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Computer-Aided Diagnosis System for

Breast Cancer Using Deep Learning

*Prof.Mariam Saii **_ujain
Abokaff

ABSTRACT

Breast cancer is one of the most common types of cancer among
women all over the world, which leads to the death of many women
every year due to wrong diagnosis and late treatment. Therefore, in
recent years, researchers tend to use computer-aided diagnosis
systems in order to help radiologists in detecting the cancer. Deep
learning and computer vision algorithms have achieved high results
in this field as convolution neural networks have proven their
efficiency in terms of dealing with dataset that contain images with
large spatial dimensions. In this research, a computer-Aided
diagnosis system was built using the mini MIAS dataset, which
contains 322 samples distributed into three classes (normal, benign,
and malignant) based on convolution neural networks and transfer
learning. A comparison of a group of pre-trained networks was
made, where the VGG16 gave the best performance. Then a
replacement of the fully connected layers and adjusting the hyper
parameters of the model (the number of units of the fully connected
layers and dropout rate) was done by using Bayesian
hyperparameter tuning .Our model achieved 96%, 92%, and 95%
accuracy for the normal, benign, and malignant class, respectively
and the Area Under curve was 98% for all three classes.

Keywords: Convolution Neural Networks, Transfer Learning,
Bayesian  hyperparameter  tuning, Mammogram, CAD,
Multiclassification.
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Confusion matrix for VGG16.with normalization

Confusion matrix for CNN, with normalization

o9
0O&
o7
0a

05

=
-y
Tue label

0.4

03
02

0.1

Predicted label .
Predicted label

(A) (B)

Confusion matrix for VGG16,with normalization

Confusion matrix with no augmentation, with normalization

08 0s
04
_ 06
a2 o
= = 03
o
= 04 Z
0z
02
01
. 0o
e N -

Predicted label

Fredicted label

(C) (D)

MINI- by 518 e 83 galall JLEAY) clie o AL ziladll JLd) oo Al cadal) 48 shuaa;(11)JSEl
5u2)VGG16:(D)-(2 el b Jasia g ciliball 320 5)VGG16:(C)-4 & ) 36LCNN:(B)-VGG16:(a):MIAS
(<l 335 Gl (g el

%95.31 48 2l el 5 lial due 64 aadiul 5 gyl Lallai

.%95.28 F1-score dad; %95.31 iuapad dad% 95.32 duuluay

Receiver Operating Characteristic(ROC CURVE) (12)JSall mas

ine 14490 o ggmi Al clld) sael e Seill zisall cupn a

slo zasall Hlaal & (Ala¥) cll) sacld o sl elsad Gudad &)y

. JL\:\;\}“ C'_\L\;K:

42



Slampmanl S gl s 2021 ale 36 3wl 43 Alaall Cad) daals Alae

Receiver operating characteristic for multi-class data Receiver operating characteristic for multi-class data
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