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 25 

Baseline framework 26 

The baseline framework consisted of two classifiers: a region-level classifier and a slide-level 27 

classifier. The region-level classifier was based on Liu et al.’s method that showed the best 28 

performance at the CAMELYON16 challenge.(1) The architecture of this baseline model was 29 

InceptionV3, which has been widely adopted in medical image analysis.(2) Due to the size of 30 

WSIs, which is too large to feed into the CNN at once, the WSIs were split into patches with 31 

299x299 size that is equivalent to the input size of the original InceptionV3. Labels of patches 32 

were converted to the one-hot encoded logits. The length of the logit and output of the last layer 33 

was equal to the number of the class categories. Softmax normalized was considered as the 34 

probability for each category. Cross-entropy between predicted output and one-hot encoded 35 

label was used as the loss function to train the CNN model. 36 

To select a proper microscopy scale, we evaluated the baseline method using various 37 

scales: 5x, 10x, and 20x. As shown in Supplementary Table S8, the baseline method achieved 38 

the highest performance with 10x scales. 39 

Diagnosis of biopsy specimens is independent of the rotation and the flip of tissue, 40 

stain color, or scanning quality such as white balance and sharpness. Therefore, to remove such 41 

bias in the training set, data augmentation is generally performed. Liu et al. applied transition, 42 

rotation, and a flip to each patch to reduce geometrical bias.(1) Color transform was also 43 

applied to reduce color variations. For each patch, we also applied these augmentations in 44 

brightness, contrast in RGB color space and hue, and saturation in HSV color space with 45 

identical parameters.  46 

We initialized the network with the parameters of the pre-trained network for 47 

ImageNet to accelerate training. RMSProp was used for optimization, and the mini-batch size 48 

was 32. To avoid unexpected bias from class imbalance, we uniformly sampled image patches 49 
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from the three classes. Patch-wise label categorization was identical to the region-level label. 50 

The initial learning rate was 0.008, with a decay rate of 0.5 on every 20,000 iterations. In every 51 

weight update, an exponential moving average to the weights was applied. The training was 52 

stopped at 80,000 iterations. 53 

The trained CNN produced probability maps on the WSIs. At inference, the input size 54 

of CNN was larger than training. It was more efficient than pixel-wise inference with strides 55 

since results of convolution operation could be spatially shared. In this work, we set the input 56 

size of the CNN as 894 by considering GPU memory and the computational burden of image 57 

loading from storage. The output of the CNN over a WSI was collected to produce a probability 58 

map. 59 

Background pixels with intensity higher than 0.8 in slide images were removed. The 60 

summation of classification outputs for each pixel was calculated as the features for slide-level 61 

classification. We excluded the summation of NFD region pixels since it is not considered 62 

during diagnosis by human pathologists. We trained a random forest classifier with the 63 

extracted features to predict classes of WSIs. At inference, the trained random forest classifier 64 

predicted the probabilities of each class of WSIs with the extracted slide-level features. 65 

The performance of algorithm was evaluated on the internal validation set (GCL 66 

dataset) and the external validation set (JNUH dataset). 67 

 68 

Analysis of color variance in CIELAB color space 69 

The performance of the baseline method using the JNUH dataset was significantly lower than 70 

the GCL dataset on every scale (Supplementary Table S8). This implies that the baseline 71 

method may not be suitable to make predictions for datasets that have different characteristics 72 

from the training set. Post-hoc human visual inspection of the two datasets suggest that the 73 
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stain color difference between the two datasets would have affected the performance 74 

(Supplementary Figure S5). 75 

We strove to improve the generalization performance of the model by resolving the 76 

stain color variance between the datasets (GCL and JNUH). First, we investigated the color 77 

distribution of the images in CIELAB color space, which is commonly used for handling stain 78 

color variances (Supplementary Figure S6). As expected, the JNUH dataset showed 79 

significantly different distributions from the GCL dataset both in a* and b* channels 80 

(Supplementary Figure S6A, B). Significant differences only in the distribution of b* channel 81 

values were observed among classes in the training subset of the GCL dataset (Supplementary 82 

Figure S6C, D). We investigated two approaches to handle these stain color difference among 83 

the datasets and classes. 84 

First, we evaluated the effect of slide-level color transfer as a stain normalization (SN), 85 

which is a widely used method to reduce color variations among images.(3) The mean and 86 

variance values of each CIELAB color channel of all slides of training subset of GCL were 87 

used as the target. Backgrounds were defined as the pixels whose L channel value was greater 88 

than 95, and they were excluded when calculating the mean and variance. Three strategies were 89 

investigated: SN applied only to the training subset, SN applied only to the validation subset, 90 

and SN applied to both the training and validation subsets. As the results demonstrated in 91 

Supplementary Table S8, SN to both the training and validation subsets increased AUROC in 92 

both GCL and JNUH datasets. While SN applied only to the validation subset of GCL dataset 93 

significantly increased AUROC, it is noteworthy that SN applied only to the JNUH dataset did 94 

not result in improving the performance. It demonstrated that SN to unseen datasets might 95 

impede generalization on datasets when a large color difference exists. See stain normalization 96 

section for details. 97 
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Second, we applied data augmentation on the CIELAB color spaces to train color 98 

invariant features. During the training of CNN, we randomly transformed the values of the a* 99 

and b* channel of the CIELAB color space, called Lab augmentation, hereafter. Based on the 100 

channel value distribution analysis, two maximum difference in values were investigated: 30 101 

and 60. As shown in Supplementary Table S8, Lab augmentation with these maximum 102 

differences significantly improved AUROC in both GCL and JNUH datasets. These results 103 

demonstrated that while SN is effective in improving the generalization performance on similar 104 

datasets to the training set, Lab augmentation is more suitable for datasets with different color 105 

distributions compared to the training set (see CIELAB color space augmentation and 106 

Supplementary Figure S7 for details). 107 

We have also tested whether a combination of the two methods improves the 108 

generalization performance. The performance of SN combined with Lab augmentation models 109 

did not improve compared to the performance of the Lab augmentation with a maximum 110 

difference of 60 alone. However, we selected a model with SN on training set and Lab 111 

augmentation since it demonstrated the generalized performance in both GCL and JNUH 112 

datasets. All of these results are summarized in Supplementary Table S8.  113 

 114 

Stain normalization 115 

Color transfer was tested using stain normalization to reduce the stain color variance. L*, a* 116 

and b* channels in CIELAB color space that contains less than a 95 L channel value were 117 

considered for each WSI to separate the background from the tissue regions. The average and 118 

the variance of each channel in the training dataset (1,678 WSIs) were calculated and used as 119 

the color statistics of the target. The mean and the variance values for L*, a* and b* channels 120 

of the training dataset were 58.67, 19.92 for L*; 39.37, 14.32 for a*; -16.83, 9.71 for b*. After 121 

calculating the statistics of the target, color transfer was performed with each WSI as a source. 122 
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We evaluated every combination of the order of stain normalization: training set only, 123 

validation set only, and training & validation set. 124 

 125 

CIELAB color space augmentation 126 

We additionally conducted color augmentation in the CIELAB color space. The magnitude was 127 

determined based on the variance of datasets used in training as described in the stain 128 

normalization section. We first tested the baseline method with a magnitude 30, which covers 129 

the distribution of train and validation sets and approximately doubled the value of the variance 130 

of a* channel. We then tested a magnitude of 60, which is a doubled value of the previous 131 

magnitude. The numbers in CIELAB augmentation of Supplementary Table S8 indicate the 132 

maximum magnitude of perturbation in both a* and b* channels.  133 

 134 

Representation Aggregation CNN (RACNN) 135 

Patch-based classification of WSI is generally used to generate a classification map because it 136 

is not computationally feasible to feed a whole slide image with gigapixels at once.(4) This 137 

patch-based approach cannot reflect the way that a human pathologist would understand a WSI; 138 

it does not include the rich context of the entire image for diagnosis. This suggests that the 139 

performance of the model may be improved by expanding the receptive field of the model. 140 

Recently, the RAN-CNN (Representation Aggregation Network - CNN) method for expanding 141 

the receptive field by adding a patch-level feature aggregation networks to well-known model 142 

such as AlexNet have been presented.(5) Inspired by this idea, we introduced representation 143 

aggregation CNN, called RACNN hereafter, to improve performance by expanding the 144 

receptive field. We defined an additional neural network consisting of multiple 3x3 convolution 145 

layers with elu activation function, which has 2,048-dimensional feature maps as an input and 146 

3D class probability map as an output (Supplementary Figure S8). 147 
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We first extracted the features from the last layer before the final 1x1 convolution layer 148 

(fully connected layer) of the trained baseline model (InceptionV3) at each location of the patch 149 

and generated a set of feature maps for WSIs. We chose the model with SN on the training set 150 

and Lab augmentation as a feature extraction model. 151 

Since the resolution of the feature map is lower than its original image, annotated 152 

images were also resized accordingly. We randomly extracted 24x24 patches under the 153 

condition that the patch contains at least nine ground-truth labeled pixels, and the cross-entropy 154 

between model output and one-hot encoded ground-truth label was used as the loss function. 155 

Only flips and rotations were applied as data augmentation. ADAM optimizer with learning 156 

rate 0.001 and exponential moving average to weights were used. The training was stopped at 157 

4,000 iterations. 158 

We tested three models with different receptive field sizes by stacking a different 159 

number of convolution layers: 2, 4, 6, 8-layer model. The result showed that 2 and 6-layer 160 

model increased AUROC (Supplementary Table S8). We used the 6-layer model as the 161 

proposed method since it demonstrated better performance on both datasets. 162 

 163 

 164 

 165 

 166 

 167 

 168 

 169 

 170 

 171 

 172 
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Supplementary Figures 173 

 174 

Supplementary Figure S1. Examples of slide-level and region-level annotations. (a) Sample 175 

WSIs from the subset of GCL datasets used as training. Slide-level annotations are shown in 176 

the top right of each WSI. Green, blue and red lines represent region-level annotations for NFD, 177 

TA, and cancer, respectively. Note that annotation was made on specific regions relevant to 178 

the diagnosis. Scale bar 200 µm (bottom right). 179 

 180 

 181 

 182 

CANFD TA

TA CA
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 183 

 184 

Supplementary Figure S2. Representative cases of false-negative predictions by the 185 

algorithm in the validation set. False-negative case of signet ring cell carcinoma (A) and tubular 186 

adenoma (B) interpreted as negative for dysplasia. The cancer area identified by the 187 

pathologists is marked by the red dashed line, and adenoma is marked by the blue dashed line. 188 

Areas with the black dashed box were magnified in the right. Scale bar: 500 µm in the left 189 

panel, 50 µm in the right panel. 190 

A

B
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 191 

Supplementary Figure S3. Representative cases of false-positive predictions by the algorithm. 192 

A false positive case of chronic gastritis interpreted as gastric carcinoma (indicated by red area 193 

on the heatmap) probably due to regenerative atypia (A), granulation tissue (B), squeezing 194 

E

B

A

C

D
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artifact with knife marks by poor sectioning (C), and xanthoma (foamy histiocytes indicated 195 

by red arrows) (D). (E) A false positive case of intestinal metaplasia interpreted as tubular 196 

adenoma (indicated by the blue area on the heatmap). Areas with the black dashed box were 197 

magnified in the right. Scale bar: 500 µm in the left panel, 50 µm in the right panel. 198 

 199 

 200 

 201 

Supplementary Figure S4. The detail of observer review time per slide. (A) Set variation. 202 

Time (left), the time normalized by mean review time of each pathologists (right). No 203 

significant difference was shown between three sets. (B) The normalized review time (left) of 204 

all slides and NFD (Negative for dysplasia) and TA (Tubular adenoma)/CA (Cancer) slides 205 

(right). Colored points represent each slide. (C) The review time of each observer. n.s. not 206 

significant, *p<0.05 **p<0.01, ***p<0.001, ANOVA with post-hoc Tukey HSD test. 207 
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 208 

 209 

Supplementary Figure S5. Sample patches from the datasets. (A-B) Patches of each center: 210 

GCL, Green Cross Laboratories (A), JNUH, Jeju National University Hospital (B). Randomly 211 

sampled six patches (A-B, top) and the magnified view. (A-B, bottom, arrows indicated its 212 

original image.) The visual cue indicates a blurry region. Scale bar 200µm. 213 

 214 

Patches from GCL
A B Patches from JNUH
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 215 

Supplementary Figure S6. Statistical analyses of WSIs in CIELAB color space. (A-B) The 216 

slide-wise mean value distribution of the datasets in a*-b* channel is shown as boxplots (A) 217 

and histograms with scatter plots for visualization (B). Note that Green Cross Laboratories 218 

(GCL) dataset is divided into two subsets: training subset and validation subset. The mean 219 

value of images in GCL subsets was not significantly different in both a* and b* channels. In 220 

contrast, the mean value of images in Jeju National University Hospital (JNUH) dataset and 221 

GCL dataset were significantly different in both channels (A). (C-D) The slide-wise mean 222 

value distribution of each class label in a*b* channel is shown as boxplots (C) and histograms 223 

with a scatter plot for visualization (D). Note that only the training subset of GCL dataset is 224 

used. The mean values of CG, TA and CA WSIs were significantly different in the b* channel, 225 

but not in a* channel (C). n.s. not significant, ***p<0.001, ANOVA with post-hoc Tukey HSD 226 

test.  227 
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 228 

Supplementary Figure S7. Visualization of stain normalization and color augmentation with 229 

sample patches. (A) Representative patches with various color transformations from the Green 230 

Cross Laboratories (GCL) dataset. Each column from left to right represents raw, stain 231 

normalized, color augmented (the method used in Liu et al.), and color augmented (proposed 232 

method) patches, respectively. (B) Representative patches with stain normalization from Jeju 233 

National University Hospital (JNUH) dataset. Each column shows raw (left) and stain 234 

normalized patches (right). The color of stain normalized patches of JNUH dataset are more 235 

visually similar to the GCL dataset than their raw patches. Scale bar 200µm (bottom right)  236 

Raw SN Aug. Aug.
(w/ LAB)

Raw SN

GCL dataset JNUH datasetA B
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 237 

Supplementary Figure S8. Comparison between the proposed method using baseline CNN 238 

and proposed method with RACNN. The proposed method without RACNN used a 1x1 239 

convolutional neural layer for the last layer (A). Instead of using a single feature vector for 240 

inference, the proposed method with RACNN takes spatially wider features with additional 241 

convolution neural layers (B). 242 

Baseline method

with RACNN

Feature (1,1,2048) Output (1,1,3)1x1 Conv (3)

1x1 Conv (32)

3 3x3 Conv (16) 3 3x3 Conv (8)

1x1 Conv (3)

Output (n,m,3)Feature (n,m,2048)

RACNN

A

B

RACNN architecture (3x3 6 layers)
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Supplementary Tables  

Supplementary Table S1. Comparison of the Vienna classification, Korean classification, and our algorithm classification 

The revised Vienna classification  Description Korean classification Our algorithm classification 

Category 1 Negative for 
neoplasia/dysplasia Chronic gastritis and non-neoplastic polyps  Negative for dysplasia 

Category 2 Indefinite for 
neoplasia/dysplasia Indefinite for dysplasia - 

Category 3 Low-grade adenoma/dysplasia Tubular adenoma, low grade Tubular adenoma 

Category 4 High-grade neoplasia   

4.1 High-grade adenoma/dysplasia Tubular adenoma, high grade Tubular adenoma 

4.2 Non-invasive carcinoma  Tubular adenoma, high grade Tubular adenoma 

4.3 Suspicion of invasive 
carcinoma Carcinoma Carcinoma 

Category 5 Invasive neoplasia   

5.1 Intramucosal carcinoma Carcinoma Carcinoma 

5.2 
Submucosal carcinoma or 

beyond Carcinoma Carcinoma 
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Supplementary Table S2. Slide-level categories of training and validation sets 

Diagnosis Training set Validation set 

Negative for dysplasia [no. (%)] 1,218 (72.6) 428 (56.6) 

Tubular adenoma [no. (%)] 187 (11.1) 162 (21.4) 

Carcinoma [no. (%)] 273 (16.3) 166 (22.0) 

Tubular adenocarcinoma   

Well differentiated 23 18 

Moderately differentiated  71 87 

Poorly differentiated 77 31 

Poorly cohesive carcinoma  86 22 

Mixed carcinoma  10 3 

Papillary carcinoma  3 5 

Carcinoma with lymphoid stroma 2 0 

Mucinous carcinoma 1 0 

Total [no. (%)] 1,678 (100.0) 756 (100.0) 
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Supplementary Table S3. Slide-level categories of observer study set 

  Observer study set 

  Set 1 Set 2 Set 3 

CG [no. (%)] 38 (76) 38 (76) 38 (76) 

Non-neoplastic polyp [no. (%)]    

    Hyperplastic polyp  1 (2) 1 (2) 1 (2) 

    Fundic gland polyp  1 (2) 1 (2) 1 (2) 

TA [no. (%)]    

    TA, LGD 5 (10) 3 (6) 5 (10) 

    TA, HGD 0 (0) 1 (2) 1 (2) 

CA [no. (%)] 5 (10) 6 (12) 4 (8) 

Total [no. (%)] 50 (100) 50 (100) 50 (100) 

CG, Chronic gastritis; TA, Tubular adenoma; CA, Carcinoma; LGD, Low grade dysplasia; HGD, High grade dysplasia  
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Supplementary Table S4. Summary of false-negative or underdiagnosis predictions in the validation set 

No. Diagnosis Classification by 
algorithm 

Probability 
Possible cause of misdiagnosis 

NFD TA CA 

False-negative 

1 CA NFD 96% 4% 0% Mild nuclear atypia of SRCC 

2 TA NFD 100% 0% 0% Low cellularity and less crowded glands 

3 TA NFD 100% 0% 0% Well-preserved architecture and less crowded glands 

Underdiagnosis 

1 CA TA 0% 84% 16% Well differentiation of adenocarcinoma 

 NFD, Negative for dysplasia; TA, Tubular adenoma; CA, Carcinoma; SRCC, Signet ring cell carcinoma 
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Supplementary Table S5. Summary of false-positive or overdiagnosis predictions in the validation set 

No. Diagnosis Classification by 
Algorithm  

Probability 
Possible cause of misdiagnosis 

NFD TA CA 

False-positive 

1 CG CA 35% 15% 50% Poor sectioning  

2 CG CA 9% 6% 85% Squeezing artifact 

3 CG TA 11% 87% 2% Intestinal metaplasia 

4 CG TA 40% 60% 0% Intestinal metaplasia 

5 CG TA 40% 60% 0% Intestinal metaplasia 

6 CG TA 0% 100% 0% Intestinal metaplasia  

7 CG TA 7% 93% 0% Intestinal metaplasia 

Overdiagnosis 

8 TA CA 0% 49% 51% Regenerative atypia 

9 TA CA 10% 16% 74% Poor sectioning  

10 TA CA 0% 0% 100% Poor sectioning  

11 TA CA 0% 34% 66% Poor sectioning  

12 TA CA 0% 43% 57% Poor sectioning  

13 TA CA 0% 19% 81% Atypical structure by tangential cutting 
CG, Chronic gastritis; TA, Tubular adenoma; CA, Carcinoma 
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Supplementary Table S6. Summary of false-positive cases in the test set 

The probable cause of misdiagnosis 
Algorithm Diagnosis 

TA [no. (%)]    CA [no. (%)] 

Regenerative atypia 44 (38.3) 19 (27.9) 

Inflammatory tissue (ulcer detritus or granulation tissue) 4 (3.5) 34 (50.0) 

Intestinal metaplasia 21 (18.3) 2 (2.9) 

Squeezing artifact 4 (3.5) 12 (17.6) 

Air bubble 8 (7.0) 0 (0.0) 

Xanthoma 0 (0.0) 1 (1.5) 

Unknown 34 (29.6) 0 (0.0) 

Total 115 (100) 68 (100) 

TA, Tubular adenoma; CA, Carcinoma 
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Supplementary Table S7. Summary of the observer study   

    Microscopy Digital image viewer Algorithm-assisted 
digital image viewer 

Metric /Reader (n=6) 

Accuracy 0.9633 
(0.9226-1.0000) 

0.9867 
(0.9758-0.9975) 

0.9967 
(0.9881-1.0000) 

Sensitivity 0.9955 
(0.9839-1.0000) 

0.9959 
(0.9855-1.000) 

1.0000 
(1.0000-1.0000) 

Specificity 0.8673 
(0.7360-0.9987) 

0.9535 
(0.9023-1.000) 

0.9848 
(0.9459-1.0000) 

Time [s] 

All cases (n=300) 44.97 
(41.43-48.52) 

35.70 
(33.24-38.15) 

18.90 
(17.44-20.36) 

NFD cases (n=240) 46.78 
(42.68-50.87) 

36.08 
(33.57-38.58) 

17.37 
(15.85-18.89) 

TA/CA cases (n=60) 37.77 
(31.07-44.46) 

34.18 
(26.91-41.46) 

25.02 
(21.25-28.79) 

Normalized time 

All cases (n=300) 1.34 
(1.25-1.43) 

1.09 
(1.02-1.15) 

0.58 
(0.53-0.62) 

NFD cases (n=240) 1.39 
(1.29-1.49) 

1.10 
(1.04-1.20) 

0.53 
(0.48-0.57) 

TA/CA cases (n=60) 1.12 
(0.95-1.29) 

1.01 
(0.83-1.20) 

0.77 
(0.66-0.87) 

NFD, Negative for dysplasia; TA, Tubular adenoma; CA, Carcinoma 
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Supplementary Table S8. Algorithm performances with the application of different strategies on baseline method 

Experimental settings GCL subdataset JNUH subdataset Total 

Scale Stain normalization LAB augmentation RACNN Macro-AUROC Macro-AUROC Macro-AUROC 

5x    0.9771 0.9101 0.9655 

10x    0.9865 0.9445 0.9800 

20x    0.9802 0.9290 0.9718 

10x Training   0.9704 0.9549 0.9664 

10x Training & Validation   0.9890 0.9636 0.9852 

10x Validation   0.9879 0.9227 0.9791 

10x  30  0.9883 0.9443 0.9813 

10x  60  0.9952 0.9729 0.9918 

10x Training 60  0.9884 0.9793 0.9871 

10x Training & Validation 60  0.9931 0.9696 0.9895 

10x Validation 60  0.9951 0.9532 0.9894 

10x Training 60 3x3 2 layers 0.9931 0.9894 0.9928 

10x Training 60 3x3 4 layers 0.9904 0.9789 0.9888 

10x Training 60 3x3 6 layers 0.9926 0.9905 0.9924 

10x Training 60 3x3 8 layers 0.9884 0.9749 0.9864 
GCL, Green Cross Laboratories; JNUH, Jeju National University Hospital; AUROC, Area under the receiver operating characteristic 
curve 
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Supplementary Table S9. Comparison of deep learning models for classification of gastric tumor 

Study Method Collected data Observer study design Class Performance 

Yoshida 
et al., (6) 
(2018)  

Hand-crafted 
features + 
Self-designed 
CNN 

Test 
3,062 WSIs 
(consecutively 
collected) 

3,062 WSIs (814 positive, 
209 caution, 2,039 negative) 
 
Consensus diagnosis of at 
least two experienced 
pathologists 
 
Method : routine clinical 
practice, AI standalone 
 
Metric : concordance rate, 
kappa coefficient, 
sensitivity, specificity, etc. 

Three-tier 
[1] Negative for a 
neoplastic lesion  
[2] Caution for adenoma 
or suspicion of a 
neoplastic lesion  
[3] Positive for 
carcinoma or suspicion of 
carcinoma 
 
Two-tier 
[1] Negative 
[2] Non-negative 

Three-tier 
Concordance rate 55.6%  
Kappa coefficient 0.28  
 
Two-tier 
Sensitivity 0.895 
Specificity 0.507 

Iizuka et 
al., (7) 
(2020)  

InceptionV3 
+ RNN 

Training 
7,164 WSIs (3,628 
stomach WSIs and 
3,536 colon WSIs) 
 
Test  
1,000 WSIs (500 
stomach WSIs and 
500 colon WSIs) 
1,000 WSIs (500 
stomach WSIs and 
500 colon WSIs, 
different center) 

45 stomach WSIs (15 non-
neoplastic, 15 adenoma, 15 
adenocarcinoma) 
 
23 pathologists and 15 
medical school students 
with time constraint (30 
seconds per slide) 
 
Method : digital viewer, AI 
standalone 
 
Metric : accuracy 

[1] Non-neoplastic 
[2] Adenoma  
[3] Adenocarcinoma 

Test set (1,000WSIs) 
AUROC 0.936 for GA 
AUROC 0.980 for GC 
AUROC 0.964 for CA 
AUROC 0.975 for CC 
 
Test set (1,000WSIs) 
AUROC 0.993 for GA 
AUROC 0.974 for GC 
AUROC 0.992 for CA 
AUROC 0.963 for CC 
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Song et 
al., (8) 
(2020) 

DeepLabV3 

Training 
2,123 WSIs 
 
Test 
3,212 WSIs  
(3 different 
scanner) 
1,582 WSIs (2 
different center) 

100 WSIs (72 benign, 28 
malignant) 
 
12 junior pathologists 
with/without time constraint 
(1 hour per 100 WSIs) 
 
Method : microscopy, 
digital viewer, AI-assisted 
digital viewer 
 
Metric : accuracy, 
sensitivity, specificity 

[1] Benign  
[2] Malignant 

Test set (3,212 WSIs)  
Sensitivity 0.995-1.000 
Specificity 0.728-0.938 
AUROC 0.982-0.995 
 
Test set (1,582 WSIs) 
Sensitivity 0.986-1.000 
Specificity 0.936-0.968 
AUROC 0.990-0.996 

Ours InceptionV3 
+ RACNN 

Training 
1,678 WSIs 
 
Validation 
756 WSIs 
 
Test 
7,440 WSIs 
(prospectively 
collected) 

150 WSIs (120 NFD, 15 
GA, 15 GC) 
 
6 senior pathologists 
without time constraint 
 
Method : microscopy, 
digital viewer, AI-assisted 
digital viewer 
 
Metric : accuracy, 
sensitivity, specificity, 
review time 

Three-tier 
[1] NFD  
[2] GA  
[3] GC 
 
Two-tier 
[1] NFD 
[2] GA or GC 

Test set (7,432 WSIs) 
Sensitivity 0.9673 
Specificity 0.9749 
AUROC 0.9790 for two tier 
AUROC 0.9742 for three tier  
 
Test set (7,424 WSIs) 
Sensitivity 1.0000 
Specificity 0.9749 
AUROC 0.9972 for two tier 
AUROC 0.9928 for three tier  

WSI, Whole slide image; AUROC, Area under the receiver operating characteristics curve; GA, Gastric adenoma; GC, Gastric 
adenocarcinoma; CA, Colon adenoma; CC, Colon adenocarcinoma; IFD, Indefinite for dysplasia. 
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