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Abstract –One of the second major cause for tumour fatality among ladies globally is due to the occurrence of breast tumourand 

greater part of them passes away because of suspended diagnosis of the tumour. But early recognition and anticipation can 

fundamentally lessen the odds of death. Consequently, initial stage diagnosis of breast tumour is really a basic prerequisite to protect 

a patients' lifespan. By means of improving medical technologies, for breast tumour prediction, various tumour features have been 

gathered from Wisconsin Breast Cancer Database (WBCD) of UCI repository. Separation of all the correlated feature data to 

support the medical syndrome identification is an inspiring, stimulating and time consuming task. To manage this issue, a model 

with deep learning techniques has been proposed to recognize breast tumour at prime stage. The proposed system makes use of 

Deep Boltzmann Machine (DBM) for finding an efficient set of features and Deep Neural Network (DNN) classifier is used to 

classify the women either into benign group or malignant group. The proposed framework is evaluated using specificity, sensitivity 

and accuracy with the classifiers like support vector machine (SVM), combined neural network (CNN), multilayer perceptron neural 

network (MLPNN), probabilistic neural network (PNN), recurrent neural network (RNN), Naïve Bayes (NB), SMO and C4.5 used 

in the existing system for breast tumour classification. 
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1. INTRODUCTION 
 

Cancer is a collection of syndromes in which body cells proliferate, change and replicate beyond control. 

Classically, cancer is termed based on the body portion where it is originated. A cluster of rapidly dividing cells can 

form an anomaly or bulk of surplus tissue. These bulks of tissues are denoted as tumors. Surplus tissue growth may 

either be malignant or benign. The word, breast tumor, comes under the group, malignant tumor that develops in the 

breast tissues. Breast malignancy is the foremost reason of decease amongst females in the middle of 40 and 55 years 

of age. Agreeing to the World Health Organization (WHO), over 1.2 million womankind will be spotted with breast 

tumor for each year globally. Luckily, the death ratio from breast malignancy has diminished in current period of 

years with an improved prominence on symptomatic practices and in effect treatments. A vital issue in this movement 

is the premature recognition and correct identification of this ailment [5].  
By the progression of novelties and tools, numerous software and hardware aspects provide reliably 

emerging methodologies to achieve bulk sensitive cancer feature records and facts on tumor examination. 

Usually, radiologists and doctors predicts breast malignancy through the method of mammography. In 1994, in 

order to identify several breast tumor types, ten radiologists were invited to scrutinize 150 mammograms [1]. 

Regardless of the details that the advantage of applying mammograms were revealed, the variation of the 

radiologist’s explanations produced a low precision of anticipation. 90% of radiologists observed a lesser 

amount of tumor growths not more than 3%, after their investigation. Nowadays, an eternally growing amount 

of innovations are meant for collecting and breaking down the data. It is trivial for physicians to take in each 

detailed cancer cases from the widespread size of tumor cases. And so, doctors require the help of data analysis 

methods to be used in the tumor identification practices.  
To increase the accuracy in the detection of breast tumor and to meaningfully process the expanding 

tumor feature dataset and information, different experts have fluctuated to data mining and machine learning 

approaches. Data mining is an extensive grouping tool for knowledge discovery behind huge scale of data, and 

it has been proven to be highly pertinent in reality. In 1995, data mining and machine learning approaches were 

installed into a PC supported framework for detecting breast cancer [2] and a fuzzy-genetic method to deal with 

breast cancer diagnosis was proposed [3]. The outcomes of their exploration revealed that data mining tools 

were effectively executed in tumor forecast, and the conventional breast cancer diagnosis was moved into an 

order issue in the data mining space.  
The prevailing tumor feature data sets were ordered into malignant and benign sets separately. By making 

sense of a classifier to isolate the two sorts of tumors, a new arriving tumor could be anticipated, based on the historic 

tumor data, by assessing the classifier. The usage of classifier frameworks in medical diagnosis is growing 
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progressively. There is no uncertainty that estimation of data taken from patients and decisions of research 

experts are the most significant factors in diagnosis. However, expert systems and different artificial intelligence 

techniques for classification also help research experts in a great deal. Classification systems can help reducing 
potential errors that can be done because of untested results and also provide medical data to be observed in 

shorter time and more complete.  
The abilities of machine learning methods to recognize significant features from complex datasets 

depicts their prominence in this current era of tumor diagnoses. Bayesian Networks (BNs), and Support Vector 

Machines (SVMs) and Artificial Neural Networks (ANNs), are some well-known machine learning algorithms 

applied in the research field of medical decision support system for predicting the threat of breast tumor from 

mammographic features and demographic factors [6-8]. The proposed model uses Deep Boltzmann Machine 

(DBM), a deep learning approach for feature selection to cut inappropriate features in Wisconsin Breast Cancer 

Dataset (WBCD), obtained from UCI repository [18]. The valuable features learned by DBM are used by the 

DNN classifier to predict whether a woman has breast tumor or not.  
The remaining parts of the paper is structured in the following way. The approaches and outcomes of 

former investigation on breast tumor identification is briefed in section 2. Section 3 elucidates the working flow 

and implementation of the proposed system. Section 4 analyses the experimental outcomes obtained with the 

proposed technique in the prediction of breast malignancy. To conclude, Section 5 summarizes the efficiency of 

the proposed model, along with the future scope. 
 

2. RELATED WORK 
 

In this section a lot of studies on therapeutic identification of breast malignancy with Wisconsin breast 

cancer dataset WBCD is discussed, and greatest part of them conveyed high detection precisions. Murat et al [4] 

presented a breast cancer diagnosis system based on association rules (AR) and neural network (NN), where AR 

was utilized for dimensionality reduction of breast cancer database and intelligent classification was achieved 

with the help of NN. AR diminishes the dimensions of input feature space from nine to four. During the test 

stage, 3-fold cross validation technique was applied to the Wisconsin breast cancer database to assess the system 

performances. The combination of AR and NN achieved a false positive rate less than 5 %. SVM-based method 

joined with feature selection [30] was proposed by Mehmet et al [23] for breast cancer diagnosis. Analyses had 

been led on dissimilar training-test partitions of the WBCD. Bichen et al [24] identifies breast cancer based on 

the extracted tumor features from WBCD by combining K-means and SVM datamining techniques and achieved 

an accuracy of 97.38%. Some scientists had begun to merge classifier models and clustering algorithms in 

machine learning, to decrease the training set dimensions. Abonyi et al obtained an accurateness of 95.57% in 

WBCD by applying supervised fuzzy clustering method [29].  
Ahmed Iqbal Pritom et. al, forecasted the breast tumor reappearance in the WBCD using SMO, Naive 

Bayes and J48 for ordering and ranking algorithm for feature selection and SMO technique attained an extreme 

precision of 77% [20]. Soumadip Ghosh et. al used Support Vector Machine (SVM) and MLP Back Propagation 

Neural network (MLP BPN) on WBCD for breast tumor identification and also used Principle Component 

Analysis technique for feature selection process [21]. Quinlan et al proposed a 10-fold cross-validation with the 

C4.5 decision tree algorithm and achieved 94.74% detection accuracy [25]. Übeyli used five diverse algorithms 

namely, probabilistic neural network (PNN), SVM, combined neural network (CNN), recurrent neural network 

(RNN) and Multilayer perceptron neural networks (MLPNN), and achieved corresponding precisions of 

98.61%, 99.54%, 97.40%, 98.15%, and 91.92% were attained [22].  
Informational collections with less attributes and higher occurrences can give extraordinary result [18] 

than the results got using the informational collections with higher attributes and lesser occurrences. A 

considerable measure of attributes may miss lead a classifier from getting its most prominent result [9, 10], that 

introduced the concept of utilizing attribute selection techniques. Deep learning techniques are used for attribute 

selection and tumor classification in the proposed method. In recent times, deep learning seeks a lot of 

considerations in the arena of machine learning. Deep Learning (DL) is considered to be a promising method 

which aims to discover the optimum exemplification of data with non-linear approaches constructed on neural 

networks architectures. The key-term deep learning is originated from the improvement of the neural system. 

Several techniques of deep learning have been developed to overwhelm the restrictions of the hidden layer in 

the traditional neural network design. Deep learning is initially projected by Hinton as a new artificial neural 

network model [17].  
Deng et al divides deep learning into three following types, supervised or discriminative, unsupervised or 

generative and hybrid techniques [12]. Discriminative type is used to process labeled data and includes an approach 

called Convolution Neural Network (CNN), that is primarily applied in the image processing applications [13]. Auto-

Encoder (AE), Boltzmann Machine (BM) and Recurrent Neural Network (RNN) are the techniques that comes under 

generative type, which is used to train unlabeled data. Auto-Encoder (AE), has an equivalent number of neuron units 

in both input layer and in the output layer, however the novel low dimensional 
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features set is represented by the hidden layers. To renovate a perfect input signal from a degraded input as a result of 

noise and to learn a huge number of novel features in various levels, multiple AE layers are stacked together to form 

Stacked Denoising Auto-Encoder (SDAE) [15] and Stacked Auto-Encoder (SAE) [14] respectively. Boltzmann 

Machine (BM) is a bi-partite graphical representation of neural nodes, which is used mainly for decision making from 

new set of features [11], several BMs are piled together to form an undirected neural network structure that called 

Deep Boltzmann Machine (DBM) [19]. For improved depiction of features, BMs are cascaded to construct a directed 

neural network structure with no links between the nodes in the same layer, called Restricted Boltzmann Machine 

(RBM) [11]. To deal with dynamic behavioral and sequential data Recurrent Neural Networks (RNN) is used [16]. 

Deep Belief Network (DBN) and Deep Neural Network (DNN) are the two methods included in the hybrid type. For 

dimensionality reduction multiple RBMs are stacked to form DBN [17]. DNN uses the techniques both in generative 

and discriminative types for the purpose of classification.  
Dl has broad applications in various fields like speech recognition, signal and image processing, 

computer vision tasks such as character text generation, content based image retrieval, natural language 

processing, object recognition and classification and machine translation. After the technological expansion in 

graphical processing unit (GPU) hardware technology, DL had become one of the most popular research areas. 

DL removes the discriminative features of a particular region while other approaches are just removing 

predetermined features. Cancer detection, Cell segmentation, and mitosis detection are some application areas in 

biomedical image analysis where DL is applicable [26, 27]. Al-masni et al proposed a novel computer-aided 

diagnose (CAD) method based on one ROI-based Convolutional Neural Network (CNN), which had 4 phases of 

mammograms preprocessing, feature extraction utilizing multi convolutional deep layers, tumor detection with 

confidence model, and finally tumor classification by fully connected neural network (FC-NN). The trained 

system detects the tumor and classifies as benign or malignant [28].  
The proposed system reduces inappropriate attributes in WBCD using DBM technique. By computing 

associations between the data samples, DNN determines most of the data samples with appropriate attributes, and 

differentiate the diverse classes. The benefit of deep learning techniques above the former neural schemes and former 

machine learning methods is its capability to infer novel attributes from a constrained organization of attributes 

enclosed in a training set. It will examine and discover various attributes from the absolutely well-known feature set 

and will identify improved methodologies for detecting tumor ailment from breast cancer data. 
 

3. PROPOSED METHODOLOGY 
 

The working flow of the proposed system is shown in Fig. 1 includes collection of the benign group 

and malignant group data from WBCD. The collected data are preprocessed and normalized in order to extract 

quality features. Pre-training and efficient feature set selection from the extracted features is performed using 

Deep Boltzmann Machine (DBM) technique. Finally, the selected features are used by the Deep Neural 

Network (DNN) classifier to classify women in one of the two groups namely benign group or malignant group. 
 

3.1 Dataset Collection 
 

In the proposed framework, Wisconsin Breast Cancer Database (WBCD) collected by Dr. William H. 
Wolberg (1989–1991) at the University of Wisconsin–Madison Hospitals is used to gather the benign and 

malignant data samples, that constitutes totally 689 instances obtained from human breast tissue using Fine 

Needle Aspirates (FNA) [18]. The sample size of the collected breast dataset is illustrated in Table 1. 
 

TABLE 1: SIZE OF THE DATASET 
 

Sample groups Sample size of breast data 
  

Benign group 444 samples 
  

Malignant group 245 samples 
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Fig. 1. Working flow of the proposed method 

 

3.2  Feature Extraction 
 

Feature extraction phase involves two processes namely data cleaning and data transformation in order to 

obtain original features set from the breast data samples. Pre-processing is the major technique used in data cleaning. 

In the collected WBCD database, there are instances and attributes with noisy values, missing values and duplicate 

values. Noisy values represent the outlier samples with extremely small or extremely big values and are replaced by 

default value called zero. Unsupervised filters are used to eliminate the duplicate instance values in the dataset. Mean 

and mode values of each attribute is calculated for removing and replacing the missing values of an attribute. The pre-

processed breast data samples contain attributes in various numerical ranges. In order to get uniform range of values 

between 0 and 1 for all the attributes, data transformation has to be performed using a technique called Normalization. 

In this phase, z-score normalization is applied as shown in the equ (1), 

= 

− 

− − − −→ (1) 
 

 
  

In which y represents the numerical value for each attribute of the data sample, μ represents mean 
value of each attribute; σ represents the standard deviation of the attribute set. The total significance of z lies in 
the measure of distance between the numerical and the mean values of each attribute in the units of the standard 

deviation. z is positive once the numerical value is beyond the mean and negative once it is beneath the mean 
value. Consequently, The extracted feature set with 30 original features is shown in Table 2. 
 

TABLE 2: EXTRACTED QUALITY SET OF FEATURES FROM THE SAMPLES OF BREAST DATA 
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 radius_mean 

 texture_mean 

 perimeter_mean 

 area_mean 

 smoothness_mean 

 compactness_mean 

 concavity_mean 

Breast Data concave points_mean 

Sample Cell symmetry_mean 

Features fractal_dimension_mean 

(30) radius_se 

 texture_se 

 perimeter_se 

 area_se 

 smoothness_se 

 compactness_se 

 concavity_se 

 concave points_se 

 symmetry_se 

 fractal_dimension_se 

 radius_worst 

 texture_worst 

 perimeter_worst 

 area_worst 

 smoothness_worst 

 compactness_worst 

 concavity_worst 

 concave points_worst 

 symmetry_worst 

 fractal_dimension_worst 

 

3.3  Pre-training and Feature Selection 
 

Selection of attributes is a vital problem in developing a classification framework. It is favorable to 

bound the quantity of input attributes in a classifier with a specific end goal to have a moral prognostic model 
with a reduced amount of computational overheads. In the domain of therapeutic analysis, a minor attribute 

subset results in lower diagnostic costs. In order to achieve an efficient feature, set, the extracted original set of 

features is processed and pre-trained by a deep learning algorithm called Deep Boltzmann Machine (DBM).  
A DBM is an arrangement of equally joined stochastic twofold neuron units [19]. It comprises a prearrangement of visible neuron 

units u ∈ {0, 1} 
F
, and a layers of hidden neuron units v

1
∈ {0, 1} D

1
, v

2
∈ {0, 1} D

2
,..., v

L
∈ {0, 1}D 

L
. The scheme depicts the relations 

unbiased among hidden neuron units in continuous layers, similarly among the visible neuron units and the hidden neuron units in the prime 
hidden layer. The vitality of the state {u, v} is described as: 

Energy(u, v; λ) = −uTW1v1 − v1TW2v2 − v2TW3v3 − − − −→ (2) 
 

In which v = {v
1
, v

2
, v

3
} represents the collection of hidden neuron units, and λ = {W

1
, W

2
, W

3
} represents typical bounds, demonstrating symmetric 

interaction among visible-to-hidden and hidden-to-hidden neuron units [2]. The probability given to a visible feature vector u is: 

  
  ( ; λ) = 

∗( ; λ) 
− − − −→ (3) 

 

    (λ) 
 

∗( ; λ) 
= 

1  
∑ exp(−  ( , 1, 2, 3; λ)) − − − −→ (4)  

  (λ)   (λ) 
 

     

 

The supplementary of the log-likelihood used for bound vector W
1
 proceeds the resulting arrangement: 

log   ( ; λ) = [  1  ] − [  1  ] − − − −→ (5) 
 

1 
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Where [·] represents a need regarding the completed data flow Pdata (v, u; λ) = P(v|u; θ)Pdata (u), and [·] is an anticipation with respect to the circulation demarcated through the model. The results for bounds 
W

2
 and W

3
 yield relative arrangements however relatively include the fractious objects v

1
v

2
⊤ and v

2
v

3
⊤  

correspondingly. Precise determined probability learning is intractable in this method [19]. The exact valuation 
of the data subsidiary need entails more or less time that is exponential in the quantity of hidden neuron units, 
whereas the exact computation of the model's anticipation needs some time that is exponential in the no. of 
hidden and visible neuron units.  

The input 30 features are pre-training through piling a stack of DBMs with unsupervised, greedy 

contrastive divergence (CD) algorithm by haphazardly setting the feature values to the neuron units u of input 

visible layer. The pre-trained attribute values of DBM are used as the feedback information for training the 
subsequent DBMs in the pile, by the result the nonlinear, high-dimensional unlabeled data is experimented as 

best, low-dimensional depiction of the attributes.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 2. 3-layer stacking and pre-training of Deep Boltzmann Machine 

 
Totally, after the pre-training, a DBM is built by unfolding the stacked the DBMs as illustrated in the 

equ (2, 3 , 4 and 5) and then the DBM is fine-tuned by calculating the misclassification error derivatives as 

represented in the equ (6). By changing the number of hidden layers’ various set of attributes are selected. 
Finally, an optimised feature set is resulted based on the detection accuracy by piling 3 hidden layers of DBM as 

illustrated in Fig. 2.  
Misclassification error = (No. of incorrectly classified instances / total no. of instances)*100 − − −→ (6) 

 

3.4  Classification and Prediction 

 

In this phase, the pre-trained features are used by the DNN binary classifier for predicting and classifying 

the women into two groups namely, with tumour or without tumour. Before feeding the DNN classifier with the 

selected features, the pre-trained breast data samples is divided into two sets, training set (65%) and testing set 

(35%). Consequently, the DNN classifier is trained by using the splitted training set in order to predict the 

women with or without breast tumour. Based on the trained DNN model, the breast sample data in the testing 

set are classified and belongs to one of the group, either benign group or malignant group. 
 

 

4. EXPERIMENTAL RESULT ANALYSIS 
 

The proposed breast tumour prediction research is executed using R language in RStudio software. The 

machine used for conducting this experiment is configured with 8 GB RAM memory and Intel(R) Core(TM) i5 

1.80 GHz processor. The classification performance of the DNN model in the prediction of breast tumour, is 

evaluated by computing the metrics like specificity, sensitivity and accuracy, against various machine learning 

procedures demonstrated in the existing system [20-22] and the results of the experiment is illustrated in Table 

3. The specificity, sensitivity and classification accuracy are demarcated as: 
Specificity: no. of correctly classified benign instances/ no. of total benign instances− − −→ (7)  
Sensitivity: no. of correctly classified malignant instances/ no. of total malignant instances− − −→ (8)  
Classification accuracy: no. of correctly classified instances / no. of total instances− − −→ (9) 
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TABLE 3: PERFORMANCE EVALUATION OF DNN WITH OTHER MACHINE LEARNING CLASSIFIRS 
 

 Specificity Sensitivity Accuracy 

Classifiers (%) (%) (%) 

DNN 99.81 99.58 99.73 

SVM 99.64 99.37 99.54 

RNN 98.91 98.11 98.61 

PNN 98.54 97.48 98.15 

CNN 97.81 96.86 97.46 

MLPNN 92.34 91.19 91.92 

SMO 77.6 76.1 77.27 

NB 76.3 75.8 76.26 

C4.5 76.3 75.8 76.26  
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Fig. 3. Specificity evaluation of DNN with other classification models  
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Fig. 4. Sensitivity evaluation of DNN with other classification models 

 
Fig. 3,4 and 5 demonstrates the performance evaluation of the proposed system with DNN classifier over 

other classification algorithms namely SVM, RNN, PNN, CNN, MLPNN, SMO, NB and C4.5 using parameters 

like specificity, sensitivity and classification accuracy respectively. The graphical representation in Fig. 3,4 and 

5 expresses that DNN binary classifier performs well with higher specificity (99.81%), sensitivity (99.58%) and 

accuracy (99.73%) respectively than existing breast tumour classification models. 
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Fig. 5. Classification accuracy of DNN with other classification models 

 

5. CONCLUSION AND FURURE SCOPE 
 

The proposed medical diagnosis decision making system shows that the application of DBM for feature 

selection and DNN for classification achieves better results and performance in the prediction and classification 

of breast tumours. The proposed system obtains higher detection rate of 99.73% than the models used in the 

existing systems. The feature selection phase make use of DBM, a deep learning approach, is an innovative step 

taken in the proposed model, which does not prevail in the existing system. The exertion in the proposed 

technique is training the complete DBM prototype is arduous through undirected links among the visible and 

hidden layers in the neural network architecture. Henceforth in the upcoming research, the aforesaid limitations 

of the DBM method be able to overwhelmed by means of Deep Belief Network that uses directed links of the 

neural units among the visible and hidden layers. Additional other deep learning algorithms like Convolutional 

Neural Networks, Stacked Auto Encoder, etc. can be used in the breast tumour prediction and classification. 
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