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Abstract In recent years,gene diagnosis has been one of the new and effective methods to improve the cure rate of lung cancer,
but it has the problems of time-consuming,high cost and serious damage from invasive sampling. In this paper.an unsupervised
learning method of Lung cancer subtype recognition based on paired learning and image clustering is proposed. Firstly,the unsu-
pervised convolution feature fusion network is used to learn the deep representation of lung cancer CT images and effectively cap-
ture the important feature information that is ignored,and the final fusion features containing different levels of abstract informa-
tion is used to represent lung cancer subtypes. Then,the classification learning framework of combined paired learning and image
clustering is used for modeling,and the learnt feature representation is fully utilized to ensure effective clustering learning, so as
to achieve higher classification accuracy. Finally,survival analysis and gene analysis are used to verify lung cancer subtypes from
multiple perspectives. Experiments on the data sets of the cooperative hospital and TCGA-LUAD show that, through reliable and
non-invasive image analysis and radiological imaging technology,three subtypes of lung cancer with different molecular characte-
ristics have been found by this method. It can effectively assist doctors in accurate diagnosis and personalized treatment while re-
ducing problems in gene detection,so as to improve the survival rate of lung cancer patients.

Keywords Lung cancer subtype recognition,Paired learning,Image clustering, Unsupervised learning,Deep representation
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UC-CPLIC general frame diagram
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Fig. 2 Unsupervised convolutional feature fusion network flowchart
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Fig. 4 Combined with paired learning and image clustering model
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Table 1 Experimental results of two methods on two datasets
C ati Avera
DataSet Method OOPCrEVE CGA-LUAD e
Hospital Value
Accuracy K-means 0.81 0.83 0.82
rate UC-CPLIC 0.94 0. 94 0.94
Precision K-means 0. 81 0.83 0.82
rate UC-CPLIC 0.95 0.91 0.93
K-means 0. 81 0.83 0.82
Recall rate
UC-CPLIC 0. 94 0.92 0.93
K-means 0.81 0.83 0.82
F value
UC-CPLIC 0.91 0.93 0.92
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Table 2 Accuracy comparison of five methods on two datasets

DataSet Cooperative Hospital TCGA-LUAD
ST1 0.75 0.71
ST2 0.83 0. 85
DBSCAN 0.79 0. 82
DEC 0.91 0.92
UC-CPLIC 0.95 0.93
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Table 3 Molecular subtypes of lung cancer and incidence of prognosis remission under action of targeted drugs

RETA BAHx AHm=219) REKE 55 MR AL FTAE EACEE] MEEMRER/N
1.1 16 EGFR % th ® & EGFR it R TSR 65
1.2 36 EGFR fif % % % EGFR Jit B P 3% % B 72
. Veristrat & @ i . 5 F
1.3 29 B EGFR Jift B BEAE 64
2.1 44 K-ras 3 f & % K-ras il 3 5 R 44
3.1 64 EML4-ALK EML4-ALK il E Keytruda(K %) 89
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