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Abstract: In this paper, A survey of the literature of the 
past five years involving Machine Learning (ML) 
algorithms applied to Breast Cancer disease diagnosis is 
performed. In order for future breast cancer diagnosis to 
overcome the current limitations and address the issues 
of breast cancer diagnosis, it is clear that more 
intelligence need to be deployed in a system, so that an 
intelligent system can be developed to diagnose the 
disease with accuracy. This paper focuses on the 
learning perspectives of different systems, that provides 
not only an overview of the most common techniques 
encountered in disease diagnosis, but also manages to 
classify each paper in terms of solutions in predicting the 
disease. The authors also classify each paper in terms of 
how diagnosis/prediction has been determined using 
different machine learning techniques. This paper 
presents a survey about the research that had been 
carried out in predicting/diagnosing the breast cancer 
using different machine learning techniques. 
 
Keywords: Breast cancer, cancerous regions, diagnosis, 
staging, treatment, malignant, tissues Introduction 
(Heading 1) 

1. Introduction 

Cancer is a harmful type of diseases that causes the cells 
in a part of body start to grow out of control. The 
cancer's cell development is unique in relation to normal 
cell development lastly the cancer cell turns into a tumor 
[8]. Breast Cancer (BC) is the most widely recognized 
invasive cancer in females around the world. Breast 
Cancer is the second leading disease, next to lung 
cancer, which expands the death rate in ladies. 
 
 However, early diagnosis decreases death rate up to 
41%. Beginning period diagnosis and treatment brings 
about a 98 % survival rate, however this falls to 27 % if 
metastases have spread to distant organs [3]. It develops 
from breast cells, primarily in the milk ducts then it is 
said to be ductal carcinoma or in glands then lobular 
carcinoma which begin with the development of a little 
tumour or a mass. If the mass is smooth with well 
defined border is non-cancerous (benign).It is dangerous 
if the Mass is with an irregular border or with 

speculations [17]. Since the majority of breast cancers 
are distinguished in ladies without known risk factors 
(1,2), a consistently applied mammography screening 
protocol is as of now prescribed for all ladies who meet 
all requirements for screening (e.g., yearly screening for 
ladies more than 40 years of age). Early recognition 
combined with enhanced treatment techniques have 
incrementally and essentially diminished patients' 
mortality and morbidity rates  in the course of the most 
recent five decades [11].  
 
Imaging Procedures used in Breast Cancer Diagnosis are   
 

 mammograms (x-rays) 
 MRI 
 ultrasound (sonography) 
 Thermography.  

 
If the cancer is diagnosed the only way to prevent it is 
biopsy. The most common biopsy methods are core 
needle biopsy, vacuum-assisted, fine needle aspiration 
and Surgical Open Biopsy (SOB).[16] 
 
American College of Radiology has built up a strategy 
called BI-RADS (Breast Imaging-Reporting and Data 
System) based on mammography images for choosing 
whether biopsy of a recognized suspicious lesion is 
demonstrated. Biopsy is the highest quality level for 
breast cancer analysis; infact it is an costly, 
discomforting, and invasive procedure. Thus, there exists 
a requirement for decreasing the quantity of pointless 
breast biopsies and increase the present analysis 
techniques. [12]. Mammography is the diagnostic 
screening procedure to detect breast cancer in the female 
breast using low-dose X-rays.  If mammography is not 
sufficient, other techniques can be used such as 
ultrasonography and MRI. In the process of screening, 
the mammographic image is called mammograms are 
made from different angles (views or projections).  
 
There is a difficulty to differentiate malignant and 
benign masses in mammograms because sometimes 
masses seemed to be similar. Thus, different techniques 
are used on mammogram to detect the breast cancer 
which will be helpful to radiologists [15]. 
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Breast cancer prediction, diagnosis and staging is done 
using Magnetic Resonance Imaging (MRI), ordinary 
mammography and ultrasound. Increased use in recent 
years reflects the excellent delicate tissue differentiate, 
high affectability and also the high negative predictive 
value [21]. A histological tumor grade is a measure of 
the differentiation between cancerous and normal cells. 
The Nottingham system categorizes breast cancer into 3 
grades.  
 
In general, cancer of lower grades tends to be less 
aggressive than cancer of higher grades. The grade of a 
tumor is typically determined through a morphological 
assessment of biopsied tissue and cells performed by 
pathologists using a microscope. The grading process is 
invasive and time consuming and can be subjective. 
Assessing the grades of breast cancer tumors online by 
using non-invasive approaches is more desirable.[20] 
 

2. Reviews of Literature 
 

The current paper presents a review of literature and a 
brief description of the existing researches made by the 
earlier researchers on data mining techniques with 
respect to breast cancer. The narration of the algorithms 
used along with their scope and limitation is presented in 
the review. 
 
Cuong Nguyen et al. [1] diagnosed breast cancer using 
Random forest classifier combined with feature selection 
in 2013. In the same year, Ahmad LG et al. [2] 
compared Artificial Neural Network (ANN), Decision 
Tree and SVM techniques for Predicting Breast Cancer 
using breast cancer dataset and predicted SVM as best 
classifier for predicting the disease. In the year 2014, S. 
AytacKorkmazet al. [3] diagnosed breast cells from 
microscopic images by a  Discrete Wavelet Entropy 
Energy and Jensen Shannon, Hellinger, Triangle 

Measure Classifier (DWEE—JHT) in 2014. In the same 
year, Angel Cruz-Roa et al. [4] Differentiated IDC or 
non-IDC based on deep learning approach for visual 
analysis in whole slide images with an approach using 
handcrafted image features and a machine learning 
classifier  Again, HongminCai  et al. [5] proposed 
feature selection algorithm that differentiate the type of 
lesion malignant or benign.   
 
Jahanvi Joshi et al. [6] compared various classifiers with 
cancer dataset to predict Predicted the best classifier that 
finds the healthy breast cancer patients in 2014.  
 
Jia-Long Wuet al. [7] offered prediction of auxiliary 
lymph node metastases in breast cancer patients based 
on pathologic information of the primary tumour using 
support vector machine (SVM) classification 2014. 
Rajkamalkaur Grewal et al. [8] diagnosed breast cancer 
(malignant or benign)  and has predicted the type of 
breast cancer if the cancer is malignant. The authors 
have used J48 algorithm to generate rules and decision 
tree model for breast cancer classification in 2014. Again 
in the same year, Jouhyun Jeon et al. [9] identified and 
validated a novel anti-cancer drug targets  in 2014 on a 
genome-wide scale and generated peptide inhibitors to 
high-scoring targets using phage display.  
 
Again, Albert Gubern Merida et al. [10] proposed a 
novel automated breast cancer localization system in 
Dynamic contrast-enhanced magnetic resonance imaging 
(DCE-MRI) using Linear discriminant analysis classifier 
(LDA), k-nearest neighbours classifier (kNN), Gentle 
boost classifier (GB), Support vector machine classifier 
with radial basis function kernel (SVM): LIBSVM, 
Random forests classifier (RF). In the same year, Bin 
Zheng et al. [11] demonstrated that the computed 
bilateral mammographic density asymmetry had been 
used as a prediction of near-term risk of breast cancer 
development. Nishant Uniyal et al. [12] classified 
malignant and benign breast lesions in 2014 using SVM 
and Random Forest classification methods.  
 
Later, HongminCaiet al. [13] presented apparent 
diffusion coefficient (ADC) in 2014as a highly 
diagnostic factor in discriminating malignant and benign 
breast masses in diffusion-weighted magnetic resonance 
imaging (DW-MRI).  The prognosis and chemotherapy 
responses were predicted by Kazumi Horiguchiet al. [14] 
using CD24 and CD44 expression levels in breast cancer 
prediction.  In the next year, Varsha J [15] Gaikwad 
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presented a classification of mammograms using SVM 
classifier in 2015. Later, Fabio A. Spanhol et al. [16] 
introduced the the automatic detection of benign and 
malignant images from histopathology in 2015 using 
Quadratic Linear Analysis (QDA), 1-Nearest Neighbour 
(1-NN),, Support Vector Machines (SVM), and Random 
Forests of Decision Trees classifiers.  
 
Jayashree Subramanian et al. [17] also proposed 
combined Breast Cancer risk assessment model for 
breast cancer prediction and features of the screening 
mammogram concerning subtype of the cancer using 
nonlinear Hebbian learning algorithm. Later, Wenqing 
Sun et al. [18] Prognosis of breast cancer development 
from Digital Mammogram images using vector machine 
(SVM), tenfold validation method, ten-fold cross-
validation method, receiver operating characteristic 
(ROC) curves and multi scaled feature analysis methods.  
 
santosh s. venkatesh et al. [19] described a ML 
methodology involving adaptive boosting and selective 
pruning for optimizing cost and performance for 
differentiating solid breast masses with ultrasound 
imaging. Dar-Ren Chen et al. [20] proposed a CAD 
system for discriminating the tumour grades of breast 
cancer in ultra sound images. Support vector machine 
(SVM) classifier was developed using a genetic 
algorithm (GA) to facilitate feature selection and model 
parameter optimization. 
 
 S. A. Waugh et al. [21] introduced Computer-based 
texture analysis (TA) on Breast MRI images in 2015 for 
the Classification of benign and malignant tissues using 
cross-validated k-nearest-neighbour technique, IHC 
(immune histochemical) classifications. Later John 
Arevalo et al. [22] presented an integrated unsupervised 
feature learning (UFL) frame working 2015 for basal 
cell carcinoma (BCC) detection. Babak Ehteshami 
Bejnordi et al. [23] presented a multi-scale super pixel 
classification approach for automatic detection of 
regions of interest in whole slide histopathological 
images. Jordina Torrents-Barrena et.al [24] proposed a 
bank of Gabor filters to calculate the mean, standard 
deviation, skewness and kurtosis features by four-sized 
evaluation windows. Author fulfilled two main 
experiments: abnormal/normal breast tissue 
classification and the ability to detect the different breast 
cancer types. 
J. Dheeba et al. [25] used supervised machine learning 
algorithm using investigated—Differential Evolution 

Optimized Wavelet Neural Network (DEOWNN) for 
detection of abnormalities in mammograms. Smriti H. 
Bhandari [26] addressed the problem of detecting 
malignancy in breast histopathology images in 2015and 
proposed method uses bag of features method to 
represent visual content of the image dataset. The 
features are extracted from training dataset by using 
SIFT technique and clustered using K-means algorithm. 
Anuj Kumar Singh et al. [27] proposed a model that 
includes  detection & segmentation of mammogram 
images based on simple image processing techniques. 
Faranak Aghaei et al. [28] demonstrated the feasibility of 
identifying a new image feature based clinical marker to 
assess breast tumour response to the neoadjuvant 
chemotherapy in 2016. 
 
RuchikaVermaet al. [29]presented a model to Detect co-
existence of two common sub-types (HER2, basal-like) 
of breast cancer in the same patient in 2016 using four 
different types of technologies, viz. Reverse Phase 
Protein Arrays (RPPA), full RNA expression (RNA), 
DNA methylation, and micro RNA sequencing 
(miRNA). Mehrdad J. Gangeh et al. [30] demonstrated 
computer-aided-theragnosis (CAT) system in 2016 using 
spectroscopy methods in conjunction with advanced 
state-of-the-art texture method, local binary pattern 
method (LBP) to classify treatment response early after 
the start of neoadjuvant chemotherapy.  
 
Meenakshi M. Pawaret al. [31] presented wrapper based 
feature selection approach in 2016 for wavelet co-
occurrence feature (WCF) using Genetic Fuzzy System 
(GFS) in mammogram classification. 
 
Yoichiro Yamamoto et al. [32] presented Quantitative 
diagnosis of breast tumours by morphometric 
classification of micro environmental myoepithelial cells 
in p63 immunohistochemistry images at 2017 using a 
Radial Basis Function (RBF) with Support Vector 
Machines (SVM) classification. 
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Consider the survey on breast cancer disease as listed in Table 1. 
 
 Table 1: A Survey on Breast Cancer Prognosis and Diagnosis 
  
S.No Author Name Method Input Output 

1 
Cuong Nguyen et al. 

2013 
Random forest classifier Breast cancer dataset breast cancer diagnosis 

and prognostic 

2 
Ahmad LG et al. 

2013 

Decision Tree (C4.5), SVM 
classifier and Artificial Neural 
Network (ANN) 

Breast cancer dataset Predicts least error rate 
and highest accuracy of 
breast cancer 
recurrence.

3 
S. AytacKorkmaz 

et al. 
2014 

Jensen Shannon, Hellinger, 
Triangle Measure (JHT) & 
Discrete Wavelet Entropy Energy 
(DWEE) Classifier 

Microscopic breast cell 
images 

Accuracy diagnosis of 
breast cancer cell 

4 

 
AngelCruz-Roaa et 

al. 
2014 

 
Handcrafted image features,  
Random Forest 
 

 
whole slide images 

Differentiate IDC or 
non-IDC 

5 
HongminCai et al. 

2014 
feature selection algorithm  magnetic resonance 

images
Differentiate  
malignant vs benign

6 
Jahanvi Joshi et al, 

2014 

pattern knowledge discovery 
framework, random 
tree classification technique. 

BREST CANCER 
DATASET 

Predicted the best 
classifier that finds the 
healthy breast cancer 
patients. 
 

7 
Jia-Long Wu, et al 

2014 

support vector machine (SVM) pathologic information to predict ALN 
(Axillary lymph nodes) 
status for breast cancer 
counselling  

8 
Rajkamalkaur 
Grewal et al. 

2014 

receiver operating characteristic 
(ROC) curve 

Breast Cancer dataset Diagnosis type of lymp 
and subtype of cancer 
if it is malignant lymp 

9 
Jouhyun Jeon et al. 

2014 

Support vector machines (SVM), 
radial basis function 
(RBF) kernels, grid-search, text-
mining method 
 

integrates a variety of 
genomic & systematic 
datasets 

validates novel anti-
cancer drug targets 

10 
Albert Gubern-
M´erida et al. 

2014 

Linear discriminant analysis 
classifier (LDA), Gentleboost 
classifier (GB), Support vector 
machine classifier with radial 
basis function kernel (SVM): 
LIBSVM, k-nearest neighbors 
classifier (kNN), 
 

magnetic resonance 
images 

Automated localization 
of breast cancer in 
DCE-MRI 

11 
Bin Zheng et al. 

2014 

Logistic regression method 
 

Mammogram images predicting near-term 
risk of breast cancer 
development  
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12 
NishantUniyal et al. 

2014 

support vector machines (SVM) 
and Random Forests 
classification 

RF time series/  
B-Mode/  
RF frame 

Likelihood of the breast 
cancer 
 

13 
HongminCai, 

et al. 
2014 

apparent diffusion coefficient 
(ADC), Local Hyperplane-based 
RELIEF (LHR) feature, receiver 
operating characteristics (ROC),  

Magnetic resonance 
images 

discriminating 
malignant & benign 
breast lesions 

14 
Kazumi Horiguchi et 

al. 
2014 

alternating decision tree  CD24 and CD44 
expressions 
 

prognosis in primary 
breast cancer patients 
in chemotherapy 
treatment.

15 
Varsha J. Gaikwad 

2015 
Support Vector Machine (SVM) Mammogram Image detect tumors 

16 
Fabio A. Spanhol et 

al. 
2015 

state-of-the art feature extractors 
and classifiers, grid search and 5-
fold cross-validation, scikit-learn, 

breast cancer (BC) 
histopathology 
images 

the automatic 
detection of benign and 
malignant images  
 

17 

Jaya shree 
Subramanian 

et al. 
2015 

two-level Fuzzy Cognitive Map 
(FCM) model, Gail and Tyrer- 
Cuzick model. 

Collect Life Style and 
family History Details 
from the Individual. 
 

Breast cancer risk 
grade 

18 
Wenqing Sun et al. 

2015 

support vector machine (SVM), 
tenfold validation method,  
tenfold cross-validation method, 
receiver operating characteristic 
(ROC).  
 

Digital 
Mammogram 

Prognosis of breast 
cancer development . 

19 

SANTOSH S. 
VENKATESH 

et al. 
2015 

Logistic regression 
Model, forward, stage wise 
additive model, AdaBoost and 
consensus models, low 
complexity method, support 
vector machines and Bayes’ 
methods, ad hoc boosting 
method, pruning classifier, 
Logistic regression classifier,  
 

breast ultrasound 
images 

differentiating benign 
and malignant masses. 

20 
Dar-Ren Chen et al. 

2015 

support vector 
machine (SVM) classifier,  

ultrasound (US) image. discriminating the 
tumor grades of breast 
cancer in US images 

21 
S. A. Waugh 

et al. 
2015 

Computer-based texture analysis 
(TA), cross-validated k-nearest-
neighbour technique, IHC 
(immunohistochemical) 
classifications 
 

breast MRI Classification of benign 
and malignant tissues 

22 
John Arevaloa et al. 

2015 

UFL(unsupervised feature 
learning) model, 
RICA(reconstruct independent 
component analysis) model 
 

histopathology images automatic detection of 
basal 
cell carcinoma (BCC) 
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23 
BabakEhteshamiBej

nordi et al. 
2015 

multi-scale superpixel 
classification 

whole slide images automatic detection of 
regions of interest 

24 
JordinaTorrentsBarre

na, et al. 
2015 

bank of Gabor filters mammographic image Classify abnormal & 
normal cells and 
subtypes of cancer if it 
is abnormal 

25 
J. Dheeba et al. 

2015 

Differential Evolution Optimized 
Wavelet Neural Network 
(DEOWNN)  

 
Mammographic image 

 
The result used for 
radiologists as a second 
reader 

26 
Smriti H. Bhandari 

2015 

 
SIFT technique, K-means 
algorithm, bag of features 
method  
 

 
breast histopathology 
images 

 
detects malignancy and 
classify whether the 
cancer is DCIS or IDC 

27 
Anuj Kumar Singh et 

al. 
2015 

 
Discrete Wavelet Entropy Energy 
and Jensen Shannon, Hellinger, 
Triangle Measure Classifier 
(DWEE—JHT) 

mammogram images malignant region area 

28 
FaranakAghaei et 

al.[28] 2016 

Leave-one-case-out (LOCO)-
based cross validation method, 
threshold method, Wrapper 
Subset 
Evaluator (WSE)-guided 
feature selection method, 

breast MR images to detect tumor 
response to 
neoadjuvant 
chemotherapy 

29 
RuchikaVerma 

et al. 
2016 

full RNA expression 
(RNA), Reverse Phase Protein 
Arrays (RPPA. 

whole slide images Detect co-existence of 
two common sub-types 
(HER2, basal-like) of 
breast cancer in the 
same patient.

30 
Mehrdad J. Gangeh 

et al. 
2016 

spectroscopy methods The Ultra Sound data  
 

detection of refractory 
responses in patients 
during the  
Treatment. 

31 
Meenakshi M. Pawar 

et al. 
2016 

wrapper based feature selection mammogram image. mammogram 
classification. 

32 
Yoichiro Yamamoto 

et al. 
2017 

Support Vector Machines (SVM) 
and Radial Basis Function (RBF) 

p63 
immunohistochemistry 
images. 

Heterogeneity of 
myoepithelial cells 
with in a duct.  
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3. Discussion & Conclusion 
 
A survey of current ML techniques applied to breast 
cancer was provided. In addition, not only the most 
popular ML techniques were presented and explained 
but also focused on the learning perspectives of ML 
algorithms. By classifying the reviewed literature of ML 
algorithms, the authors managed to develop foundation 
that enables other researchers to understand basics of 
popular learning algorithms. The authors also believe 
that, this work enables future researchers to pursue their 
research in open areas that are not currently well 
explored in medical domain. There is dire need to 
develop different applications in medical domain using 
different machine learning techniques. As more and 
more data will be collected by a physician and since it is 
impossible to deal with this enormous data there is an 
urgent need to develop different models using different 
machine learning techniques that solves different 
problems in medical domain. 
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