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REVIEW METHODS FOR BREAST CANCER DETECTION
USING ARTIFICIAL INTELLIGENCE
AND DEEP LEARNING METHODS
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Abstract. Nowadays, there are many related works and methods that use Neural
Networks to detect the breast cancer. However, usually they do not take into account
the training time and the result of False Negative (FN) while training the model. The
main idea of this paper is to compare already existing methods for detecting the
breast cancer using Deep Learning Algorithms. Moreover, since the breast cancer is
one of the most common lethal cancers and early detection helps prevent complica-
tions, we propose a new approach and the use of the convolutional autoencoder.
This proposed model has shown high performance with sensitivity, precision, and
accuracy of 93,50%, 91,60% and 93% respectively.

Keywords: convolutional autoencoder, breast cancer detection, machine learning
algorithms, convolutional neural networks, medical image classification.

INTRODUCTION

Breast Cancer is the second most deadly cancer mostly in women in age 20-59
worldwide. There are two classes for Breast Cancer: benign and malignant. The
benign tumor cells are non—cancerous cells and grow only locally and cannot
spread by invasion. Where as malignant tumor is cancerous, and the cells can
grow and spread to other parts of the body. However, early detection of breast
cancer could prevent cancer growth. For this reason, it is essential to train neural
networks with more accurate performance and with low false negative results.
According to [1], one in every eight women in the United States of America
has breast cancer over their lifetime. Due to early detection and increased breast
cancer awareness, there were an estimated 375,900 fewer breast cancer deaths
in 2017.

REVIEW OF PREVIOUS WORKS

Authors in [2] proposed modified deep learning model where they compared two
neural networks VGG and Resnet 50. In addition, they demonstrated how the
number of epochs could change the performance of the model. In their experi-
ment, the accuracy of Resnet 50 was 97% and VGG 84% with number of epoch
198 and 25, respectively. The advantage of this work is that authors worked with
a whole image, which could combine two steps of preprocessing data. The first
step is sliding images to recognize local patches for generating a grid of probabil-
istic outputs. Second step is processing to summarize the patch classifier’s out-
puts. The limitation of this work is that authors did not include sensitivity of the
model.
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In [3] authors compared different methods for pre-processing data. Ac-
cording to the experiments, using a resample filter on input data could increase
the performance of the model. Besides that, authors compared three different clas-
sifier Decision Tree (J48), NB and Sequential Minimal Optimization (SMO) on
two different datasets and classifier J48 has shown the best result.

Selection of the most informative features as a classifier input is an essential
task. Authors in [4] used Principle Component Analysis (PCA) method to de-
crease the dimensions of the feature map that will be sent to the classifier. How-
ever, there are some limitations in using PCA as a feature reduction. First, PCA is
a linear relationship between features. Second, it is sensitive to the scale of the
features. Third, it assumes a correlation between features and if features are not
correlated, then PCA is unable to complete the principal components. To solve
this problem, the Convolutional Autoencoder can be used for reducing the dimen-
sionality of feature maps.

Dalal Bardou and other authors in [5] proposed CNN model where they
compared the result of the accuracy for different magnification factors 40X,
100X, 200X and 400X. They demonstrated the result of the accuracy on 40X
zoom that shows better result comparing other magnification zoom where it was
94,65%, 94,07%, 94,54% and 93,77% for 40X, 100X, 200X and 400X, respec-
tively. Moreover, they demonstrate how pre-processing data is an essential task
that must be considered while training convolutional neural networks.

Dataset BIRADS was used in experiments [6], where Support Vector Ma-
chine (SVM) method was considered for classifying breast cancer. The BIRADS
dataset contain 516 benign and 445 malignant cases. During experiments authors
improved the SVM model to increase false positive rate to only 13%. Moreover,
SVM was compared with other methods like Decision tree, Naive bayes, neural
network and auto multilayer perceptron (MLP). Comparison result showed that
sensitivity of decision tree is higher than other methods and it is 86,44%. How-
ever, the accuracy for decision tree was 78,79%. As a result, it could be con-
cluded that the low result of accuracy does not mean a low result of sensitivity.
Thus, for sensitive tasks like breast cancer detection, it is essential to consider
both sensitivity and precision.

Even though SVM shows high performance [7], it cannot be used directly on
images unless some pre-processing were applied on the images to extracting in-
formative features. For example, in [8] authors used VGG as a feature extraction
and applied SVM on the output of the VGG19 for classification.

Authors in [9] consider two essential tasks for training CNN: feature extrac-
tion, and fine tuning. During the experiment, CNN VGG-16 was used for feature
extraction and ANFIS used for classification as well as SVM for compressing
reason. Result of the experiment shows the combination of the CNN VGG-16 and
ANFIST demonstrate high performance with precision 88,39%. Whereas preci-
sion of the architecture VGG + SVM was 87,10%.

DATASET

The BreakHis dataset was used during the experiments. The dataset includes two
classes Benign and Malignant. There are 2,480 cases belonging to the benign cat-
egory and 5,429 scans belonging to the malignant category. There were 5,536
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training scans, 709 validation scans, and 1,581 test scans. Experiments showed
even though the dataset is imbalanced, it will not affect the performance of the
model.

PRE-PROCESSING

There were a few steps that were considered before using the data. First, on the
input data normalization was applied. Then, all data were resized using lossless
compression from 700 by 460 pixels to 176 by 116 pixels. The use of lossless
compression was used to reduce the input size of the data without destroying any
critical information and while also preserving the aspect ratio thus maintaining the
integrity of the data.

METHOD

In the current paper, a new architecture of convolutional autoencoder was pro-
posed, where sensitivity of the model was 93,50%. Moreover, the training time
was considerably lower than in the reviewed existing models.

Increasing performance of the model, required extracting the most important
features. The proposed hybrid convolutional network consists of two models of
convolutional autoencoder as a selection of informative features and convolu-
tional network as a classifier. Only after achieving the most essential features, the
fully connected layer was applied on the output of the convolutional layers for
classifying input images as benign or malignant. The figure below demonstrates
the architecture of the hybrid convolutional neural network.
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Architecture of the proposed hybrid convolutional neural network

CONCLUSION

In this paper several works by various authors were reviewed. These works fo-
cused on the topic of image classification in the classification of cancer. These
works tend to rely on accuracy, while sometimes neglecting the importance of
sensitivity. The reviewed papers contain informative topics and ideas such as the
authors in [3] use of resampling of input data as a pre-processing technique to
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improve the results of the J48 network method. The analysis of accuracy in regard
to different zoom levels, of the images in the dataset was proposed by authors in
[5]. Authors in [8] show the use of feature extraction prior to classification using
the SVM method.

According to the research and comparing related works, some of them used
methods that showed high performance. However, those models are complex, and
the training time is considerably high. In this paper, the proposed model showed
higher performance with less training time. Faster training time is because as fea-
ture extraction, modified convolution autoencoder was used. Moreover, extraction
of only informative features helped to increase the performance of the model. The
sensitivity of the model has shown 93,50%.
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OrJisii METOJIB BUSBJEHHSI PAKY MOJIOYHOI 3AJIO3HM 3
BUKOPUCTAHHSAM HITYYHOI'O IHTEJIEKTY I METO/IB ITIOTJIMBJIEHOI'O
HABYAHHS / M. Hagepan

AHoTauisi. IcHye 6e3i1iu CX0KHX Ipallb | METOIB, Y IKMX BUKOPHCTOBYIOTHCS HEll-
POHHI Mepexi IUIsl BUSIBIICHHS paKy MOJIOYHOI 3a1034. YTiM 3a3BH4ail y HUX HE Bpa-
XOBYIOTBCS YaC HaBYaHHA 1 Pe3yJIbTaTH MOMUWIKOBOro HeratuHoro FN min yac Ha-
BYaHHS Mozesi. OCHOBHOIO ifie€to mi€i poOOTH € TOPIBHAHHS B)KE HAsIBHUX METOIIB
BUSBIICHHS PaKy MOJIOYHOI 3aJI03M 3 BUKOPHUCTAHHSAM TNIMOOKHMX QJTOPUTMIB Ha-
BuaHHs. OCKUIBKH paK MOJIOYHOI 3aJI031 € OJHUM 3 HAHOIIbII HOLIMPEHUX CMepTe-
JIBHUX BUJIIB paKy, a HOro paHHE BUSBJICHH 3a00irae yCKJIaJHCHHSM, 3alPOIIOHO-
BAaHO HOBUH MiIXiZ I BUKOPHCTaHHsS 3rOPTKOBOIO aBTOCHKOJEpa. 3amporoHOBaHA
MOZENb II0Ka3ala BHCOKY IPOAYKTHUBHICTH i3 uyrinuBicTio (recall), TowHicTIO
(precision) i TousnicTio (accuracy) 93,50%, 91,60% i 93% BiamnosiaHo.

KunrodoBi ciioBa: 3ropTkoBHil aBTOCHKOJIEp, PO3Ii3HABAHHS paKa MOJIOYHOI 3aJI03H,
ITOPUTMH MAIIMHHOTO HaBYaHHs, 3rOPTKOBI HEHPOHHI Mepexi, Kiacudikaris Me-
JIUYHUX 300paKeHb.

OB30P METOJIOB BBISBJEHUSA PAKA MOJIOYHOM XKEJE3BI C
HCIIOJIB30BAHUEM HCKYCCTBEHHOI'O MHTEJIJIEKTA U METOJ0B
IJIYBOKOI'O OBYYEHMUS / M. Hanepan

AnHoTanus. CymecTByeT MHOKECTBO MTOXOXKHUX PabOT M METOMIOB, B KOTOPBIX HC-
HOJB3YIOTCS HEHPOHHBIE ceTn Uil OOHAPYKEHUs paka MOJIOYHOHU skele3bl. OqHaKo
0OBIYHO B HHMX HE YUUTHIBAIOTCS BpeMsl OOYUEHHMSI U PE3yJIbTAThI JIOKHOTO OTPHIIa-
tenbHOro FN mpu oOydenun mogenu. OCHOBHOW uicell 3TOW pabOThI SIBISETCS
CpaBHEHHE YK€ CYLIECTBYIOIIUX METOJOB OOHApYKEHHsI paka MOJIOYHOTO JKeJIe3bl ¢
HCIIOJIB30BAHUEM TITyOOKHX anropuTMoB oOydenus. IlockoabpKy pak MOJIOYHOM ske-
JIe3Bl SBISICTCSA OAHUM U3 HauboJiee pacIpOCTPaHEHHBIX CMEPTENBHBIX BUIOB PaKa,
a ero panHee OOHapy)XKEHHE MPEIOTBPAIIAET OCIOKHEHHS, IPEIIOKEH HOBBIX MO~
XOJI ¥ HICIIOJIB30BaHUE CBEPTOYHOTO aBTOdHKOAepa. [IpemnoxkeHHas MoeNb mokasa-
Jla BBICOKYIO IIPOM3BOJUTENILHOCTh C UYyBCTBUTENBHOCTHIO (recall), TouHOCTBIO
(precision) u TogHOCTHIO (accuracy) 93,50%, 91,60% u 93% cooTBeTCTBEHHO.

KuioueBble cjioBa: CBEPTOUHBIN aBTOAHKOJED, paclio3HaBaHUE paka MOJIOYHOM Ke-
7e3bl, alTOPUTMBI MAIIMHHOTO OOYyYeHHs, CBEPTOUHBIE HEHPOHHBIE CETH, KIIacCHU-
(uKanys MEIUITMHCKUX U300paKeHHI.
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