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Abstract: Breast cancer is the first malignant tumor in women worldwide. Studying on breast cancer
diagnosis and prediction methods based on neural network models is to combine clinical and machine
learning to help medical workers more quickly and accurately determine the disease or not, and solve the
problems of over—fitting, missed diagnosis rate and high misdiagnosis rate in existing models, and
improve the accuracy of prediction models. The University of California Irvine(UCI) data set contains
669 samples, including 357 benign samples and 212 malignant tumor samples, a total of 10 features to
train the prediction model. The 10 neural network models are combined through Adaboost method, that
is, multiple weak classifiers are combined by Adaboost algorithm to form a strong classifier. The final
output is an integrated prediction model with higher accuracy, stronger self-learning ability, adaptive
ability and excellent generalization performance. The conclusion shows that the prediction accuracy of
the model is 98.550 7%, and the Accuracy(AUC) is 0.996 6, which indicates that the established model is
very stable, and has good discrimination and good verification effects. It provides further technical
support and guarantee for clinical application.
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Tablel Hidden layer node selection

neural network hidden layer training steps error
Netl 4 15 1.13x10
Net2 5 17 1.76x107°
Net3 6 5 5.89x107°
Net4 7 19 3.08x107°
Net5 8 26 2.76x107°
Net6 9 15 5.79x107
Net7 10 32 5.21x10°°
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Table2 Comparison of model accuracy by different methods
confirmed misdiagnosis accuracy/%
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BP X >
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malignant 27 3 90.000 0
DecisionT; benign 40 3 93.0233
15101 1 I
CCISIONTI®®  malignant 2 4 84.6154
benign 39 1 97.500 0
ELM .
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Table3 Comparison of different studies

author tumor type cases data type AUC
Chen.et al™ breast cancer 683 clinical, nuclear characteristic 0.994
Chen.et al™ lung cancer(cross dataset) 440 clinical, genetic 0.835
Tomczak breast cancer 949 clinical 0.738
this study breast cancer 569 nuclear characteristic 0.997

Btk B L OO A Y vp A A ) i L5 R A KR 12 R MRS R m g R, 42 1 T % T BP_Adaboost i
FUR R IO AR 2 Y S B BP M 22 9 26 R Adaboost J7 VA RO AR, SEBE T 20 SRS A B i ELMCSSOROR B B R
18 3o B BIL S 6 96 i 3 W2 R SR MERE AR E , R 25/ HL R A RO AL RE Ty, [R] A A 2 B o U A A o
A BT BRI TARE s . 7 2 Wr o LR IO A R o A R 0 4R v X TR SR I R 5 HILAR s 2T RS
HEME L HET RS R R s, B+ P R Bl i LA S 5T, A SR 5 R 4F A
R R E A PLES , AT LA BT N LR T4 SR BB EE B AR, R HTI 415 01 & LB I
AR R LR R, M SRS Itd I, Wk P s e Al i R o F BRI RO 2R AT 2 A s O A
R LA B A 0 R E L, TEIR ST T, K ARSE IR AL & I PR B2 22 R, 0 7 19 FL I T
DAY HE AT AN T BT, R B Hn SE A B O ik

SELH

[1] ARGk, ey 6 R AE I 2 i B2 00 B w828 (1], Mg 7 53397, 2019,32(3):199-206. (SONG Zhengfang. Strategic thinking
on the establishment of cancer screening system in China[J]. Journal of Cancer Control and Treatment, 2019,32(3):199-206.)

[2] BISWAS S K,MUKHERJEE D P. Recognizing architectural distortion in mammogram:a multiscale texture modeling approach
with GMM[J]. IEEE Transactions on Biomedical Engineering, 2011,58(7):2023-2030.

[3] HAMIDINEKOO A,DENTON E,RAMPUN A, et al. Deep learning in mammography and breast histology,an overview and future
trends[J]. Medical Image Analysis, 2018(47):45-67.

[4] DHUNGEL N, CARNEIRO G,BRADLEY A P. Fully automated classification of mammograms using deep residual neural
networks[C]// 2017 IEEE 14th International Symposium on Biomedical Imaging(ISBI 2017). Melbourne, VIC, Australia: IEEE,
2017:310-314.

[5] RIRCAERKA,EMH.% . —Fdcah ) SVM B ETEZLURE2 W TR ], TP LR SR, 2017,39(3):562-566. (WU
Chenwen, LI Changsheng, WANG Wei, et al. Application of an improved support vector machine algorithm in the diagnosis of
breast cancer[J]. Computer Engineering & Science, 2017,39(3):562-566.)

(6] M2 X B2 AR TN FE 45 . BT SFS-SVM i FL AR FLIN A AU A #  [1]. vl [l R~ ) B2 2R, 2019,36(7):826-829. (LAL
Shengsheng, LIU Qiancheng, YU Liling, et al. Construction of breast cancer prediction model based on SFS-SVM[J]. Chinese
Journal of Medical Physics, 2019,36(7):826-829.)

[7] W= W XER,5% . AdaBoost SLILMF ST R 5 R ER[)]. H shfb 2%k, 2013,39(6):745-758. (CAO Ying,MIAO Qiguang,
LIU Jiachen,et al. Advance and prospects of AdaBoost algorithm[J]. Acta Automatica Sinica, 2013,39(6):745-758.)

[8] WOLBERG W H,MANGASARIAN O L. Multisurface method of pattern separation for medical diagnosis applied to breast
cytology[J]. Proceedings of the National Academy of Sciences of the United States of America, 1990,87(23):9193-9196.

[9] SIJR,YAN Z.HU S J,et al. Comparison of LVQ and BP neural network in the diagnosis of diabetes and retinopathy[C]// The 4th
International Conference of Pioneering Computer Scientists, Engineers and Educators(ICPCSEE 2018). Zhengzhou, China:
Springer, 2018:455-466.

[10] EZ.5K5, .55 . 56+ ELM /9 8 CART PSR B [l H 575 [J]. 35 HL R 480 L 2021,30(2):201-206. (WANG Hong,
ZHANG Qiang, WANG Ying,et al. Improved CART decision tree regression algorithm based on ELM[J]. Computer Systems &



e

o+

8 1 EE K% ETFBP Adaboost WA K ZLBRES BTN 5 i 5 1021

Applications, 2021,30(2):201-206.)

(1] EMRHL e T . e T B HLAR R A L0 A0 B 1508 73 B 1 503k (0], KR 22 Bk 5 it 75 B 41z, 2020,18(4):665-671,
686. (WANG Chengkai, YANG Xiaomin, YAN Binyu. Infrared image super—resolution algorithm based on random forest[J].
Journal of Terahertz Science and Electronic Information Technology, 2020,18(4):665-671,686.)

[12]  ZEsk A H 2R, R34 . BT ALER 7 ~) J7 ik (0 s P i A8 2 IS PO AIE 52 (D). oh R0 B2 2, 2019,14(3):34-37. (LI Lin,
YANG Ridong, WANG Zhe,et al. Prognosis of primary liver cancer patients based on machine learning method[J]. China Digital
Medicine, 2019,14(3):34-37.)

[13] CHEN H L,YANG B,LIU J,et al. A support vector machine classifier with rough set—based feature selection for breast cancer
diagnosis[J]. Expert Systems with Applications, 2011,38(7):9014-9022.

[14] CHEN Y C,KE W C,CHIU H W. Risk classification of cancer survival using ANN with gene expression data from multiple
laboratories[J]. Computers in Biology and Medicine, 2014(48):1-7.

[15] TOMCZAK J M. Prediction of breast cancer recurrence using classification restricted Boltzmann machine with dropping[EB/
OL]. (2013-10-30)[2015-08-28]. https://arxiv.org/ahs/1308.6324.

[16] JtZfe, {35 W HEAR A5 . MLAR 7 > 76 IR P 12 W5 TR S0 o g 2 FH (D). BR 2 £ BA# A, 2016,37(11):10-14,22. (SHI
Wei,XUE Jun,PAN Cuiran,et al. Applications of the machine learning in early diagnosis and prognostic prediction of tumors[J].
Journal of Medical Informatics, 2016,37(11):10-14,22.)

EEE N
BEC1995-), L, LA, ERHR ZERNE(1992-), F, WL, FEHE TN EB

7 1) A= AR S K e 42 4 Ab R
X FEEAR(1999-), %, FEEEM LU AE, EES EEMFE1969-), F, [, H¥Z, LEBT TN
718 0 A= AR S e 42 4 S EGRG

E FE0984-), Lo, WA, PR, FEHFIE 5N
A A BEE TS 4 .



