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Supplementary File 1: In-depth description of the methods 

 

The limited number of images available for our classification problem hinders the training of a 

convolutional neural network from scratch, since this may lead to over-fitting and poor 

performance. Nevertheless, with transfer learning and data augmentation approaches, we were 

able to overcome this issue, as follows: 

 Multiple pretrained models were tested: ResNet [SF1], DenseNet [SF2], VGG [SF3], and 

inceptionv3 [SF4], all pre-trained on ImageNet [SF5], a dataset of over 14 million labelled 

images belonging to about 22,000 categories. These were selected for testing due to their 

availability and proven success record in transfer learning applications form multiple fields of 

image analysis. For all the pretrained models, the fully connected and output layers at the end of 

the models were replaced. To evaluate which architecture performed better, 10-fold stratified 

cross-validation on DS1 was applied: 

1. DS1 was randomly divided into 10 equal image groups, while maintaining the ratio of 

atrophic and non-atrophic images; 

2. One group was selected for testing, one was selected for tuning, and eight were used for 

training; 

3. A grid-search with early stopping was performed to assess the best hyperparameter 

combination; 

4. The resulting model was used to predict the testing set, and the results were stored; 

5. Steps 2 to 4 were repeated until all images were selected in the testing set once. 

  

 Image augmentation was applied to the training sets only. Several image transformations 

were used: horizontal and vertical mirroring, up to 5º rotations, and up to 15% scaling. Images 

were resized (linear interpolation) to conform with the input size of each pretrained model. 

Models were fine-tuned using stochastic gradient descent with a small learning rate (tested 

between 0.0001 and 0.0005) and momentum (tested between 0.7 and 0.9). Dropout 

regularization was added to the last fully connected layer (retaining probability between 0.5 and 

0.7). Binary cross-entropy was defined as the objective function. This process was repeated for 

each of the selected pretrained architectures.  

 The AUC was used to evaluate the different models. VGG16 outperformed all other 

options and was selected as the de facto architecture. The final fine-tuned model architecture 

consists of 13 33 convolutional layers (1-pixel stride), five 22 max-pooling layers (2-pixels 

stride), and two fully connected layers. Rectified linear unit (ReLU) activation was used for all 

hidden layers. 

 In the second stage, DS1 was randomly split into training and tuning sets (10/90%), 

maintaining the same ratio of images with and without atrophy in the two sets. Image 

augmentation was applied again to the training set only. Grid-search with early stopping was 

performed to assess the best hyperparameter combination, achieved with learning rate = 0.0001; 

momentum = 0.7; retaining probability = 0.5. The resulting model was used to predict atrophy 

for all DS2 images.  

The accuracy, PPV and NPV metrics are affected by the prevalence rates of the classes 

tested. To better understand the performance of our algorithm under real-world conditions, we 

have used the results obtained on DS2 to extrapolate these metrics for atrophic gastritis 
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prevalence rates ranging from 20 to 50% [SF6]. Supplementary Figure 1c shows the curves 

obtained. 

 

All the tested software was implemented in Python v2.7. Models were implemented with 

Keras v2.2.2 [SF7], using Tensorflow v1.11 backend [SF8]. 
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