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Research on lymph node metastasis classification based on end-to—end model
LI Yajing, CHEN Lu, YANG Xukai, WANG Kaiyi, YANG Chunlin
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Lanzhou 730020, China)

Abstract: In Non-Small Cell Lung Cancer ( NSCLC), lymph node metastasis is a critical marker of disease progression and
significantly impacts patient prognosis. Therefore, for early—stage NSCLC patients, accurately identifying lymph node metastasis is
crucial for treatment planning. This research develops a diagnostic model called ASCLS, which combines PET/CT imaging and
clinical text information to enhance the precision of NSCLC metastasis diagnosis. The ASCLS model uses a deep learning framework
to extract features from PET/CT images and applies table Transformer technology to process patients” clinical text data, thereby
learning the correlations between different data modalities to provide a more comprehensive basis for metastatic diagnosis. The
experimental results of the study show that the ASCLS model performs excellently in terms of diagnostic accuracy, sensitivity, and
specificity, with an AUC value as high as 0. 83. This research not only proves the effectiveness of multi modal data in cancer
diagnosis, but also provides new methodological support for the precision treatment of Non—Small Cell lung Cancer.
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Fig. 1 System architecture of ASCLS
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Fig. 4 Gate fusion module
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Fig. 5 AS Encoder and Parallel Hybrid Convolution and Attention module
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Fig. 6 Structure of FT-Transformer
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Fig. 7 Data selection process
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Table 1 Experimental environment and parameter settings
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Table 2 Comparison of lymph node metastasis prediction results using different methods
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Table 3 Comparing the impact of different components on lymph node metastasis prediction results
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Fig. 8 Confusion matrix visualization results ( Binary Classification)
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Fig. 9 Heatmaps corresponding to PET slices of different patients
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