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[Abstract]

Breast cancer is the disease that affects women the most worldwide. Due to the development of
computer technology, the efficiency of machine learning has increased, and thus plays an important role
in cancer detection and diagnosis. Deep learning is a field of machine learning technology based on an
artificial neural network, and its performance has been rapidly improved in recent years, and its
application range is expanding.

In this paper, we propose a DNN-SVM hybrid model that combines the structure of a deep neural
network (DNN) based on transfer learning and a support vector machine (SVM) for breast cancer
classification. The transfer learning-based proposed model is effective for small training data, has a fast
learning speed, and can improve model performance by combining all the advantages of a single model,
that is, DNN and SVM. To evaluate the performance of the proposed DNN-SVM Hybrid model, the
performance test results with WOBC and WDBC breast cancer data provided by the UCI machine
learning repository showed that the proposed model is superior to single models such as logistic
regression, DNN, and SVM, and ensemble models such as random forest in various performance

measures.
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II. Preliminaries
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Table 4.3 5-Fold Cross-Validation

Table 4.1. WOBC data description
train train train  |validation test — I
Attribute Domain
lump thickness 1-10 train train train test validation | — E,
Uniformity of cell size 1-10 validation| train test train train | — L
Uniformity of cell shape 1-10
- train test validation train train — Lk
marginal attachment 1-10
Single epithelial cell size 1-10 test validation train train train — E3
naked nucleus 1-10
soft chromatin 1-10 21 = = = . -
F|EA 07 H7ie] ZeF Ho]EE train, validation,
normal nucleolus 1-10 . E wzro} B7BHBIA #0.0
= g|o (0] 7R
Mitoses =10 testE e Clo|H 2 Wizot HASIHA 57X|9] 7399
Class 2 = Benign, 4 = Malignant 25 O &8st H, o] 7Y d& HUTE F5IeH ol
BN K-BE 7} A= vt 5,
WDBC Tjo]E}:= 5697] B 422 o]20]x 9|1 Table , 1 E=P
o =of cfa Model Evaluation = — Y, E
423} o] ERWAL 107}8] HMZo| SRS ofgt 2 5 =

2o B, BEUAL AR Uehhs & 30709 e
2 740l k. FEALE Sl P oS

Eff Za)a wsolct,

Table 4.2 WDBC data description

1.3 Parameters for DNN-SVM model
Table 4.4+= WOBC gJo]Ejo]A] DNN9] %o| m}2ta|g
LERAL QITH40].

(transfer parameters)S

; - Table 4.4 DNN Transfer parameters for WOBC data
Attribute Descriptions
Radius Mean of the distance from the centroid parameter type
to a point on the circumference optimizer SGD
Texture standard deviation of gray-scale values activation function RelU
Perimeter nucleus circumference learning rate 0.001
Area cell nucleus area batch size 32
Smoothness Local variations in radius length weight initialization Xavier
cell nucleus compactness,
Compactness ) ) dropout rate 03
perimeter®/area — 1.0
Concavity Severity of contour concavity
c Table 4.5= WOBC H|o]E[of|A] SVMO|A] AFEE Ad
oncave e
points Number of concavities in the contour F_} _ﬁﬁlq mfam]a% L}EHHJ_L %1'3
Symmetry cell nucleus shape
Fractal fractal dimension, Table 4.5 SVM kernel and parameters for WOBC data
dimension "coastline approximation” - 1
. . cancer diagnosis Model Kernel C y
Diagnosis g _ .
M—Mallgnant, B—Benlgn DNNI: 1]+SVM RBF 0.1 1
DNN[:2]+SVM RBF 0.1 1
1.2 K-Fold Cross-Validation DNNI[:3]+SVM RBF 0.1 0.01
2 ATolML do) Hsurte o) AA clolEg DNN[:4]+SVM RBF 0.1 0.01

train, validation, test Hlo]g| 2 3:1:1 H]&=2 E351A
K-ZE WAt ZZ(K-fold cross-validation)g 45359
CH39]. Table 4.3& K=501 5-ZC WiAPHES 9Jst glo

B 252 Hoj%n gk

ol
L 3R

r$

Figure 4.12 WOBC H|o]E|of|A] o= 50091 AL &
qo] Ratre} £Algks 1S woiRD 9t
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- y L — Validation loss
— Train loss

Accuary
Loss

—— Validation accuracy
o —— Train accuracy

0 100 0 00 0 500 0 100 0 00 00 500

Epoch Epoch

Fig. 4.1 Model accuracy and loss curve in WOBC data

Figure 4.125& WOBC d|o]E]ofA] DNN 2&2 o
T} ZK] gt et UL ST
o] A olZolAl 2S % 4 YUck.

Table 4.62 WDBC Glo]ejolll DNNeJ o] af2jole]
£ yepn 9ok

>

Table 4.6 DNN transfer parameters for WDBC data

parameter type
optimizer SGD
activation function RelLU
learning rate 0.01
batch size 64
weight initialization Xavier
dropout rate 0

Table 4.72 WDBC Blo]E{o]4] SVMollq ALg=l 72
1} 2] watoles ey o,

Table 4.7 SVM kernel and parameters for WDBC data

Model Kernel C vy
DNN[:1]+SVM RBF 10 0.01
DNN[:2]+SVM RBF 1 0.01
DNNI[:3]+SVM RBF 1 0.01
DNN[:4]+SVM RBF 0.1 0.1

Figure 4.2+= WDBC GJoJE]oj|A] of 23 50091 742 &
o] Aetwot &AL Jjns BojRy Qlch

—— Validation loss
—— Train loss

Accuary
Loss

—— Validation accuracy 01
—— Train accuracy

0 20 S0 70 100 150 150 50 2000 0 B0 s B0 1000 250 1500 150 2000

Epoch Epoch

Fig. 4.2 Model accuracy and loss curve in WDBC data

Figure 4.22%E WDBC d|o]E|o]A] DNN &<
E7L 57K wef et AU S3lol o
o] & o]0l 7 & 4 9tk

oy =

1.4 Model Evaluation Metrics

2Reye 45 ME: gde gUs Aas,
Fl-score £o0]| <9JtH4l]. Table 4.89] Confusion

matrix2 5.8 HI7R| 37} dojXich Confusion matrix
+ AA| HlojgjoflA AN ZefiA(actual class)?t 230]
|55t o5 2@ A(predicted class)?’t YX|GH=A]S 78

42 Uerd molrh

2

Table 4.8 Confusion matrix for Classification

Predicted Class
Positive(1) Negative(0)
Actual Positive(1) TP FP
Class Negative(0) FN N

AL A4 dole Fol4 8 15T 21 vlg e

ojulgit. 5, sAloe mHshY et 2ok
accuracy = TP+ 1N
Y= TP+ TN +FP+FN)

A= Positive(P)2 &35t 71 & AIA| Positive
(@4)9) v ge olojaitt, &, Ao mElsy Theat
pr.

mN

TP
(TP+FP)

%0 Positiveg 0|55+ 7
Mtk At
TP

precision =

S AA| Positive®l 71

o Blgg oojsict. &

sensitivity = T

P
Fl-A30j= JUee &S 2t Al E2M & 5
olu o] AI9AIA] UL T £ S A 5. 4
Noe milsty rheat 2t
2 X precision Xrecall
(pre cision +recall)

F1—score =

2. Experiment results

ol2] 7}X] DNN-SVM Hybrid 23a} Gz g
AEl5] 28, DNN, SVM J8ju &g mYAE
(Random Forest, RF)1} A58 W 5kA} sttt of 7|4 2
g THAEL= AMAAUT (decision tree)o] HiZ(
bagging)olet= A4S dh5(ensemble learning)S A&
gh Z3golch42].

ol 2]
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Table 4.9%= WOBC dj|o]Ejo]lA] of2] 2§
o] do Mg Axolct.

Tw OO

£¢ Hgs

Table 4.9 Comparison of evaluation metrics with
WOBC data

Accuracy | Precision Recall | F1-score

LOGISTIC 0.9692 0.9549 0.9591 0.9566
RF 0.9722 0.9518 0.9719 0.9611
SVM 0.9707 0.9536 0.9625 0.9577
DNNI[:1]+SVM |  0.9766 0.9790 0.9563 0.9667
DNNI:2]+SVM |  0.9751 0.9923 0.9400 0.9651
DNNI:3]+SVM | 0.9780 0.9836 0.9552 0.9691
DNNI[:4]+SVM |  0.9795 0.9961 0.9495 0.9718
DNN 0.9751 0.9836 0.9483 0.9654

Table 4.90]|A] Z} W7IX|HoA] F|UiZre #+ ZAZ
FAJ51%CH DNN-SVM Hybrid 882 95 4% w0
X HRgel 2xAY 57194, SVMI} DNNuC 52
RS By, AE ZYAEQR= RHSS AQSH U
APl MRl 2e 4A1E EST
DNNLASVM 2.80] 71 £& 45 4418 ugict

=31,

Table 4.102 WDBC tj|o]E{o]|A] of2] 2353 A&s}
of A2 5 pAoJt

Table 4.10 Comparison of evaluation metrics with
WDBC data

Accuracy | Precision | Recall | F1-score

LOGISTIC 0.9666 0.9587 0.9529 0.9551
RF 0.9596 0.9578 0.9343 0.9450
SVM 0.9718 0.9528 0.9720 0.9619
DNNI[:1]+SVM | 0.9789 0.9671 0.9771 0.9716
DNNI:2]+SVM | 0.9789 0.9671 0.9768 0.9716
DNNI:3]+SVM | 0.9825 0.9671 0.9858 0.9761
DNNI[:4]+SVM | 0.9842 0.9623 0.9952 0.9784
DNN 0.9807 0.9576 0.9904 0.9735

Table 4.100]4] DNN-SVM Hybrid &
2x~8 3728, SVMZ} DNN 12]
Y A AEHC} DE AN =
5], DNN[:4[+SVM 80| 713 &

V. Conclusions

A e A ool AP o] WAIsH: &
=]

I
o e 27] AR Hsl XA AR shke REE

ZAPLE 714 2] AFSERIEE of
el AHsh = 851K
daly 7]2S o]8s) Suror

OFA(false positive) XS &7|Ao0g

learning) 7]¥t 2
DNN-SVM Hybrid 232 A|otstgct HejdoA &t
A7 ¢ #4F B 0|2 vejo]Elo} Faio] F2 kol
T 9} dllept BEsly Pad geld BY 45E
ol 2ol gk Molelee olzgore] 45 el
7} B&sH 740 A7 w golgitozr §8A0] sk 1
g 4= 7FsstlRItE
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