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Abstract Gastric cancer is one of the significant lethal cancers in China. Most patients are diagnosed at an
advanced stage, and if gastric cancer can be detected at an early stage through large-scale screening, patient survival
can be considerably improved. In China, there are two obstacles toward the large-scale screening of early gastric
cancer. One is that endoscopy is overly invasive, resulting in low patient acceptance, and the other is that the
number of endoscopists is too small compared with China’s large population. A capsule endoscopic robot can
alleviate the first obstacle, and the second obstacle is expected to be solved using artificial intelligence. We

transferred the state-of-the-art Big Transfer (BiT) to a small dataset of early gastric cancer endoscopic images and
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built an early gastric cancer classification model based on white-light endoscopic images. We customized the BiT
hyperparameter rules in transfer learning based on local situations. The batch size was selected according to the GPU
memory limit, and based on the batch size, the linear scale rules were used to adjust the optimizer’s initial learning
rate dynamically. The total number of training images for the small dataset was set at 256000, on which other
hyperparameters of the transfer learning were set. This study experimented with multiple models having the same
structure of ResNet-v2 but different depths and widths. The best model has a depth of 101 and a width three times
the original one. It has an accuracy of 97.14% , an F1 score of 94. 77% , a sensitivity of 90. 67% , and a specificity
of 99.73% on the test set. Furthermore, the results show that the effect of batch size on the model training is
statistically insignificant. This paper transferred a large model to a small dataset of endoscopic images with the Bi'T
customization. This will promote the use of large-scale models in the field of endoscopic image analysis, which can

help realize a large-scale screening of early gastric cancer.
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Table 1 Batchsizes and parameter amounts of the five BiT backbone networks

Parameter 50X 1 101 X1 50X 3 101X 3 152X 4
Batchsize 32 16 8 4 4%
Number of parameters 23504450 42496578 211186370 381802178 928356610

*Because the 152X 4 backbone network has too much parameters that its requirement of memory exceeds the upper limit of our

GPU during the global fine-tuning. This value is the batchsize used during the local fine-tuning where the backbone’s parameters

are untrainable.
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Fig. 1 Comparison of four metrics among the models with different backbone networks, the spot size represents the number of

trainable parameters of each model. (a) Accuracy; (b) F1-score; (¢) sensitivity; (d) specificity
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Table 2 Testing metrics of the models with different backbone networks on test set

Size of backbone network Trainable state Accuracy /% Sensitivity /% Specificity /% Fl-score /%
50X 1 TRUE 95. 04 89. 33 97.33 91.16
50X 1 FALSE 92. 37 84.67 95.45 86. 39
101 X1 TRUE 94.47 86. 67 97.59 89.97
101 X1 FALSE 94. 08 88. 67 96. 26 89. 56
50X 3 TRUE 95.99 93.33 97.06 93.02
50X 3 FALSE 93.13 83.33 97.06 87.41
101X 3 TRUE 97.14 90. 67 99.73 94.77
101X 3 FALSE 94. 85 88. 00 97.59 90.72
152X 4 FALSE 94. 08 82.67 98. 66 88. 89
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FERY R, HOR AR SO 7 T, 101 X 3470 [ 50 < 3
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backbone network under different batchsizes

Sensitivity ~ Specificity F1-score

L 101X 38 T I 25 S 2L ik frg s 78 Batchsize Accuracy /% /9% /% /%
3.3 BHRHEILR 32 95. 04 89.33 97.33  91.16

R T 2 5 A ORI XA R (R I R R e B 16 95. 23 89.33 97.59  91.47
S, X 50X 1 1 25 A T R 4T T 2 FoAS [] PRt 8 95.23 90. 00 97.33 91.53
YR A 1) 42 Ry SR I 25 S 3, 38 A ERHE TR B0 A 4 93.89 89. 33 95.72  89.33
519 32,16,8,4,2.1, @2@)%#?1 6 A~ 58 R A 2 95.23 88.67 97.86 9141
MR F i ROC HZE A AUC, WLEE 53X 6 /1 % [y 1 95.42 90. 00 97.59 91. 84
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Table 4 The Pearson correlation scores and their p-values

between the four metrics and the batchsize in Table 3

Parameter Accuracy Sensitivity Specificity F1-score
Correlation score  0.0835 —0.0784 0.1056 0.0753
p-value 0.8750  0.8826 0.8423 0.8873
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Fig. 3 Confusion matrices of all the models applied on the test set, C represents the cancer label, NC represents the non-cancer label
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