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Abstract

In this paper, the classification of 87 female endometrial gene expression samples based on con-
volutional neural network (CNN) is discussed. First, the genes corresponding to the missing data
were deleted and the signal-to-noise ratio was calculated to filter out the unrelated genes. Then,
the corresponding data of each indicator is put into CNN to calculate the classification accuracy
rate. Then each indicator was normalized, and the classification accuracy rate of the four indica-
tors combined was also obtained through CNN. Finally, the lower triangular matrix and the upper
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triangular zero element processing are used to improve the initial convolution kernel. The latter
can effectively improve the classification accuracy rate of training set and test set.
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Table 2. Convolutional neural network structure setting
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Table 3. The classifification accuracy rate of each indicator
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Figure 1. The error rate of different data sets when the number of feature graphs is from 1 to 10
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Figure 2. The error rate of different data sets when the number of feature graphs is from 1 to 10
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Figure 3. The error rate of different data sets when the number of feature graphs is from 1 to 10
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Table 5. The classification accuracy rate of different initial convolution kernel methods

® 5 TEVIHEEREG AN S LERR

VIUERE T HEAE AN eSS R
1 5 96.67% 95.4%
2 7 96.99% 97.7%
3 7 97.43% 97.7%
5. &g

RSO BALRARHEAT WAL EL, IR B KA i NG B L M g . S5, BATSRYIR L

BRI Z RS D SR A HUL T MBI E = 0 FEHALT. NAHRE,
EEA 0 LRI . MR RAEI T 97.7%, WIASMER AN B B, JERT DL
SRS P R 20 9 4 1 S A PR P 0 S, O L, X T LA DR K 0 4 25 T
e T LR T T AR AL

EHEWHE

AR E 5 SRR 5 4261703083 A1 61673100) F1 [ 5% 7 2 5 4 %5(201706085041) 7% B .

&E 3k

[1]
[2]

(3]

(4]
[5]
(6]
(7]
(8]

[9]

PR AR > S R DR B A R I B RE W FE[D]: [ 200 50]. Kb iR K%, 2015.

Golub, T.R., Slonim, D.K., Tamayo, P., et al. (1999) Molecular Classification of Cancer: Class Discovery and Class
Prediction by Gene Expression Monitoring. Science, 286, 531-537. https://doi.org/10.1126/science.286.5439.531

Alon, U., Barkai, N., Notterman, D.A., et al. (1999) Broad Patterns of Gene Expression Revealed by Clustering Analy-
sis of Tumor and Normal Colontissues Probed by Oligonucleotide Arrays. Proceedings of the National Academy of
Sciences of the United States of America, 96, 6745-6750. https://doi.org/10.1073/pnas.96.12.6745

Armstrong, S.A., Staunton, J.E., Silverman, L.B., et al. (2002) MLL Translocations Specify a Distinct Gene Expression
Profile That Distinguishes a Unique Leukemia. Nature Genetics, 30, 41-47. https://doi.org/10.1038/ng765

Hu, H.P., Niu, Z.J., Bai, Y.P. and Tan, X.H. (2015) Cancer Classification Based on Gene Expression Using Neural
Networks. Genetics and Molecular Research, 14, 17605-17611. https://doi.org/10.4238/2015.December.21.33

Peterson, C. and Ringner, M. (2003) Analyzing Tumor Gene Expression Profiles. Artificial Intelligence in Medicine,
28, 59-74. https://doi.org/10.1016/S0933-3657(03)00035-6

Zhang, J., Hu, X.G. and Zhang, Y.H. (2012) K-Split Lasso: An Effective Feature Selection Method for Tumor Gene
Expression Data. Journal of Frontiers of Computer Science and Technology, 6, 1136-1143.

Hu, H.P., Wang, H.Y., Bai, Y.P. and Liu, M.X. (2019) Determination of Endometrial Carcinoma with Gene Expression
Based on Optimized EIman Neural Network. Applied Mathematics and Computation, 341, 204-214.
https://doi.org/10.1016/j.amc.2018.09.005

Tirumala, S.S. and Narayanan, A. (2019) Classification and Diagnostic Prediction of Prostate Cancer Using Gene Ex-
pression and Artificial Neural Networks. Neural Computing and Applications, 31, 7539-7548.
https://doi.org/10.1007/s00521-018-3589-8

DOI: 10.12677/csa.2021.116180 1753 THEAURF 5 R


https://doi.org/10.12677/csa.2021.116180
https://doi.org/10.1126/science.286.5439.531
https://doi.org/10.1073/pnas.96.12.6745
https://doi.org/10.1038/ng765
https://doi.org/10.4238/2015.December.21.33
https://doi.org/10.1016/S0933-3657(03)00035-6
https://doi.org/10.1016/j.amc.2018.09.005
https://doi.org/10.1007/s00521-018-3589-8

B, okt

[10]
[11]

[12]

[13]

[14]

[15]

[16]
[17]
[18]

[19]

[20]
[21]

[22]

[23]

BHLLSE, b, Phag, FIHIPRE. JETIERRIE T E NS 2K 00]. BEnsEE S AR, 2017, 47(18): 111-115.

Gunavathi, C., Sivasubramanian, K., Keerthika, P. and Paramasivam, C. (2020) A Review on Convolutional Neural
Network Based Deep Learning Methods in Gene Expression Data for Disease Diagnosis. Materials Today: Proceed-
ings, 45, 2282-2285. https://doi.org/10.1016/j.matpr.2020.10.263

Mabharjan, S., Alsadoon, A., Prasad, P.W.C., et al. (2020) A Novel Enhanced Softmax Loss Function for Brain Tumour
Detection Using Deep Learning. Journal of Neuroscience Methods, 330, 108520.
https://doi.org/10.1016/j.jneumeth.2019.108520

Lecun, Y., Boser, B., Denker, J.S., et al. (1989) Backpropagation Applied to Handwritten Zip Code Recognition.
Neural Computation, 1, 541-551. https://doi.org/10.1162/nec0.1989.1.4.541

Zou, X.W., Wang, Z.D., Li, Q. and Sheng, W.G. (2019) Integration of Residual Network and Convolutional Neural
Network along with Various Activation Functions and Global Pooling for Time Series Classification. Neurocomputing,
367, 39-45. https://doi.org/10.1016/j.neucom.2019.08.023

Sezer, O.B. and Ozbayoglu, A.M. (2018) Algorithmic Financial Trading with Deep Convolutional Neural Networks:
Time Series to Image Conversion Approach. Applied Soft Computing, 70, 525-538.
https://doi.org/10.1016/j.as0¢.2018.04.024

RUHHA. e TR PE 22 S RN e LR B S JE[D]: [ 2608 3], BN BN K27, 2020.
ST, T BN 2% R AR SR FE[D]: [ 2 R0 3C). 7300 T3 MIREE, 2019.

Liu, J.L., Chao, F., Lin, C.-M,, et al. (2021) DK-CNNs: Dynamic Kernel Convolutional Neural Networks. Neurocom-
puting, 422, 95-108. https://doi.org/10.1016/j.neucom.2020.09.005

Li, G.Q., Shen, X.Z., Li, J.J. and Wang, J.Y. (2021) Diagonal-Kernel Convolutional Neural Networks for Image Clas-
sification. Digital Signal Processing, 108, 102898. https://doi.org/10.1016/j.dsp.2020.102898

MRoCHt. T UREE 2 S TR i A0 2R BR R SLVA W FL[D]: [ 224 18 5L, MRV A /R Tl K 2%, 2019.
Gu, J.X., Wang, Z.H., Jason, K., et al. (2018) Recent Advances in Convolution Neural Networks. Pattern Recognition,
77, 354-377. https://doi.org/10.1016/j.patcog.2017.10.013

Jha, S., Son, L.H., Kumar, R., et al. (2019) Neutrosophic Image Segmentation with Dice Coefficients. Measurement,
134, 762-772. https://doi.org/10.1016/j.measurement.2018.11.006

Finch, B.K. and Beck, A.N. (2011) Socio-Economic Status and z-Score Standardized Height-for-Age of U.S.-Born
Children (Ages 2 - 6). Economics and Human Biology, 9, 272-276. https://doi.org/10.1016/j.ehb.2011.02.005

DOI: 10.12677/csa.2021.116180 1754 H LR 15


https://doi.org/10.12677/csa.2021.116180
https://doi.org/10.1016/j.matpr.2020.10.263
https://doi.org/10.1016/j.jneumeth.2019.108520
https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1016/j.neucom.2019.08.023
https://doi.org/10.1016/j.asoc.2018.04.024
https://doi.org/10.1016/j.neucom.2020.09.005
https://doi.org/10.1016/j.dsp.2020.102898
https://doi.org/10.1016/j.patcog.2017.10.013
https://doi.org/10.1016/j.measurement.2018.11.006
https://doi.org/10.1016/j.ehb.2011.02.005

	基于卷积神经网络的子宫内膜癌分类问题
	摘  要
	关键词
	Classification of Endometrial Carcinoma Based on Convolutional Neural Network
	Abstract
	Keywords
	1. 引言
	2. 基本理论
	2.1. 卷积神经网络
	2.2. 归一化法

	3. 数据预处理
	4. 实验
	4.1. 卷积神经网络
	4.2. 线性综合指标
	4.3. 卷积核改进
	4.4. 比较

	5. 结论
	基金项目
	参考文献

