model in real world clinical 

diagnosis can prove helpful to the doctors and patients 

around the world. Breast cancer, one of the most common 

cancers amongst women can be effectively diagnosed by 

this model. Upon analyzing all the results it can be said that 

the implementation of this model on Mammographic 

Masses dataset has proved to be successful. In the future, 

the aim is to implement it on more datasets such as the 

DDSM (Digital Database for Screening Mammography) 

database [21] and the MIAS (The Mammographic Image 

Analysis Society Digital Mammogram Database) [22] 

dataset so that results can be cross verified and a more 

robust model can be generated. It is also intended to 

implement the model on Apache Stark [23] which is again 

an open source technology to facilitate horizontal scaling of 

the model. The ROC area obtained by this model has come 

out to be 0.907 and the accuracy has come out to be 83.5% 

which is very good. 70% of the unnecessary biopsies that 

have to be done can be reduced by a significantly large 

number, saving resources, time and human pain. 
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