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MRI-based deep learning models for quantitative prediction of occult peritoneal metastasis in

advanced gastric cancer

YAO Chun, XIONG Bo, YANG Guihan, LIANG Yuemei, LI Jianhui, YANG Zhiqi
Medical Imaging Center, Meizhou People's Hospital, Meizhou 514031, China

Abstract: Objective To explore the feasibility and value of multiple deep learning models based on magnetic resonance
imaging (MRI) for the prediction of occult peritoneal metastasis (OPM) in advanced gastric cancer. Methods A retrospective
analysis was conducted on 476 patients with pathologically confirmed advanced gastric cancer and negative preoperative
MRI findings for peritoneal metastasis. All patients were randomly divided into a training set (n=334) and a test set (n=142)
at a ratio of 7:3. Three-dimensional tumor regions of interest were manually delineated on T,WI-FS sequences. Three deep
learning models, including ResNet50, Med-ViT, and TP-Mamba, were trained, and their performance was evaluated using the
area under the receiver operating characteristic curve (AUC), sensitivity, specificity, the DelLong test, integrated
discrimination improvement, and decision curve analysis. Results Med-ViT model (training set AUC=0.860; test set
AUC=0.763) exhibited superior performance in predicting OPM compared with TP-Mamba model (training set AUC=0.767;
test set AUC=0.652) and ResNet50 model (training set AUC=0.528; test set AUC=0.570). In both the training and test sets,
the DeLong test showed that Med-ViT had significantly higher AUC values than the other two models (P<0.05). Integrated
discrimination improvement analysis demonstrated that Med-ViT model achieved the optimal comprehensive discrimination
improvement ability, and decision curve analysis reflected its greatest net benefit. Conclusion The self-attention mechanism-
based Med-ViT deep learning model can accurately predict the risk of OPM in advanced gastric cancer and outperforms
ResNet50 and TP-Mamba. Therefore, it is expected to serve as a reliable auxiliary tool for non-invasive preoperative
screening of patients at high risk of OPM.
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Figure 1 Flowchart for quantitative prediction of occult peritoneal metastasis in advanced gastric cancer using MRI-based deep learning models
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Table 1 Comparison of clinical characteristics of patients with advanced gastric cancer [ cases (%)]

P X=026  0.609
5 333(69.96) 97(68.31) 236(70.66)
& 143(30.04) 45(31.69) 98(29.34)

CEA X’=0.01 0913
<5 ng/mL 310(65.13) 93(65.49) 217(64.97)
>5 ng/mL 166(34.87) 49(34.51) 117(35.03)

CA19-9 X’=0.06  0.804
<37 U/mL 329(69.12) 97(68.31) 232(69.46)
>37 U/mL 147(30.88) 45(31.69) 102(30.54)

T4 X=1.40 0236
T, 231(48.53) 63(44.37) 168(50.30)
Ty, 245(51.47) 79(55.63) 166(49.70)

Borrmann 43 X=0.11  0.743
I~I11 %Y 393(82.56) 116(81.69) 277(82.93)
vV 7 83(17.44) 26(18.31) 57(17.07)

CEA MBI, CA125 A BUE 125, CA19-9: HEISHL) 19-9

2 IMAEBEVIAEFARE DA RELLER

Table 2 Performance comparison of 3 models in the training and testing sets

ResNet50 40.25 69.89 0.528(0.459~0.597) 84.95 32.65 0.570(0.471~0.670)

Med-ViT 73.03 93.55 0.860(0.821~0.899) 45.16 97.96 0.763(0.686~0.841)
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Figure 2 Comparison of diagnostic performance among 3 models
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Figure 3 Decision curve analysis of 3 models in the training set (a) and the test set (b)
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