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Abstract— Gastric Cancer (GC) is the fifth most diagnosed cancer 

worldwide. An early diagnosis is a hope for patients suffering from 

GC. A biopsy is a procedure that helps detect abnormal and 

suspicious areas to determine whether cancer cells are in the 

stomach. Tissue samples collected through biopsy are stained 

using Hematoxylin and Eosin (H&E) and digitalized through 

scanning to produce a whole slide image (WSI) needed for further 

analysis. Recently, most prognostics have proven effective using 

artificial intelligence techniques combined with related computer 

aid detection systems. This research used a vision transformer to 

detect and classify gastric cancer from weakly annotated tissue 

images. After acquiring normal and cancer histopathological 

samples, we applied the vision transformer (ViT) model for binary 

classification. We generalized our approach by performing 

region-based prediction on unannotated tissue samples. The 

proposed approach will ease diagnosis and support pathologists in 

decision-making. 

Keywords— Gastric Cancer, Vision Transformers, Whole Slide 

Images, Weakly Annotated Images.  

I. INTRODUCTION 

Computer Aids Detection (CAD) uses various algorithms 
with different technologies to perform specific tasks such as 

pattern analysis, anomaly detection, or matches between data. 

CAD has proven effective and efficient for multiple 

applications in many industries. In healthcare, CAD using 

artificial intelligence has demonstrated outstanding capabilities 

[1]. Machine learning and artificial intelligence algorithms 

have been applied to detect and classify diseases using 

customized and pre-trained models [2]. The data collection 

process is carried out by medical personnel, after which data 

undergoes necessary preprocessing and must be fed to the 

model for training using specific algorithms according to the 
task to be accomplished. For instance, machine learning 

algorithms have demonstrated some capability in handling 

disease prediction [3-5]. 

Furthermore, deep learning methods have expanded the 

possibilities by offering chances to develop algorithms capable 

of improving diagnosis at optimal speed [6, 7]. One of the latest 

deep learning-based algorithms incorporating these features is 

Vision Transformers (ViTs). ViTs are an innovative approach 

used to handle image analysis tasks using the transformer 

architecture. Though the earlier transformer proposed by 

Vaswani et al. [8] introduced the transformer architecture 

applicable to natural language processing tasks, vision 

transformers by Dosovitskiy et al. [9] extended their application 
to image processing tasks.   

In medical imaging, various images (X-ray, CT, MRI, 

Ultrasound, WSI…) are used for disease diagnoses, prognoses, 

and treatments. Histopathology Whole Slide Images (WSI) are 

commonly used for analysis and are often obtained through 

biopsy. An organ is collected from the patient through biopsy 

and then stained using Hematoxylin and Eosin (H&E) to 

prepare the tissue for digitalization through a digital scanner. 

WSI is being processed using many algorithms, such as 

machine learning and deep learning algorithms, including CNN 

and vision transformers. Vision transformers have proven 

effective for many computer vision tasks, including medical 
image classification, object detection, and image segmentation. 

Ikromjanov et al. proposed a vision transformer-based model to 

detect prostate cancer [10]. The proposed model was built using 

histopathological images and could detect and grade prostate 

cancer according to the Gleason grading system using pre-

trained ViTs and prostate WSI. 

Similarly, Kollias et al. [11] proposed a Covid-19 diagnosis 

tool developed with ViTs. This model was able to detect region-

based lesions on CT scan images. Zeid et al. [12] developed a 

vision transformer and CNN-based model known as  compact 

convolutional transformer to achieve the classification of 
colorectal cancer using histopathology images. ViTs have also 

been influential in the segmentation tasks. An efficient 

Coronary artery segmentation was done by Ning et al. using 

vision transformers [13]. Their model consisted of three main 

modules: one for feature extraction, another for modeling the 

features to high-level texture features, and a last module for 

context aggregation. The experimental result demonstrated 

good performance with a more than 75% dice coefficient. Table 

1 below shows more applications of vision transformers in 

medical imaging tasks.  
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TABLE 1: APPLICATION OF VISION TRANSFORMERS IN MEDICAL IMAGING 

 
SN Description Archi. Ref. 

1 
Classification of retail disease using 
fundus images and ViTs  

Base [14] 

2 
Multi-scale Hybrid Vision Transformer 
for Learning Gastric Cancer Histology 

Hybrid [15] 

3 
Applying ViTs for Breast ultrasound 
image classification 

Base [16] 

4 
MIL transformer-based model for 
classification of histological Whole 
Slide images 

Hybrid [17] 

5 

Multiclass Colorectal Cancer Histology 

Images Classification Using Vision 
Transformers 

Base [12] 

 

In this research, we use the base vision transformer with 

weakly annotated areas of WSI to detect and classify gastric 

cancer. The main contribution of this work is to use weakly 
annotated regions of whole slide images and ViTs to efficiently 

classify gastric cancer histopathological images in order to 

support physician diagnostics and decision support systems.  

II. DATASET 

The histopathological samples used in this experiment were 

sourced from the GasHisSDB dataset [26], accessible at 

https://gitee.com/neuhwm/GasHisSDB. This dataset comprises 

images with diverse imaging characteristics and is publicly 

available for research. The histopathological samples were 

curated by four pathologists from Longhua Hospital, Shanghai 

University of Traditional Chinese Medicine, resulting in 560 

cancerous images and 140 normal images, each with a 
resolution of 2048×2048 pixels. The dataset was prepared 

through H&E staining at a magnification of 20X using Nikon 

(Japan) and Olympus (Japan) Microscopes. These images were 

extracted from original microscopic biopsy images related to 

gastric lesions, specifically highlighting cancerous regions. The 

dataset has been well-annotated by medical experts. The 

example samples of the dataset are shown in Figure 1.  

III.   METHODS 

In this research, we used 2048x2048 weakly annotated 

region extracted from a whole slide image of gastric cancer. 

The weak annotation provides region-level labels of patients 
with cancer or normal, used for disease detection and 

classification using the vision transformer model. To achieve 

our goal, we had to prepare the data and feed it into the vision 

transformer to train the model that will serve as a region-level 

classifier of the WSI patches, which will help to achieve the 

complete classification of any given gastric cancer WSI into the 

cancer and normal classes. 

 

Figure 1.  Sample images of the dataset. (a, b) Cancer samples with 

annotated regions. (c, d) Normal samples. 

A. Data Preprocessing 

For each region of interest (ROI) annotated by the 
pathologist, we conducted manual weak annotation for weakly 

supervised learning. Tissue samples of size 2048×2048 were 

generated from these weakly annotated ROIs. The patching 

process enhances scalability and facilitates efficient analysis by 

allowing precise examination of specific areas. Utilizing these 

patch images reduces computational requirements, resulting in 

more optimal learning, inferencing, and likelihood estimation 

times than directly manipulating whole slide images (WSIs). 

The preprocessing involves a series of operations on the patch 

images to prepare them for analysis. This includes removing the 

background, as illustrated in Figure 2, to gain insights into the 

image information.  
 

 

Figure 2.  Preprocessed tissue samples. (a) Weakly annotated tissue sample. 

(b) Extracted region of interest from (a) by removing the background. (c) 

Example sample of normal tissue. (d) Example samples of cancer tissue.
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Figure 3.  Architecture of Vision transformer.

B. Vision transformer 

Vision transformers are deep learning models designed for 

computer vision-related tasks (detection, classification, and 

segmentation). The success of the transformers model in natural 
language processing inspired the vision transformer presented 

by Dosovitskiy et al. [9]. Traditionally, computer vision tasks 

were mostly achieved using CNN; nowadays, the vision 

transformers are a new approach recently gaining much 

attention from industry and academia. ViTs use a self-attention 

mechanism that allows the computer to understand the 

relationship between various parts of an image. It assesses the 

importance of the patch score and focuses on the most relevant 

information helpful for the model. The patch size defined in the 

original paper was set to 16×16 and can be changed. In this 

study, we considered a 16×16 patch size, generating 16,3884 

patches for a single input image of size 2048×2048. The input 
images are tokenized and flattened; in this process, the 2-D 

patch of 16×16 is converted into a 1-D array of 256 tokens that 

will be input into the linear projection layer. The linear 

projection layer will transform the 1-D vector into lower-

dimensional vectors while preserving relevant information. For 

any 1-D vector 𝑥1, the weight 𝑊 and a bias b obtained during 

training produce an output expressed as 𝑊𝑥1 + 𝑏 representing 

the lower dimensionality transform vector. The lower 

dimensionality vectors are the reduction in the number of 

features used to describe an object. This process benefits our 
algorithm by reducing noise, computational power, and 

memory requirements, thus increasing speed. Position 

embedding takes the lower dimensional vector as input and 

provides the position information to the transformer encoder. 

Unlike the original transformer, the ViTs don't have a decoder 

part. The encoder transformer's first layer is the self-attention 

layer (Multi-Head Attention Layer), which captures 

dependencies between patches and enables the model to 

consider the global context. The output of each patch passes 

through a feed-forward network that captures the complex non-

linear relationship between the patches. The next stage, at the 

final layer, is the classification layer, which matches the output 

of the transformer layer (Multilayer Perceptron head) and the 

desired output (cancer/normal classification in our case). 

IV.  RESULTS AND DISCUSSION 

In this paper, we focused on the various hospital cohorts for 

training and testing using the deep learning framework,  the ViT 

model, to classify region-level whole slide images of cancer 

and normal. The ViT model used in the study provided some 

sound results in classifying region-level histopathologic images 

containing aggressive and nonaggressive tumor cells. The 

experiment was also carried out using CNN-based algorithms, 

notably ResNet50, DenseNet121, and EfficientNetB1, which were 

chosen for their effectiveness in medical image classification tasks.  
The ViT-16 model prompted a test accuracy of 85.9%, 

outperforming all other models. The overall performance is of 

all the models are shown in Table 2. The performance metrics 

used for model evaluation are accuracy, precision, recall, and 

f1-score, computed as shown in equations 1-4. Moreover, we 
split the dataset into training and validation with an 80:20 ratio 

while reserving 40 independent weakly annotated slides for 

testing purposes. 
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TABLE 2: OVERALL CLASSIFICATION PERFORMANCE OF THE VIT MODEL 

 

Class Accuracy Precision Recall F1-score 

ResNet50 70.59 0.68 0.63 0.64 

DenseNet121 74.51 0.75 0.73 0.74 

EfficientNetB1 78.71 0.76 0.81 0.76 

ViT 85.9 0.77 0.85 0.78 

   

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
     (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+ 𝐹𝑃
     (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+ 𝐹𝑁
     (3) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
   (4) 

The results of our ViT model show that it can achieve a 

competitive performance and be effectively used in classifying 
cancer and normal gastric cancer cases. From the pathological 

perspective, cancer cells are graded based on their level of 

differentiation. Well-differentiated cells closely resemble 

normal, healthy cells, while poorly differentiated cells look 

very different from normal cells and tend to be more aggressive. 

Poorly differentiated adenocarcinoma is associated with a 

higher grade and is often more aggressive in its growth and 

spread. The proposed model aligns with the pathological 

analysis, and some observations can be made on the output 

image. Our model was trained with the most suitable 

hyperparameters with a few epochs set to 𝑛 = 20 . We 
evaluated the performance of our model with a variety of 

metrics. Figure 4 illustrates the model learning graphs of 

accuracy and loss that give insights into the training process and 

performance. The model's efficiency can also be observed from 

the confusion matrix shown in Figure 5. From the confusion 

matrix, we can see that there are a few mispredictions, and it is 

because of the similarity samples of cancer and normal; as a 

result, the model did not perform well for some specific images. 

 

 
(a) 

 

 
(b) 

Figure 4.  Learning curves for the ViT model. (a) Loss curve; (b) Accuracy 

curve. 

 

Figure 5.  Confusion matrix of the ViT-based model 

The model we used in the work showed astounding results 

for the cancer class by providing an overall accuracy and recall 

of 0.85 and 0.85, respectively. The ViT-based classification 

models are very much necessary for classifying region-level 

WSI images which can assist pathologists in the identification 

of tumor and non-tumor cells in H&E histopathological 

samples. There are many existing papers on weakly supervised 

approaches where they performed patch-level multiple-

instance learning (MIL) for binary classification. However, we 

presented a state-of-the-art method for weakly supervised 
learning by feeding the global features to the model extracted 

from region-level weakly annotated gastric cancer samples. 

This approach was carried out to bypass the information loss 

that occurs in other patch-based MIL approaches. 

 

 

International Conference on Advanced Communications Technology (ICACT) 416

ISBN 979-11-88428-12-0 ICACT2024 February 04 ~ 07, 2024



V. CONCLUSIONS 

In conclusion, this paper proposes a method to detect and 

classify gastric cancer using ViTs and weakly annotated 

histopathological images. Unlike the CNN approaches that use 

low-level to high-level feature extractor mechanisms for 

classification with effects on computational and statistical 

efficiency, the vision transformer uses the attention mechanism 

to overcome most CNN challenges while reducing 

dependencies powered by its parallel processing architecture. 

The obtained results showed the potential to assist the 

pathologist in decision-making. Region-level segmentation can 
be further used to compare our approach with fully supervised 

learning-based methods.  
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