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Improved Deep Learning Models to Classify Breast Cancer
Molecular Subtypes

DUAN Meihua, JIAO Xiong
(College of Biomedical Engineering, Taiyuan University of Technology, Jinzhong 030600, China)
Abstract: Due to the high heterogeneity of breast cancer, different molecular subtypes of breast cancer
have great differences in the treatment and diagnosis. Therefore, it is of important research significance to
improve the accuracy of the diagnosis of breast cancer subtypes, thus to further reduce the misdiagnosis
rate of breast cancer and avoid overtreatment of breast cancer. The molecular subtypes of Luminal A and
non-Luminal A of breast cancer were classified based on deep learning algorithm for MRI breast cancer
medical images in TCIA database. In order to compare the superiority of deep learning algorithm in classi-
fication of breast cancer molecular subtypes, gene expression data of TCGA database was used to classify
breast cancer molecular subtypes. In the same breast cancer MRI image database, the classification of

breast cancer molecular subtypes was studied based on traditional machine learning algorithm. Compara-

i BHE: 2023-03-02

E£TA : (W79 AREHEIL A BT H (202203021221063)

EE R BB (1998—), L, Mt , FEMNFGA | BURALBLAISE

BEMEE: £ HE974—), 5, #82, 1WL, FENFAEYFEEY: . RSN AS¥ ST, E-mail: jlaoxiong@tyut.edu.cn,



CEVEE 216 1)

BT A R E 2 SRR Y R LR 70 1AL (B G AR 4 429

tive studies between a variety of deep learning models were conducted in the processing of MRI images

with deep learning algorithm. Fine-tuning VGG16 network and frozen convolution layer were imple-

mented. An improved VGG16 network model was proposed, and a densenet network module was added,
namely VGG16-+densenet (4) model. The accuracy of the improved VGG16 network model was 0. 96,

and the AUC was 0. 97. The classification accuracy of gene expression data was 0.73, and the AUC was

0.79. The classification accuracy and AUC of traditional machine learning reached 0. 80 and 0. 87 respec-

tively. The experimental results show that the proposed VGG16+densenet (4) model improves the accu-

racy of the molecular subtypes of breast cancer and has better classification effect.

Key words: deep learning; breast cancer molecular subtypes; traditional machine learning; data augmenta-

tion; gene expression data
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Fig. 2 Initial MRI images of partial breast cancer
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Tab. 2 The testing sets evaluation indicators in freezing different layers

2 2 Accuracy AUC  Recall  Precision Fl-score
block5_convl 0.94 0.96 0.92 0.96 0.94
block5_conv2 0.92 0.93 0.91 0.94 0.92
block5_conv3 0.93 0.95  0.95 0.93 0.94

block5_conv 0.92 0.94 0.93 0.91 0.92
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Tab. 3 Optimal parameters of the model

VGG16 ML IS5 2k
loss binary _crossentropy
Adam 0.0001

dropout 0.5

batch_size 32

epochs 30
TER R B S Bk Al 2 b, W 1L VGG6,
VGG19, ResNet50, ResNet152, MobileNet,

Xception, DenseNet201 5 DenseNet169 1 8 it [
B M G5, VAR AR AN SR 4 s, Af
LAF i, VGG16 [ 475 5y 2SSO i KHe 12 1 I
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Tab.4 Evaluation index results of eight kinds of network in texture

enhancement database test sets

MR Accuracy AUC  Recall  Precision  Fl-score
VGG16 0.94 0.96 0.92 0.96 0.94
VGG19 0.93 0.94  0.95 0.92 0.93
ResNet50 0.86 0.93  0.85 0.88 0.86
ResNet152 0.86 0.92  0.93 0.92 0.92
MobileNet 0.82 0.89  0.81 0.83 0.82
Xception 0.87 0.91  0.90 0.86 0.88
DenseNet169  0.90 0.96  0.94 0.87 0.90
DenseNet201 0.90 0.94  0.90 0.91 0.90

[FIRERET VGG16 [2% , i FH e 3 ni i )22
WA E batch_siz Bt 32, Adam B 0. 000 1, dropout
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Tab.5 The testing sets evaluation indicators in freezing different layers

B9 Accuracy AUC  Recall Precision Fl-score

block5_convl 0.91 097  0.92 0.90 0.91
block5 _conv2 0.91 0.96  0.95 0.88 0.91
block5_conv3 0.51 0.50 1.00 0.51 0.67
block5_conv 0.91 0.97  0.88 0.93 0.91
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Tab.6 Optimal parameters of the model

VGG16 WA BRI 25 ESES
loss binary _crossentropy
Adam 0.0001
dropout 0.5
batch_size 36
epochs 30
TE R 5 {2 Bk il 2 b, X I VGGG,
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Xception, DenseNet201 5 DenseNet169 3t 8 Fifi %
&I o R EE R, TEM RS ANER 7 s TT
PIE H, VGG16 W25 7E 43 A e i 31 v 504 e L
MR 0. 93, AUC 40. 96,
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Tab.7 Evaluation index results of eight kinds of network in rota-

tion enhancement database test sets

MM Accuracy AUC  Recall Precision  Fl-score
VGG16 0.93 096  0.93 0.93 0.93
VGG19 0.92 0.97 0.95 0.90 0.92
ResNetd0 0.86 0.95 0.80 0.92 0.85
ResNet152 0.77 0.86  0.67 0.84 0.75
MobileNet 0.86 0.93 0.87 0.86 0.86
Xception 0.86 0.93 0.78 0.92 0.85
DenseNet169  0.87 0.92 0.87 0.87 0.87
DenseNet201 0.85 0.92 0.88 0.83 0.86
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Fig.8 Confusion matrix of texture enhancement database
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Fig. 9 densenet (4) network layers
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Tab.8 Evaluation index of the testing sets in freezing different layers

A Accuracy AUC Recall Precision Fl-score

block5_conv1 0.94 0.96  0.93 0.94 0.93
block5 _conv2 0.93 0.95  0.96 0.90 0.93
block5 _conv3 0.94 0.96 0.95 0.94 0.94
block5_conv 0.94 0.97  0.95 0.94 0.94

*9 FAMRLSE

Tab.9 Optimal parameters of the model

VGG16 MRS 45
loss binary _crossentropy
Adam 0.0001
dropout 0.5
batch_size 34
epochs 30

batch _size B 30, 34 #1136, Adam H2 0. 000 2, drop-
out HL 0. 4 F1 0. 6, XF L #) if 2 B0k & B A% i il ik
LA 18 AR, B A4S 0 R 45 VGG6 M 4% 1Y
block5_convl JZ MM SEINER 12 iR,
F 10 SFPILE X L 14 SO s A R I AR AN i bRl SR
Tab. 10 Evaluation index results of eight kinds of network in tex-

ture enhancement database test sets

MZEEIR Accuracy AUC  Recall  Precision  Fl-score
VGG16 0.96 097  0.97 0.95 0.96
VGG19 0.90 0.93  0.89 0.90 0.89
ResNet>0 0.83 0.94  0.97 0.76 0.85
ResNet152 0.84 0.90 0.81 0.87 0.84
MobileNet 0.89 0.94 0.92 0.88 0.90
Xception 0.87 0.93  0.89 0.86 0.87
DenseNet169  0.90 0.964  0.92 0.89 0.90
DenseNet201 0.89 0.94  0.88 0.90 0.89

R 11 HREARE)ZH IO bR

Tab. 11  Evaluation index of the testing sets in freezing different layers

CEIR Accuracy AUC Recall Precision Fl-score
block5_convl 0.93 097  0.90 0.96 0.93
block5_conv2 0.88 0.96  0.95 0.83 0.89
block5_conv3 0.93 0.97  0.92 0.94 0.93

block5_conv 0.91 0.96  0.87 0.95 0.91
£ 12 BIHERSE
Tab. 12  Optimal parameters of the model
VGG16 MR BRL 4k
loss binary _crossentropy
Adam 0.0001
dropout 0.5
batch_size 30
epochs 30

il SO B I, TERALS B & AT L
VGG16, VGGI9, ResNet50, ResNet152, MobileNet
Xception, DenseNet201 5 DenseNet169 3 8 it i1 4%
AIIRER S EE R, PR TR Nk 10 . ATLLE
H, VGG16 AR AT 55 USRS ER R
0.96 , AUC #0.97,

H T VGG16-+densenet (4) W 45 455 784 I {fi
JE e E R U 2, B4R 1% B batch_siz Bt 32, Adam
B2 0.000 1, dropout Bt 0. 5, %45 A HJZ , 4%
Bk 11 fos.

S BR % 45 blockS convl 2 Y HE B R N
0.9323, AUC 24 0.9716, % 45 block5 conv3 & 1Y
HERI R 0.928 8, AUC K 0.971 5. JFLesci it
F % 45 block5 _convl )2 #F 17 2 B0 %% , 10

FEFAR S B0 B R X HE 8 Filt 90 £ (14 0 38 4 43
FKEER, MRETEM eI 13 Fim o ATLLE
L VGG16 ML TE 7 ZAT 55 b B e i R 2R
$70.93, AUC /0.97,

F 13 SFNIGE0 HoHy Bk B3 KR M S VPR 5 A4
Tab. 13 Evaluation index results of eight kinds of network in rota-

tion enhancement database test sets

ML Accuracy AUC Recall Precision  Fl-score
VGG16 0.93 097 0.92 0.95 0.93
VGG19 0.87 0.94 0.83 0.92 0.87
ResNet50 0.90 0.97  0.89 0.92 0.90
ResNet152 0.86 094 0.85 0.88 0.86
MobileNet 0.87 0.93  0.86 0.89 0.88
Xception 0.87 0.93 0.81 0.92 0.86
DenseNet169 0.82 0.92 0.76 0.88 0.81
DenseNet201 0.88 0.94 0.83 0.92 0.87

T30S L RN B PR R PP FE bR A R, R
o FH 0 B 53 00 2 4 45 7 TV RS AR AR A T
TR SR AR P . SR 9 1Y) PRSI 4R 1
R, JOREL, JORE A 10 s, 3
] 30 T84 % 3040 P A A SCRIE S rh i S AP AL
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XA REH VGG16 M 4% i ot Ak )2 %) s B )
S, T MG e s B A RO .
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P10 SO it B0 2 1) TR V8 AL
Fig. 10 Confusion matrix of texture enhancement database
L8 LRk, A TCGA-BRCA Y MRI A
1§54, $2HH VGG16-+densenet (4) 1) R 45 45110
FEFM Luminal A WAL 432 |, #ER% N 0. 96,
AUC 0. 97, & T Zhu 55 25U A5 2 Y
0.651 AUC, [flff, VGG16+densenet (4) #4551
RN 2R RS ) VA SR RN it 2 8 L o]
VGG16 MZFasE , IEBIRAITT (S, BERIA SCHR Y
FUIRIE 320 —E I EFE X

3.6 ETREMEMEHNERRILLFELE

AT XF AR SCHE ) VGG 16-+densenet (4)
A 2 A5 TR0 7 43 28 FLRR AR 43— 2 TR 1 A P A
FE AR RV T, ol P T 2 o 4 ) 286 of b 3 5 PR 3¢
G . FEN IR B AL 1 226 MEEAR K,
A 135 A REAAT B 4 B, P22k 25 4~ IE %
HYREA . W5 T4y 110 MREAS B A1 60 660 4~
DEAT 22, AL BRI, log2 i/l 25 3L, bR
HEAL FE ] Z-score, fi 245 5] 110 /> FE A< £ 4k A
39 276 N HEH . AT PCA FE4E, 4% 110 MREA Y
i Luminal A % 54 451, 4F Luminal A # 56 {51, 1125
B UGIFAE R AR 6:2: 2, FAERAT AR IR B 4
TR 2 R 2858 (DNND , & 11 .

TEHESHL, W batch_size BL5, 6 f17, Adam B
0.0001, 0.0003, 0.0005, 0.0004, 0.0008,
0.001, 0.005#10.01, dropout 0.1, 0.2F10. 3,
RS NR 14 PR,

MR PEH 8 AR P, ERRR N 0. 73, AUC Ky
0.79, BIEZFH0.82, KH#E R 0.69, F1IEHH
0. 75, HA T 48 bn #0 I /N T UG — 50 28508
FEbR o I G4 T IR A5 B4 v B SR 0 il 2k DL TR

WK 12 Fiw

14 BARIES
Tab. 14  Optimal parameters of the model

DNN [ 25 B0 2%y 45
loss binary _crossentropy
Adam 0.000 5
dropout 0.2
batch_size 6
epochs 30
FHER
I
Flatten
I
Dense k—— unils=10, aclivation= ‘relu’
I
Dense k—— units=1, activation= ‘signmoid’

11 DNN M52
Fig. 11 DNN network layers

1 0
BRI

P12 SED SR A IR R

Fig. 12 Confusion matrix of gene expression data

4 BEFEEHBZFEIFENDE
4.1 4FEIRENFATHIE

it 5 TR B 2 > Oy ¥ A0 [R) 7 L AR MIRT £l
i, B TAR GO 2] o R IR o 8
4t — RT #Y9 ROT BIER Ko H X Ry /) mask BEHRAE R
A, FH python H ) pyradiomics $2 B K14 F¢
fiE, pyradiomics $2& 4 ()17 22 0T DU A9 38 % 4%
AL LU 48 S O R A AR SO 242 BT
Fi AIF 28 A AL 5 First Order Features (3£ 19 4>) |
Shape Features (2D) (3£ 10 4~) | Gray Level Co-
occurrence Matrix (GLCM) Features JK & 3t 4= 41
MR fE (3 24 4~) | Gray Level Size Zone Matrix
(GLSZM) Features JK B 2 /IS X 38l 5 (4 5 AiF (3
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16 1) | Gray Level Run Length Matrix (GLRLM)
Features JK & JiiF 72 5 B 4 1F (3 16 4D | Neigh-
bouring Gray Tone Difference Matrix (NGTDM)
Features A/ 4B K B 25 %6 B4 (22 59 | Gray Level
Dependence Matrix (GLDM) Features JK J& < fi 5
FERFIE L1445, TSR] 1125 k.
Lasso B35 X} 1125 AN REAE SE A7 0 %6, fe 28 i %
15 AL

4.2 HEER

HR A Lasso i P45 2] A9 15 4> B R AE , 14
AR GEHLAS 2% ) 3 AR | A48 S HF ) R AL
(Support Vector Machines, SVM) | JE5H | & i
D3 | K-35 4B (K-nearest neighbor, KNN) | 2§
P a3 FIBE AL AR AR (Random Forest, RF), H
B 23R 5 R 0. 80, AUC 4 0.87, &4 HL k2>
SRR IR A R R 15 PR o i TR
o~ o 248 MR ) R R e g AT 3K 0. 96, AUC Hiefidh
H#50.97, LR T VGG16-+densenet (4) 1E 43
B3T3 [ e | i B O

L 15  ALGHLER =) 53 IEq R

Tab. 15 Classification results of traditional machine learning

Jrik Accuracy AUC
SVM 0.70 0.75
PR 0.72 0.75

i i DL 0.61 0.62
KNN 0.67 0.73
2Rk ml 0.64 0.71
RF 0.80 0.87

5 Xtttk

TEAMF TR, BT IR FE 27 2 X FL AR MRI A
B FLIRIE 73 RN T 325, Sl O VGG16
X £ #5780 - 8 I densenet (4) 28 AR, A%, 1) B AS:
T HARE ER R A AUC, PIE 2514 0. 96
F10.97, WL 3 10, B00H VGG16 W24 153 5 i 732
(R HER R AT AUC 2051 0. 94 F110. 96, WLFE 45 Al
FHR P 36 FEURl 28 T 45 43 2 R [ 9 497) 1) ik PR R 2 K0
W, BRRAER R H0.73, AUC H0.79; FET 4
) 2L R MR UGB 22T T A gl a2 2] 0
RI0r2%, Hodh RF 9 HERR R 5= 4 0. 80, AUC fi
o~ 0.87, WLER 15, UEBIA SCHE T B VGG16+
densenet (4) [ 28 54 B 25 ¥4 7E X 43 3L B8 Luminal
A RUFNAE Luminal A B |- @608 E o 8 i % b

NG Ei N R AR xRl MV SRR
Ul AR SCHE H 1) SR TR 2 2 > B TR S i o0 1
AL SE A 9L, TR IR 16,

F 16 ARG AIILBL

Tab. 16  Different classification methods summary

STk KR Accuracy
VGG16-+densenet(4) ViN'Q 0.96
VGG16 FEAE 0.71
H 8% CNN B Sun 211 0.85
RF A 0.68

A SCWF AT AL — 2 B R BR-AE 15 e 2 s
KA, EEA A TR I B il 5 214y
AR AN SRAE LRI o 5 2 5 A TR R 22
FRSEE AR, Blan CT |l A B2 2 UG AU
S LIRS 4 TR A S AR BCR M A DY 3 24
I, IR AL AT 7 HROR 2 BA s it 52
ML, L AE BE 4 i A Bl B= AR AR A AN ] 01 31 2 Al
A HER A EAIRYT , X S 2 Wi R LA
EEEMES . 50, AOT R TRALE
B MFLRE MRUSZARAR B ik T LRl 5 L A1
RIAFER BN AF 2 A2 BIRER, 2
TR ZUNRIEE 73 R A TR 2 B 4 Ty B

6 & &

AR ST RO TR B 2 T O S B T LR
MRI E &1 43 F 8L 4y 25 . R A VGGL6+
densenet (O BLARY , HA TR Z AT M 48 454, If
HAE 2SR Luminal A F19E Luminal A B[] 25
ST S AN FE AR, LR IA 2] 0. 96,
AUC A F]0. 97, R H A9 S0 5 £ 8 RO Fd
Rk ) ik RO e T T AEAR R AN R
Je R o 00 ) R, S 6 A B AR SR et 1 R
SRR T L S WAL 2, AR
B E R E Rz At . SR SRR T LA R Z IR
i A 5 A5 B 3 TR 2 B, RS R B 2
RS, 83205 1 B T A AR i R 52 1
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