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Construction of gastroscopic image recognition model based on transfer learning and its application in gastric
cancer diagnosis
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[Abstract] Objective To construct a gastroscopic image recognition model based on transfer learning and to explore
its diagnostic value for gastric cancer. Methods The clear white-light gastroscopic images from 2 001 gastric cancer
patients, 2 119 gastric ulcer patients and 2 168 chronic gastritis patients were collected. All these images were divided into
training set image group (1 851 gastric cancer, 1 969 gastric ulcer, and 2 018 chronic gastritis) and testing set image group
(150 gastric cancer, 150 gastric ulcer, and 150 chronic gastritis). Champion models VGG19, ResNet50 and Inception-V3
in ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) competition were used as pre-trained models. These
models were revised for model training. The training set images were assigned to train the above 3 models, and the testing
set images were assigned to validate the models. The whole training process was divided into 2 steps (pre-training and fine-
tuning). Results It was found that ResNet50 ranked No.1 in terms of testing accuracy. Its diagnostic accuracy for gastric
cancer, gastric ulcer and chronic gastritis reached 93%, 92% and 88%, respectively. Conclusion Based on transfer learning,
the gastroscopic image recognition software model constructed by ResNet50 model can more accurately differentiate gastric
cancer from benign gastric diseases (gastric ulcer and chronic gastritis).
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Fig1 Network structure of 3 models

A: VGG19 model; B: ResNet50 model; C: Inception-V3 model. X: Number of network layers for a specific layer
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Fig2 Pre-training results of 3 models

A: Training accuracy of the 3 models suggests that ResNet50 has the best accuracy; B: Training loss of the 3 models indicates that the

loss of ResNet50 is minimal; C: Validation accuracy of the 3 models suggests that ResNet50 has the best accuracy; D: Validation loss

of the 3 models indicates that the loss of ResNet50 is minimal, and the loss of VGG19 is greater than that of the other 2 models
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Fig3 Fine-tuning results of 3 models

A: Training accuracy of the 3 models indicates that ResNet50 and VGG19 have high accuracy; B: Training loss of the 3 models

indicates that the loss of ResNet50 and VGG19 is relatively small; C: Validation accuracy of the 3 models indicates that ResNet50 is

the most accurate; D: Validation loss of the 3 models indicates that the Inception-V3 loss is minimal, while the VGG19 loss is greater

than that of the other 2 models
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Fig4 Changing curves of 3 indexes of validation set images in pre-training process
A: Precision; B: Sensitivity; C: Fl-score. GC: Gastric cancer; GU: Gastric ulcer; CG: Chronic gastritis
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A: Precision; B: Sensitivity; C: Fl-score. GC: Gastric cancer; GU: Gastric ulcer; CG: Chronic gastritis
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Tab 1 Validation results of VGG19 model in pre-training stage and fine-tuning stage
%
Index Pre-training stage Fine-tuning stage
GC GU CG Average value GC GU CG Average value
Precision 90 81 89 87 92 85 90 89
Sensitivity 87 83 91 87 89 83 95 89
Fl-score® 89 82 90 87 90 84 93 89

" Fl-score=2XTP/(2X TP+FP+FN). TP: True positive rate; FP: False positive rate; FN: False negative rate. GC: Gastric

cancer; GU: Gastric ulcer; CG: Chronic gastritis
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Tab 2 Validation results of ResNet50 model in pre-training stage and fine-tuning stage

%

Pre-training stage

Fine-tuning stage

Index GC GU CG Average value GC GU CG Average value
Precision 92 82 92 89 93 92 88 91
Sensitivity 91 85 89 88 95 80 97 91
Fl1-score® 92 84 90 89 94 85 93 91

" Fl-score=2XTP/(2X TP+FP+FN). TP: True positive rate; FP: False positive rate; FN: False negative rate. GC: Gastric

cancer; GU: Gastric ulcer; CG: Chronic gastritis
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Tab 3 Validation results of Inception-V3 model in pre-training stage and fine-tuning stage

%

Pre-training stage

Fine-tuning stage

Index GC GU CG Average value GC GU CG Average value
Precision 88 64 84 79 91 83 93 89
Sensitivity 75 81 79 78 88 87 93 89
Fl-score® 81 73 81 78 89 85 93 89

" Fl-score=2XTP/(2X TP+FP+FN). TP: True positive rate; FP: False positive rate; FN: False negative rate. GC: Gastric

cancer; GU: Gastric ulcer; CG: Chronic gastritis
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Tab 4 Results of image classification and confusion matrix during validation process in pre-training stage

and fine-tuning stage of 3 models

Pre-training stage

Fine-tuning stage

Classification VGG19 ResNet50 Inception-V3 VGG19 ResNet50 Inception-V3
GC GU CG GC GU CG GC GU €CG GC GU €CG GC GU CG GC GU caG
GC 131 16 3 137 13 0 112 31 7 133 15 2 143 7 0 132 17 1
GU 13 124 13 10 128 12 13 121 16 11 125 14 11 120 19 11 130 9
CG 1 13 136 2 15 133 2 30 118 0 7 143 0 4 146 2 9 139

GC: Gastric cancer; GU: Gastric ulcer; CG: Chronic gastritis
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