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Resumo 

O cancro gástrico é um dos cancros mais mortais a nível mundial, visto que as lesões são 

demasiado complexas e por vezes um pouco difíceis de diferenciar do tecido saudável. Todos 

os cancros passam por fases de lesões pré-cancerígenas, que podem ser consideradas lesões 

associadas a um elevado risco de desenvolvimento de cancro a longo prazo. A vigilância regular 

e a deteção atempada de lesões pré-cancerígenas são essenciais para prevenir o cancro gástrico. 

Os cancros são geralmente assintomáticos nesta fase inicial, e a forma habitual de os detetar é 

através da endoscopia superior. A técnica requer a visualização em tempo real de imagens 

endoscópicas e a sua eficácia, em muitos casos, depende da experiência da clínica. O 

desenvolvimento de sistemas de diagnóstico assistido por computador (sistemas CAD) 

baseados em técnicas de inteligência artificial (IA) pode auxiliar os médicos em tempo real para 

possíveis lesões e ajudar os médicos com menos experiência.  

À data desta tese, ainda há poucos estudos sobre a aplicação de técnicas de aprendizagem 

profunda ao diagnóstico endoscópico de lesões pré-cancerígenas apesar de, nos últimos anos, 

estas técnicas terem sido utilizadas em várias modalidades de imagiologia médica para melhorar 

a precisão e eficácia do diagnóstico de várias lesões. 

 Cada vez mais há necessidade de criar modelos fiáveis, justos, robustos e de alto 

desempenho e isto levou à criação de inteligência artificial explicável (XAI). O XAI é uma 

ferramenta que ajuda a compreender e interpretar o comportamento dos sistemas de IA. Foram 

produzidos e analisados mapas de ativação para apoiar as previsões dos modelos permitindo 

que os especialistas entendessem e confiassem nos resultados obtidos. 

Neste trabalho foram explorados e comparados os principais modelos de Redes Neurais 

Convolucionais (CNN’s), novos modelos com foco de atenção (modelos transformes), para 

classificação, de forma a contribuir para melhoria do rastreio automático de Cancro Gástrico 

Precoce (EGC) em imagens do trato gástrico obtidas por endoscópios.  

No entanto, a quantidade de dados de imagens endoscopias com EGC, anotadas e disponíveis 

em bases de dados publicas são bastante reduzidas. Assim sendo, utilizamos o dataset privado 

fornecido pelo Instituto Português de Oncologia (IPO), designado por Post-Maps.  

Com base na revisão literária feita para esta dissertação decidimos utilizar modelos de 

classificação como ResNet50, VGG16, Inception V3 e ViT, de modo a cumprir com o nosso 

objetivo. 
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Relativamente aos trabalhos publicados pela comunidade científica os nossos modelos 

obtiveram um desempenho ligeiramente inferior e isto deve-se ao reduzido dataset. Assim 

sendo, o nosso modelo que obteve melhor desempenho foi ResNet 50 com uma sensibilidade 

de 0,75 (± 0.05), acurácia de 0,79 (± 0.01) e especificidade de 0,82 (± 0.04).  Este modelo 

obteve uma AUC de 0,83 (± 0,01), onde o desvio padrão foi de 0,01, o que significa que todas 

as iterações do K-fold CV têm uma concordância mais significativa na classificação das 

amostras do que os outros modelos. 

 A produção de mapas de ativação proporciona interpretabilidade para analisar e discutir a 

classificação tornando mais fácil para o médico de entender a decisão do modelo.  

 

Palavras-chave: Machine learning, classificação de EGC, endoscopia alta, XAI, 

transformers 
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Abstract 

Gastric cancer is one of the deadliest cancers worldwide, as the lesions are too complex and 

sometimes a bit difficult to differentiate from healthy tissue. All cancers go through stages of 

precancerous lesions, which can be considered lesions associated with a high risk of developing 

cancer in the long term. Regular surveillance and timely detection of precancerous lesions are 

essential to prevent gastric cancer. Cancers are usually asymptomatic at this early stage, and 

the usual way to detect them is through upper endoscopy. The technique requires real-time 

visualization of endoscopic images, and its effectiveness in many cases depends on the 

experience of the clinic. The development of computer-aided diagnostic systems (CAD 

systems) based on artificial intelligence (AI) techniques can assist physicians in real time for 

possible injuries and help physicians with less experience.  

At the time of this thesis, there are still few studies on the application of deep learning 

techniques to endoscopic diagnosis of precancerous lesions although in recent years these 

techniques have been used in various medical imaging modalities to improve the accuracy and 

efficiency of diagnosis of various lesions. 

 Increasingly there is a need to create reliable, fair, robust, and high-performance models, 

which has led to the creation of explainable artificial intelligence (XAI). XAI is a tool that helps 

understand and interpret AI systems' behavior. Activation maps were produced and analyzed to 

support model predictions allowing experts to understand and trust the results obtained. 

In this work, the main Convolutional Neural Networks (CNN's), and new models with the 

focus of attention (transform models), for classification were explored and compared to 

contribute to the improvement of automatic screening of Early Gastric Cancer (EGC) in gastric 

tract images obtained by endoscopes.  

However, the amount of data from endoscopic images with EGC, annotated and available in 

public databases is quite small. Therefore, we used the private dataset provided by the Instituto 

Português de Oncologia (IPO), designated Post-Maps.  

Based on the literature review conducted for this dissertation, we decided to use 

classification models such as ResNet50, VGG16, Inception V3, and ViT, to meet our goal. 

Relatively to the works published by the scientific community our models obtained a slightly 

inferior performance, and this is due to the reduced dataset. Therefore, our model that 

performed best was ResNet 50 with a sensitivity of 0.75 (± 0.05), an accuracy of 0.79 (± 0.01), 

and a specificity of 0.82 (± 0.04).  This model obtained an AUC of 0.83 (± 0.01), where the 
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standard deviation was 0.01, which means that all iterations of the K-fold CV have a more 

significant agreement in classifying the samples than the other models. 

 The production of activation maps provides interpretability to analyze and discuss the 

classification making it easier for the physician to understand the decision of the model.  

 

 Keywords: Machine learning, EGC classification, upper endoscopy, XAI, transformers 
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Chapter 1 - Introduction  

Gastric cancer is one of the deadliest cancers worldwide. All cancers pass through stages of 

precancerous lesions, which can be considered conditions associated with a high long-term risk 

of developing cancer. Regular surveillance and timely detection of precancerous lesions are 

essential to prevent gastric cancer (Rawla & Barsouk, 2019).  

Cancers are usually asymptomatic at this early stage, and the usual way to detect them is 

through upper endoscopy. The technique requires real-time viewing of endoscopy images and 

its effectiveness in many cases depends on the experience of the clinic. The development of 

computer-aided diagnostic systems (CAD systems) based on artificial intelligence techniques 

can help alert doctors in real time to possible lesions and assist new doctors in their training.  

In recent years deep learning (DL) techniques have been used in various medical imaging 

modalities to improve the accuracy and efficiency of diagnosis of various lesions, but there are 

few studies of the application of these techniques to the endoscopic diagnosis of pre-cancerous 

lesions.  

Thus, the development of methods capable of automatically detecting pre-cancerous lesions 

will be very important to assist in the screening, support the technician's work, and reduce 

subjectivity and uncertainty in diagnosis. 

1.1. Motivation  

In recent years, DL-based techniques have made significant progress in pattern detection in 

medical imaging and including the analysis of endoscopy video images to detect and classify 

gastric cancer. It can be seen in the works of (Guimarães et al., 2020; Liu et al., 2020; Xu et al., 

2021) that use DL techniques to detect lesions in the gastric tract including the classification of 

precancerous lesions.  

This is a topic that I am very sensitive to due to the severity of this disease and because it 

has been present in my family. Above all, what led me to choose this subject was the opportunity 

to collaborate with the CAGED project. 

The CAGED project is a multidisciplinary collaboration between INESC TEC (engineering) 

and IPO Porto (health) with the main goal of creating an initial prototype of a computer vision 

CAD system for gastric cancer screening using Gastrointestinal Endoscopy (GIE), which can 

automatically assess the quality of the examination performed and support the detection and 

characterization of gastric cancer lesions. 



 2 

The main reasons that led me to focus my dissertation on the classification of precancerous 

lesions using RGB images from endoscopy are since gastric cancer is an important cause of 

death worldwide and with particular severity in Portugal, combined with the possibility of 

participating in a research project with IPO/Porto and my interest in developing artificial 

intelligence methods (particularly Deep Learning) applied to medical imaging.  

1.2. Objectives  

The main objective of this work is the study and development of methods to classify Early 

Gastric Cancer (EGC) through RGB images from endoscopy. To this end, this work has specific 

objectives, such as:  

• Study of DL methods for the classification of EGC in images and suitable 

Explainable Artificial Intelligence (XAI) methods.  

• Compilation of private database with images made available by the IPO/Porto.  

• Development and application of methods for classification of EGC in images to the 

Post Map private dataset 

• Evaluate the impact of the models.  

• Publication of a scientific article.  

This dissertation will be carried out under the FCT GAGED project, a partnership between 

INESC/TEC and IPO/Porto. 

1.3. Contributions 

This dissertation will contribute to the development and application of DL methods for the 

classification of EGC in endoscopic images. 

During this work, I had the opportunity to submit two papers to the 11th EAI International 

Conference on Wireless Mobile Communication and Healthcare. These papers were done in 

collaboration with a Ph.D. student. One of them is a systematic review of EGC classification 

methods and the other is a paper based on this dissertation.  

1.4. Document Structure 

This document is divided into six chapters, where each begins with a brief introductory note, 

explaining its objective and content. This chapter presents the prevalence of EGC worldwide 

and some diagnostic challenges, thus motivating the development of CAD systems in this area. 
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Besides the motivation, this chapter also presents the objectives and expected contributions of 

this work. 

Chapter 2 introduces a brief anatomical and physiological description of the stomach, as well 

as a description of the classifications used to characterize EGC lesions. In addition, a brief 

explanation of diagnostic methods and CAD systems is also introduced. 

Chapter 3 contains a brief contextualization regarding Convolutional Neural Networks 

(CNNs), XAI techniques, and transformers. In addition, relevant studies concerning the 

application of DL in EGC will be pointed out and later compared with the work developed in 

this dissertation. This section also includes a compilation of public and private datasets that can 

be used for EGC classification. 

Chapter 4 describes the methodology used concerning the data preparation and the training 

process of the different models developed. The results obtained during this work and discussion 

of them can be seen in Chapter 5.  

At the end of the thesis, conclusions will be presented in Chapter 6, as well as some future 

perspectives. Finally, the references consulted throughout this work will be presented. 
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Chapter 2 - Background: Early Gastric Cancer 

In this chapter, a brief anatomical and physiological description of the stomach will be 

introduced, as well as a description of the classifications used to characterize EGC lesions. In 

addition, a brief explanation of diagnostic methods and CAD systems is also introduced. 

2.1. The stomach  

The stomach is a pouch-shaped organ in the digestive system, located between the esophagus 

and duodenum. It consists of the most dilated portion of the digestive system, is J-shaped, and 

has a capacity of 1 - 1.5L. The main functions of the stomach are to act as a reservoir of ingested 

food and then release the food into the duodenum in small physiologically appropriate 

quantities; secrete hydrochloric acid and proteolytic enzymes that induce the initiation of 

protein digestion and neutralize harmful bacteria in the ingested food; and finally soften the 

bolus with the help of gastric juice to generate a liquefied mixture, the chyme (Mahadevan, 

2020). All this process occurs at a controlled speed to occur the absorption process in the 

duodenum. Gastric motility is controlled by both neuronal and hormonal signals. The nervous 

system control originates from the enteric nervous system as well as the sympathetic and 

parasympathetic systems (Daniels & Allum, 2005). The position, shape, and size vary from 

person to person depending on their lifestyle. The stomach contains two openings or orifices. 

The proximal opening is called the cardiac opening, which allows communication between the 

stomach and the esophagus. The distal orifice, called the pyloric orifice, allows communication 

between the stomach and the duodenum (Mahadevan, 2020). Thus, the stomach has two 

openings, two curvatures, two surfaces, and two omenta. This organ is formed by five main 

regions: the gastroesophageal cardiac junction, fundus, corpus, antrum, and pylorus, as can be 

seen in Figure 1. 
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Figure 1: Anatomical regions of the stomach. This diagram was created with BioRender.com. 

The various regions of the stomach have distinct physiological and histochemical 

characteristics, and these are taken into consideration by endoscopy technicians, radiologists, 

or even surgeons in the diagnosis of gastric pathologies (Mahadevan, 2020). The fundus and 

corpus can secrete acid due to the glands, while the antrum secretes an alkaline substance 

through its epithelium. In Figure 2, the stomach is made up of four layers, from the outside to 

the inside the serous layer, the muscular layer, the submucosal layer, and finally the mucosal 

layer. Separating the mucosal layer from the lumen of the stomach is a layer of gastric mucus 

(Daniels & Allum, 2005). 

 

Figure 2: Schematic representation of the gastric wall structure and the Tumour, Node, and Metastasis 

Classification System. Adapted from: “Gastric Cancer Staging”, by BioRender.com (2021). Retrieved from: 

https://app.biorender.com/biorender-templates. 

The mucous layer is the innermost layer, where digestive enzymes and gastric acid are 

produced. In this layer, most cancers develop (A. C. Society, 2021; Vieira & McLaren, 2021). 
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2.2. Early Gastric Cancer 

Gastric cancer (GC) accounts for 5.6% of cancers worldwide and is the fifth most lethal 

cancer. This cancer is the result of a mixture of genetic susceptibility and environmental factors. 

Some of the risk factors include Helicobacter pylori infection, smoking, and dietary habits (such 

as high consumption of salt-preserved, smoked, red meat and processed foods, and low 

consumption of fresh fruit and vegetables)(CUF, n.d.).  

All cancers go through stages of precancerous lesions, which can be considered conditions 

associated with a high risk of developing cancer in the long term. Although these lesions are 

not yet cancerous, they are susceptible to becoming cancer if they are not treated. 

Gastric epithelial dysplasia occurs when the stomach mucosa cells change and become 

abnormal. These abnormal cells can lead to the most common type of gastric cancer called 

adenocarcinoma. This dysplasia can be divided into two kinds: low-grade and high-grade 

dysplasia. Low-grade dysplasia consists of altered and slowly growing abnormal cells. These 

cells have a low risk of becoming cancer and can regress. In high-grade dysplasia, however, the 

abnormal cells are altered and grow rapidly, in which case they have a high risk of becoming 

cancer (Machlowska et al., 2020). 

GC can be classified in three different ways, anatomically, histologically, and molecularly. 

However, the anatomical classification system consists of the location of the tumors in the 

stomach. The histological classification system consists of the observation of microscopic and 

macroscopic features of the tumors, while the molecular classification is derived from the GC's 

molecular profile. 

According to the anatomical classification, tumors can be classified as proximal, that is, with 

origin in the cardia, and distal, with origin distal to the cardia. In most cases, it is only possible 

to use this classification when the tumor is of considerable size, making it difficult to distinguish 

whether gastric or esophageal tumors. Several classifications can be used to histologically 

classify GC, including the Laurén classification and the World Health Organization (WHO) 

classification. The Laurén classification of CG can belong to two main categories: intestinal 

type and the diffuse type and mixed type and indeterminate type. Lauren proposed a 

classification system based on macroscopic features and growth patterns, to define a better 

treatment and prognosis for the patient in each situation. Regarding the WHO classification, it 

includes five distinct categories of which it is possible to highlight adenocarcinomas, 

undifferentiated carcinomas, and signet ring cell carcinomas. Regarding the molecular 



 8 

classification, it was possible to subdivide into four subgroups of tumors: positive for Epstein-

Barr virus, microsatellite unstable tumors, genomically stable tumors, and finally 

chromosomally unstable tumors. This classification method could be used in the future to allow 

the creation of personalized treatments and to make diagnoses (Correa & Piazuelo, 2012; Van 

Cutsem et al., 2016). 

The pathogenesis of EGC involves a series of events beginning with Helicobacter pylori-

induced chronic inflammation (H. pylori), progressing to atrophic gastritis, Gastrointestinal 

Metaplasia (GIM), dysplasia, and eventually gastric cancer (Yan et al., 2021).  

Gastritis is a term that applies to several conditions that can be characterized by 

inflammation of the stomach mucosa. Gastritis can occur suddenly (acute gastritis) or slowly 

over time (chronic gastritis). Acute gastritis is caused by the harmful effect of certain chemicals 

and infectious agents on the gastric mucosa. Chronic gastritis consists of inflammation of the 

gastric mucosa and can result in its atrophy. Atrophy of the mucosa is the loss of the glands and 

consequent decrease in the overall thickness of the gastric mucosa. As gastritis progresses, it is 

replaced by intestinal-type epithelium characterized by the presence of calyceal cells containing 

mucin. These conditions can lead to ulcers or increase the risk of gastric cancer. Gastritis is 

then characterized by increased infiltration of mononuclear leukocytes in the lamina propria 

(chronic inflammation) and polymorphonuclear neutrophils (acute inflammation). Usually, 

gastritis is caused by H. pylori infection (a bacterium that lodges in the stomach or intestine and 

impairs the protective barrier and stimulates mucosal inflammation) and the severity of the 

condition can vary according to the H. pylori-infected strep (Correa & Piazuelo, 2012). 

GIM consists of the replacement of the oxyntic or antral gastric mucosa with mucosa 

composed of Paneth, calyx, and absorptive cells. GIM is an important lesion and a precursor of 

GC. Factors such as age, race and ethnicity, immigration status, family history, environmental 

factors, and H.pylori infection may mediate the risk of GIM about progression to gastric cancer.  

Figure 3 shows the Correa cascade. This is an accepted model for describing the 

pathogenesis of GC. 
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Figure 3: The Correa cascade. This diagram was created with app.diagrams.net 

The first step of the cascade consists, as mentioned earlier of chronic inflammation that can 

occur as a consequence of H.pylori infection or through environmental factors or autoimmunity. 

Chronic inflammation leads to multifocal glandular atrophy. This consists of loss of parietal 

cell mass and loss of acid secretory function. As atrophy and metaplasia of the intestinal mucosa 

progress, stomach acidity and pepsinogen I production decrease. Dysplasia is the next step in 

this cascade and is characterized by a neoplastic cellular phenotype with large hyperchromatic 

cells and disorganized nuclei. Although these cells have a neoplastic phenotype, they still 

respect cell boundaries, and penetration into the lamina propria, which is a characteristic of 

non-invasive carcinoma, does not occur (Huang et al., 2019). 

2.3. Prevention and treatment strategies 

Gastric cancer, like all cancers, goes through early stages, which are called precancerous 

lesions. These can be considered conditions associated with a high risk of developing cancer in 

the long term. Regular surveillance and timely detection of precancerous lesions are essential 

to prevent gastric cancer. At this early stage, cancers are usually asymptomatic or if symptoms 

are present, they can be mistaken for other diseases. To prevent gastric cancer, at the population 
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level, it is recommended to start by changing eating habits as well as decreasing the occurrence 

of H. pylori infection, being one of the main causes of GC.  

Prevention of GC can be done through dietary intervention, i.e., through increased intake of 

fresh fruits and vegetables and restricted consumption of salt and salt-preserved foods. Lifestyle 

modifications, including a higher level of physical activity and limiting smoking, may reduce 

the disease's risk. Fruit and vegetables are rich in folate, carotenoids, vitamin C and 

phytochemicals, which may play a positive role in the process of carcinogenesis. The 

International Agency for Research on Cancer (IARC) has reported that with an increased intake 

of fruit and vegetables there is a possibility of reducing the risk of gastric cancer (Machlowska 

et al., 2020). Early detection of GC requires various supports, such as financial, population, and 

health services. Several tests are recommended and some of them are used in several countries 

for GC screening. Upper gastrointestinal endoscopy is the most sensitive technique for 

detecting early lesions.  

Endoscopy makes it possible to observe the inside of the human body, more specifically the 

digestive system. It can also be used for minimally invasive treatment of EGC by endoscopic 

resection of the mucosa and endoscopic dissection of the submucosa. Figure 4 shows how an 

upper endoscopy is performed, and the components required. An endoscope is a flexible 

instrument and contains three main parts: the control section, the insertion tube, and the 

connector section (Varadarajulu et al., 2011). The control section is used for the endoscopist to 

move the endoscope. This section has separate buttons for suction, air or water insufflation, and 

image capture. Some endoscopists have additional programmable buttons for other functions 

such as image printing and video capture. This section has an inlet port for the insertion of 

accessories. The insertion tube is the part of the endoscope that is inserted into the human body. 

This tube is connected to the control section. This tube contains a channel that allows 

accessories to pass through and allows suction. The insertion tube is made up of several layers 

of polymers which makes it durable and flexible. Finally, the tip is where the objective lens is 

located. During an endoscopy a set of images is captured, so standards have been created 

describing specific landmarks that need to be captured during the exam. Thus, adequate, 

relevant, and quality image documentation is necessary to accurately document endoscopic 

findings and interventions. In case of pathological findings, supplementary images should also 

be taken. 
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Figure 4: Components of an endoscope. This diagram was created with BioRender.com. 

Pre-cancerous lesions are subtle and difficult to find, fortunately evolving technology and in 

turn, research are improving white light endoscopy, enabling gastroenterologists to better 

differentiate normal from dysplastic lesions (Sato, 2011). There are two methods available to 

improve the contrast between normal and abnormal, these being dye-based and equipment-

based image enhancement. Image Enhanced Endoscopy (IEE) is the clinical application that 

uses these two methods. IEE encompasses various means of enhancing contrast during 

endoscopy using dye-based, optical, and/or electronic methods.  Dye-based IEE, also known as 

Dye-based Chromoendoscopy (CE) consists of applying a dye spray to the area of interest. This 

ultimately provides more accessible assessment and greater specificity, which are critical for 

proper and accurate diagnosis and treatment of gastrointestinal cancer.   

2.4. CAD systems 

CAD systems in medicine can use diagnostic rules to mimic the way a qualified human 

expert makes diagnostic decisions. In this sense, such CAD systems function as expert systems. 

More advanced CAD systems can analyze clinical data and infer new knowledge. CAD 

techniques have become a major research topic in medical imaging and diagnostic radiology. 

The first CAD studies were conducted in the 1960s. As studies have progressed it can be 

concluded, that CAD systems can assist physicians in sound and signal (electrocardiogram, 

electroencephalogram), medical imaging (X-ray, CT scan, MRI), and laboratory analysis data 

(blood, urine) (Yanase & Triantaphyllou, 2019).  

Figure 5 shows a CAD system pipeline. Intelligent CAD systems use Artificial Intelligence 

(AI), data mining, and machine learning approaches to analyze clinical data that can often be 
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complex and/or massive. Such systems can offer great assistance in making diagnostic 

decisions across a wide range of diseases and medical conditions (Giger, 2018; Sun et al., 2016). 

 

Figure 5: CAD system pipeline (adapted from (Yanase & Triantaphyllou, 2019)). 

Gastric cancer is diagnosed by upper endoscopy. However, the detection of EGCs requires 

greater skill because they are difficult lesions to diagnose. As inventions progressed it was 

possible to conclude that building systems for classification of images seized in CNN better 

definitely the image recognition capabilities of CAD systems. These systems are very useful as 

they can aid in the diagnosis of EGC (Horiuchi et al., 2020) 

2.5. Summary 

The stomach is a pouch-shaped organ in the digestive system, located between the esophagus 

and duodenum. The main functions of the stomach are to act as a reservoir of ingested food and 

then release the food into the duodenum in small physiologically appropriate quantities; secrete 

hydrochloric acid and proteolytic enzymes that induce the initiation of protein digestion and 

neutralize harmful bacteria in the ingested food; and finally soften the bolus with the help of 

gastric juice to generate a liquefied mixture, the chyme (Mahadevan, 2020). This organ can be 

affected by a malignant disease with a poor long-term prognosis (cancer). This cancer is the 

result of a mixture of genetic susceptibility and environmental factors. The pathogenesis of 

EGC involves a series of events beginning with Helicobacter pylori-induced chronic 

inflammation (H. pylori), progressing to atrophic gastritis, Gastrointestinal Metaplasia (GIM), 

dysplasia, and eventually gastric cancer (Yan et al., 2021). 

Endoscopy makes it possible to observe the inside of the human body, more specifically the 

digestive system. It can also be used for minimally invasive treatment of EGC by endoscopic 

resection of the mucosa and endoscopic dissection of the submucosa. Pre-cancerous lesions are 
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subtle and difficult to find, fortunately evolving technology and in turn, research are improving 

white light endoscopy, enabling gastroenterologists to better differentiate normal from 

dysplastic lesions (Sato, 2011). 

2.6. CNN 

The image processing task can happen in two different ways. Supervised learning, where 

labeled input data is used for the learning process, and unsupervised learning, where no labels 

are used on the input data. The main goal of supervised learning is to reduce the error associated 

with the model classification. In unsupervised learning, the main goal is to maximize or 

minimize the cost function associated with the problem (O’Shea & Nash, 2015). 

A Deep Neural Network (DNN) can also be referred to as Artificial Neural Network (ANN) 

with multi-layers. ANN has become very popular in the literature and is considered one of the 

most powerful tools since it can handle a high amount of data. CNN is a very popular deep 

neural network, which is based on a mathematical operation called convolution. CNN is a 

popular type of DNN with good performance compared to other ML methods. (Albawi et al., 

2017). 

2.6.1. CNN Architecture 

The typical architecture of CNNs is composed of three layers: convolutional layer, pooling 

layer, and fully connected layer. With these three different types of layers, CNN processes the 

input data, producing classification and regression results.  

The convolutional layers are the basic unit of the CNN, specializing in linear operations to 

extract features. In these layers a set called a kernel is prepared for a 2D input generating a 

product between each kernel element and the input, for each location of the input image, adding 

the sum corresponding to the position to which the transformations are being applied (Sakib et 

al., 2019; Yamashita et al., 2018). With this, it is possible to discover which are the most 

important kernels, realizing which of these can extract specific fundamental features for the 

learning of the model. These features can be edges and colors, as several filters are applied and 

several feature maps are generated (Lee et al., 2017). The parameters of these layers are filters 

or learning kernels that wrap around the feature maps to generate the activation maps. When 

accumulated on top of each other, the two-dimensional activation maps generate output 

volumes (Aloysius & Geetha, 2017). 
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Figure 6: The basic architecture of a CNN and the training process (adapted from (Yamashita et al., 2018). 

The basic architecture of a ConvNet has alternating convolutional and pooling layers as 

mentioned before.  

The latter work to reduce the spatial dimension of feature maps, using functions that 

summarize sub-regions, taking the maximum or common value, to have a translation invariance 

for small shifts and distortions, leading also to a reduction in the number of parameters in the 

network and the overall computational complexity. This helps to circumvent the overfitting 

problem. These layers usually follow the convolutional layers, since the output of the 

convolution is the input of the pooling layer where nonlinear downsampling occurs (Sakib et 

al., 2019; Yamashita et al., 2018).  

There are several pooling operations such as global max pooling, global average pooling, 

max pooling, average pooling, Region of Interest (ROI) pooling, and Spatial Pyramid Pooling 

(SPP). These pooling layers aim to preserve information while reducing the spatial dimension 

of parameter activation maps. 

Figure 7 graphically represents a model with underfitting (a), a good model (b), and a model 

with overfitting (c) 
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Figure 7: Graphical representation of underfitting (a), a good model (b), and overfitting (c) (adapted from 

(Model Fit: Underfitting vs. Overfitting - Amazon Machine Learning, sem data) 

Underfitting is a scenario in data science where a data model is unable to capture the 

relationship between the input and output variables accurately, generating a high error rate on 

both the training set and unseen data.  

Overfitting consists of the inability of the network to learn effectively, i.e., the model learns 

specific regularities from the training dataset and ends up memorizing irrelevant noise instead 

of learning correctly and consequently performs poorly on a new dataset. When models exhibit 

signs of overfitting we conclude that they are not generalizable models for new data (O’Shea 

& Nash, 2015).  

The best solution to overfitting is to obtain a larger amount of data since a model when 

trained on a larger dataset usually generalizes better. Other solutions include regularization with 

dropout or weight decay, batch normalization, and data augmentation, as well as reducing 

architectural complexity (Yamashita et al., 2018). 

Fully connected layers consist of neurons, which are connected to neurons in the previous 

layer. The fully connected layers are placed at the end to even out the size of the high-level 

features learned by the convolutional layers since all inputs are connected to all outputs through 

a weight, which can be learned. These layers can calculate the difference between the result and 

ground truth. However, it is important to note that the output of the last layer must be 

transformed into a vector after the convolutional layer in order to be used in the fully connected 

layer (Yamashita et al., 2018).  

Finally, this last layer has the same number of output nodes as the number of classification 

classes, with a probability of belonging to each class. This probability is calculated using a non-

linear function (Sakib et al., 2019; Yamashita et al., 2018). 

 

a b c 
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2.6.2.  Process of train, validation, and test 

Development involves three key parts, training, validation, and testing of the model. 

Validation is a step used during model building, to tune the model or select the best-optimized 

model among the other options after training. Testing consists of the final step, that is, 

performed after training and validation, and consists of evaluating the performance of the model 

(Yamashita et al., 2018).  

To be able to perform these steps the dataset must be split. Therefore, the training set is used 

to create the model, which is later compared with the data from the validation set. By observing 

the performance of the model on the validation set, it is feasible to select the best parameters to 

give rise to lower validation errors to create a good model. 

As far as the training process is concerned, it is based on the principle of minimizing the 

discrepancies between the output data and the ground truth labels by optimizing the parameters 

(Yamashita et al., 2018). 

As mentioned earlier, CNN is composed of several layers and its performance is calculated 

by applying a loss function using forward propagation on the training dataset, and the learning 

parameters namely kernels and weights are updated depending on the loss value through an 

optimization algorithm, such as backpropagation gradient descent, among others. 

The most common method for splitting the data is cross-validation, which is also known as 

k-fold Cross-Validation (CV). This method consists of splitting the dataset into k parts, as the 

name implies. The model is then trained using k-1 parts, as the remaining part is used for the 

validation process.  

For the use of ML, an abundant dataset is required, but in the case of image classification, 

this is not always possible due to the short time and workload required of the experts. That said 

several techniques are known to train a smaller dataset, such as data augmentation and transfer 

learning. 

Data augmentation is a process of modifying the training data through random 

transformations such as flipping, translation, cropping, rotating, and random erasing so that the 

model does not always see the same inputs during all training iterations. Transfer Learning (TL) 

is a very common strategy and then consists of pre-training a network with a larger dataset, 

such as ImageNet. The main goal of this technique is to attempt to transfer knowledge from the 

source domain, i.e., from models trained with bigger datasets such as ImageNet, to the target 

domain, EGC classification.  



 17 

In practice, there are two ways of using a pre-trained network, i.e., through fixed feature 

extraction or fine-tuning. The fixed-feature extraction method consists of a process of removing 

fully connected layers from an ImageNet pre-trained network while keeping the remaining 

network, referred to as a convolutional basis, as a fixed-feature extractor. In this case, any ML 

classifier can be superimposed on the fixed feature extractor, resulting in a training limited to 

the classifier added to the dataset of interest. This method is not very usual in ML research on 

medical images, thanks to the disparity between ImageNet and certain medical images 

(Yamashita et al., 2018) 

Using TL, it is not necessary to train the entire network, but only the last layers or the 

classifier are trained, so the training process is faster in general (Aloysius & Geetha, 2017). 

In the case where only the last layers of the model are trained, the TL approach becomes 

known as fine-tuning. In this case, the fully connected layers are removed from the pre-trained 

network, but new layers are inserted into the network. Then all the deepest layers of the newly 

obtained network are tuned. Usually, the last layers are chosen since the initial layers retain 

more general characteristics. In the first layers, new tasks can be applied, while the deeper layers 

represent more task-specific characteristics (Yamashita et al., 2018). 

2.6.3.  Loss Function 

The loss function, sometimes also referred to as the cost function, measures the compatibility 

between the output predictions and the ground truth labels of the network through forward 

propagation. The loss function must be appropriate since these functions are in some way 

related to the performance of the model. The result of the loss function is used by the optimizer 

to update the model weights, leading to better results, over training epochs (Chollet, 2018). 

The binary focal loss generalizes the binary cross-entropy while introducing a 

hyperparameter γ (gamma). This hyperparameter is referred to as focalization and allows 

difficult-to-classify examples to be penalized relative to easy-to-classify examples.  

The focal loss is defined as: 

𝐿(𝑦, �̂�) = −αy(1 − �̂�)𝛾 log(�̂�) − (1 − y)�̂�𝛾 log(1 − �̂�) (1) 

Where: 

• 𝛾 ∈ {0,1} is the focusing parameter that specifies how much high-confidence correct 

predictions contribute to the overall loss 

• �̂� ∈ {0,1} is an estimate of the probability of the positive class 

• 𝑦 ∈ {0,1} is a binary class label 
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• 𝛼 is a hyperparameter that governs the trade-off between precision and recall by 

weighting errors 

2.7. Explainable Artificial Intelligence  

The need to create reliable, fair, robust and high-performance models led to the creation of 

XAI. XAI is a tool that assists in understanding and interpreting the behavior of AI systems. 

An AI must provide not only a result, but also a human explanation, which expresses the 

rationale of the machine and can be interpreted by any person expert, or not, in the field.  

The explanation provided by this tool provides the information that led to the AI system 

determining such a decision, allowing the human to observe if the decision was purely (Doran 

et al., 2017). In the medical field, it is essential to use this tool so that doctors can understand 

how the systems made the decision and why thus leading to increased trust and the consequent 

acceptance of this type of system.  

Systems whose decisions cannot be well interpreted are difficult to trust, namely when it 

comes to healthcare, car driving, or where moral issues also arise. The need to create reliable, 

fair, robust and high-performance models for real-world applications led to the emergence of 

XAI. XAI is focused on understanding and interpreting the behavior of AI systems (Linardatos 

et al., 2021). 

2.7.1. Concept 

As stated earlier, XAI aims to generate techniques to build systems, which are more 

explainable while preserving their performance. The future of AI may depend on the ability to 

allow people to collaborate with machines to solve more complex problems. That said there is 

a clear trade-off between the performance of an ML model and its ability to produce explainable 

and interpretable predictions.  

There are several advantages to understanding or why an ML model has led to a specific 

outcome, as it can help developers ensure that the system performs as expected, it can 

impartially assist in decision making and finally, it can provide robustness by flagging potential 

adverse perturbations that could modify the prediction (Barredo Arrieta et al., 2020; R. Society, 

2019).  
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By making use of these techniques, black-box systems can be overcome. These systems 

make machine decisions non-transparent and incomprehensible for both experts and the 

creators themselves, and this makes it difficult to trust ML and AI in general. 

Thus, it is necessary to introduce the need to develop XAI, that is to create methods that help 

humans to understand a transparent view of systems. 

To satisfy the need to explain DL models, which cannot be interpreted we will present in 

this section the Gradient Class Activation Mapping (Grad-CAM). 

2.7.2. Grad-CAM: the XAI Technique Used  

Grad-CAM is a generalization of CAM, since it produces visual explanations for the CNN 

regardless of the architecture, thus overcoming one of the limitations of CAM. This method is 

a gradient base, which uses the class-specific gradient information flowing into the last 

convolutional layer of a CNN, to design a coarse location map of the important regions in the 

image, in cases dealing with classification, thus making CNN-based models more transparent. 

This technique learns the information about the importance of the neurons in the decision 

process, using the gradient going to the last convolutional layer (Linardatos et al., 2021). 

 

Figure 8: An overview of Grad-CAM. 

With Figure 8, it is possible to understand how Grad-Cam works on a CNN. Given an input 

image and a class of interest to the Grad-CAM, the image is passed through the network in a 

forward propagation method. Next, Grad-CAM computes a raw score for the category using 

the class of interest only the gradients that match this class are set to 1 and the rest are set to 0. 

That said, the signal is backpropagated until the adjusted convolutional feature maps of interest 

are reached. In the end, these maps are merged, calculating a coarse Grad-CAM location that 

indicates the areas observed by the model to make its decision. 

To linearly combine the feature maps the activation function used is the Rectified Linear 

Unit (ReLU) since it ensures that only features with a positive impact on the selected class of 

interest are used. 
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This technique can also be used in combination with existing pixel space visualizations to 

create a high-resolution discriminative class visualization, Guided Grad-CAM. When evaluated 

in terms of localization (ability to locate objects in images using only image class labels) and 

fidelity (ability to accurately explain the function learned by the model) both Grad-CAM and 

Guided Grad-CAM outperform pixel-space gradient visualizations (Guided Backpropagation 

and Deconvolution). 

Grad-CAM has some limitations, such as: 

• the inability to locate multiple occurrences of an object in an image, due to its 

assumptions of partial derivatives. 

• the inability to accurately determine class-region coverage in an image. 

• the possible loss of signal due to the continuous sampling and downsampling 

processes. 

Grad-CAM ++ is nothing but an extension of Grad-CAM, which produces better visual 

explanations of CNN model predictions. With this technique object localization is extended to 

multiple object instances in a single image, i.e., it can detect more than one object thus 

combating a limitation presented by the previous technique. This is due to a weighted 

combination of positive partial derivatives of the feature maps of the last convolutional layer 

relative to a class score, as the weights to generate a visual explanation for the corresponding 

class label. Thus, this technique is particularly useful for multi-label problems, whereas the 

different weights assigned to each pixel make it possible to capture the importance of each pixel 

in the gradient feature map. 

2.8. Transformers 

The Vision Transformer (ViT) has recently emerged as a competitive alternative to CNNs. 

Compared to CNNs it is generally found that the weaker inductive bias of ViT leads to a higher 

dependency on model regularization or data augmentation ("AugReg" for short) when training 

on smaller training datasets. However, the picture changes when the models are trained with a 

larger dataset, such as ImageNet. Without strong regularization, these models produce an 

accuracy similar to ResNet (Dosovitskiy et al., 2021). 

ViT is a transformer used in the computer vision field. This works based on the working 

nature of transformers used in the field of NLP. The transformer learns internally by measuring 

the relationship between pairs of input tokens. Usually, image patches are used as tokens. This 

relation can be learned by providing attention to the network, it can be done in conjunction with 
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a convolutional network or by replacing some components of convolutional networks, as can 

be seen in Figure 9 (Dosovitskiy et al., 2021). 

 

Figure 9: A model overview of ViT (adapted from (Dosovitskiy et al., 2021)). 

Self-attention-based architectures, in particular Transformers, have become the model of 

choice in NLP. The most usual approach is to pre-train the model on a large dataset and then 

tune the model on a smaller, task-specific dataset. With the success of NLP, many studies have 

emerged, that try to combine CNN-like architectures with self-attention. In some cases, they 

completely replace convolutions. Although it is theoretically efficient, they have not yet scaled 

effectively on modern hardware accelerators due to the use of specialized attention models.  

Building on the successes of transformers in NLP, the authors decided to apply standard 

transformers directly to images with as few changes as possible. To this end, we split the image 

into patches and provided the sequence of linear embeddings of these patches as input to the 

transformer. These image patches are treated in the same way as tokens (words) in an NLP 

application. The authors proceeded to train the image classification model in a supervised 

manner. 

Transformers lack the inductive biases inherent in CNNs, such as translation ambiguity and 

localization, and consequently do not generalize very well when trained on a small amount of 

data. However, the picture changes when the models are trained with a larger dataset, such as 

ImageNet. Without strong regularization, these models produce an accuracy similar to ResNet. 
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Chapter 3 - Literature Review  
 

Over time progress has been made in CNN due to the development of hardware technology 

and the high availability of training data. Deep learning (DL) in medical image analysis has 

provided results comparable to humans in multiple classification tasks. This machine learning 

paradigm, which is based on architectures made of multiple layers, does not aim to replace 

medical professionals in the diagnostic process but can be integrated into workflows to extract 

important information from images by recognizing patterns implicit to humans (Gonçalves et 

al., 2020). 

This chapter will be divided into subtopics. Some relevant studies regarding the application 

of DL in EGC will be pointed out and compared later with the work developed in this 

dissertation. This section also includes a compilation of public and private datasets that can be 

used for EGC detection. 

3.1. Datasets 

In this section, a brief description and characterization of the properties of the main public 

and private databases developed by different research groups for segmentation and 

classification approaches to EGC and GC tracking will be performed. 

The learning of DL systems depends on the quantity and quality of the data as well as the 

annotations of the data. A more diverse dataset is better for disease detection since similar 

samples can lead to overfitting. Some experts claim that a large amount of data should be used 

although others argue that DL systems can learn through a reduced dataset using TL techniques.  

One of the goals of this work is to create a system capable of detecting EGC in real time. To 

do this, a survey of public and private datasets with images and videos of the gastrointestinal 

tract was done. 

 

Benchmark 

Benchmark dataset for a digestive tract diagnostics support system is a set of gastrointestinal 

tract images extracted from endoscopies and colonoscopies a digestive tract diagnosis support 

system. This dataset is only available in (Laboratory, n.d.) for research purposes and was 

developed by Jan Cynhnerski, Adam Brzeski, and Tomasz Dziubich.  
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Benchmark dataset for a digestive tract diagnosis support attempts to cover various sets of 

endoscopic pathologies and was created using 1271 patient exams: 555 colonoscopies and 712 

upper endoscopies.  

A group of three experts from the Medical University of Gdańsk made annotations on 

polygon-shaped masks, creating a group of images designated by the authors as “precise 

images”. Since some of the images annotated by the experts were removed from videos, with a 

recording speed of about 30 frames per second, similar images that appeared before or after the 

annotated frame and that fitted the region of interest were also included in this dataset in an 

image group designated by “imprecise images”. 

 

HyperKvasir 

The Hyperkvasir dataset according to (Borgli et al., 2020) contains both images and videos 

of the gastrointestinal tract. The data is collected during gastrointestinal and colonoscopic 

examinations at Bærum Hospital in Norway. This data is partially classified by experienced 

gastrointestinal endoscopists. The HyperKvasir dataset can play a valuable role in the 

development of better computer-aided examination algorithms and systems not only for gastro 

and colonoscopy but also for other fields of medicine. This contains 110,079 images and 374 

videos available. This dataset is divided into four main sections: classified images, classified 

videos, segmented images, and unlabeled images. In total it has 23 classes. 

 

EDD2020 

EDD2020 is a new disease detection and segmentation sub-challenge consisting of five 

disease categories belonging to the EndoCV2020 Challenge (S. Ali et al., 2021). This dataset 

consists of data from 137 different patients, with a total of 817 different classifications. The 

annotations include Barett's non-dysplastic esophagus (NDBE), suspicious dysplasia, high-

grade dysplasia, cancer, and polyps categories. These classes were obtained from three different 

modalities (white light, narrow-band imaging, and chromoendoscopy) acquired at four different 

clinical centers. 

 

Post-Map 

Post-Map is a private dataset provided by the IPO. This is used to diagnose precancerous 

lesions, so it is a set of images of the gastric tract from endoscopy. 
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This dataset was initially created using 170 exams, but 33 of these scans were a failure. The 

scans came from different countries: 20 exams from the IPO of Porto (Portugal), 28 exams from 

a hospital in Targu Mures (Romania), 14 exams from a hospital in Nottingham (UK), and 75 

exams from a hospital in Rome (Italy). The dataset tries to cover various pathologies, allowing 

the diagnosis of various precancerous lesions, and was created using images of three stomach 

locations (corpus, incisura, and antrum).  It contains a total number of 1355 images, Narrow-

Band Imaging (NBI) and White Light Imaging (WLI), of which 499 are high resolution and 

856 are low resolution. In total it has four classes (atrophy, dysplasia, metaplasia, and healthy 

tissue). 

3.2. DL methods for EGC classification 

In recent years, deep learning-based techniques have made significant progress in detecting 

patterns in medical images and including the analysis of endoscopic video images to detect and 

classify GC. This section aims to review the various technologies that can help automate the 

classification process in upper endoscopy examinations. Throughout this section, studies 

related to the classification of gastric tract diseases are found. Consequently, methods have been 

identified that can be used to improve the diagnosis of gastric tract diseases, determine the 

features extracted, and analyze which methods are used to draw conclusions based on the 

parameters. 

Table 1 shows several studies developed using EGC and GC imaging. In this table, the 

purpose of the model developed in the study was described, as well as the architecture used that 

achieved the best performance. In addition, the regularization and TL methods used, the lesion 

types, location, and year of the research, and finally the endoscopes used in the studies are also 

briefly mentioned. 

In (Sakai et al., 2018) the authors proposed a method capable of detecting three distinct 

cancer types using a pre-trained network called GoogleNet consisting of 22 layers. GoogLeNet 

was pre-trained using ImageNet. This architecture was initially trained for 50 epochs with 

learning rates of 0.0001 and 0.00001 before and after 34 epochs, respectively. The parameters 

of the architecture were optimized using stochastic gradient descent with a mini-batch size of 

32. This architecture was evaluated using the following metrics: sensitivity, specificity, and 

accuracy. The training dataset was obtained from an endoscopic video under white light (GIF-

H290Z or GIF TYPE H260Z, Olympus Optical, Tokyo, Japan) and a standard video endoscopy 

system (EVIS LUCERA ELITE, Olympus Optical). The images used are 24-bit color images 
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with a size of 1000x870 pixels extracted from the videos. A total of 926 images (size 224x224) 

were collected, of which 228 images included more than one lesion in early gastric cancer (types 

0-I, 0-Iia, and 0-Iic). The remainder were non-cancerous images (i.e., normal images). All 

lesions on the cancer images were manually identified by a gastroenterologist. With this 

research, the authors distinguished the manually identified regions from the potentially 

cancerous regions marked by GoogleNet prediction. So, in green are the manually identified 

regions, and in blue are the regions identified by GoogleNet. The model proposed by the authors 

achieved accurate detection in the various images across the three types of early gastric cancer. 

GoogleNet achieved 80% sensitivity, 94.8% specificity, 87.6% accuracy, and 95.8% AUC, so 

it can be concluded that this CNN-based model achieved high accuracy in detecting gastric 

cancer using a small learning dataset. This model demonstrated a high ability for early detection 

of gastric cancer using a small learning dataset. The prediction scheme had a well-balanced 

accuracy for both cancer and normal tissue images. 

(Ikenoyama et al., 2021) the authors used a deep neural network called Single Shot Multibox 

Detector to detect gastric cancer using images of gastric cancer, H. pylori, and normal tissue. 

SSD is a deep CNN that contains 16 or more layers, to train and test the CNN they used a Caffe 

deep learning framework. All layers of this neural network were tuned using a stochastic 

gradient with an overall learning rate of 0.0001. The following metrics were used to measure 

the performance of the model: sensitivity, specificity, Positive Predictive Value (PPV), and 

Negative Predictive Value (NPV). In addition, ROC curves were also obtained by varying the 

threshold, and finally, the Area Under the Curve (AUC) was calculated. The training dataset 

used in the study consists of Esophagogastroduodenoscopy (EGD) images obtained from four 

medical institutions (Cancer Institute Hospital Ariake, Tokyo, Japan; Tokatsu-Tsujinaka 

Hospital, Chiba, Japan; Tada Tomohiro Institute of Gastroenterology and Proctology, Saitama, 

Japan; and Lalaport Yokohama Clinic, Kanagawa, Japan) between April 2004 and December 

2016. Standard endoscopes (GIFH290Z, GIF-H290, GIF-XP290N, GIF-H260Z, GIF-Q260J, 

GIF-XP260, GIF-XP260NS, and GIF-N260; Olympus Medical Systems, Tokyo, Japan) and 

standard video endoscopy systems EVIS LUCERA CV-260/CLV-260 and EVIS LUCERA 

ELITE CV-290/CLV-290SL; Olympus Medical Systems) were used for this purpose. EGD 

images were captured with White Light Imaging (WLI), chromoendoscopy using indigo 

carmine sputtering, and NBI. A total of 10,474 images of early gastric cancer and 3,110 of 

advanced gastric cancer were used for the training set. All lesions were histologically confirmed 

as gastric cancer lesions by biopsy. Each image was resized to 300x300 pixels. To evaluate the 
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accuracy of CNN, an independent test dataset consisting of EGD images collected from the 

Cancer Institute Hospital, Tokyo, Japan between January, and May 2018 was used. Only regular 

WLI with normal magnification was used for these images. The authors selected 2940 images 

(209 images of 75 early gastric cancer lesions, 2731 images of non-neoplastic lesions) from 

140 cases. The test images just like the training images were manually annotated by expert 

endoscopists using rectangular bounding boxes. These bounding boxes were resized 

accordingly to the images. Regarding the performance of the CNN proposed the values of 

sensitivity, specificity, PPV, and NPV were calculated, and the following results were obtained, 

respectively, 58.4%, 87.3%, 26.0%, and 96.5%. As for the performance of endoscopy 

professionals, the following results were obtained for sensitivity, specificity, PPV, and NPV, 

31.9%, 97.2%, 46.2%, and 94.9%, respectively. Endoscopy certified practitioners had better 

results for sensitivity 37.2% vs. 26.9% and PPV 48.2% vs. 43.8% than non-certified 

practitioners. CNN has significantly higher sensitivity than each subgroup of endoscopists 

including specialists. On the other hand, the PPV and specificity of CNN were significantly 

lower than the endoscopists in the non-specialist group. 

(Cho et al., 2019) used machine learning to recognize and differentiate Endoscopic White-

Light images. The authors used three pre-trained CNN models (Inception-v4, Resnet-152, and 

Inception-Resnet-v2). These were pre-trained with ImageNet using Transfer Learning (TL). 

The following metrics were used to evaluate the performance of these models: accuracy, 

sensitivity, specificity, PPV, NPV, and AUC. All CNN models used a stochastic gradient 

descent optimization approach with the Adam optimizer. The authors also applied the initial 

learning rate, final learning rate, weight decay, and batch size, being 0.01, 0.0001, 5e-05, and 

30, respectively. The training dataset underwent pre-processing to improve recognition 

performance through random cropping, resizing, flipping, and color adjustments implemented 

on each CNN model. Finally, a 5-fold cross-validation was performed. The dataset was obtained 

from images taken at endoscopic examinations using the following endoscopes GIF-Q260, 

H260, or H290 (Olympus Optical Co., Ltd., Tokyo, Japan) with an endoscopic video imaging 

system (Evis Lucera CV-260 SL or Elite CV-290; Olympus Optical Co.) This consists of 

images evaluated by expert endoscopists. These were grouped into five classes: Advanced 

Gastric Cancer (AGC), High-Grade Dysplasia (HGD), or Low-Grade Dysplasia (LGD), EGC, 

and non-neoplasm. The non-neoplasm class contains any form of gastritis, benign ulcers, 

erosions, polyps, or intestinal metaplasia. Neoplasm lesions detected throughout the 

examination were endoscopically biopsied or resected by endoscopic resection of the mucosa 
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such as endoscopic dissection of the submucosa. Lesions that could not be resected 

endoscopically were resected surgically. These diagnoses were made by expert pathologists 

with more than 10 years of experience. Inception ResNet V2 was the model that showed the 

best performance with 92.7% AUC and its accuracy, sensitivity, and specificity were 85.5%, 

84.0%, and 87.3%, respectively. The models used by the authors showed weakness, particularly 

in the classification of HGD, this is due to the difficulty in diagnosing HGD. Experts feel 

difficulty in accurately differentiating HGD from EGC. 

(Lui et al., 2019) created an image classifier made on a CNN and three fully connected layers 

using endoscopic images of gastric lesions such as adenocarcinoma and non-neoplastic lesions. 

This classifier contains a pre-trained ResNet backbone. To evaluate this classifier, the following 

metrics were used: accuracy, sensitivity, specificity, PPV, NPV, mean confidence, and AUC. 

To get more images to train the model, data augmentation through rotation, flipping, and 

reversing was performed. The authors used a dataset composed of endoscopic images of gastric 

lesions obtained between January 2013 and December 2016. The authors randomly defined a 

region of interest within the endoscopic images (300x300 pixels). The training set consists of 

2,000 ROI images (1,000 ROI images of 170 neoplastic lesions and 1,000 ROI images of 230 

non-neoplastic lesions). The validation set consists of over 1000 ROI selected using endoscopic 

images of 100 gastric lesions obtained between January 2017 and January 2019. The overall 

accuracy of the classifier was 91%, with 97% sensitivity, 85.9% specificity, and 0.91% AUC 

which was higher than junior endoscopists. The authors concluded that the model had more 

confidence in predicting non-neoplastic lesions than neoplastic lesions. The authors’ proposed 

model was superior to all junior endoscopists in accuracy and AUROC in both validation sets. 

In (Horiuchi et al., 2020) the authors proposed a CNN model to distinguish early gastric 

cancer and gastritis using Magnifying Narrow-Band Imaging (M-NBI). The used 22-layer CNN 

was built in GoogleNet and pre-trained using 2570 endoscopic images. To evaluate the 

performance of the model, the authors used the following metrics: Area Under the Curve 

(AUC), accuracy, sensitivity, specificity, Positive Predictive Value (PPV), and Negative 

Predictive Value (NPV). For each item, comparisons were made between the model and 11 

experts qualified in the diagnosis of EGC using Magnifying Endoscopy with Narrow-Band 

Imaging (ME-NBI). The authors extracted from electronic medical records representative 

cancer and non-cancer ME-NBI images for the CAD system. The dataset used consists of 

images from 395 cases, where 1492 were cancer images and 1078 were non-cancer images. 

The sensitivity, specificity, and accuracy of 258 images were 95.4%, 71.0%, and 85.3%, 
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respectively. Except for the high sensitivity, the CNN model also showed an overall test speed 

of 0.02 s per image, which was faster than that of human experts. The model created by the 

authors had a high overall performance in diagnosing EGC using ME-NBI videos. And its 

performance was equal to or better than that of the various endoscopy experts. 

In (Shibata et al., 2020) a method was proposed that performs automatic detection and 

extraction of the gastric cancer region using an R-CNN mask. The R-CNN masking method is 

a DL technique to find the object location with a bounding box and segment the object region. 

The base network extracts features from every image and creates a feature map. In the base 

network, they have intruded ResNet50 as a CNN model, the mask layer is composed of seven 

convolutional FCN layers. To evaluate the model the authors decided to use the following 

metrics: dice index, Jaccard index, sensitivity, and ROC curve. The authors developed an 

automatic detection system that collected images from 42 healthy individuals (1208 images) 

and 93 gastric cancer cases (94 lesions, 533 images). These images were obtained using 

endoscopes (GIF-290Z, GIF-HQ290, GIF-XP290N, GIF-260Z; Olympus Medical Systems, 

Co., Ltd, Tokyo, Japan; and EG-L600ZW7; Fujifilm Corp, Tokyo, Japan) and standard 

endoscopic video systems (EVIS LUCERA CV-260/CLV-260, EVIS LUCERA ELITE CV-

290/ CLV-290SL; Olympus Medical Systems; and VP-4450HD/LL-4450; Fujifilm Corp.). 

These were standard white light images and 256×256-pixel size. The detection sensitivity of 

gastric cancer and healthy tissue images, calculated from the ROC curve, were 0.96 and 0.76 

respectively. When it came to the segmentation of the gastric cancer region, they obtained an 

average DICE coefficient of 72%. As a result of the extraction of the gastric cancer region using 

U-Net, the results were 57% DICE and 43% Jaccard. The method proposed by the authors 

correctly detected the gastric precancerous lesions and the segmentation of the gastric cancer 

regions was like those of ground truth.  

In (Yan et al., 2020) the authors developed a single-center retrospective system to detect 

Gastric intestinal metaplasia (GIM) with endoscopic images. The system created by the authors 

is composed of three independent CNNs (Xception, NASNet, and EfficientNetB4) that can 

identify GIM from both NBI and M-NBI. The following metrics were used to measure the 

performance of the model: specificity, accuracy, AUC, and sensitivity. Because there is little 

data available the authors have performed data augmentation and transfer learning techniques. 

The dataset consists of 1880 endoscopic images (1048 GIM and 832 non-GIM). With a biopsy, 

the presence of GIM was histologically confirmed in 336 patients. The authors created a 

separate test data set, which contained 477 pathologically confirmed images (242 GIM and 235 
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non-GIM) from 80 patients. The system’s sensitivity, specificity, accuracy, and AUC per 

patient were 91.9%, 86.0%, 88.8%, and 92.8%, respectively. The diagnostic performance 

showed no significant differences compared to human experts. The investigation showed that 

the integration of NBI and M-NBI into the DL system could achieve satisfactory diagnostic 

performance for GIM. 

(Iakovidis et al., 2018) proposed a new methodology for automatic detection and localization 

of Gastrointestinal (GI) abnormalities in endoscopic video frame sequences. Training is 

performed with weakly annotated images, using only image-level, semantic labels instead of 

detailed annotations, and pixel-level annotations. This method was implemented in three 

phases: classification of video frames into abnormal or normal using a Weakly supervised 

Convolutional Neural Network (WCNN) architecture; detection of salient points from deeper 

WCNN layers using a deep saliency detection algorithm; localization of GI anomalies using an 

Iterative Cluster Unification (ICU) algorithm. The authors used two datasets: MICCAI 

Gastroscopy Challenge Dataset and the KID dataset. The former was chosen to classify and 

detect abnormalities in images obtained in gastroscopies. This dataset was subdivided into two 

classes normal and abnormal. The training set contains 205 normal and 260 abnormal images, 

while the test set has 104 normal and 129 abnormal images. The second dataset, on the other 

hand, is intended to contribute to the advancement of Wireless Capsule Endoscopy (WCE) 

detection. The images have a resolution of 360×360 pixels. The dataset was divided into a 

training dataset with 429 normal and 423 abnormal images, and a test set with 172 normal and 

172 abnormal images. Through these extensive experiments using video collections of GI 

endoscopy both anomaly detection and localization performance achieved, in terms of AUC, 

were >80%. The highest AUC for anomaly detection was obtained on conventional gastroscopy 

images, reaching 96%, and the highest AUC for anomaly localization was obtained on wireless 

capsule endoscopy images, reaching 88%. These results indicate its broader usability, with a 

potential for improvement by using larger, more diverse training sets. 

In (Nakashima, 2018) authors in addition to using White Light Imaging (WLI), also used 

BLI-bright blue laser imaging and Color-Linked Imaging (LCI). The focus of this study was to 

establish an AI diagnostic system capable of predicting H. pylori infection status using 

endoscopic imaging to improve the accuracy and productivity of endoscopic examination. 

Using these images, the authors refined a pre-trained GoogLeNet to predict H. pylori infection 

status. The dataset consists of images from 222 subjects (105 H. pylori-positive) undergoing 

esophagogastroduodenoscopy. During the examination, 3 still images of the lesser curvature of 
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the stomach were taken using white light imaging (WLI), BLI-bright, and LCI. The images 

were resized to 224x224. For each training group (WLI, BLI-bright, and LCI), 486 images 

(rotated at 90, 180, and 270 degrees) were selected in addition to the 162 original images, giving 

a total of 648. The test set contained 180 images (60 each for WLI, BLI-bright, and LCI). 

Compared to LCL and WLI, the model achieved the highest sensitivity (96.7%), specificity 

(86.7%), and AUC (96.4%) when using BLI-bright images. The diagnostic time for the 60 

images during the test period was 7 seconds and no major difference in diagnostic time was 

observed between WLI, BLI-bright, and LCI. 

In (Luo et al., 2019) the authors’ main goal was to develop and validate the Gastrointestinal 

Artificial Intelligence Diagnostic System (GRAIDS), which diagnoses upper gastrointestinal 

cancers by analyzing image data from clinical endoscopies. The performance of GRAIDS was 

compared with endoscopists with three degrees of expertise: expert, competent, and junior. The 

following metrics were used to measure the performance of GRAIDS and endoscopists in 

identifying cancerous lesions: accuracy, sensitivity, specificity, PPV, and NPV. To develop 

GRAIDS, 1 036 496 endoscopic images were obtained through 84 424 subjects. The dataset 

consists of examination images from patients with upper gastrointestinal cancerous lesions 

histologically proven to be malignant. Only images with standard white light were eligible for 

this study. GRAIDS achieved a sensitivity of 94.2%, specificity of 92.3%, accuracy of 92.8%, 

PPV of 81.4%, and NPV of 97.8%. GRAIDS compared with expert endoscopists had a similar 

sensitivity, whereas with junior and competent endoscopists it achieved a higher sensitivity. 

In (Wu et al., 2019), the authors aimed to build a system using Deep Convolution Neural 

Network (DCNN) (VGG-16 and ResNet-50) to detect Early Gastric Cancer (EGC) during 

Esophagogastroduodenoscopy (EGD). During DCNN training, class activation maps were 

developed to automatically cover suspicious cancerous regions. The authors measured the 

performance of the DCNN using the following metrics: accuracy, sensitivity, specificity, PPV, 

and NPV. The authors collected a total of 24549 images from different parts of the stomach, to 

train the DCNN to monitor blind spots and to detect EGC they collected 3170 gastric cancer 

images and 5981 benign images. The model proposed by the authors to identify EGC with an 

accuracy of 92.5%, a sensitivity of 94.0%, a specificity of 91.0%, a PPV of 91.3%, and an NPV 

of 93.8%, thus outperforming the experts. DCNN with the EGD videos, not processed in real-

time, achieved mechanized performance for EGC detection and blind-spot monitoring. 

In (Li et al., 2019) the authors proposed a CNN, Inception V3, to evaluate the diagnostic 

capabilities of non-cancerous lesions and early gastric cancer. To evaluate the performance of 
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the CNN, the following metrics were used: accuracy, sensitivity, specificity, PPV, and NPV. 

The model training process consisted of the following steps: creating the model and loading the 

pre-trained public Inception V3 model to initialize the model weights; removing the top layer 

and replacing it with a fully connected layer with output value 2 (early cancer or no cancer) as 

the new top layer; tuning the model; accelerating model convergence. During this process, the 

input size was 512x512 pixels to extract more information from the input images and improve 

the accuracy of the model. A total of 386 images of non-cancerous lesions and 1702 of early 

gastric cancer were selected to train the proposed model. To evaluate the diagnostic capabilities 

of the model compared to endoscopists, 341 endoscopic images (171 non-cancerous lesions and 

170 early gastric cancer images) were selected. The sensitivity, specificity, and accuracy of the 

CNN system in diagnosing early gastric cancer were 91.18%, 90.64%, and 90.91%, 

respectively. When it came to the specificity and accuracy of diagnosis, there was no significant 

difference between CNN and experts. However, the sensitivity of the CNN diagnosis was 

higher than that of the experts. 

In (Tang et al., 2020) the authors aim to develop and validate DCNNs, to detect early gastric 

cancer (EGC).  The architecture of the deep network comprises two parts: the backbone 

structure to extract features from the image and the detection and decision layers to detect the 

location of lesions. The backbone framework used to create this system was Darknet 53 which 

contains 53 layers of neurons. Each module consists of one or more convolutional layers with 

batch normalization and nonlinearity activation functions such as Leaky ReLU. The authors 

compare the diagnostic performance of the DCNN with endoscopists. The evaluation of the 

diagnostic performance of the DCNN system was done using accuracy, sensitivity, specificity, 

PPV, NPV e Cohen’s kappa coefficient. The authors selected 45,240 endoscopic images from 

1364 patients which were subdivided into a training and validation set. The training set contains 

35823 images from 1085 patients of which 26 172 are cancerous lesions. The validation set 

contains 9417 images from 279 patients, of which 4153 contain cancer lesions. The video 

dataset contains 26 videos from 26 patients. Finally, the test set includes 600 images where half 

are cancerous images and the other half are controlled images, i.e., without malignant lesions. 

The authors’ proposed system indicated good performance in detecting EGC in the validation 

sets, with an accuracy between 85.1% and 91.2%, sensitivity between 85.9% and 95.5%, 

specificity between 81.7% and 90.3%, and AUC between 0.887 and 0.940. The proposed 

DCNN system showed better development than the endoscopists and improved performance. 
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Using this system, the authors were also able to process Esophagogastroduodenoscopy (OGD) 

video streams to detect EGC lesions. 

The method proposed by (Liu et al., 2018) was applied to automatically detect M-NBI 

images, they adapted three pre-trained CNNs: VGG16, Inception V3, and finally 

InceptionResNetV2 to obtain a better detection accuracy and efficiency of the architectures. 

Thus, the authors decided to perform four experiments. The first experiment consisted of testing 

two sets of data, the fine and the coarse, using the three mentioned networks.  Then they 

performed the second experiment to test the influence of fine-tuning using three different 

scenarios: all layers are fine-tuned; the front half of the layers are fine-tuned, and the behind 

half of the layers are frozen; only fully connected layers are fine-tuned, and keep the previous 

layers fixed. Experiment three consisted of investigating the influence of the size of the input 

images on the detection performance of medical images. It was noticeable that better results 

were obtained with the 299x299x3 image size than with the other sizes. Finally, in the last 

experiment, the authors decided to buy the performance of transfer learning using a CNN with 

the traditional machine learning method. The authors used a dataset consisting of M-NBI 

images with four resolutions 768x576, 720x480, 1920x1080, and 1280x720. This contains a 

total of 1120 ME-NBI images, where 558 are EGC images and 562 are healthy tissue images. 

They performed four experiments and obtained the following results and conclusions. In the 

first experiment, the coarse data were the ones that obtained the highest values of accuracy 

sensitivity, and specificity. And it was possible to conclude that the network that obtained the 

best performance was Inception V3 with 98.5% accuracy, 98.1% sensitivity, and 98.9% 

specificity. From experiment 1 the authors only used Inception V3, since it obtained better 

results. With the second experiment, it was possible to conclude that medical image detection 

problems using CNN transfer learning can perform better if all layers undergo fine-tuning, thus 

achieving 98.5% accuracy, 98.1% sensitivity, and 98.9% specificity. In the third experiment 

was noticeable that better results were obtained with the 299x299x3 image size than with the 

other sizes. In the last experiment, the authors were able to conclude that better results were 

obtained with transfer learning than with the traditional machine learning method of feature 

extraction for the ECG image detection problem. 

(Nakashima et al., 2020) also did a single-center prospective study to build a CNN model to 

identify H.pylori status in uninfected, currently infected, and post-eradication patients. The 

authors constructed two (deep convolutional neural networks) DCNNs, each with a 22-layer 

skip connection. Two CAD models were developed one for WLI images (WLI-CAD) and one 
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for LCI images (LCI-CAD). To evaluate the model performance the following metrics were 

used: specificity, sensitivity, PPV, accuracy, and P-value. The dataset consists of images from 

the examinations of 515 individuals. The endoscopist recorded the videos of the gastric lesser 

curvature endoscopy examination using only white light (WLI) and LCI images. For the 

training dataset, the examination of 395 subjects (6639 WLI images and 6248 LCI images) was 

used, in which 141 were classified as non-infected, 138 as infected, and 116 with post-

eradiation. For the validation dataset, the scans of 120 subjects were used where 40 were 

uninfected, 40 were infected, and finally 40 with post-eradiation. This set was obtained through 

separate subsets of the training set. The WLI-CAD model obtained prediction values of 49.2% 

for the post-eradiation state, so it can be concluded that it was a poor prediction. In contrast, the 

LCI-CAD model obtained a prediction of 98.5% for the post-eradiation state, compared to the 

previous model this is a good prediction. The LCI-CAD model obtained an AUC of 90% for 

the non-infected category, 82% for the infected category, and finally 77% for the post-

eradication category. The accuracy of this model was 84.2% for the uninfected, 82.5% for the 

currently infected, and 79.2% for the post-eradication state. 

In (Hirasawa et al., 2018) the authors built a CNN-based diagnostic system based on single-

shot and trained Multibox Detector architecture. The SSD is a deep CNN with 16 or more 

layers. To train, test, and validate the CNN the Caffe tool was used. To tune all layers of the 

CNN the stochastic gradient descent was used with a learning rate of 0.0001. All images and 

bounding boxes were resized to 300 x 300 pixels. The following metrics were used to evaluate 

the model: sensitivity and Positive Predictive Value (PPV). The images chosen by the authors 

were standard white light images, chromoendoscopy using indigo carmine sputtering, and 

narrow-band imaging (NBI). The authors selected 13,584 endoscopic images for 2639 

histologically proven gastric cancer lesions for the training dataset. A gastric cancer expert 

manually marked all lesion images. To evaluate the accuracy of the CNN model, it was 

necessary to construct an independent test dataset with images from the examinations of 68 

patients with 77 gastric cancer lesions. Of the 69 cases, 62 had only one gastric cancer lesion, 

6 had 2 gastric cancer lesions, and 1 had 3 lesions. The final test set consisted of 2296 total 

images. The model proposed by the authors required 47 seconds to analyze 2296 test images.  

The model diagnosed 232 lesions as gastric cancer, 161 were non-cancerous lesions and 

correctly identified 71 of 77 gastric cancerous lesions with a sensitivity of 92.2% and a PP of 

30.6%. About 98.6% of lesions with a diameter of 6mm or more, as well as all invasive cancers, 

were correctly detected. The poorly detected lesions were intramucosal cancers of the 
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superficial type that were difficult to distinguish from gastritis even for experienced 

endoscopists. 

(Song et al., 2020) built a learning model based on DeepLab v3 with the ResNet-50 

architecture as the backbone. The authors also studied the performance of classification 

(ResNet-50, Inception v3, and DenseNet) and segmentation (U-Net, DeepLab v2, DeepLab v3) 

models. All the models implemented were implemented in TensorFlow34 using the Adam 

optimizer. To train the random forest the authors extracted 30 features from the heatmaps of 

the training set. The classifier was trained and tested on the validation set. To measure the 

performance of the model they used the slide-level AUC, accuracy, sensitivity, specificity, and 

accuracy, sensitivity, specificity compared to human pathologists. The authors used the PLA 

General Hospital (PLAGH) dataset and divided it into six parts: training set (contains 2123 

WSIs, with 1391 malignant tumors); training dataset for the random forest (contains 737 WSIs 

with 353 malignant tumors); validation dataset (contains 300 WSIs) to fine-tune the 

hyperparameters of the models; internal examination dataset (contains 100 WSIs), which were 

used in the collaboration test; daily gastric dataset (3212 WSIs); IHC dataset: a subset of the 

daily gastric dataset (99 WSIs) containing difficult cases that required immunohistochemistry. 

The dataset contains 595 WSIs from PUMCH and 987 WSIs from CHCAMS and Peking Union 

Medical College. DeepLab V3 achieved an AUC of 98.6%, sensitivity of 99.6% and specificity 

of 84.3%, and accuracy of 87.3%. The sensitivity obtained for tubular adenocarcinoma and 

poorly cohesive carcinomas were 99.8% and 100% respectively, except for mixed 

adenocarcinoma. 

In (Ueyama et al., 2020), the authors proposed an AI-assisted CNN-CAD system (ResNet50) 

based on ME-NBI images to diagnose EGC and evaluate the diagnostic accuracy of the CNN-

CAD system. The CNN-CAD system was developed through Transfer Learning (TL) using a 

CNN architecture, Deep Residual Network26 (ResNet-50), which was pre-trained on the 

ImageNet database. The Caffe framework was used to train, test, and validate the CNN. When 

using TL the authors replaced the final classification layer with a fully connected one. The 

images were resized to 224x224. The layers were tuned using stochastic gradient descent with 

an overall learning rate of 0.001. To evaluate the CNN-CAD system they used the following 

metrics: accuracy, sensitivity, specificity, PPV, and NPV. The authors created a dataset to train 

and validate the model with 5574 ME-NBI images. During training, the dataset was randomly 

divided into two sets the training set and the validation set. The training set contains 4460 

images and the validation set contains 1114 images. The test set consists of 2300 ME-NBI 
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images. The model proposed achieved the following values 98.7%, 98%, 100%, 100%, 96.8%, 

0%, and 2% for accuracy, sensitivity, specificity, positive predictive value, negative predictive 

value, false-positive rate, and false-negative rate respectively. The authors pointed out that the 

model had difficulty distinguishing 6 cases of intestinal metaplasia or gastritis, even by the 

experts. 

In (Kim et al., 2021) the authors proposed a method based on deep recurrent neural networks 

to identify risk factors for the progression of atrophic gastritis to gastric cancer. Deep 

Prevention consists of a prediction and explanation module. The prediction model is based on 

a Deep Recurrent Neural Network (RNN).  The authors decided to use LIME clustering and K-

Means to predict the probability of atrophic gastritis turning into cancer. The model proposed 

by the authors consists of an RNN with eight hidden layers to learn the characteristics of gastric 

cancer. The authors also used dropout and L2 regularization. The dataset consisted of 29557 

patients with atrophic gastritis, of which 771 progressed to gastric cancer. For this study, the 

authors restricted the sample to patients between the ages of 40 and 75. Which ultimately led 

to a dataset consisting of 18846 patients with atrophic gastritis that progressed to cancer. The 

model obtained an AUC of 84%, a sensitivity of 50%, and a specificity of 98%. The authors 

used hidden layers to obtain the minority class features and used dropout and L2 regularization 

to avoid overfitting. 

In (Guimarães et al., 2020) the authors applied a pre-trained CNN to detect atrophic gastritis. 

The training data underwent data augmentation through rotation, mirroring, and scaling. The 

authors first evaluated the best architecture by performing 10-fold stratified cross-validation on 

dataset 1 (DS1). For each fold, the data was split into training, tuning, and testing sets 

(80%/10%/10%). In the second phase, DS1 was divided into training and tuning (90%/10%), 

while dataset 2 (DS2) was used for testing. To evaluate the performance of the model, the 

following metrics were used: accuracy, sensitivity, specificity, PPV, NPV, F-score, and AUC. 

The authors created two datasets where the first consisting of 200 images (100 for each class) 

of patients with and without histologically proven atrophic gastritis. These images were 

obtained between 2008 and 2018. The second dataset consisted of 70 images, 30 with atrophy 

and 40 without atrophy. This dataset was used for independent testing and validation by six 

experts. They concluded that the best performing DL model performed for diagnosis of atrophic 

gastritis, evaluated by cross-validation, was VGG16, with 93.5% accuracy, 93% sensitivity, 

94% specificity, 93.9% PPV, 93.1% NPV,93.5% F-score and 98.4% AUC. The model was able 
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to achieve good diagnostic results even though there was little data. Compared to the experts 

the accuracy, balanced accuracy, and F-score were higher for the proposed model. 
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Table 1: Overview of published studies related to EGC. 

Study Location Purpose Architecture 
Regularization methods and 

Transfer Learning 
Types of lesions 

(Sakai et al., 2018) Japan Detecting early gastric cancer GoogleNet 

Data augmentation (rotation, 

zoom, flip, shear, shift) and 

TL (ImageNet) were used 

3 types of lesions: Superficial elevated 

type (0-Iia); superficial depressed type 

(0-Iic); Protruding type (0-I). 

(Ikenoyama et al., 

2021) 
Japan Detection of EGC SSD - Gastric cancer, H. Pylori 

(Cho et al., 2019) South Korea 

Recognition and differentiation of 

images obtained through white 

light endoscopy 

Inception-v4, Resnet-152, and 

InceptionResnet-v2 TL (ImageNet) 

AGC (advanced gastric cancer), EGC 
(gastric precancer), high-grade 

dysplasia, and low-grade dysplasia 

(Lui et al., 2019) China Prediction of gastric lesions ResNet - Gastric lesions (No specifications) 

(Horiuchi et al., 

2020) 
Japan EGC detection GoogleNet TL (ImageNet) EGC and cancer 

(Shibata et al., 

2020) 
Japan 

Detection and Segmentation of 

early gastric cancer 
Mask R-CNN (ResNet-50) - 94 types of gastric carcinoma lesions 

(Yan et al., 2020) China 

Detection of GIM (Gastric 

intestinal metaplasia) 

Xception, NASNet, and 

EfficientNetB4 

Data augmentation (Randomly 

rotated (0–30◦), flipped 

(vertical and horizontal), 

shifted, and zoomed into (0.9–

1.1), TL (ImageNet) 

GIM 

(Iakovidis et al., 

2018) 
UK 

Computer-aided detection and 

diagnosis of Gastrointestinal tract 
Deep WCNN 

Self-annotation; XAI 
Gastritis, cancer, bleeding, and gastric 

ulcer 

(Nakashima, 2018) Japan 

AI diagnostic system to predicting 

H. pylori infection 
GoogLeNet 

Data augmentation 

(rotation);Fine-tuning (batch-

size of 20) 

Helicobacter pylori 

(Luo et al., 2019) China 

Detection of upper 

gastrointestinal cancer 
GRAIDS 

- 
oesophageal cancer and gastric cancer 
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(Continuation of Table 1)  

Study Location Purpose Architecture 
Regularization methods and 

Transfer Learning 
Types of lesions 

(Wu et al., 2019) China 
EGC detection without blind 

spots 

Deep CNN (VGG-16 and 

ResNet-50) 

Data augmentation (shear, 

zoom, horizontal flip, shifts in 

the height and width, and fill 

mode), and TL (ImageNet) 

EGC (no specification) 

(Li et al., 2019) China EGC detction Inception V3 - EGC (no specification) 

(Tang et al., 2020) China Detection of EGC Darknet-53 - EGC 

(Liu et al., 2018) China Detecting early gastric cancer 

Three pre-trained CNNs: 

VGG16, Inception V3 and 

InceptionResNetV2 

Fine-tuning (all layers are 

fine-tuned; the front half of 

the layers are fine-tuned, and 

the behind half of the layers 

are frozen; only fully 

connected layers are fine-

tuned and keep the previous 

layers fixed.) 

EGC (No specifications) 

(Nakashima et al., 

2020) 
Japan 

Identification of H.pylori status in 

uninfected, currently infected, and 

post eradication patients 

Two DCNNs, each equipped 

with a 22-layer skip-

connection architecture 

- H. pylori infection 

(Hirasawa et al., 

2018) 
Japan Detection of gastric cancer (GC) SSD - GC; EGC 

(Song et al., 2020) China Detection of GC DeepLab V3 

Data augmentation:  random 

rotations by 90, 180, and 270 

degrees and random flips 

(horizontal and vertical 

GC 

(Ueyama et al., 

2020) 
Japan Detection of EGC ResNet50 

TL(ImageNet), data 

augmentation (rotation) 
EGC 
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(Continuation of Table 1)  

Study Location Purpose Architecture 
Regularization methods 

and Transfer Learning 
Types of lesions 

(Kim et al., 2021) South Korea 

Identification of the risk 

factors for the progression of 

atrophic gastritis to gastric 

cancer 

DeepPrevention 
Explainable AI, LIME and 

K-Means clustering 
Atrophic gastritis, GC 

(Guimarães et al., 2020) Alemanha 
Detection of gastric 

precancerous conditions 
VGG-16 

TL (ImageNet), 10-fold 

stratified cross-validation, 

data augmentation (rotation, 

mirroring, and scaling) 

EGC (H. Pylori, Atrophic 

gastritis, among others not 

specified) 
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3.3. Summary 

CNN is a very popular deep neural network, which is based on a mathematical operation 

called convolution. CNN is a popular type of DNN with good performance compared to other 

ML methods. (Albawi et al., 2017).  

Generally, CNNs are not trained from scratch using a random initialization and TL 

techniques can be used, leading the algorithm to converge faster (Aloysius & Geetha, 2017). In 

addition, regularization techniques can be applied, which increases the generalization ability of 

the algorithm. The need to create reliable, fair, robust, and high-performance models led to the 

creation of Explainable Artificial Intelligence (XAI). XAI is a tool that assists in understanding 

and interpreting the behavior of AI systems. The explanation provided by this tool provides the 

information, that led to the AI system determining such a decision, allowing the human to 

observe if the decision was purely rational (Doran et al., 2017). 

The Vision Transformer (ViT) has recently emerged as a competitive alternative to CNNs. 

ViT is a transformer used in the computer vision field. The transformer learns internally by 

measuring the relationship between pairs of input tokens. 

Finally, in this chapter, an analysis of several DL systems using EGC, and CG images is 

performed; the models analyzed performed tasks such as binary classification and multiclass 

classification. Considering the studies present in this chapter, it can be concluded that for each 

of the pathologies it is important to create a representative data set with thousands of images 

collected from various examinations, to encourage research. 
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Chapter 4 – Methods and Material  

This chapter will explain how the work is organized according to the pipeline shown in 

Figure 10. 

 

Figure 10: Pipeline of the developed work. 

We start with a brief description of the data used, and how it was preprocessed and organized 

(section 4.1). Based on the literature review we use methods such as Inception V3, VGG16, 

ResNet50, and ViT for EGC screening based on classification approaches (section 4.2) and the 

respective model settings (section 4.3). Finally, the metrics used to evaluate the models are 

presented (section 4.4). 

4.1. Data Preparation  

4.1.1.  Datasets and data organization 

To detect EGC we use a private dataset Post-Map. This is a set of images of the gastric tract 

from endoscopy. This dataset was initially created using 170 exams, but 33 of these scans were 

a failure. It contains a total number of 1355 images, NBI and WL, of which 499 are high 

resolution and 856 are low resolution. The splitting of the dataset consisted of using all high-

resolution and some low-resolution images. Since the original dataset has four classes, we 

decided to merge three of these classes (atrophy, GIM, and dysplasia) into a single class called 

metaplasia. 
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Table 2: Number of images, by class, used in each one of the datasets splits applied to train and evaluate all the 

models. 

 

Initially, the data was distributed to the training set (70%), validation set (15%), and test set 

(15%). The different architectures were trained separately with this dataset for the EGC 

classification. Since the dataset used was small, we decided to try the 5-fold cross-validation 

with an external set to evaluate the models. For this, we used high-resolution and low-resolution 

images of normal and metaplasia tissue, about 409 images each.  

 

Figure 11: Data organization for the training of the models with 5-fold cross-validation with an external set. 

The whole process of splitting and organizing the data to train the models is explained in 

Figure 11. The k-fold for the dataset used was divided into 5 similar folds for cross-validation 

with one-fold left out, to test and validate each model and check its robustness after training 

Split Normal Metaplasia 

Train 286 286 

Validation 73 73 

Test 50 50 

Total 409 409 
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4.1.2.  Pre-processing 

The images used were resized depending on the network, which was used, for ResNet 50, 

VGG16, and ViT the images were resized from original dimensions to 224x224, as for 

Inception V3 the images were resized to 229x229. 

Each network has a different preprocessing for the generator functions. In the case of ResNet 

50 and VGG16, the images are converted from RGB to BGR, then each color channel is zero-

centered concerning the ImageNet dataset, without scaling. For inception V3 and ViT, the input 

pixel values are scaled between -1 and 1, sample-wise. 

To avoid overfitting, we performed data augmentation. This consisted of zooming, width 

shift, height shift, shear, and horizontal flip. All these changes to the images were made with a 

range of 0.1 

4.2. EGC Classification 

Object detection and classification have aroused researchers' curiosity over the years.  

Image classification is a method for categorizing or predicting the class of a certain object 

in an image. This method's primary goal is to precisely identify an image's features.  

The key processes in applying image classification techniques are choosing a good 

classification system, feature extraction, choosing good training samples, preprocessing the 

images, choosing a good classification method, post-classification processing, and lastly 

assessing the overall accuracy. Typically, an image of a certain object serves as the input for 

this technique, and the anticipated classes that define and correspond to the input objects serve 

as the output (Choudhury, 2020). 

To select the method to be used for this work, it was necessary to study in detail some 

architectures, so that it was possible to achieve the initial objectives. Next, we will analyze in 

detail the architectures to be used to detect EGC in medical images. 

4.2.1. ResNet50 

Residual Neural Network (ResNet) is an ANN network, this architecture introduced the 

residual blocks between layers, which can help to reduce losses, preserve knowledge gain and 

increase performance during the training phase (L. Ali et al., 2021). 

ResNet50 is considered a deep network since it has 50 layers deep. A residual layer in this 

stacked layers architecture in the residual block always contains 1x1,3x3 and1x1 convolution 
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layers. The first 1x1 convolution will reduce the dimension and then the features will be 

calculated in the 3x3 bottleneck layer. In the next 1x1 layer, the dimension is increased again. 

The 1x1 filter is used in this architecture to reduce and increase the dimension of the feature 

maps before and after the bottleneck layer. Since there is no pooling layer within the residual 

block, the dimension is reduced in 1x1 convolutions with strides of 2. Figure 12 shows Campo's 

block diagram of this architecture (He et al., 2015). 

 

Figure 12: Block diagram of the ResNet50 architecture (adapted from (L. Ali et al., 2021)). 

 

4.2.2. VGG16 

Visual Geometry Group (VGG), also known as VGGNet, was created to increase the depth 

of CNN's, with the main goal of increasing model performance. When we refer to VGG as a 

deep architecture this is closely related to the number of convolutional layers, i.e., when we 

refer to VGG16 it means that it has 16 layers. VGG is the basis of several innovative object 

detection models. The VGG architecture is developed with very small convolutional filters. 

This has then 13 convolutional layers divided into five groups, and a max-pooling layer follows 

each group and 3 fully connected layers, as can be seen in Figure 13. 
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Figure 13: Block diagram of the VGG16 architecture (adapted from (L. Ali et al., 2021)). 

VGG16 has a 224x224 image as input. The convolutional layers of VGG take advantage of 

the most minor receptive field, i.e., of size 3x3. In addition to these layers, these architectures 

also have a stride and padding of 1. These are followed by max-pooling layers of size 2x2, with 

a stride of 2. These act as a linear transformation of the input, which is followed by a ReLu unit. 

The Relu is a piecewise linear function, also known as an activation function, that will copy the 

input if positive otherwise the output is zero. The output of the fully connected layers is input 

to the softmax layer if it is a multiclass classification problem, or to the sigmoid layer if it is a 

binary classification problem (L. Ali et al., 2021). 

The convolution steps are fixed to keep the spatial resolution preserved after resolution. 

When it comes to the hidden layers these use ReLu. Normally, VGG does not use Local 

Response Normalization (LRN) since it increases memory consumption and training time, plus 

accuracy worsens. As mentioned here VGG uses 3 fully connected layers, two of these layers 

with a size of 4096 neurons and the last one with a size of 1000 neurons (Simonyan & 

Zisserman, 2015).  

4.2.3.  Inception V3  

The Inception V3 model involves more than 20 million parameters. This model includes 

symmetric and asymmetric building blocks, where each block is composed of various 

convolutional, average, and max pooling, concats, dropouts, and fully connected layers. Batch 

normalization is usually used and applied in the activation layer in this model. Classification 

can be performed using softmax (for multi-class classification) or sigmoid (for binary 

classification). A schematic diagram of the Inception V3 model is shown in Figure 14 (L. Ali 

et al., 2021). 
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Figure 14: Block diagram of the VGG16 architecture (adapted from(L. Ali et al., 2021)). 

The Inception V3 model is composed of eleven inception modules. The inception modules 

use filters of different sizes to process the input features and in the last layer of the models the 

results of the different filters are combined (Li et al., 2019). 

4.2.4. ViT 

As already mentioned in Chapter 3, ViTs have recently emerged as an alternative to CNNs. 

Compared to CNNs, it is generally found that the weaker inductive bias of the ViT leads to a 

greater reliance on model regularization or data augmentation when training on smaller training 

datasets. 

Internally, the transformer learns by measuring the relationship between pairs of input 

tokens. In computer vision, we can use image patches as a token. This relationship can be 

learned by providing attention to the network. This can be done in conjunction with a 

convolutional network or by replacing some components of convolutional networks. These 

network structures can be applied to image classification tasks. The complete procedure of 

image classification using a vision transform can be explained in Figure 9. 

A Vision Transformer (ViT) is a concept that applies a Transformer to the image domain 

while making minor implementation changes to accommodate various data modalities. A ViT 

employs several tokenizations and embedding techniques in greater detail. The general 

architecture is the same, though. A source image is divided into a collection of image patches 

known as visual tokens. The visual tokens are incorporated into a collection of coded vectors 
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with fixed dimensions. The transform encoder network, which is essentially the same as the one 

in charge of processing the text input, receives the position of a patch in the image together with 

the encoded vector. 

The ViT encoder consists of several blocks, each of which is made up of three major 

processing components: Layer Norm, Multi-Head Attention Network (MSP), and Multi-Layer 

Perceptron (MLP). The Layer Norm controls the training process and enables the model to 

adjust to differences between training images. The network known as MSP oversees creating 

attention maps from embedded visual tokens. These attention maps assist the network in 

concentrating on the most crucial areas of the image, such as the object (s). GELU (Linear 

Gaussian Error Unit) is the final layer of the MLP, which is a two-layer classification network. 

The last MLP block, commonly known as the MLP head, serves as a transformer output. 

Classification labels can be generated using a softmax or sigmoid application on this output 

(PhD, 2022). 

4.3. Training process 

To distinguish EGC images from images representing healthy gastric tract images we 

decided to perform two approaches: training the standard models (VGG16, Inception V3, and 

ResNet50) and training the ViT model.  Figure 14 schematically represents the generic process 

utilized to train and evaluate the models developed in this work. 

As a first approach, we performed training of the standard networks (VGG16, Inception V3, 

and ResNet50) to distinguish EGC images from images representative of healthy gastric tract 

images. To this end, the training process for classification had 100 epochs for pre-training using 

ImageNet weights and 50 epochs for tuning the models, with a batch size of 16 for validation 

and training set on both parts. The learning rate started at 1e-4 with Adam optimizer and binary 

focal loss as the loss function. As stated in Chapter 3 a binary focal loss generalizes binary 

cross-entropy by introducing a hyperparameter called the focusing parameter that allows hard-

to-classify examples to be penalized more heavily relative to easy-to-classify examples. 

 To prevent learning rate stagnation on the plateau, the callback of learning rate reduction on 

the plateau is a factor of 0.50. 

𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 = 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑟𝑎𝑡𝑒 × (
𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛

𝑤𝑎𝑟𝑚 − 𝑠𝑡𝑒𝑝𝑠
)

𝑝𝑜𝑤𝑒𝑟

 (2) 
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All these models are available in the TensorFlow kernel and were loaded. The classification 

layer (last layer/dense layer) was removed and after those 5 new layers were added: a 2D global 

average layer, two dense layers (one with 1024 nodes and the next with 512, both with ReLu 

as activation function), a dropout layer (dropout=0.3) and lastly a dense layer with 1 node as 

output with Sigmoid as activation function. 

Table 3: Hyperparameters for the standard models. 

Hyperparameters Values 

Batch size 16 

Initial Learning rate 1𝑒−4 

Epochs 100 

Dropout 0.3 

 

As a second approach, we decided to try a technique that has become well known for its 

good performance, which are transformers. To do this we used the ViT model, where training 

for classification had 50 epochs to tune the models using ImageNet weights, with a batch size 

of 8 for validation and training set on both parts. The learning rate started at 1𝑒−4 with the 

Adam optimizer and the binary focal loss as the loss function and to prevent stagnation of the 

learning rate on the plateau, the callback of the plateau learning rate reduction by a factor of 

0.50. The classification layer (last layer/dense layer) was removed and after those 3 new layers 

were added: a dense layer (with 256 nodes), a dropout layer (dropout=0.3), and finally a dense 

layer with 1 node as output with Sigmoid as activation function. 

Table 4: Hyperparameters for the ViT model. 

Hyperparameters Values 

Batch size 8 

Initial Learning rate 1𝑒−4 

Epochs 100 

Dropout 0.3 

 

4.4. Metrics Used to Evaluate the Algorithms 

Often, to re-estimate the performance of a model prediction accuracy is used, this indicates 

the proportion of samples that have been correctly classified. It is crucial to evaluate the quality 

of predictions made by a model on unseen data. Several performance measures can be used to 
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evaluate the model, and some performance measures are derived from the confusion matrix, 

such as sensitivity, specificity, positive predictive value (PPV), negative predictive value 

(NPV), F1 Score, accuracy, and balanced accuracy. 

Sensitivity, also called True Positive Rate (TPR), is the proportion of positive samples that 

were classified as such. Specificity, on the other hand, also called True Negative Rate (TNR), 

indicates the proportion of negative samples that were classified as negative. The PPV is the 

probability that the patient has or will develop a certain disease, given a positive test result. The 

NPV measures the opposite, i.e., the probability that a patient does not or will develop a disease 

while having a negative test result. F1 Score produces a value between zero and one and tries 

to find the balance between accuracy and recall, letting you know how accurate the model is 

and how many samples it classifies correctly.  

There are several metrics for evaluating the performance of DL models. The concepts of 

True Positives (TP), False Positives (FP), True Negatives (TN), and False Negatives (FN) will 

be defined in Table 5 for the classification tasks to clarify these concepts. 

Table 5: Concepts of TP, TN, FP, and FN for the object classification task. 

Concept Classification 

TP Image correctly classified as positive 

TN Image correctly classified as negative. 

FP Image wrongly classified as positive 

FN Image wrongly classified as negative 

 

Considering the number of TP, FP, TN, and FN produced by each one of the models in the 

test set, the following metrics were calculated aiming to evaluate their performance. Some of 

those performance measures are derived from the confusion matrix which can be seen in Table 

6. 

Table 6: An example of a confusion matrix with definitions of TP, TN, FP, and FN. 

 Real Positive Real Negative 

Predicted 

Positive 
TP FP 

Predicted 

Negative 
FN TN 
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The accuracy (equation 3) is the ratio between the number of correct predictions and the total 

number of input samples. 

Accuracy =
Number of correct predictions

Total number of predictions made
=

TP+TN

TP+FP+TN+FN
 (3) 

 

Precision (equation 4) is the ratio of correct predictions to the number of positive results 

predicted by the classifier. 

Precision=
TP

TP+FP
 (4) 

 

Recall or sensitivity (equation 5) is the number of correctly predicted results divided by the 

number of all those that should have been classified as positive. Specificity (equation 6) 

measures the proportion of the negative cases that were correctly classified. 

Recall=
TP

TP+FN
 (5) 

 

Sep=
TN

TN+FP
 

 

(6) 

 

F1 Score (equation 7) outputs a value between zero and one and tries to find the balance 

between precision and recall, letting know how accurate the model is and how many samples it 

correctly classifies. The F1-Score is the harmonic mean of these two. 

F1 Score=
2×TP

2×TP+FN+FP
 (7) 

 

In addition to these measures, other measures were also used, such as rank-based 

performance measures. These measures rank predictions relative to the probability of an 

outcome. For this work, measures such as the ROC Curve were used.  

The ROC curve is a performance measure for classification problems at various threshold 

parameters. ROC is a probability curve and AUC represents the degree or measure of 

separability. Essentially this is how well the model can distinguish between classes.  
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Figure 15: Example of a ROC curve (adapted from (Narkhede, 2021)). 

As we can see in Figure 15, the ROC curve is plotted with TPR against False Positive Rate 

(FPR). One can conclude that the higher the AUC, the better the model distinguishes between 

patients with and without the disease. 
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Chapter 5 - Results and Discussion 

kThe results were organized in the same way as the methodology is represented in the 

workflow. For the method, EGC detection is performed by training the models with the private 

IPO dataset and then with the split-fold dataset to perform k-fold CV. Throughout this chapter, 

the results will be discussed and compared with the state-of-the-art results. Finally, the standard 

architectures will be compared with ViT concerning their ability to detect EGC and how much 

they can contribute to support this challenging task.  

5.1. EGC Classification 

To perform the task of EGC classification, several experiments were performed. Initially, 

we tried to perform multi-class classification, but the models did not show a good performance, 

since the dataset provided by the IPO is small. Therefore, we decided to gather the lesions in a 

single class named metaplasia and the remaining healthy tissue images in another class named 

normal and thus performed binary classification. The organization of this dataset is shown in 

Table 2. For this task, we trained the standard models (VGG 16, InceptionV3, and ResNet 50) 

using TL. The hyperparameters and regularization strategies used in this experiment are 

presented in Table 3. 

The results are presented in Table 7. 

Table 7: Results of the standard models. 

Models Acc Sen Spe Pre F1 AUC 

InceptionV3 0.69 0.71 0.71 0.70 0.70 0.73 

VGG16 0.62 0.66 0.69 0.72 0.69 0.66 

ResNet50 0.51 0.79 0.62 0.46 0.58 0.68 

 

As it is possible to observe in Table 7 the models did not obtain a good performance. Still 

considering the ROC curves in Figure 16 and the results presented in the table it was possible 

to see that Inception V3 obtained a better performance. 
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Figure 16: ROC curves for the standard models (InceptionV3 (a), VGG 16 (b), and ResNet 50 (c). 

 

We decided to perform a 5-fold Cross Validation, to evaluate the generalization ability and 

robustness of the model. As mentioned in Chapter 4, the CV K-Fold technique was used to train 

the models. The K-fold for the dataset used was split into 5 similar folds for cross-validation 

with one-fold left out, to test and validate each model and check its robustness after training. 

The different architectures were trained separately with this dataset for EGC classification. 

In conjunction with this experiment, we decided to implement ViT, to compare with 

traditional CNNs, since they are still a recent technique that has become known for their 

excellent performance. To implement the transformers in our project, we used the same 

hyperparameters mentioned in Table 4. 

Table 8 shows the average results obtained on each fold of the 5-fold Cross Validation set. 

Overall, the results are very similar among all the models. Inception V3 achieved the best values 

in almost all metrics used, except specificity. In any case, the results are very similar when 

compared to the ResNet50 model and both achieved an AUC of 84% with a small standard 

deviation which proves the agreement on the different folds. 
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Table 8: Results for validation set in 5-Fold CV 

Models Acc Sen Spe Pre F1 AUC 

ResNet50 0.80 (± 0.02) 0.77 (± 0.04) 0.83 (± 0.04) 0.82 (± 0.07) 0.79 (± 0.03) 0.84 (± 0.02) 

VGG16 0.75 (± 0.03) 0.75 (± 0.10) 0.74 (± 0.15) 0.76 (± 0.06) 0.75 (± 0.05) 0.80 (± 0.05) 

InceptionV3 0.82 (± 0.03) 0.82 (± 0.07) 0.80 (± 0.11) 0.82 (± 0.04) 0.82 (± 0.04) 0.84 (± 0.05) 

ViT 0.77 (± 0.03) 0.76 (± 0.07) 0.80 (± 0.06) 0.79 (± 0.08) 0.77 (± 0.03) 0.82 (± 0.03) 

 

In comparison with the previous results, it is possible to see that the performance of the 

models improved using the 5-Fold CV technique.  

The models did not achieve comparable results with the studies presented in Table 9. One 

possible reason is the difference in the size of the datasets used in this dissertation and the state-

of-the-art papers described. About transformers, no other studies using ViT in EGC 

classification on upper endoscopy images have been founded so far. 

Regarding the ViT model, it achieved comparable results especially with the ResNet50 

model, reaching an AUC of 82% and further proved to perform better than the VGG16 model. 

Table 9:  State-of-the-art results for EGC classification methods. 

 

The ROC curves with their respective AUC for each model are illustrated in Figure 17. 

 

Author Model ACC Sen Spe 

(Lui et al., 2019) 

AI image classifier based 

on a pre-trained ResNet 

CNN backbone 

0.91 0.97 0.86 

(Wu et al., 

2019), 

VGG16 0.91 0.94 0.88 

ResNet50 0.89 0.87 0.92 

(Li et al., 2019) Inception V3 0.91 0.91 0.91 

(X. Liu et al., 

2018) 

Inception V3 0.99 0.98 0.99 

VGG16 0.98 0.96 0.99 

InceptionResNetV2 0.98 0.97 0.98 

(Ueyama et al., 

2020) 

AI-assisted CNN-CAD 

system (ResNet50) 
0.99 0.98 1.00 

(Guimarães et 

al., 2020) 
VGG16 0.94 0.93 0.94 
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Figure 17: Respective ROC curves of the validation set for each model with the standard deviation and mean for 

the 5 folds and with the mean ROC of the model below the four models. 

Analyzing the ROC curves, the curves of ResNet50 and InceptionV3 are very similar, 

although ResNet50 has a smaller gray area and consequently a smaller standard deviation which 

represents a higher agreement between the different folds.   

Next, we will discuss the results obtained in the external set, since this is used to test and 

validate each model and verify its robustness after training the 5 folds. 

Table 10 shows the results for the external set. 
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Table 10: Results for external set in 5-Fold CV 

Models Acc Sen Spe Pre F1 AUC 

ResNet50 0.79 (± 0.01) 0.75 (± 0.05) 0.82 (± 0.04) 0.81 (± 0.03) 0.77 (± 0.02) 0.83 (± 0.01) 

VGG16 0.76 (± 0.02) 0.76 (± 0.04) 0.76 (± 0.07) 0.76 (± 0.05) 0.76 (± 0.01) 0.79 (± 0.02) 

InceptionV3 0.77 (± 0.01) 0.78 (± 0.04) 0.76 (± 0.04) 0.77 (± 0.02) 0.77 (± 0.01) 0.81 (± 0.01) 

ViT 0.75 (± 0.02) 0.66 (± 0.04) 0.85 (± 0.04) 0.81 (± 0.03) 0.73 (± 0.02) 0.79 (± 0.03) 

 

 To evaluate the robustness of these models an external set was presented to test the 

performance of these models on data never seen before. Once again, the models that achieved 

better overall results were ResNet50 and InceptionV3, although this time, ResNet50 performs 

slightly better achieving better values for all metrics except sensitivity and specificity. When 

comparing the results in Table 10 it is possible to see that although the performance of these 

models is good, they have not yet achieved the results presented in the literature review. 

  The ViT model proves to achieve similar results compared to traditional CNN’s, even 

achieving better performance than the VGG16 model. These self-attention models rely even 

more on large amounts of data when compared to traditional CNN’s, which could be the 

problem for not achieving even better results.   

Our ViT model achieved similar results to work already published by the scientific 

community, such as in (Chen et al., 2021), although histological images were used in this study.  

In (Chen et al., 2021) they obtained 85.8% accuracy, 71.9% sensitivity, 80% F1 score, and 

78.2% precision. Next, the ROC curves with the respective AUC of the external set for each 

model are illustrated in Figure 18. 
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Figure 18: Respective ROC curves of the external set for each model with the standard deviation and mean for 

the 5 folds and with the mean ROC of the model below the four models. 

The ROC curves follow the same pattern as seen previously, where InceptionV3 (0.81 (± 

0.01)) and ResNet50 (0.83 (± 0.01)) achieved the best AUC values. ResNet50 has the highest 

AUC and lowest standard deviation, again proving the greater agreement between the different 

folds, reinforcing the better generalizability and robustness. Classification models can be 

extremely difficult to explain and difficult for non-experts to understand. Thus, the use of XAI 

techniques allows humans to explain why DL models arrive at a particular decision. XAI 

techniques, as already explained in Chapter 3, allow us to create transparency, interpretability, 

and explainability as a basis for producing neural networks. 

In the standard models, we use the GradCam technique, to make the models more 

explainable and interpretable. Since ViTs do not have a convolutional layer, it is not possible 

to use Grad Cam, so we decided to use an approach called Attention Rollout. The attention 

implementation recursively computes the symbolic attentions in each layer of a given model, 
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given the embedding attention as in "input". Attention is an intuitive way to track information 

propagated from the input layer to the upper layers. This approach quantifies how information 

flows through the self-attention layers of transformer blocks (Abnar & Zuidema, 2020). 

To complement the results of the classification models, activation maps were created for the 

standard models and attention maps for the ViT model, as shown in Figure 19. The areas of the 

input images that stimulated the CNN to classify the samples as metaplasia or normal were 

highlighted, to allow a visual interpretation of the results and help clinicians understand the 

reason for the initial classification. 

 

 

Figure 19: Activation maps e attention maps of the K-fold CV for the standard models e ViT model 

respectively. 

Attention maps point to areas that led the model to predict the presence of EGCs in the 

images. In most cases, the highlighted areas are common for the different models and reveal 

features related to EGC.  

The models focus on flat and irregular regions, and in the NBI images the bluish-white 

appearance of the gastric mucosa also stands out, which is a feature of the presence of EGC. 

 This type of explainability is extremely important to acquire more evidence so that one can 

trust and understand why certain predictions are made from the models and what features are 

related to that decision. 
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5.2. Summary 

In this work, three state-of-the-art architectures were initially applied to classify EGC. We 

started by training the models to distinguish metaplasia from healthy tissue. Observing the 

results obtained for these models it is possible to conclude, that due to the lack of images in the 

dataset our models could not obtain a good performance. To circumvent this situation, we 

decided to use the k-fold CV technique with an external set. The K-fold CV technique was used 

to train all the models. The k-fold for the data set used was split into 5 similar folds for cross-

validation with one fold left out, to test and validate each model and check its robustness after 

training. In conjunction with this experiment, we decided to add a different approach using 

transformers since they are still a recent technique, which has become known for their excellent 

performance and so far, there are still no studies using this technique in classifying EGC using 

endoscopy images. 

Observing the results obtained after using the k-fold CV technique, it was already possible 

to see a significant improvement in the models' performance.  

It is possible to conclude that of the standard models, the one with the best performance was 

ResNet50, although the sensitivity and the F1 score were higher in Inception V3 than in 

ResNet50. Regarding transformers, our model obtained similar results to works already 

published by the scientific community, such as in (Chen et al., 2021), although in this study 

histological images were used.  

The ROC curves of the models have similar patterns, although the ROC curve and AUC are 

slightly better for ResNet50 (0.83 (± 0.01)). The standard deviation for ResNet50 is 0.01 which 

means that all iterations of the k-fold CV have a more significant agreement in classifying the 

samples than the other models.
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Chapter 6 – Conclusion and Future Work 

This chapter will draw brief conclusions about EGC screening highlighting the benefits of 

using the approaches described in this paper along with early GC screening. First, the 

conclusions of our work are presented, and then some proposals for future work that can 

increase the performance of neural networks in EGC screening will be pointed out. 

6.1. Conclusion 

GC has a high incidence in many people around the world, and is one of the leading causes 

of death, since it is a disease that is sometimes asymptomatic, and when it is discovered, it is 

already in very advanced stages. That said, various approaches using CNN can help detect GC 

cases early, which leads to a decrease in the mortality rate, and on the other hand, helps 

physicians classify these sometimes more complex lesions more reliably, speeding up 

diagnostic processes by reducing repetitive hard work. 

To decrease the number of GC cases, frequent screenings are advisable. And to aid these 

screenings, DL systems can be applied, which help in classifying certain lesions by highlighting 

suspicious areas during the procedure and allowing these areas to be analyzed by specialists.  

There are several precancerous lesions and a small number of databases with annotated images, 

resulting in few DL studies involving EGC. We used TL techniques, k-fold CV with an external 

set, and data augmentation to circumvent this data problem. Thus, we focused on evaluating 

multiple state-of-the-art architectures for image classification of metaplasia and normal gastric 

mucosa.  

Since classification models can be extremely difficult for physicians to explain and 

understand, we decided to use XAI techniques (Grad-CAM), which allow us to explain why 

DL models arrive at a particular decision. These techniques allow us to create transparency, 

interpretability, and explainability, as the basis of the output of the neural networks, 

highlighting the area of the image, on which the network focused to classify the lesion. 

Based on the literature review done for this work, we decided to use classification models 

such as ResNet50, VGG16, Inception V3, and ViT, to accomplish our goal. In addition to the 

standard architectures used in this dissertation, we decided to use transformers since up to the 

date of this paper there have not yet been any studies published by the scientific community 
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with this technique in the classification of EGCs. The classification methods were applied to a 

private database, provided by the IPO, with images obtained through high endoscopy.  

Relative to the works published by the scientific community, our models obtained a slightly 

inferior performance, and this is due to the lack of data. Therefore, our model that obtained the 

best performance was ResNet 50 with a sensitivity of 0.75 (± 0.05), an accuracy of 0.79 (± 

0.01), and a specificity of 0.82 (± 0.04).  This model obtained an AUC of 0.83 (± 0.01), where 

the standard deviation was 0.01, meaning that all iterations of the K-fold CV have a more 

significant agreement in classifying samples than the other models. 

 The production of activation maps provides interpretability to analyze and discuss the 

classification, making it easier for the physician to understand the model's decision. These 

models can help in mass screening by providing additional opinions and activation maps to 

analyze the model's decision. 

6.2. Future Work  

In future work, we want to highlight three lines of reasoning that we would like to follow. 

Since the lack of data was an evident problem in this work we intend, with the partnership 

of IPO, to increase the dataset used to have a greater variety of dysplasia classes, so that we can 

perform a multiclass classification and adaptation for video classification.  

We also intend to use techniques to increase model performance for example developing 

synthetic data strategies that can be generated using GANS or more transfer learning techniques 

that can be applied using well-trained model weights with large and representative databases 

that can help recognize at least the simplest features. 

Finally, we stress the need to improve our methodologies and for that, we propose the 

possibility of creating an architecture that combines the technique of transformers and CNNs 

to obtain a model with a higher learning capacity. 
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