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ABSTRACT 

 

In the field of assisted cancer diagnosis, it is expected 

that the involvement of machine learning in diseases 

will give doctors a second opinion and help them to 

make a faster / better determination. There are a huge 

number of studies in this area using traditional 

machine learning methods and in other cases, using 

deep learning for this purpose. This article aims to 

evaluate the predictive models of machine learning 

classification regarding the accuracy, objectivity, and 

reproducible of the diagnosis of malignant neoplasm 

with fine needle aspiration. Also, we seek to add one 

more class for testing in this database as 

recommended in previous studies. We present six 

different classification methods: Multilayer 

Perceptron, Decision Tree, Random Forest, Support 

Vector Machine and Deep Neural Network for 

evaluation. For this work, we used at University of 

Wisconsin Hospital database which is composed of 

thirty values which characterize the properties of the 

nucleus of the breast mass. As we showed in result 

sections, DNN classifier has a great performance in 

accuracy level (92%), indicating better results in 

relation to traditional models. Random forest 50 and 

100 presented the best results for the ROC curve 

metric, considered an excellent prediction when 

compared to other previous studies published. 

 

I.INTRODUCTION 

 

In Brazil, for the biennium 2018-2019, 59,700 new 

cases of breast cancer are anticipated. Breast cancer 

accounts for 25.2% of female malignancies and an 

incidence rate of 43.3 /100,000 women. An estimated 

in 522,000 deaths a year, breast cancer is responsible 

for 14.7% of all deaths. Although it has a higher 

mortality rate than other malignancies, it has a low 

fatality because its mortality rate is less than 1/3 of 

the incidence rate. It is the most surviving cancer 

type annually, approximately 8.7 million. In  

 

 

developed countries the numbers have stabilized, 

followed by a drop in the last decade. In 

underdeveloped countries, detection occurs in more 

advanced stages, contributing to the treatment-related 

morbidity rate .The disruptive technology 

applications in the health area have been focused on 

studying the potential impact on human society. 

Regarded the assisted cancer diagnosis, it is expected 

that the involvement of machine learning in diagnosis 

could provide doctors a second opinion and help 

them to make  a faster/ better diagnosis. Recently, 

Google reached an accuracy level in identifying skin 

cancers, suggesting that the cancer accessibility 

diagnosis could potentially be extended for aside 

from medical clinics. The application employed Deep 

Learning to train a neural network classifier with one 

of the Wisconsin breast cancer data sets (diagnosis), 

using the classifier to predict the mammary mass 

prediction with 30 real numerical values that 

characterize the cell nucleus properties of mammary 

mass. Although many studies have been studied 

breast cancer prediction/classification, we propose a 

study using a specific algorithms group, containing a 

random forest split for diversified analyzes. The 

focus in this field is to apply classification techniques 

and perform classification/prediction directly from 

the digital image. In our experiment, we showed the 

classification of breast cancer with numerical data 

calculated from the digitized image of a fine needle 

aspirate (FNA) of a mammary mass. This study aims 

to evaluate the predictive models of machine learning 

classification regarding accuracy, objectivity, and 

reproducibility of the malignant neoplasm diagnosis 

with fine needle aspiration. An experiment was 

performed with a data set of 569 women diagnosed 

with breast cancer or not. Throughout the outcomes, 

it was possible to state that the DNN„s model has the 

best results among the other techniques, having a 

mean accuracy of 92%, while Random Forest 

collections presenting a ROC curve coefficient of 

94%. 
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The primary contribution provided an overview of 

machine learning models, looking for their outcomes 

when tested with a breast cancer data set. We 

selected models previously used in other studies, 

applying a different workflow in training data phase. 

Moreover, we add a Deep Neural Network method, 

which isn‟t tested yet for this data set. Some studies 

have applied this approach in other image datasets, 

being proved their utility in this field. In our context, 

we aim to show the network results were evaluated 

by standard metrics of machine learning and discuss 

their application when compared to other methods. 

The comparison of these techniques, adding deep 

neural networks was expected from other studies in 

this area. 

Cancer is the second reason of human death all over 

the world and accounts for roughly 9.6 million deaths 

in 2018. Globally, for 1 human death in 6 can be said 

that is caused by cancer. Almost 70 percent of the 

deaths from cancer disease happen in countries that 

have low and middle income. The most common 

cancer type among women are breast, lung and 

colorectal, which totally symbolize half of the all 

cancer cases. Also, breast cancer is responsible for 

the thirty percent of all new cancer diagnoses in 

women. Machine learning (ML) methods ensure 

analyzing the data and extracting key characteristics 

of relationships and information from dataset. Also, it 

creates a computational model for best description of 

the data. Especially, according to in researches about 

cancer disease, it can be said that ML techniques can 

be handled on early detection and prognosis of 

cancer. Asri et al. have compared some machine 

learning algorithms for the risk prediction and 

diagnosis of breast cancer. Support Vector Machine 

(SVM), k-Nearest Neighbors (kNN), Naive Bayes 

(NB) and Decision Tree (C4.5) have been applied 

Wisconsin Breast Cancer (Original) dataset. SVM 

classification method has been given the highest 

accuracy value (97.13 %) with least error rate when 

the experimental results were compared. 

Bazazeh and Shubair have investigated the 

comparative study of machine learning techniques as 

Support Vector Machine (SVM), Random Forest 

(RF) and Bayesian Network (BN) for detection and 

diagnosis of breast cancer. The Original Wisconsin 

Breast Cancer was used as a dataset and Weka 

software was used as a Machine Learning tool. The 

key performance parameters of machine learning 

classifiers have been compared according to 

accuracy, recall, precision and ROC area. They have 

suggested that BN has the best performance 

according to recall and precision values and RF 

technique has optimum performance in term of ROC 

area. Ahmad et al. have exercised machine learning 

algorithms for predicting the rate of two years 

recurrence of breast cancer disease. The dataset has 

been obtained from Iranian Center of Breast Cancer 

(ICBC) program, collected the time period of 1997-

2008 years. The dataset is consisted of population 

characteristics and 22 input variables also the cases 

have been collected from 1189 women of diagnosed 

breast cancer. Artificial Neural Network (ANN), 

Support Vector Machine (SVM) and Decision Tree 

(DT) have been applied and SVM has been showed 

the best performance with highest accuracy and least 

error rate. Bektas and Babur have studied on 

diagnosis of breast cancer using machine learning 

techniques. Kent Ridge Microarray has been used 2 

datasets and support vector machine, k-star, random 

forest algorithm and voted perceptron have been 

applied. Random forest algorithm has been showed 

more performance than applied feature selection 

method. Chen et al. have applied Support Vector 

Machine classification algorithm on Wisconsin 

Diagnostic Breast Cancer dataset. In the study, the 

training and testing sets have been split as 50-50%, 

70-30% and 80-20%. According to different 

training/testing percent, accuracy values have been 

calculated. 

 

II. LITERATURE SURVEY 

1) Detecting Cancer Metastases On Gigapixel 

Pathology Images 

 AUTHORS:  Y. Liu, K. Gadepalli, M. Norouzi, G. 

E. Dahl, T. Kohlberger, A. Boyko, S. Venugopalan, 

A. Timofeev, P. Q. Nelson, G. S. Corrado 

Each year, the treatment decisions for more than 

230,000 breast cancer patients in the U.S. hinge on 

whether the cancer has metastasized away from the 

breast. Metastasis detection is currently performed by 

pathologists reviewing large expanses of biological 

tissues. This process is labor intensive and error-

prone. We present a framework to automatically 

detect and localize tumors as small as 100 x 100 

pixels in gigapixel microscopy images sized 100,000 

x 100,000 pixels. Our method leverages a 
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convolutional neural network (CNN) architecture and 

obtains state-of-the-art results on the Camelyon16 

dataset in the challenging lesion-level tumor 

detection task. At 8 false positives per image, we 

detect 92.4% of the tumors, relative to 82.7% by the 

previous best automated approach. For comparison, a 

human pathologist attempting exhaustive search 

achieved 73.2% sensitivity. We achieve image-level 

AUC scores above 97% on both the Camelyon16 test 

set and an independent set of 110 slides. In addition, 

we discover that two slides in the Camelyon16 

training set were erroneously labeled normal. Our 

approach could considerably reduce false negative 

rates in metastasis detection. 

2) Detection of mass regions in mammograms by 

bilateral analysis adapted to breast density using 

similarity indexes and convolutional neural networks 

AUTHORS:  B. Diniz 

The processing of medical image is an important tool 

to assist in minimizing the degree of uncertainty of 

the specialist, while providing specialists with an 

additional source of detect and diagnosis information. 

Breast cancer is the most common type of cancer that 

affects the female population around the world. It is 

also the most deadly type of cancer among women. It 

is the second most common type of cancer among all 

others. The most common examination to diagnose 

breast cancer early is mammography. In the last 

decades, computational techniques have been 

developed with the purpose of automatically 

detecting structures that maybe associated with 

tumors in mammography examination. This work 

presents a computational methodology to 

automatically detection of mass regions in 

mammography by using a convolutional neural 

network. 

The materials used in this work is the DDSM 

database. The method proposed consists of two 

phases: training phase and test phase. The training 

phase has 2 main steps: (1) create a model to classify 

breast tissue into dense and non-dense (2) create a 

model to classify regions of breast into mass and non-

mass. The test phase has 7 step: (1) preprocessing; 

(2) registration; (3) segmentation; (4) first reduction 

of false positives; (5) preprocessing of regions 

segmented; (6) density tissue classification (7) 

second reduction of false positives where regions will 

be classified into mass and non-mass. 

The proposed method achieved 95.6% of accuracy in 

classify non-dense breasts tissue and 97,72% 

accuracy in classify dense breasts. To detect regions 

of mass in non-dense breast, the method achieved a 

sensitivity value of 91.5%, and specificity value of 

90.7%, with 91% accuracy. To detect regions in 

dense breasts, our method achieved 90.4% of 

sensitivity and 96.4% of specificity, with accuracy of 

94.8%. 

3) Is mass classification in mammograms a solved 

problem? - a critical review over the last 20 years 

 

AUTHORS : R. W. D. Pedro, A. Machado-Lima, and 

F. L. Nunes 

 

Breast cancer is one of the most common and 

deadliest cancers that affect mainly women 

worldwide, and mammography examination is one of 

the main tools to help early detection. Several papers 

have been published in the last decades reporting on 

techniques to automatically recognize breast cancer 

by analyzing mammograms. These techniques were 

used to create computer systems to help physicians 

and radiologists obtain a more precise diagnosis. The 

objective of this paper is to present an overview 

regarding the use of machine learning and pattern 

recognition techniques to discriminate masses in 

digitized mammograms. The main differences we 

found in the literature between the present paper and 

the other reviews are: 1) we used a systematic review 

method to create this survey; 2) we focused on mass 

classification problems; 3) the broad scope and 

spectrum used to investigate this theme, as 129 

papers were analyzed to find out whether mass 

classification in mammograms is a problem solved. 

In order to achieve this objective, we performed a 

systematic review process to analyze papers found in 

the most important digital libraries in the area. We 

noticed that the three most common techniques used 

to classify mammographic masses are artificial neural 

network, support vector machine and k-nearest 

neighbors. Furthermore, we noticed that mass shape 

and texture are the most used features in 

classification, although some papers presented the 

usage of features provided by specialists, such as BI-

RADS descriptors. Moreover, several feature 

selection techniques were used to reduce the 

complexity of the classifiers or to increase their 
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accuracies. Additionally, the survey conducted points 

out some still unexplored research opportunities in 

this area, for example, we identified that some 

techniques such as random forest and logistic 

regression are little explored, while others, such as 

grammars or syntactic approaches, are not being used 

to perform this task.  

4) A Fully Integrated Computer-Aided Diagnosis 

System For Digital X-Ray Mammograms Via Deep 

Learning Detection, Segmentation, And 

Classification 

 

 AUTHORS : M. A. Al-antari et al 

 A computer-aided diagnosis (CAD) system requires 

detection, segmentation, and classification in one 

framework to assist radiologists efficiently in an 

accurate diagnosis. In this paper, a completely 

integrated CAD system is proposed to screen digital 

X-ray mammograms involving detection, 

segmentation, and classification of breast masses via 

deep learning methodologies. In this work, to detect 

breast mass from entire mammograms, You-Only-

Look-Once (YOLO), a regional deep learning 

approach, is used. To segment the mass, full 

resolution convolutional network (FrCN), a new deep 

network model, is proposed and utilized. Finally, a 

deep convolutional neural network (CNN) is used to 

recognize the mass and classify it as either benign or 

malignant. To evaluate the proposed integrated CAD 

system in terms of the accuracies of detection, 

segmentation, and classification, the publicly 

available and annotated INbreast database was 

utilized. The evaluation results of the proposed CAD 

system via four-fold cross-validation tests show that a 

mass detection accuracy of 98.96%, Matthews 

correlation coefficient (MCC) of 97.62%, and F1-

score of 99.24% are achieved with the INbreast 

dataset. Moreover, the mass segmentation results via 

FrCN produced an overall accuracy of 92.97%, MCC 

of 85.93%, and Dice (F1-score) of 92.69% and 

Jaccard similarity coefficient metrics of 86.37%, 

respectively. The detected and segmented masses 

were classified via CNN and achieved an overall 

accuracy of 95.64%, AUC of 94.78%, MCC of 

89.91%, and F1-score of 96.84%, respectively. Our 

results demonstrate that the proposed CAD system, 

through all stages of detection, segmentation, and 

classification, outperforms the latest conventional 

deep learning methodologies. Our proposed CAD 

system could be used to assist radiologists in all 

stages of detection, segmentation, and classification 

of breast masses. 

5) Performance evaluation of machine learning 

Methods for breast cancer prediction 

AUTHORS: Y. Li and Z. Chen 

Breast cancer is the most common invasive cancer in 

women and the second main cause of cancer death in 

females, which can be classified Benign or 

Malignant. Research and prevention on breast cancer 

have attracted more concern of researchers in recent 

years. On the other hand, the development of data 

mining methods provides an effective way to extract 

more useful information from complex database, and 

some prediction, classification and clustering can be 

made according to extracted information. In this 

study, to explore the relationship between breast 

cancer and some attributes so that the death 

probability of breast cancer can be reduced, five 

different classification models including Decision 

Tree (DT), Random Forest (RF), Support Vector 

Machine (SVM), Neural Network (NN) and Logistics 

Regression (LR) are used for the classification of two 

different datasets related to breast cancer: Breast 

Cancer Coimbra Dataset (BCCD) and Wisconsin 

Breast Cancer Database (WBCD). Three indicators 

including prediction accuracy values, F-measure 

metric and AUC values are used to compare the 

performance of these five classification models. 

comparative experiment analysis shows that random 

forest model can achieve better performance and 

adaptation than other four methods. Therefore, the 

model of this study is approved to possess clinical 

and referential values in practical applications. 

 

III. EXISTING SYSTEM: 

 

In Existing system the mammography mass detection 

was designed to increase the performance of 

specialists by serving as double-reading systems and 

contributing to the reduction of the number of false-

positive or false-negative. There are numerous mass 

segmentation methods in mammograms, a summary 

of the most relevant methods are selected from 

dataset, the evaluation metrics presented are the most 

frequently used in the literature. However, it is 

considered an unresolved problem, mainly due to the 
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small number of images used in the studies, mass 

variability and computational limitations. 

DISADVANTAGES OF EXISTING SYSTEM: 

 To obtaining a consistent dataset and labeled 

by specialists in the medical field is one of 

the main challenges in the development of a 

CAD (Computer-aided detection) 

 The amount of images provided by the bases 

is still insufficient for the generalization of 

the problems, due to the variability and size 

of the masses 

Algorithm: Yolo, Full Resolution 

Convolutional Network (FrCN) 

 

IV.PROPOSED SYSTEM: 

 

A deep belief network was used for the detection of 

breast cancer using a technique of back-propagation 

supervised path using the Wisconsin Breast Cancer 

Dataset (WBCD). This approach offers a 99% 

accuracy in the classification task. Compositions 

using deep learning neural network model and 

SVDD, a variant of the support vector machine, show 

experimental results to learn multi-class data without 

severe over-fitting problems. The random Forest 

model also presents great results with our 

implementations. We tested with other models like 

Decision Tree, Support Vector Machine, Neural 

Network, and Multi-Layer Perceptron. In this study 

were used data sets combined and splitting for 

testing, as well as accuracy indicator as a measure for 

assessing the results. 

 

ADVANTAGES OF PROPOSED SYSTEM: 

 Identifying the use of data-enhancement and 

transfer learning techniques that indicate an 

improvement in the performance of deep 

learning models.  

 One of the main advantages of using deep 

networks techniques when compared to 

manual resource extraction techniques is the 

ability to learn a set of high-level attributes 

and provide high accuracy even in complex 

problems 

Algorithm:  Multi-Layer Perceptron, Decision Tree, 

Random Forest, Support Vector Machine, Deep 

Neural Network. 

 

 

V. SYSTEM ARCHITECTURE: 

 
 

DATA FLOW DIAGRAM: 

 

1. The DFD is also called as bubble chart. It is 

a simple graphical formalism that can be 

used to represent a system in terms of input 

data to the system, various processing 

carried out on this data, and the output data 

is generated by this system. 

2. The data flow diagram (DFD) is one of the 

most important modeling tools. It is used to 

model the system components. These 

components are the system process, the data 

used by the process, an external entity that 

interacts with the system and the 

information flows in the system. 

3. DFD shows how the information moves 

through the system and how it is modified 

by a series of transformations. It is a 

graphical technique that depicts information 
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flow and the transformations that are applied 

as data moves from input to output. 

4. DFD is also known as bubble chart. A DFD 

may be used to represent a system at any 

level of abstraction. DFD may be partitioned 

into levels that represent increasing 

information flow and functional detail. 

 

 

 
 

 

 

UML DIAGRAMS 

 

UML stands for Unified Modeling 

Language. UML is a standardized general-purpose 

modeling language in the field of object-oriented 

software engineering. The standard is managed, and 

was created by, the Object Management Group.  

The goal is for UML to become a common 

language for creating models of object oriented 

computer software. In its current form UML is 

comprised of two major components: a Meta-model 

and a notation. In the future, some form of method or 

process may also be added to; or associated with, 

UML. 

 The Unified Modeling Language is a 

standard language for specifying, Visualization, 

Constructing and documenting the artifacts of 

software system, as well as for business modeling 

and other non-software systems.  

The UML represents a collection of best 

engineering practices that have proven successful in 

the modeling of large and complex systems. 

 The UML is a very important part of 

developing objects oriented software and the 

software development process. The UML uses mostly 

graphical notations to express the design of software 

projects. 

 

GOALS: 

 The Primary goals in the design of the UML 

are as follows: 

1. Provide users a ready-to-use, expressive 

visual modeling Language so that they can 

develop and exchange meaningful models. 

2. Provide extendibility and specialization 

mechanisms to extend the core concepts. 

3. Be independent of particular programming 

languages and development process. 

4. Provide a formal basis for understanding the 

modeling language. 

5. Encourage the growth of OO tools market. 

6. Support higher level development concepts 

such as collaborations, frameworks, patterns 

and components. 

7. Integrate best practices. 

 

USE CASE DIAGRAM: 

 

A use case diagram in the Unified Modeling 

Language (UML) is a type of behavioral diagram 

defined by and created from a Use-case analysis. Its 

purpose is to present a graphical overview of the 

functionality provided by a system in terms of actors, 

their goals (represented as use cases), and any 

dependencies between those use cases. The main 

purpose of a use case diagram is to show what system 

functions are performed for which actor. Roles of the 

actors in the system can be depicted. 
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CLASS DIAGRAM: 

 

In software engineering, a class diagram in the 

Unified Modeling Language (UML) is a type of static 

structure diagram that describes the structure of a 

system by showing the system's classes, their 

attributes, operations (or methods), and the 

relationships among the classes. It explains which 

class contains information. 

 

 

 
 

 

SEQUENCE DIAGRAM: 

 

A sequence diagram in Unified Modeling Language 

(UML) is a kind of interaction diagram that shows 

how processes operate with one another and in what 

order. It is a construct of a Message Sequence Chart. 

Sequence diagrams are sometimes called event 

diagrams, event scenarios, and timing diagrams. 

 

Login

Load Data

Preprocess

Cleaned Data

Graphs

Classifications

Neural Network

Accuracy

User Admin

User

+str user
+str pswd

+loadData()
+preprocess()
+list Accuracy()
+grapsh()

Admin

+str Loginname
+str pswd

+activateusers()
+classificationAccuracy()
+deeplearningaccuracy()

Classification

+pandas dataframe
+head
+plot
+shape

+getRandomForest()
+getSVM()
+getDecisionTree()

Neural Network

+pandas Dataset

+getMultlayerPerceptron()
+getDeepNeuralnetwork()
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ACTIVITY DIAGRAM: 

 

Activity diagrams are graphical representations of 

workflows of stepwise activities and actions with 

support for choice, iteration and concurrency. In the 

Unified Modeling Language, activity diagrams can 

be used to describe the business and operational step-

by-step workflows of components in a system. An 

activity diagram shows the overall flow of control. 

 
 

VI. MODULES: 

 User 

 Admin 

 Classification  

 Neural Network 

 

MODULES DESCRIPTION: 

 

User: 

The User can register the first. While registering he 

required a valid user email and mobile for further 

communications. Once the user register then admin 

can activate the customer. Once admin activated the 

customer then user can login into our system. The 

user can get the data from University of Wisconsin 

Hospital database. 

The data are stored in media folder. Before 

processing the data we need to preprocess the data. 

At the time of preprocess we can generate the graphs 

User Admin Classification Neural network

1 : Register()

2 : Activated()

3 : Load the Data()

4 : Clean the data()

5 : Cleaned Data()

6 : generate graphs()

7 : Select our models from sklearn()

8 : accuracy()

9 : correlation graph()

10 : start neural network()

11 : Accuracy()

User Admin

Data preprocess

Generate graphs

Classification Accuracy

Neural Network Accuracy

Activate users

Classification Accuracy

Neural network

Compare
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like hist diagram of the selected attributes. Later we 

can split the data into training and testing. The 80% 

data goes to training and 20% we are testing for our 

results. The sklearn model selection libraries can do 

the process.  

Admin: 

Admin can login with his credentials. Once he login 

he can activate the users. The activated user only 

login in our applications. The admin can set the 

training and testing data for the project. In the code 

the dataset can be found under media folder. The 

dataset in the format of comma separated values. 

User can perform the cleaning and fill with its mean 

values of missing featured from the columns. Admin 

also check the accuracy scores of proposed 

algorithms. First admin can test the classification 

results. To see the graph we need to enable 

matlotlib.use(“TkAgg”). Once it done the he can test 

the deep neural network algorithm accuracy. It is 

better to user before running project we need to 

enable matplotlib.user(“Agg”) then we can solve the 

server restarts problems.  

 

Data Classification: 

 

 Decision Tree 

Decision tree algorithms are considered an alternative 

for regressions and classifiers tasks. the Decision 

Tree Algorithms structure can be compared to a set of 

rules (If-then), classifying new samples and trying to 

develop an understandable and accurate model. 

Thereby, the Decision Tree algorithm operates such 

as others Supervised Learning techniques, working 

with sets for training and tests. 

 

 Random Forest 

Defined as an ensemble learner, Random Forest 

works creating multiple classifiers and regression 

trees, each one trained based on the subset of training 

examples and the subset of all given features at 

random. Each decision tree, the input enters at the 

root of the tree and traverses down the tree according 

to the split decision at each node. 

 

 Support Vector Machine 

Support Vector Machines (SVMs) is a supervised 

machine learning technique, having great theoretical 

foundations and excellent empirical successes. The 

SVM has the constraint which makes the total weight 

for the positive class equal to that of the negative 

class. This kind of technique has been applied to 

different classification tasks such as text 

classification, object recognition, as well as 

prediction tasks.  

 

Neural Network 

 Multi-Layer Perceptron 

Multilayer Perceptron (MLP) is a classifier based on 

the neural network‟s, very similar to perceptron but 

with more layers. Each output layer receives the 

stimulus of the intermediate layer, building a set of 

appropriate outputs. MLP uses a supervised learning 

technique knew as backpropagation function, which 

learns iteratively by processing data set of training 

examples, comparing the network‟s prediction for 

each target value. 

 Deep Neural Network 

Lastly, we considered using a deep neural network to 

verify their performance related to this database. 

Presenting relevant results in recent studies, this 

network has been used in many tasks we found value 

in testing this network due to good results in previous 

binary classification studies. Also, DNN‟s algorithms 

were suggested for application in this database as a 

way to verify their performance in comparison to 

traditional methods of machine learning. 

 

VII. SYSTEM SPECIFICATION: 

 

HARDWARE REQUIREMENTS: 

 System  :   Intel i3 

 Hard Disk           :   1 TB. 

 Monitor           :   14‟ Colour Monitor. 

 Mouse  :   Optical Mouse. 

 Ram            :   4GB. 

 

SOFTWARE REQUIREMENTS: 

 Operating system  :   Windows 10. 

 Coding Language  :   

Python. 

 Front-End   :   Html. 

CSS 

 Designing   :   

Html,css,javascript. 

Data Base   :   SQLite. 
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VIII.CONCLUSION 

 

Our study presented a set of classification models, 

trying to find the best model to classify Breast Cancer 

according to our data set (WDBC). For this proposal, 

we selected five different techniques of machine 

learning, which were considered in other studies with 

similar proposals. Random Forest was divided 

between two models: 50 and 100 trees collections. 

Also, we add Deep Neural Network to visualize their 

performance in comparison to other classifier 

methods. Which model has the highest accuracy, 

objectivity, and reproducibility? It is not so easy to 

see if one algorithm is better than another only by 

looking at the error - rate and accuracy values, since 

there is no classification algorithm for all the 

challenges to be overcome. It is important to 

understand the power and limitations of different 

classifiers, and there is a scale for the 

challenge/community to use it in the best possible 

way in order to compare the models in question. A 

good review of algorithm comparison can be found 

in. Deep Neural Network had a good performance in 

this study, although their reach better results in 

studies involving images. Breast Cancer has provided 

many studies in recent years, through different 

approaches as computing vision, classification, and 

prediction. As future work, we considered an 

improvement in predictions, testing approaches in 

databases containing images. 

 

IX.REFERENCES 

 

[1] M. Da Saúde, “Incidência de câncer no brasil - 

estimativa 2018,” 

http://www1.inca.gov.br/estimativa/2018/sintese-de-

resultados comentarios.asp, p. 130, 2018. [Online]. 

Available: {http://www1. 

inca.gov.br/estimativa/2018/sintese-de-resultados-

comentarios.asp} 

[2] J. Hwang and C. M. Christensen, “Disruptive 

innovation in health care delivery: a framework for 

business-model innovation,” Health Affairs, vol. 27, 

no. 5, pp. 1329–1335, 2008. 

[3] H. Asri, H. Mousannif, H. Al Moatassime, and T. 

Noel, “Using machine learning algorithms for breast 

cancer risk prediction and diagnosis,” Procedia 

Computer Science, vol. 83, pp. 1064–1069, 2016. 

[4] Y. Liu, K. Gadepalli, M. Norouzi, G. E. Dahl, T. 

Kohlberger, A. Boyko, S. Venugopalan, A. 

Timofeev, P. Q. Nelson, G. S. Corrado et al., 

“Detecting cancer metastases on gigapixel pathology 

images,” arXiv preprint arXiv:1703.02442, 2017. 

[5] E. Aliˇckovi´c and A. Subasi, “Breast cancer 

diagnosis using ga feature selection and rotation 

forest,” Neural Computing and Applications, vol. 28, 

no. 4, pp. 753–763, 2017. 

[6] H. Wang, B. Zheng, S. W. Yoon, and H. S. Ko, 

“A support vector machine-based ensemble algorithm 

for breast cancer diagnosis,” European Journal of 

Operational Research, vol. 267, no. 2, pp. 687–699, 

2018. [Online]. Available: 

https://doi.org/10.1016/j.ejor.2017.12.001 

[7] Y.-Q. Liu, C. Wang, and L. Zhang, “Decision tree 

based predictive models for breast cancer 

survivability on imbalanced data,” pp. 1–4, 2009. 

[8] B. Diniz et al., “Detection of mass regions in 

mammograms by bilateral analysis adapted to breast 

density using similarity indexes and convolutional 

neural networks,” Computer Methods and Programs 

in Biomedicine, vol. 156, pp. 191–207, mar 2018. 

[9] S. Sharma and P. Khanna, “Computer-aided 

diagnosis of malignant mammograms using zernike 

moments and svm,” Journal of Digital Imaging, vol. 

28, no. 1, pp. 77–90, 2015. 

[10] R. W. D. Pedro, A. Machado-Lima, and F. L. 

Nunes, “Is mass classification in mammograms a 

solved problem? - a critical review over the last 20 

years,” Expert Systems with Applications, vol. 119, 

pp. 90 – 103, 2019. 

[11] N. Dhungel, G. Carneiro, and A. P. Bradley, 

“N,” Medical Image Analysis, vol. 37, pp. 114 – 128, 

2017. 

[12] M. A. Al-antari et al., “A fully integrated 

computer-aided diagnosis system for digital x-ray 

mammograms via deep learning detection, 

segmentation, and classification,” International 

Journal of Medical Informatics, vol. 117, pp. 44 – 54, 

2018. 

[13] M. A. Al-masni et al., “Simultaneous detection 

and classification of breast masses in digital 

mammograms via a deep learning yolo-based cad 

system,” Computer Methods and Programs in 

Biomedicine, vol. 157, pp. 85 – 94, 2018. 

[14] X. Zhang et al., “Whole mammogram image 

classification with convolutional neural networks,” in 

2017 IEEE International Conference on 

http://jespublication.com/


www.jespublication.com  

 

   

 
 

 

 

Bioinformatics and Biomedicine (BIBM), 2017, pp. 

700–704. 

[15] N. Dhungel et al., “Deep learning and structured 

prediction for the segmentation of mass in 

mammograms,” in Medical Image Computing and 

Computer-Assisted Intervention – MICCAI 2015. 

Springer International Publishing, 2015, pp. 605–612. 

[16] W. B. d. Sampaio, A. C. Silva, A. C. d. Paiva, 

and M. Gattass, “Detection of masses in 

mammograms with adaption to breast density using 

genetic algorithm, phylogenetic trees, lbp and svm,” 

Expert Systems with Applications, vol. 42, no. 22, 

pp. 8911 – 8928, 2015. 

[17] A. Jamal, A. Handayani, A. A. Septiandri, E. 

Ripmiatin, and Y. Effendi, “Dimensionality reduction 

using pca and k-means clustering for breast cancer 

prediction,” Lontar Komputer: Jurnal Ilmiah 

Teknologi Informasi, pp. 192–201, 2019. 

[18] A. Saygılıa, “Classification and diagnostic 

prediction of breast cancers via different classifiers,” 

International Scientific and Vocational Studies 

Journal, vol. 2, no. 2, pp. 48–56, 2018. 

[19] H. Mansourifar and W. Shi, “Toward efficient 

breast cancer diagnosis and survival prediction using 

l-perceptron,” arXiv preprint arXiv:1811.03016, 

2018. 

[20] Y. Li and Z. Chen, “Performance evaluation of 

machine learning methods for breast cancer 

prediction,” Applied and Computational 

Mathematics, vol. 7, no. 4, pp. 212–216, 2018. 

[21] A. M. Abdel-Zaher and A. M. Eldeib, “Breast 

cancer classification using deep belief networks,” 

Expert Systems with Applications, vol. 46, pp. 139–

144, 2016. 

[22] S. Kim, Y. Choi, and M. Lee, “Deep learning 

with support vector data description,” 

Neurocomputing, vol. 165, pp. 111–117, 2015. 

[23] S. Geisser, “The predictive sample reuse method 

with applications,” Journal of the American statistical 

Association, vol. 70, no. 350, pp. 320–328, 1975. 

[24] M. Montazeri, M. Montazeri, M. Montazeri, and 

A. Beigzadeh, “Machine learning models in breast 

cancer survival prediction,” Technology and Health 

Care, vol. 24, no. 1, pp. 31–42, 2016. 

[25] J. R. Quinlan, C4. 5: programs for machine 

learning. Elsevier, 2014. 

[26] P. Harrington, “Machine learning in action,” 

Shelter Island, NY: Manning Publications Co, 2012. 

[27] L. Breiman, “Random forests,” Machine 

learning, vol. 45, no. 1, pp. 5–32, 2001. 

[28] V. Vapnik, Statistical learning theory. 1998. 

Wiley, New York, 1998, vol. 3. 

[29] C.-C. Chang and C.-J. Lin, “Libsvm: a library 

for support vector machines,” ACM transactions on 

intelligent systems and technology (TIST), vol. 2, no. 

3, p. 27, 2011. 

[30] D. C. Cire¸san, U. Meier, L. M. Gambardella, 

and J. Schmidhuber, “Deep, big, simple neural nets 

for handwritten digit recognition,” Neural 

computation, vol. 22, no. 12, pp. 3207–3220, 2010. 

[31] D. C. Ciresan, U. Meier, L. M. Gambardella, and 

J. Schmidhuber, “Convolutional neural network 

committees for handwritten character classification,” 

in 2011 International Conference on Document 

Analysis and Recognition. IEEE, 2011, pp. 1135–

1139. 

[32] T. Cai, H. He, and W. Zhang, “Breast cancer 

diagnosis using imbalanced learning and ensemble 

method,” Applied and Computational Mathematics, 

vol. 7, no. 3, pp. 146–154, 2018. 

[33] J. Han, J. Pei, and M. Kamber, Data mining: 

concepts and techniques. Elsevier, 2011. 

[34] A. No and T. Weissman, “Universality of 

logarithmic loss in lossy compression,” in 2015 IEEE 

International Symposium on Information Theory 

(ISIT). IEEE, 2015, pp. 2166–2170. 

[35] T. Fawcett, “An introduction to roc analysis,” 

Pattern recognition letters,vol. 27, no. 8, pp. 861–

874, 2006. 

[36] D. J. Hand, “Measuring classifier performance: a 

coherent alternative to the area under the roc curve,” 

Machine learning, vol. 77, no. 1, pp. 103–123, 2009. 

[37] S. Cinaroglu, “Comparison of performance of 

decision tree algorithms and random forest: an 

application on oecd countries health expenditures,” 

International Journal of Computer Applications, vol. 

138, no. 1, pp. 37–41, 2016. 

[38] M. Johnson, “Pcfg models of linguistic tree 

representations,” Computational Linguistics, vol. 24, 

no. 4, pp. 613–632, 1998. 

[39] P. J. Heagerty and Y. Zheng, “Survival model 

predictive accuracy and roc curves,” Biometrics, vol. 

61, no. 1, pp. 92–105, 2005. 

[40] D. J. Hand and C. Anagnostopoulos, “When is 

the area under the receiver operating characteristic 

curve an appropriate measure of classifier 

http://jespublication.com/


www.jespublication.com  

 

   

 
 

 

 

performance?” Pattern Recognition Letters, vol. 34, 

no. 5, pp. 492–495, 2013.  

[41] S. Salzberg, “On comparing classifiers: Pitfalls 

to avoid and a recommended approach,” Data Min. 

Knowl. Discov., vol. 1, no. 3, pp. 317–328, 1997. 

[Online]. Available: https://doi.org/10.1023/A: 

1009752403260 

[42] T. G. Dietterich, “Machine-learning research,” 

AI Magazine, vol. 18, no. 4, pp. 97–136, 1997. 

[Online]. Available: http://www.aaai.org/ojs/ 

index.php/aimagazine/article/view/1324 

http://jespublication.com/

