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technology, and to evaluate the performance of these models. Methods: Classification and grading datasets for gastric cancer and non-
cancerous tissues were collected from public online resources. Data augmentation was performed, and the dataset were divided into
training, validation, and test sets. In the initial stage, 17 convolutional neural network (CNN) architectures were constructed, and the
initial training parameters were uniformly set to train these 17 models for the classification of gastric cancer and non-cancerous tissues.
After training, the recognition accuracy on the test set and the training time were used as evaluation indicators to comprehensively
assess the efficacy of different model architectures. Based on these indicators, the optimal architecture was selected for further
optimization and training to construct the gastric cancer classification model. After the completion of the classification model, the
gastric cancer grading model was built based on the foundation of the classification model. During the training of the gastric cancer
grading model, 17 grading networks were trained, and suitable base models were selected according to performance indicators. After
the base model was determined, voting and stacking methods were applied for ensemble learning and compared with single models to
explore the impact of ensemble learning on performance improvement and to construct the gastric cancer grading model. Results: In
the training of the gastric cancer classification model, the Xception network was selected as the final classification model after
comparison. After parameter adjustment and training, the final gastric cancer classification model achieved an accuracy of 98.13%,
sensitivity of 98.11%;, specificity of 98.11%, F1 score of 98.12%, and AUC of 0.998 on the test set. In the training of the gastric cancer
grading model, the stacking method represented by random forest showed significant improvement compared to the voting method
represented by hard voting. The ensemble model based on random forest was selected as the final grading model, with an accuracy of
95.06% , sensitivity of 94.77% , specificity of 98.36% , and F1 score of 94.82%. The area under the receiver operating characteristic
(ROC - AUC) curve values were 0.999 for benign, 0.981 for poorly differentiated tubular adenocarcinoma, 0.990 for moderately
differentiated tubular adenocarcinoma, and 0.995 for well - differentiated tubular adenocarcinoma. Conclusion: Both models
demonstrated excellent recognition performance, proving the feasibility of using CNN to achieve high - precision classification and
grading of gastric tumor pathological images. The transfer-learning and ensemble-learning framework was successfully applied to the
grading of gastric tumor images and holds promise for integration into hospital intelligent diagnostic assistance systems.
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Table 1 Preliminary model training results

Network Validation set accuracy(95%CID) (%) Training time consumption
EfficientNetBO 96.07(95.47-96.63) 51 min 27 s
NASNetMobile 95.22(94.62-95.78) 66 min 23 s
Xception 95.22(94.56-95.84) 32 min 44 s
MobileNetV2 94.48(93.82-95.15) 18 min 56 s
DenseNet201 93.86(93.16-94.48) 150 min 30 s
ResNet18 92.28(91.48-93.02) 9 min 55 s
InceptionV3 92.03(91.29-92.87) 21 min 58 s
Darknet53 91.66(90.76-92.47) 34 min 43 s
ResNet50 91.04(90.22-91.86) 23 min 59 s
ResNet101 87.83(86.86-88.82) 36 min
ShuffleNet 83.09(82.02-84.18) 16 min 40 s
InceptionResNetV2 71.06(69.80-72.30) 62 min 16 s
VGG16 53.11(51.69-54.50) 20 min 6 s
SqueezeNet 53.11(51.63-54.56) 9min 52 s
VGG19 53.11(51.61-54.60) 27 min 7 s
GoogleNet 53.11(51.59-54.70) 12 min 14 s
Darknet19 52.88(51.33-54.32) 13 min 13 s
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Table 2 Single-model grading performance
Network Accuracy(95%CI)  Average sensitivity(95%CI)  Average specificity (95%CI)  Average F1-score(95%CI)
ResNet101 93.34(92.85-93.83) 92.91(92.41-93.44) 97.78(97.62-97.95) 93.02(92.52-93.53)
ResNet50 93.29(92.78-93.75) 92.84(92.31-93.34) 97.76(97.59-97.92) 92.97(92.43-93.45)
EfficientNetBO 93.11(92.60-93.57) 92.62(92.10-93.11) 97.71(97.54-97.87) 92.70(92.17-93.18)
DenseNet201 92.93(92.41-93.42) 92.55(92.00-93.10) 97.67(97.49-97.83) 92.54(91.98-93.06)
ResNet18 92.51(91.97-93.02) 92.04(91.49-92.58) 97.51(97.32-97.68) 92.16(91.61-92.69)
MobileNetV2 92.21(91.67-92.71) 91.71(91.16-92.24) 97.41(97.23-97.58) 91.80(91.25-92.32)
Darknet53 92.06(91.53-92.59) 91.47(90.90-92.03) 97.36(97.18-97.53) 91.67(91.11-92.23)
Xception 91.84(91.30-92.33) 91.47(90.90-92.04) 97.30(97.12-97.48) 91.50(90.93-92.06)
NASNetMobile 91.29(90.74-91.83) 90.57(89.96-91.15) 97.10(96.91-97.28) 90.80(90.22-91.37)
ShuffleNet 90.97(90.42-91.52) 90.34(89.74-90.93) 97.00(96.81-97.19) 90.49(89.89-91.07)
InceptionResNetV2  90.86(90.28-91.42) 90.49(89.91-91.07) 96.98(96.79-97.16) 90.43(89.84-91.01)
InceptionV3 90.61(90.04-91.16) 90.07(89.45-90.64) 96.88(96.69-97.06) 90.14(89.53-90.71)
VGG16 90.47(89.84-91.05) 90.01(89.42-90.61) 96.84(96.63-97.04) 90.07(89.47-90.66)
VGG19 89.97(89.40-90.56) 89.38(88.81-89.96) 96.66(96.46-96.85) 89.48(88.90-90.05)
GoogleNet 88.75(88.16-89.38) 88.15(87.53-88.82) 96.26(96.06-96.48) 88.26(87.66-88.91)
Darknet19 86.75(86.09-87.47) 85.65(84.95-86.38) 95.56(95.33-95.80) 85.98(85.26-86.71)
SqueezeNet 83.83(83.10-84.53) 82.97(82.22-83.72) 94.62(94.38-94.86) 83.18(82.41-83.91)
R3 EMIERMRER
Table 3 Average performance index of ensemble models
Network Accuracy(95%C1)  Average sensitivity (95%CI)  Average specificity(95%CI)  Average F1-score(95%CI)

Hard voting method

Random forest

94.38(93.93-94.84)
95.06(94.64-95.47)

93.98(90.23-97.72)
94.77(94.32-95.21)

98.13(97.24-99.25)
98.36(98.23-98.50)

94.08(91.14-97.34)
94.82(94.38-95.26)

JiE AUC=0.995 (95% CI: 0.994~0.996) . 11 AUC=
0.991(95%C1:0.990~0.992) , & 7~ A1t 75 TR A 1 e .
23 ARG RABEPIFE
Phik TCGA H s BRI v B L 517 s b 3
HEAT v 2 i B2 Wi R . BN 7 BRI
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Figure 7 ROC curve of grading model
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