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“ Make an oath, then make mistakes

Start a streak you’re bound to break

When darkness rolls on you

Push on through ”
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Resumo
O cancro gástrico continua a ser das principais causas de mortalidade relacionada com o

cancro em todo o mundo. A deteção precoce de lesões pré-cancerosas por meio de en-

doscopia oferece oportunidades críticas de intervenção, mas a classificação precisa con-

tinua sendo um desafio devido à sutileza das características visuais e à alta variabilidade

entre os observadores. Este trabalho tem como objetivo avaliar se os Modelos Fundacio-

nais (FM), arquiteturas de grande escala pré-treinadas em milhões de imagens diversas,

são capazes de classificar imagens endoscópicas de lesões gástricas pré-cancerosas.

Três versões base de paradigmas arquitetónicos foram avaliadas em configurações pré-

treinadas e fine-tuned, aplicadas a um dataset de lesões gástricas pré-cancerosas (1280

imagens, 3 classes): ResNet-50 (CNN tradicional), ConvNeXt (CNN modernizada com

ViT) e DINOv2 (ViT auto-supervisionado). As metodologias de treino abordaram especi-

ficamente as limitações do dataset através do unfreezing gradual, índices de aprendiza-

gem distintos, augmentações avançadas e funções de perda focais. O ConvNeXt fine-

tuned alcançou a maior precisão geral (66,80%), comparado com a baseline ResNet-50

pré-treinada (57,81%). No entanto, todas as configurações exibiram dificuldades críticas

na classe minoritária (36,84% a 51,22% de recall), resultando em taxas de falsos nega-

tivos superiores a 60%. O DINOv2 Fine-Tuned demonstrou a melhor classificação geral

das três classes (macro-F1 de 58,58%), mostrando melhor feature clustering e treino

mais estável comparado aos modelos supervisionados.

Este trabalho fornece uma avaliação sólida dos FM para classificação de imagens endos-

cópicas. Embora promissores, persistem limitações críticas: dificuldades na deteção de

classes minoritárias, custo computacional 3 vezes maior e desempenho insuficiente para

implantação clínica autónoma. Estas descobertas estabelecem expectativas básicas re-

alistas e identificam requisitos para avanços futuros, incluindo exploração de variantes

maiores, pré-treino específico de domínio e arquiteturas especializadas para classes des-

balanceadas.

Palavras-Chave: Ciência deComputadores, Modelos Fundacionais, Imagens Endoscópi-

cas, Aprendizagem Profunda, Cancro Gástrico
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Abstract
Gastric cancer remains one of the leading causes of cancer-related mortality worldwide.

Early detection of precancerous lesions through endoscopy provides critical intervention

opportunities, yet accurate classification remains challenging due to subtle visual fea-

tures and high inter-observer variability. This work aims to investigate whether Foun-

dation Models (FM), large-scale architectures pre-trained on millions of diverse images,

can effectively classify endoscopic images of precancerous gastric lesions based on the

Endoscopic Grading of Gastric Intestinal Metaplasia (EGGIM) protocol.

Three base versions of architectural paradigms were evaluated in pre-trained and fine-

tuned configurations, using base model checkpoints on the EGGIM dataset (1280 im-

ages, 3 classes): ResNet-50, traditional Convolutional Neural Network (CNN); ConvNeXt,

modernized CNN with Vision Transformers (ViT); DINOv2, self-supervised ViT (FM rep-

resentative). Training methodologies specifically addressed small, unbalanced dataset

constraints through progressive unfreezing, discriminative learning rates, advanced aug-

mentation, and focal loss techniques. The results showed that ConvNeXt Fine-tuned

achieved the highest overall accuracy (66.80%), compared to the ResNet-50 Pre-trained

baseline (57.81%). However, all configurations exhibited critical Class 1 recall rates of

36.84%-51.22%, resulting in false negative rates exceeding 60% for the clinically crucial

intermediate lesion category. DINOv2 Fine-Tuned demonstrated the best overall classi-

fication of the three classes (highest macro-F1 of 58.58%), showing that the foundation

models have a more improved feature clustering and more stable training than their su-

pervised counterparts.

This work provides a solid assessment of Foundation Models for endoscopic image classi-

fication. Although foundation models show promise, critical limitations persist: persistent

minority class detection failures, 3x increased computational cost, and insufficient perfor-

mance for autonomous clinical deployment. These findings establish realistic baseline

expectations and identify requirements for future advancement, including exploration of

larger model variants, domain-specific pre-training, and specialized architectures for ad-

dressing class imbalance inherent to endoscopic medical imaging.

Keywords: Computer Science, Foundation Models, Endoscopic Imaging, Deep Learning,

Gastric Cancer
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1. Introduction
This chapter presents the research problem at the intersection of Gastric Cancer preven-

tion and Artificial Intelligence, focusing on the potential of Foundation Models to accu-

rately classify endoscopic images of precancerous gastric lesions. It starts by explaining

the significance of this question, contextualizing the investigation in clinical realities and

technical challenges posed by small and imbalanced medical datasets, and progresses to

the specific objectives that guide this work along with the specific contributions it intends

to deliver. Finally, the chapter concludes by detailing the layout of the rest of the dis-

sertation, illustrating how each following section builds toward answering whether these

models provide significant advantages over conventional methods in this clinical field.

1.1. Motivation and Context

Gastric cancer constitutes a major global health challenge as the fifth most prevalent can-

cer worldwide and the fourth leading cause of cancer-related deaths, with particularly high

rates in East Asia, Eastern Europe and South America [1], and the 5-year survival rate in

areas without effective screening programs remains under 30%, highlighting the crucial

necessity of early detection during precancerous phases. Typically, the disease follows

the Correa cascade, evolving through chronic gastritis, atrophic gastritis, intestinal meta-

plasia, dysplasia, and eventually adenocarcinoma over many years or even decades [2],

with intestinal metaplasia marking a pivotal point where precise detection directly influ-

ences surveillance intensity and clinical management. However, diagnosis is challenging

due to the subtle nature of endoscopic features and significant variability between ob-

servers, even among experienced gastroenterologists [3].

The EGGIM protocol establishes an organized framework for the endoscopic assessment

of gastric intestinal metaplasia by examining its extent and distribution patterns: normal

mucosa (Class 0), growing metaplasia affecting up to 30% of visible mucosa (Class 1),

and advanced metaplasia exceeding 30% coverage (Class 2) [2], which is crucial for guid-

ing surveillance strategies and evaluating the risk of cancer. However, Class 1 lesions,

representing the most crucial period for intervention, exhibit varied and subtle visual char-

acteristics that complicate the straightforward classification, affecting the real-world im-

plementation of the protocol [3].
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Artificial Intelligence (AI), particularly Deep Learning based on Convolutional Neural Net-

works and Vision Transformers, has shown outstanding potential in the field of medical

image analysis [4]. Recent Foundation Models, large-scale Deep Learning (DL) architec-

tures pre-trained on millions of diverse images using self-supervised learning techniques,

offer the promise of enhanced transfer learning capabilities and improved generalization

[5], as evidenced by models such as DINOv2, which utilizes contrastive learning and is

trained on 142 million images to achieve cutting-edge results on computer vision bench-

marks, and by hybrid architectures like ConvNeXt that efficiently blend the strengths of

convolutional operations with the representational advantages of transformers [6]. These

developments have generated optimism concerning AI’s ability to enhance diagnostic ac-

curacy and standardize evaluations in clinical practice.

However, translating general-domain Foundation Models (FMs) into real-world clinical

scenarios encounters substantial obstacles when dealing with small and highly imbal-

anced datasets: the research investigates whether FMs can effectively classify endo-

scopic images of precancerous gastric lesions using the Endoscopic Grading of Gas-

tric Intestinal Metaplasia (EGGIM) dataset, which exemplifies these challenges: approxi-

mately 1,000 training images with only 18% classified as Class 1, significant visual over-

lap between classes, and high intra-class variability [2], creating stress test conditions

that determine whether the benefits of Foundation Models hold under such difficult cir-

cumstances. Recent work has explored FMs for gastric inflammation [7] and domain-

specific models like EndoDINO for polyp segmentation [8], yet systematic comparative

evaluation of Foundation Models specifically for endoscopic image classification remains

limited, leaving essential questions about optimal model selection, training strategies, and

realistic performance expectations unaddressed. These gaps are addressed through rig-

orous empirical investigation, leveraging the EGGIM dataset to evaluate whether Foun-

dation Models can provide practical advantages to classify precancerous gastric lesions.

1.2. Objectives

This research pursues three primary objectives that focus on understanding whether

Foundation Models can effectively support endoscopic image classification:

• Systematic Architectural Comparison: Evaluate three Foundation Models

paradigms: ResNet-50 (traditional CNN), ConvNeXt (hybrid CNN-transformer), and
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DINOv2 (self-supervised ViTs; FMs), in both their pre-trained and fine-tuned configu-

rations for classifying endoscopic images of precancerous gastric lesions using the

EGGIM dataset, establishing baseline performance metrics and identifying which

architectures and pre-training strategies deliver practical benefits for this medical

imaging task.

• Training Methodology Assessment: Analyze and evaluate training methodolo-

gies focusing on the challenges posed by small, highly imbalancedmedical datasets,

including progressive unfreezing schedules, discriminative learning rates, advanced

enhancement protocols and class imbalance mitigation techniques, with an empha-

sis on determining which strategies are effective for adapting FMs to endoscopic

image classification.

• Limitation Analysis: Provide an assessment of the existing strengths and weak-

nesses of FMs in the classification of endoscopic images of precancerous lesions,

including predictions of achievable performance, the necessary computational re-

sources, and fundamental data constraints, establishing practical expectations for

the use of these systems in clinical practice.

1.3. Contributions

This thesis makes several concrete contributions to understanding FMs applicability for

endoscopic image classification:

• Systematic Benchmark for Endoscopic Image Classification: As far as can be

determined from the literature, this is the first comprehensive comparative evalu-

ation of CNNs, hybrid CNN-transformer, and self-supervised FMs specifically for

three-class Gastric Intestinal Metaplasia grading of endoscopic images of precan-

cerous gastric lesions, providing reference performance metrics, detailed method-

ology and reproducible experimental protocols that establish baselines for possible

future research in this domain.

• Empirical Insights on Foundation Models Fine-Tuning: Document the varying

effectiveness of established training techniques in supervised and self-supervised

pre-training paradigms, including the experimental observation that self-supervised

models can endure significantly more aggressive unfreezing than their supervised

counterparts, allowing for faster and more stable adaptation during fine-tuning in the

classification of endoscopic images.
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• Assessment of Foundation Models Performance: Provide a clear assessment

of whether FMs can reliably classify endoscopic images, ensuring documentation

of any failures in detecting minority class and computational constraints that persist

even in the most advanced models, characterizing the gap between current capa-

bilities and demands for clinical deployment.

1.4. Thesis Structure

The remainder of this dissertation is organized as follows:

Chapter 2: Reviews the epidemiology of Gastric Cancer (GC), the biological basis of pre-

cancerous progression, current clinical management approaches, including the EGGIM

framework, and the role of endoscopy and biopsis in the diagnosis and management of

GC.

Chapter 3: Introduces the fundamental families of deep learning computer vision algo-

rithms, including Convolutional Neural Networks and Vision Transformers (ViTs), traces

the evolution of FMs from supervised to self-supervised pre-training approaches, and dis-

cusses their specific relevance and challenges for Gastrointestinal (GI) medical imaging

application.

Chapter 4: Provides a comprehensive systematic review of segmentation techniques

applied to endoscopic gastrointestinal imaging, examining dataset characteristics, anno-

tation practices, and model architectures reported in the recent literature, establishing

the current state of the art while identifying gaps in standardization and reproducibility,

and, in the end, discussing the potential of FMs for the medical imaging field using the

conclusions taken from the systematic review.

Chapter 5: Presents a complete experimental framework to evaluate whether FMs can

effectively classify endoscopic images, compared to two other relevant architectures, in-

cluding detailed descriptions of model pipelines, training methodologies, evaluation proto-

cols, comprehensive results in all configurations, and a detailed discussion of the findings

on the effectiveness of FMs for endoscopic image classification.

Chapter 6: Summarizes key contributions and conclusions on the use of FMs for endo-

scopic image classification, while also discussing possible alternatives to follow as future

work.
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2. Background
Understanding Gastric Cancer requires an understanding of the biological journey that

precedes it: a complex progression rooted in infection, persistent inflammation, and cellu-

lar transformation. This chapter lays that foundation by first situating GC within the global

health landscape and following the molecular chain of events that transforms normal tis-

sue into a cancerous one, before shifting to a practical clinical perspective by detailing how

endoscopy has evolved into a vital tool for identifying early warning signs, particularly high-

lighting the development of Endoscopic Grading of Gastric Intestinal Metaplasia (EGGIM)

as a standardized protocol for risk stratification. Together, these sections provide the es-

sential background for understanding the significance of automated image analysis in

endoscopic evaluations, in order to overcome the limitations of subjective visual interpre-

tations and to facilitate earlier, more reliable detection of precancerous conditions when

intervention is still an option.

2.1. Gastric Cancer

Gastric Cancer remains a major global health issue. It was the fifth most common cancer

worldwide and the fifth leading cause of cancer-related death, accounting for approxi-

mately 4.9% of new cases and approximately 6.8% of cancer deaths, where 1 in 5000

people have GC [9]. During the first half of the twentieth century and especially in the

1930s, GC was one of the leading causes of cancer death in western countries [10]. Its

incidence strongly declined after that period of time, though in the majority of the Western

world, mainly due to improvements in food preservation (a higher tendency to refriger-

ation, reducing the reliance on salted/pickled foods) and better sanitation, which led to

lower bacterial infection rates [10]. These trends sublimate the influence of environmen-

tal and infectious factors, leading to a closer examination of the biological processes that

underlie gastric carcinogenesis.

2.1.1 Biological Process Overview

Gastric adenocarcinomas are not all the same and therefore can be categorized into dif-

ferent cancers by their histology. According to the Laurén Classification, the cancers can

be divided into two main histological subtypes, intestinal and diffuse types, and a minority

classified as mixed or indeterminate (Figure 2.1) [11].
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Figure 2.1: Illustration of intestinal, diffuse and mixed/indeterminate (intestinal or
diffuse) types of gastric adenocarcinoma. Adapted from [12].

Gastric carcinomas are composed of cohesive gland-forming tumor cells similar to colonic

adenocarcinoma, and tend to appear more in older male patients and high-risk popula-

tions, usually with its contraction related to its surrounding environment [11]. Its evolu-

tion usually follows a stepwise progression, denominated as Correa Cascade, driven by

chronic inflammation, caused by a normal long-standing action of the Helicobacter py-

lori bacteria. This infection follows a cascade of inflammation - metaplasia - dysplasia -

carcinoma that ultimately culminates in the emergence of irreversible GC. [11, 13].

In terms of diffuse-type carcinomas, they are formed by more discohesive cells that lack

glandular formation. These types of carcinoma often present with signet rings, malignant

cells withmucin pushing the nucleus to the periphery, and tend to occur in younger patients

of both sexes of a more hereditary nature [11]. The precancerous sequence of this variant

is more difficult to deal with, since these malignancies are used to increase the normal

gastric epithelium without significant lesions, which can progress to clonal expansions of

poorly cohesive malignant cells throughout the stomach wall through sudden molecular

events such as the mutation of the CDH1 tumor suppression protein [11]. In consequence

of this, early diffuse cancer can be missed endoscopically, and cancer is often discovered

only at a more advanced stage, having more difficulty in achieving a positive prognosis.

The mixed/indeterminate type is characterized as a more non-homogeneous mixture of

intestinal and diffuse types, with overlapped pathogenic characteristics of the two former

adenocarcinoma variants [14].
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Gastric cancers are also classified by location as noncardia/distally (body, antrum, py-

lorus) or cardia/proximal (near the gastroesophageal junction) [15]. They are also differ-

ent on the way the epidemic propagates: the distal cancers are more associated with

H. pylori infection and dietary/conservation factors, being historically more frequent and

over the last years having its incidence declining in many countries due to better sanita-

tion, reduced H. pylori prevalence and better food preservation [11, 15]; in contrast, the

proximal GC is more difficult to deal with because of their late-stage prognosis (usually

more complex surgical approaches) and have been actually increasing in some Western

populations, sharing some risk factors with even esophageal adenocarcinoma such as

obesity and gastroesophageal reflux disease [11].

2.1.2 Current Management of Gastric Cancer

As stated previously, Gastric Cancer remains a major global health concern, ranking

among the top causes of cancer mortality worldwide [9]. Incidence rates have been de-

clining in many western countries over the past decades, yet low-income regions and East

Asia still face a high burden of GC [11]. Observing Figure 2.2, we can explain the distinct

management of GC throughout the world:

• East Asia (Japan, Korea, Mongolia, China) has the highest incidence rates world-

wide, often above 20 cases per 100,000;

• Eastern Europe, Russia, and parts of South America (Chile, Colombia) are other

notable regions with high incidence of GC;

• North America, Northern/Western Europe, India, and much of Africa present low

incidence rates (<5 per 100,000).

This global pattern mirrors differences in H. pylori prevalence, dietary exposures, socioe-

conomic conditions, and the existence of screening programs [11]. In Japan and South

Korea, for example, they combine high incidence with relatively favorable survival out-

comes, thanks to early detection through systematic screening [17], opposite to regions

of low incidence that are not all used with GC and, because of that lack of preparation,

often diagnose cases at later stages, contributing to poor outcomes despite a smaller

overall number of cases [11].
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Figure 2.2: Age-standardized incidence rates of stomach/gastric cancer per 100,000
population (both sexes) in 2022. Adapted from [16].

This difference in outcomes matches how GC is treated distinctively in different countries

in the world. For more localized diseases, the treatment is usually surgical resection:

a subtotal or total gastrectomy (surgery to remove part or whole of the stomach) with

D2 lymphadenectomy (more specific surgery to remove regional lymph nodes), to en-

sure complete clearance [15]. However, very early cases can sometimes be treated with

minimally invasive endoscopic proceedings like Endoscopic Mucosal Resection (EMR) or

Endoscopic Submucosal Dissection (ESD), even though it isn’t that common since most

patients are diagnosed too late [11].

One way that prospers the outcomes is when surgery is combined with systemic therapy:

a drug-induced treatment that goes throughout the body via the bloodstream to damage

or kill cancer cells. In western countries, perioperative chemotherapy is preferred (before

and after surgery), while in East Asia it is preferred to undergo only adjuvant chemother-

apy (after surgery) [13]. In case preoperative therapy is not given, chemoradiotherapy

(combination of chemotherapy, the use of drugs, and radiotherapy, the use of high en-

ergy rays to destroy cancer cells) can also be considered as an adjuvant option [13, 15].

For more advanced or metastatic diseases, treatment is based on systemic chemother-

apy [15]. A major step forward has been the integration of immunotherapy. Checkpoint

inhibitors boost the immune response and are effective in certain tumors or those with

high microsatellite instability status (condition in which the patient’s cancer cells have a

high number of mutations (changes) within short and repeated DNA sequences) [13].
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In general, the trend in GC management is moving toward a personalized and multimodal

approach, where surgery remains central, but the results are maximized by integrating

chemotherapy, targeted therapy and immunotherapy, tailored to the stage and biology of

the tumor.

2.1.3 Risk and Prevention in Gastric Cancer

Beyond treatment, understanding the risk factors and available prevention strategies of

Gastric Cancer is critical to reduce the global burden of GC. GCs are typically sporadic,

but 5% to 10% of the cases have a familial or genetic association [11]. The key risk factors

for GC are:

• Helicobacter pylori Infection: the most significant risk factor, especially for non-

cardia / distal tumors. H. pylori causes chronic gastritis that can progress to cancer

[11, 18];

• Dietary Habits: high intake of salt-preserved foods (like salted or pickled foods)

and processed meats increases the risk of GC, specially for non-cardia/distal GCs

[11, 18]. In contrast, diets richer in fresh fruits and vegetables are thought to be

preventive to this front;

• Epstein-Barr Virus: common and highly contagious human herpes-virus, that

spreads through bodily fluids, especially saliva, and that in the more pessimist sce-

narios has been noted in association more and more with GC, usually affecting the

cardia/proximal section of the stomach [11];

• Lifestyle Factors: tobacco smoking and heavy alcohol consumption are risks well-

established for GC in both cardia and non-cardia sites. Obesity is also linked to a

higher incidence of cardia cancers, mainly due in part to obesity-related conditions

like gastroesophageal reflux [11, 18];

• Family History and Genetics: the sole factor of having a first-degree relative with

GC significantly elevates one’s risk of catching it too, even though truly hereditary

cases make less than 3% of total GCs [18]
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However, sufficient prevention can be taken to avoid obtaining GC. Some of the most

remarkable strategies are:

• Reduce Key Risk Factors: intuitively, prevent what is known to cause cancer. De-

tecting and eradicating H. pylori and adopting healthy lifestyle changes are effective

primary efforts to mitigate the chances of GC [11];

• Screening and Early Detection: as previously stated, population screening pro-

grams (typically periodic endoscopic examination) are common on countries with

high GC incidence like Japan and South Korea, in order to detect early-stage and

more treatable tumors [17];

• High-risk Prophylactic Measures: more aggressive preventive interventions, like

prophylactic total gastrectomy (surgical removal of the stomach), are sometimes

opted for in younger high-risk individuals, particularly those in their twenties carrying

hereditary GC syndromes. This is an effective treatment, though it requires careful

counseling about its impact on quality of life [15].

2.1.4 Role of endoscopy in Gastric Cancer Management

As observed, effective early detection of Gastric Cancer is heavily based on endoscopic

evaluation. Endoscopy not only enables the identification of early or precancerous malig-

nant changes in high-risk populations, but also plays a pivotal role in structured screening

programs such as those from Japan [17].

As primary diagnosis, Upper Endoscopy or Esophagogastroduodenoscopy (EGD) is the

conventional diagnostic procedure when suspicions of GC arise, allowing direct visual-

ization of the gastric mucosa and immediate biopsy of any suspicious lesions [11], as we

can see in Figure 2.3.

In endoscopy, extensive sampling is required, a method in which any suspicious lesion,

such as ulcers or nodes, should be sampled with multiple biopsies during endoscopy to in-

crease diagnostic sensitivity as much as possible [11]. Advanced endoscopic techniques

(such as Narrow-Band Imaging (NBI), a technique that uses special light to help better

detect precancerous conditions), are also common practices during an EGD with the goal

of highlighting subtle mucosal abnormalities that might be missed on standard white light

examination [11].
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Figure 2.3: Illustration of GC anatomy and diagnostic visualization during upper
endoscopy. Adapted from [19].

After this initial endoscopic diagnosis has been performed, Endoscopic Ultrasound (EUS)

is typically used to assess the extent of the tumor by examining its depth and evaluat-

ing regional lymph nodes (Figure 2.4). EUS can also help the fine-needle aspiration of

abnormal nodules [11].

Figure 2.4: Educational diagram showing the role of endoscopic ultrasonography in
gastric cancer staging. Adapted from [20].
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2.1.5 Role of biopsy in Gastric Cancer Management

Despite the fact that endoscopy provides the visual pathway to suspect malignant lesions,

a definitive diagnosis requires tissue confirmation. Biopsy, performed during endoscopic

procedures, ensures histological validation and remains indispensable to appropriately

confirm the diagnosis of gastric adenocarcinoma [11]. The success of this operation

passes by the completion of these requirements:

• Maximize detection efficiency (obtaining multiple biopsy samples from a lesion)

[11];

• Molecular profiling (testing of biopsy specimens for various histological andmolec-

ular markers; yield a more targeted response) [13];

• Metastasis confirmation (if imaging suggests expansion of the disease, biopsy of

suspected metastatic sites is performed to confirm gastric origin and enable addi-

tional biomarker testing) [15].

2.2. Endoscopic Imaging and EGGIM

2.2.1 Description of an Endoscopy Exam

As already observed in Figure 2.3, an esophagogastroduodenoscopy is a flexible en-

doscopic exam of the esophagus, stomach, and proximal duodenum [21]. However, in

order to proceed with the exam, some preparations must be made: patients fast (6 to 8

hours without solids and at least 2 hours without liquids) before the exam, should stop

taking blood thinners if the patient is diabetic, and are given sedation or light anesthesia

to minimize discomfort and induce amnesia [21, 22].

The procedure can now start with the insertion of the endoscope, a long and thin flexi-

ble tube with a light and camera (Figure 2.3), through the patient’s mouth and down the

throat, advancing it through the esophagus to the stomach and duodenum, while pumping

air through the endoscope into the patient’s stomach and duodenum to make it easier to

see the organs [22]. The camera at the tip of the endoscope transmits high-definition real-

time video to a monitor in the endoscopy room. Now, the gastroenterologist can directly

inspect the mucosal lining of the upper GI tract (esophagus, stomach and duodenum) for

abnormalities [22]. Modern endoscopes even use high-definition optics and specialized
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modes, such as NBI, to improve mucosal visualization. These enhancements can high-

light subtle lesions (such as intestinal metaplasia or dysplasia) that might be missed in

the standard white-light view [23].

To further interact safely with the stomach, the endoscope has inside it a working chan-

nel for the gastroenterologist to use instruments. Through this channel, the physician

can introduce tools (such as biopsy forceps or snares, tissue retrieval devices) with the

objective of sampling tissue or treating problems on the spot, such as taking biopsies, re-

moving polyps, or dilating structures, during the current exam [21, 22]. Once the stomach

has been fully inspected and the tissues have been sampled (if sampled), the endoscope

is then withdrawn: before leaving the stomach, the air should be suctioned, and then the

esophagus is again examined after the endoscope is removed [21].

In parallel, a nurse monitors the vital signs of the patient, such as heart rate, blood pres-

sure, and oxygen saturation, throughout the exam: if something is wrong, the gastroen-

terologist is immediately alerted to check it. An upper endoscopy usually takes about

30-60 minutes, and complications following the endoscopy are rare (less than 2% of the

cases) [21, 22].

2.2.2 Lesions and Visual Evolution of Gastric Cancer process viewed by Endoscopy

It is now evident that endoscopy allows for a direct and high-quality visualization of the

sequential mucosal changes that underlie gastric carcinogenesis. These changes follow

the aforementioned Correa Cascade, a stepwise progression that illustrates how a Heli-

cobacter pylori infection can lead to chronic gastritis, atrophic gastritis, intestinal metapla-

sia, dysplasia, and eventually carcinoma [11, 13] (Figure 2.5).

Figure 2.5: Schematic representation of the Correa Cascade, illustrating the sequential
steps of gastric carcinogenesis: from chronic gastritis to atrophic gastritis, intestinal
metaplasia, dysplasia, and carcinoma. Adapted from [7].
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This framework is crucial for interpreting the distinctive characteristic lesions seen during

an endoscopy.

1. Atrophic Gastritis (AG): after a chronic gastric inflammation of the mucosa caused

by the H. pylori, the mucosa starts to thicken itself more, often subtly but endoscop-

ically noticeable as pale or transparent mucosa with prominent vasculature and a

clear atrophic border (demarcation between normal pink and pale atrophic areas)

[24];

2. Intestinal Metaplasia (IM): phase where there’s a growing replacement of gastric

mucosa by intestinal-type cells. Endoscopically, IM appears as a patchy gray-white

nodular with slightly elevated plaques in the uneven pale mucosa [24]. Narrow-Band

Imaging often highlights the “light blue crest” sign, strongly associated with IM, as

per Uedo et al. [25];

3. Dysplasia: also known as Intraepithelial Neoplasia, it is considered as the true pre-

cancerous stage; the metaplastic intestinal tissue becomes now slightly elevated,

depressed, and irregular mucosal areas, now clearly distinguishable. Classification

frameworks like the Paris Classification help describing the subtle surface changes

evolution [26];

4. Early Gastric Cancer (EGC)/Carcinoma: defined as gastric adenocarcinoma con-

fined to the mucosa or underlying tissue, regardless of lymph node status [15]. En-

doscopically, these lesions may appear as flat, slightly elevated, or depressed areas

with subtle irregularities in surface or vascular patterns, often requiring high-quality

imaging for detection [17]. The Paris Classification also provides a standardized

framework to categorize these more advanced superficial lesions, which also as-

sists in guiding correct treatment decisions such as EMR or ESD [26].

2.2.3 EGGIM Protocol

Together, these lesions form a visual continuum (Figure 2.5), from subtle background

changes ( AG, IM) to precancerous dysplasia and finally invasive EGC. Although histolog-

ical systems such as Operative Link on Gastritis Assessment (OLGA) and Operative Link

on Gastric Intestinal Metaplasia (OLGIM) focus on evaluating and stratifying the severity

and distribution of chronic Atrophic Gastritis with or without Intestinal Metaplasia [27], en-

doscopic morphology systems such as Paris Classification emphasize more on dysplasia

and Early Gastric Cancer [26].
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To standardize endoscopic risk assessment, these approaches converge in the EGGIM.

This protocol provides a systematic NBI-based staging of intestinal metaplasia, as it par-

allels the histologic OLGIM system to stratify cancer risk: extensive Gastric Intestinal

Metaplasia (GIM) on NBI (high EGGIM score) correlates with a markedly higher risk of

GC [1, 2].

The scoring method is the following: five different areas were considered (two areas in

the antrum, two in the corpus, and one in the incisura). Each area was scored 0 (no GIM),

1 (focal GIM, ≤ 30% of the area) or 2 points (extensive GIM in that area, > 30% of the

area), culminating in graded endoscopic pictures for the amount of GIM in the section of

the GI tract, as we can observe in Figure 2.6. The total EGGIM score (0–10) is then the

sum between the regions [2].

Figure 2.6: Representative NBI endoscopic images used in the EGGIM protocol. (a)
Normal mucosa ( EGGIM=0); (b) focal Intestinal Metaplasia ( EGGIM=1, ≤30%); (c)
extensive Intestinal Metaplasia ( EGGIM=2, >30%). Adapted from [3].

Performing a correlating analysis between EGGIM and OLGIM, a stratification of cancer

risk can be calculated: in Pimentel-Nunes et al., a multicenter validation study conducted

by some of the creators of the EGGIM, an EGGIM cutoff ≥5 predicted high-risk OLGIM

III/IV, stage associated with advanced GIM, with an Area Under the Curve (AUC) around

0.97, an extremely high precision value [3]. This and other studies ultimately support the

same conclusion of fixing an EGGIM overall cutoff score EGGIM of 4, to better help to

decide whether biopsies are needed (>4) or not (0-4) to identify patients at risk of GC [3].
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This way of grading GIM is reproducible and reliable even in more advanced endoscopy

scenarios, but it could encounter some slight limitations regarding the necessity of the

EGGIM graders having a significant NBI experience for consistent results and the use of

comparable gastroscopes [3].

By mapping IM in the stomach, EGGIM guides the biopsy strategy. In practice, targeted

biopsies of endoscopically identified IM regions achieved >90% diagnostic accuracy [2],

which simplifies surveillance by giving more focus to high-risk patients: endoscopists can

now immediately grade the GIM extent at the time of examination, optimizing their time.

Together, these features establish EGGIM as a practical endoscopic tool that comple-

ments the Paris/OLGA frameworks: it quantifies IM burden at the time of endoscopy and

highlights patients at elevated GC risk.
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3. Deep Learning and Foundation Models
This chapter lays the foundation for the research discussed in the following chapters by

first exploring how Deep Learning tackles major challenges in endoscopic interpretation,

such as observer variability and subjective grading inconsistencies, and then elaborating

on the four families of DL algorithms: classification, detection, segmentation, and gen-

eration, while highlighting their architectural foundations and applications in clinical set-

tings. The focus then moves to Foundation Models, which represent a paradigm distinct

from traditional DL by employing large-scale pre-training and efficient task adaptation,

and by comparing task-specific training with transfer learning, the chapter explains the

advantages of FMs in the context of medical imaging under data scarcity. Finally, it re-

views successful applications in gastroenterology and their practical limitations, setting

the stage for the subsequent experimental work.

3.1. Deep Learning in Gastrointestinal Imaging

Endoscopic grading protocols, in the same way that revolutionized the area, still failed to

achieve certain aspects that compromised their diagnostic reliability, mainly in substantial

variability between observers: pathologists often disagree with logical classifications even

when using established systems [28]. This subjectivity creates reproducibility challenges

that directly impact patient care and treatment decisions.

The Endoscopic Grading of Gastric Intestinal Metaplasia (EGGIM) protocol, while system-

atic and extremely helpful, is vulnerable to these expert-dependent limitations regarding

the nature of interpretations, which inevitably leads to inconsistent grading among differ-

ent annotators and compromises the trustworthiness of the results.

DL enters this field offering an unbiased lens by providing an objective, reproducible clas-

sification that eliminates human subjectivity [28]. Veldhuizen et al. proved that DL models

are capable of achieving better performance at faster speeds in gastric cancer stratifica-

tion by mining subtle image characteristics and applying them consistently in clinical data

sets, showing better survival stratification than pathological Laurén classification, even

when pathologists did not identify relevant prognostic patterns. The transition from these

expert-dependent protocols to DL models proves to be the unavoidable path to standard-

ized and automated assessment systems and promises to reduce the clinical impact of

variability between observers on gastric cancer classification.
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3.2. Main Tasks of Deep Learning Algorithms

Basically, Deep Learning is a subset of Machine Learning that uses multilayered neural

networks (deep neural networks) to mimic the complex decision-making power of the hu-

man brain, and what makes these models different from the Machine Learning (ML) ones

is the fact that they use more than three computational layers of simple neural networks

(typically hundreds or thousands), instead of the one or two layers used on traditional

ML models [29]. Based on their learning process on the unsupervised learning thesis,

DL models are able to extract the characteristics, features, and relationships they need to

produce accurate output from raw, unstructured data and evaluate and refine their outputs

if needed for increased precision [29]. With these characteristics, Deep Learning enters

the medical imaging fields as a real problem solver, helping to perform tasks such as the

detection of abnormalities, segmentation of medical images, classification of diseases,

or even the generation of synthetic medical data, all while generally with high response

accuracy [4].

Main Tasks of Deep Learning Models: DL in medical imaging generally clusters into

four task families: classification, object detection, segmentation, and image generation,

each solving distinct clinical questions that map well to endoscopic workflows (Figure 3.1)

[4], with encoder backbones that can be adapted between tasks.

Figure 3.1: Overview of the four main DL task families in computer vision: (1)
Classification assigns image-level labels, (2) Detection localizes objects with bounding
boxes, (3) Segmentation provides pixel-level classification, and (4) Image Generation
creates synthetic visual content. These foundational approaches form the basis for
medical imaging applications across diverse clinical workflows. Adapted from [30] with
image generation of the fourth image via ChatGPT.
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3.2.1 Image Classification

The DL models with classification as its task have the goal of categorizing images into

user-defined classes for various applications [30]: in the medical field, which could be

determining the presence of a certain disease or even grading the severity itself.

Deep learning has significantly improved classification accuracy in Gastrointestinal imag-

ing, reducing the incidence of missed diagnoses and diminishing the variability between

observers discussed earlier, by learning subtle features (color, texture, patterns) to dis-

tinguish patterns with an accuracy that often matches expert performance. In the GI field,

they face a huge obstacle referring to the limited number of large annotated GIendoscopic

datasets: as of that, the common solution is to practice transfer learning from general im-

age datasets. The models go through a pre-training process in complex datasets such

as ImageNet [31] to be fine-tuned in the endoscopic images, taking advantage of the

learned characteristics and increasing the accuracy of the model predictions on the small

GI datasets [4, 7, 28].

Some of the main classification architectures include:

• Convolutional Neural Networks (CNNs): type of neural network, which is com-

posed of node layers, containing:

– an input layer;

– one or more hidden layers (the more layers, the more complex the CNNs get);

– an output layer.

Every node is linked to another, having an associated weight and threshold. A node

becomes activated and transmits data to the next network layer if its output ex-

ceeds the given threshold; otherwise, the data doesn’t pass through the next layer

of the network [29]. CNNs can also be deconstructed into three types of layers

(Figure 3.2):

– convolutional layers (extract features through learnable filters identifying fea-

tures such as edges, textures, and patterns);

– pooling layers (downsample featuremaps, decreasing spatial dimensions while

retaining important information);

– fully connected layers (map extracted features with class probabilities to make

final classification decisions) [4, 29].
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Figure 3.2: Convolutional Neural Network (CNN) architecture showing the hierarchical
feature extraction process. The network progressively transforms input images through
convolutional layers, pooling operations, and fully connected layers, extracting
increasingly complex features from low-level edges to high-level semantic
representations suitable for classification tasks. Adapted from [32].

In medical image classification, CNNs are positioned as the cornerstone of the field:

architectures like ResNet, VGG, and DenseNet extract hierarchical features (edges,

textures, shapes) from endoscopic images and are achieving high accuracies in GI

tasks [33], and as it is going to be seen later, CNN-based classifiers often form

the backbone of computer-aided diagnosis systems in endoscopy, surpassing the

performance of earlier established approaches.

• ViTs: innovative neural network architecture introduced by Dosovitskiy et al. that

applies transformer mechanisms originally created for natural language processing

to computer vision tasks, mainly applying self-attention mechanisms to model global

context across the image. ViTs are comprised of various key components:

– an input preprocessing phase that segments images into fixed-size patches

(typically 16x16 pixels, with each patch as a token similar to the words in natural

language processing);

– an embedding layer that projects these flattened patches into high-dimensional

vectors;

– plenty of transformer encoder blocks incorporatemulti-head self-attentionmech-

anisms, enabling every patch to consider all other patches;

– a classification head with a learnable CLS token that generates final predictions

[35]
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Figure 3.3: Vision Transformer (ViT) architecture demonstrating the patch-based
approach to image processing. Input images are divided into fixed-size patches, linearly
embedded, and processed through transformer encoder blocks with multi-head
self-attention mechanisms, enabling global context modeling across the entire image
simultaneously. Adapted from [36].

In contrast to conventional CNNs, ViTs handle image patches as sequences (Fig-

ure 3.3), allowing each patch to pay attention to all other patches using self-attention

mechanisms, enabling the model to simultaneously capture long-range dependen-

cies throughout the whole image, instead of iteratively developing features through

local receptive fields. In the field of medical image classification, ViTs represent

an emerging approach that enhances conventional CNNs methods, with architec-

tures like ViT-Base and DeiT demonstrating strong performance on various medical

tasks [34]. For example, Ayana et al. introduced ViTCol, a pure ViT-based model for

classifying endoscopic pathological findings for the early identification of colorectal

cancer, which delivered exceptional results and surpassed CNN-based approaches

by a considerable margin [37].

• FMs: Large-scale pre-trained models leveraging self-supervised learning on vast

datasets to build universal visual representations. In classification tasks, FMs like

DINOv2 or CLIP can be fine-tuned or employed as feature extractors for classifying

endoscopic image categorization, providing robust images. They deliver strong per-

formance with minimal labeled medical data by capturing complex anatomical pat-

terns and pathological characteristics under various imaging conditions [7]. These

type of models will be dealt with more depth in a future chapter.
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3.2.2 Object Detection

Object detection task-driven algorithms combine localization with classification abilities to

detect and precisely pinpoint pathological structures within medical images using bound-

ing boxes, providing crucial spatial information and diagnostic classification in a single in-

ference step [30]. Object detection models have transformed medical imaging processes

by offering automated secondary observation capabilities that complement human exper-

tise [4]. In particular, in the field of gastroenterology, these systems enable the real-time

identification of lesions during live procedures, and clinical studies have found significant

improvements in detection rates [33, 38, 39].

Deep learning-based object detection can be composed of 2 types (Figure 3.4):

• Two-Stage Detectors: separate object detection into two sequential phases: re-

gion proposal generation followed by classification and refinement [4]. Basically,

this approach first identifies candidate regions, then applies specialized Neural Net-

works (NNs) to classify and refine these generated proposals, significantly improving

speed and accuracy. A significant framework that follows this paradigm is Faster

R-CNN, developed by [40], which merges these networks with additional classifica-

tion stages: first, generate candidate proposals through learned anchor boxes, then

apply second-stage classifiers for final detection predictions. Although computa-

tionally demanding, these architectures are particularly effective in medical settings

demanding high precision, such as detecting subtle lesions, where accuracy is more

than prioritized over speed [4, 39].

• Single-Stage Detectors: object detection with regression techniques as single-

stage networks, directly identifying bounding box coordinates and class probabili-

ties from image pixels in whole images in a single forward pass, prioritizing com-

putational efficiency over exhaustive region examination [4]. The You Only Look

Once (YOLO) [41] framework exemplifies this paradigm by treating detection as a

direct regression task, which allows ideal real-time predictions for live clinical appli-

cations, and some of the architecture variants outperform the primary models of the

main models [42]. Generally, in single-stage detectors, some accuracy compared

to two-stage approaches is sacrificed in favor of speed, the main requirement for

real-time medical application cases that require instant clinical feedback, such as

live endoscopic procedures [4].
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Figure 3.4: Comparison between single-stage and two-stage object detection
architectures. (a) Single-stage detectors perform object classification and bounding box
regression simultaneously in one forward pass, prioritizing speed. (b) Two-stage
detectors separate region proposal generation from classification and refinement,
achieving higher accuracy through sequential processing. Adapted from [43].

3.2.3 Image Segmentation

Image segmentation is a highly effective technique for examining medical images, pro-

viding detailed outlines of anatomical structures and pathological areas at the pixel level,

which is crucial for accurately measuring the boundaries, areas, and shapes of the le-

sions [4, 30]. Unlike image classification, which assigns image-level labels or detection,

which provides boundary boxes, segmentation assigns specific class labels to individual

pixels, enabling comprehensive mapping of tissue distribution and accurate assessment

of pathological changes. Medical image segmentation has progressed from traditional

methods to advanced DL models, achieving clinical grade accuracy and enabling precise

disease quantification, treatment response monitoring, and surgical planning [4]. More

specifically in GI imaging, segmentation is crucial to measure the extent of the lesion,

which aids in therapeutic and research applications [44, 45], as the switch to automated

segmentation is part of an ongoing significant change in workflows, delivering perfor-

mance comparable to that of human experts while providing reliable results in the most

diverse range of imaging scenarios.

The primary frameworks associated with this DL methodology are:

• U-Nets: encoder-decoder architecture with skip connections for biomedical seg-

mentation, transforming the field by proving that networks could be trained end-

to-end using minimal images and surpassing previous sliding-window approaches.

This architecture consists of a contracting path to capture context and an oppositely
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symmetric expanding path that ensures accurate localization. In addition, the exis-

tence of skip connections between the encoder and decoder layers (Figure 3.5) al-

lows the model to maintain spatial information lost in downsampling, further allowing

for accurate boundary delineation essential in these medical applications [30, 46].

Figure 3.5: U-Net encoder-decoder architecture with skip connections for biomedical
image segmentation. The contracting path captures context through progressive
downsampling, while the expansive path enables precise localization through
upsampling. Skip connections preserve spatial information lost during downsampling,
essential for accurate boundary delineation in medical applications. Adapted from [46].

Variants of this architecture, such as UNet++ or Attention U-Net, enhance their per-

formance by introducing dense connections, attention mechanisms, and volumetric

data processing (respectively), while maintaining the core encoder-decoder struc-

ture [46]. Some applications of these u-net-based variants culminated in huge suc-

cesses in various GI tasks like GC lesion segmentation or lesion region segmenta-

tion [44, 45].

• Architectures like ViTs are a viable option for segmentation tasks, with its self-

attentionmechanisms being adapted to capture long-range dependencies, but these

architectures are way more hybrid with CNNs ideas: pure ViTs lack localization abil-

ity for fine spatial details and require extensive computational resources [47]. To

address these limitations, variant ViTs strategically combine CNN’s local feature

extraction with Transformer’s global context modeling, culminating in a plethora of

capable models for image segmentation [47].

• FMs are also an emerging DL modality in medical image segmentation, but will be

explained in more depth in the next subchapter.
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3.2.4 Image Generation

As previously observed, CNNs have been widely applied in the medical imaging field, but

acquiring high-quality, well-balanced labeled datasets poses challenges due to privacy

issues and the considerable time required for labeling. To mitigate these challenges,

image generation has evolved from simple data augmentation to sophisticated generative

algorithms that produce high-quality synthetic medical images [4]. These images serve

to anonymize the data, tackle the shortage of datasets for certain medical conditions,

and allow controlled experimental studies. In particular, recent developments in this field

have led to synthetic images that exhibit such a high degree of realism that they can even

deceive trained annotators and experts, thus improving AI diagnostic training with more

balanced datasets [48, 49].

Some of the more noteworthy architectures to follow these paradigms include:

• Generative Adversarial Networks (GANs): the synthesis of data in these mod-

els occurs by employing two competing neural networks in adversarial training: a

generator network that creates synthetic data and a discriminator network that dis-

tinguishes between real and generated content, with the adversarial process driving

both networks to iteratively improve through competitive dynamics, where the gen-

erator aims to maximize the probability of fooling the discriminator, while the discrim-

inator enhances its detection capabilities [4, 29, 30]. Innovative solutions like Medi-

gan, created by Osuala et al., offer a wide range of pre-trained GANs models in the

most diverse medical imaging modalities, empowering users to generate synthetic

medical images effortlessly with a single line of code, overcoming the challenges

associated with complex training. It makes accessible the availability of high-quality

synthetic datasets that are indistinguishable from expert-validated output, allowing

the controllable generation of images with specific attributes, such as lesion textures

and anatomical shapes, with the focus of customized specialized research applica-

tions [48].
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Figure 3.6: Generative Adversarial Network (GAN) architecture showing the adversarial
training process between generator and discriminator networks. Real medical images
and synthetic generated images are evaluated by the discriminator, which provides
feedback to improve the generator’s ability to create clinically realistic synthetic medical
data for data augmentation and privacy preservation. Adapted from [50].

• DiffusionModels: generate high-quality synthetic data through a dual-phasemech-

anism of forward diffusion (noise addition) and reverse diffusion (denoising) pro-

cesses, where forward diffusion gradually adds Gaussian noise to clean data until

it becomes pure noise, while reverse diffusion learns to progressively remove noise

to recover the original data [29, 49]. In medical imaging, diffusion models match

GANs efficacy and training efficiency: fine-tuned with minimal data, they produce

quality outputs on par with GANs yet require significantly less time [49].

3.3. Foundation Models

Foundation Models are part of an ongoing shift in medical imaging by learning uni-

versal visual representations from extensive and varied datasets, separating them from

traditional DL: these models undergo large-scale pretraining to develop adaptable and

general-purpose capabilities, which can then be fine-tuned for specific clinical needs with

minimal additional training [7].

Key Principles and Characteristics: Foundation Models differ from traditional DL in

three main ways: scale, generalizability, and adaptability. As conventional medical imag-

ing techniques need a lot of task-specific training on labeled datasets, often struggling

with limited data and transferability across clinical situations, FMs in the other hand are

pre-trained on large and varied imaging datasets, learning complex visual representations

through methods that don’t rely much on manual labeling [7]. The core aspects of FMs

(Figure 3.7) include:
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1. Pre-training: FMs use vast datasets with millions of images from different modali-

ties, such as ImageNet [31], to learn universal visual features without needing many

labeled samples, addressing data scarcity in medical imaging by making good use

of unlabeled data [7].

2. Transfer learning: models that have been pre-trained will have their learned repre-

sentations adjusted for new clinical tasks, reducing significantly the computational

load and time needed for training [7].

3. Fine-tuning: every FMs are precisely tailored to unique medical tasks using smaller

datasets, while still benefiting from foreign knowledge gathered during pre-training

[7].

Figure 3.7: Foundation model development pipeline illustrating the paradigm shift from
traditional task-specific training to large-scale pre-training followed by fine-tuning. The
process involves pre-training on massive diverse datasets, creating versatile FMs, and
subsequent fine-tuning with domain-specific data for specialized imaging applications.
Adapted from [51].

Foundation Models also exhibit several distinctive characteristics, architecturally or func-

tionally speaking, that distinguish them from other traditional ML approaches [52], which

include:

• Scale: fundamental characteristic for enabling FMs full capabilities, consisting of

three critical components [52]:
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– hardware improvements (increased GPU throughput and memory capacity);

– transformer architectures (efficient parallel processing of massive datasets);

– unprecedented data availability (in the houses of the millions of diverse sam-

ples).

• Emergence: model behaviors emerge naturally instead of being explicitly programmed,

resulting in abilities that cannot be directly traceable to deliberate training mecha-

nisms [52].

• Homogeneization: diverse applications can use single generic learning algorithms,

reducing the need for specialized architectures in different tasks [52].

• (Multi)modality: allows FMs to process and integrate multiple data types simul-

taneously (such as image data with metadata or image context), overcoming the

constraints imposed by focusing on a single modality as usual in traditional meth-

ods [52].

• Incompleteness: FMs act as blank canvas that need customization for specific

tasks: they aren’t complete solutions on their own, thus being meant to serve as

adaptable bases for specific applications [52].

Despite their broad potential, FMs pose many challenges, including the following:

• Computational requirements require substantial hardware resources for both train-

ing and deployment, limiting accessibility in resource-constrained clinical environ-

ments [5, 52];

• Data bias and quality might present some concerns, as models trained on imbal-

anced datasets could be skewed by existing healthcare disparities or perform poorly

in diverse patient populations [5];

• Interpretability and explainability still remain fundamental barriers to clinical adop-

tion, as the black-box nature of these models conflicts with the medical decision-

making requirements for transparency and accountability [52].

• Regulatory compliance and validation processes for medical FMs is still evolv-

ing, creating uncertainty for clinical implementation [5].
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In summary, even though these models aren’t in no way perfect or polished and present

a number of limitations, they’re still eclipsed by the various significant benefits, like supe-

rior generalizability across different imaging modalities, reduced dependence on labeled

clinical data, improved performance in rare diseases where data are naturally scarce, and

the capability to function as universal feature extractors for a variety of downstream tasks.

These features make FMs especially useful in the field of medical imaging, where data

acquisition is costly, time-consuming, and frequently restricted by privacy issues [7].

3.4. Foundation Models Main Architectures

Foundation Models in medical imaging can be divided into three primary architectural

approaches, each designed to address specific requirements and data characteristics:

3.4.1 Vision Foundation Models

Vision FMs are mainly dedicated to developing visual representation knowledge. Models

like DINOv2 follow this methodology by learning universal visual representations through

self-supervised pre-training on diverse medical imaging datasets. These models leverage

transformer-based frameworks with attention mechanisms in order to capture long-range

dependencies and complex visual patterns across different anatomical structures (Fig-

ure 3.8). In particular, they are specially designed to detect subtle visual indicators that

are not easily seen by conventional methods, improving their effectiveness in identifying

early pathological changes in medical images, for example [5].

Figure 3.8: Vision Foundation Model architecture exemplified by DINOv2’s
self-supervised learning framework. The model employs teacher-student distillation
with momentum updates during pre-training, learning robust visual representations
without requiring labeled data, enabling efficient adaptation to downstream medical
imaging tasks through minimal fine-tuning. Adapted from [53].
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3.4.2 Vision-Language Foundation Models

Vision-Language FMs merge visual and textual information, creating multimodal repre-

sentations that combine imaging data with clinical reports and medical expertise: models

based on the CLIP architecture (Contractive Language-Image Pretraining) represent this

category by learning combined representations of medical images alongside their textual

descriptions (Figure 3.9). These models facilitate advanced applications such as auto-

mated report generation, visual question answering, and cross-modal retrieval within clin-

ical workflows. The integration of the textual context offers interpretability, vital for clinical

implementation, enabling clinicians to understand model decisions through explanations

in natural language [5].

Figure 3.9: Vision-Language Foundation Model (VLFM) development workflow showing
the integration of multimodal medical data. The framework combines imaging data with
clinical reports and electronic health records, enabling applications such as automated
report generation, visual question answering, and cross-modal retrieval in clinical
workflows through comprehensive evaluation metrics and workflow integration.
Adapted from [54].

3.4.3 Medical-Specific Foundation Models

Medical-Specific FMs represent specialized architectures designed explicitly for medical

applications. MedSAM exemplifies this approach, serving as a universal medical image

segmentation model. Trained in more than 1.5 million pairs of image masks in 10 imag-

ing modalities, MedSAM outperforms general-purpose segmentation models by markedly

improving the segmentation of medical structures that feature unclear boundaries and

low-contrast areas typically found in clinical imaging. In addition, SAM-Med variants fur-

ther extend these capabilities to particular medical domains while preserving their general

applicability [55].
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3.5. Potential of Foundation Models in the Gastrointestinal Field

Foundation Models continues to increase in addressing key issues within the field of GI

endoscopy, such as the scarcity of annotated data sets, the high variability between ob-

servers in interpreting the injury and the need for real-time analysis during procedures.

The complex visual patterns present in endoscopic images, which range from normal

anatomical differences to subtle pathological alterations related to precancerous condi-

tions, make GI imaging a prime growth area for the application of FMs [7].

These models have multiple clinical applications, especially in the realm of medical imag-

ing [5, 7]:

• In polyp detection and segmentation, FMs excels in identifying subtle morphological

characteristics that differentiate polyps from normal tissue;

• Automated navigation support during endoscopic procedures is aided by the recog-

nition of anatomical landmarks detected by FMs;

• Assessing the severity of inflammatory bowel disease is enhanced by FMs pattern

recognition, which helps in the standardization of scoring systems for various con-

ditions;

• The generation of automated reports is accomplished by integrating vision-language

FMs with endoscopic observations to create structured clinical documentation.

Successful examples in the application of FMs within real medical imaging are found in

files like the work of Kerdegari et al., having explored the effectiveness of FMs in the

analysis of gastric inflammation. By fine-tuning DINOv2 for the classification of gastric

intestinal metaplasia per the EGGIM protocol, they achieved superior results compared

to traditional CNN methods, all of this achieved with minimal task-specific fine-tuning re-

quired [7]. Another notable case, the EndoDINO framework from Dermyer et al., stands

out as an advanced foundation model specifically for gastrointestinal segmentation tasks.

The model was pre-trained on the largest dataset of gastrointestinal endoscopy videos

available, with model sizes ranging from 86 million to 1 billion parameters. For tasks such

as anatomical landmark classification, polyp segmentation, and Mayo endoscopic scor-

ing in the evaluation of ulcerative colitis, EndoDINO sets new performance benchmarks,

serving as a good portrait of the scalability and clinical practicality of FMs [8].
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In synthesis, Foundation Models represent a paradigm shift in medical imaging through

large-scale pretraining and efficient clinical adaptation, with impactful success stories

demonstrating their broad transformative and problem-solving potential [7, 8]. The shift

from traditional Deep Learning techniques to FMs represents a major change in medical

imaging: DL set the groundwork for automated analysis, while FMs offer broader applica-

bility and require fewer labeled data due to extensive preliminary training. Together, these

technologies equip us to build advanced diagnostic systems, aiming for better patient care

through more reliable medical image analysis.
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4. Segmentation Algorithms in GI Imaging: A
Systematic Review

This chapter presents a comprehensive systematic review of segmentation algorithms

applied to GI imaging, representing a state-of-the-art literature research focused specif-

ically on current trends in AI for 2D gastric endoscopy image segmentation. The work

presented here was initially developed as a literature research as part of this dissertation,

with the intention of getting a deeper understanding of the current landscape of AI use in

the field of Gastrointestinal medical imaging and the methodological approaches in the

area, but given the quality of the conclusions collected during this study, it ended up be-

ing published as a contribution for the 8th IEEE Portuguese Meeting on Bioengineering

(ENBENG 2025) conference:

Ferreira, Tomás Marques, David Dinis-Ribeiro, Mário Coimbra, Miguel. (2025).

A Review of Segmentation Algorithms for Gastrointestinal Images: Datasets, An-

notations and Architectures. 5-8. 10.1109/ENBENG67130.2025.11199537. [56]

As observed in previous chapters, Gastrointestinal image segmentation plays a vital role

in improving diagnostic accuracy, particularly for early detection and treatment planning of

diseases such as colorectal and gastric cancers. With the growing interest in computer-

aided diagnostic tools, accurate and reliable segmentation algorithms are essential for

clinical integration, especially in endoscopic workflows. Despite rapid advancements in

deep learning, there remains a pressing need to systematically consolidate and evaluate

the breadth of segmentation techniques applied to GI imaging.

4.1. Review Methodology and Results

4.1.1 Literature Search Strategy

The process of constructing this systematic review began with the formulation of a com-

prehensive search query designed to retrieve the recent and relevant scientific literature

on segmentation algorithms applied to medical imaging of GI. The objective was to cap-

ture publications aligned with the domains of medical image analysis, particularly in rela-

tion to cancers of the digestive tract, while ensuring coverage of modern techniques from

computer science and engineering disciplines.
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Three widely recognized scholarly databases were selected: PubMed, Scopus, and IEEE

Xplore. The final query was iteratively optimized to balance sensitivity and specificity and

was structured as follows.

Segmentation AND medical AND image AND cancer AND (colon OR intestine

OR gastric OR endoscopy OR 2D)

(Publication Date: 2022–2024 | Filters: Computer Science, Engineering,

Medicine)

This search resulted in a total of 537 PubMed records, 353 Scopus records, and 180 IEEE

Xplore records, which yielded 919 unique documents after deduplication. The deduplica-

tion and review process was facilitated using Rayyan, an AI-assisted platform tailored for

systematic review screening and conflict resolution.

4.1.2 Inclusion and Exclusion Criteria

To refine the dataset, inclusion and exclusion criteria were defined a priori and applied in

two filtering stages: title-based and abstract-based screening.

Inclusion Criteria:

• Keywords present: Segmentation, Medical Image, Gastric, Intestinal, Cancer, 2D,

Endoscopy

• Focus on algorithmic or architectural contributions to image segmentation

• Studies involving human GI imaging modalities

Exclusion Criteria:

• Topics focused on Detection, Prediction, Comparison, Rectal (non- GI scope), Tu-

mor biology without image analysis, 3D modalities, Review articles, or non-research

documents (ex: practice guidelines)

• Papers focused on non-GI cancers or non-relevant imaging technologies (ex: White

Light Interferometry)

• Non-English publications or inaccessible full texts
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4.1.3 Screening Procedure

The review used a dual-stage filtering protocol, each independently conducted by two

authors, with conflict resolution through consensus meetings.

Title-Based Screening

The documents were assessed on the basis of the relevance of their titles.

• Approved by Author 1: 287 (31.2%)

• Approved by Author 2: 196 (21.3%)

• Overlap (approved by both): 180 (19.6%)

• Conflicting decisions: 123 (13.4%)

After resolving conflicts, 27 additional documents were accepted, resulting in 207 titles

advancing to the next stage.

Abstract-Based Screening

A total of 194 documents were eligible after removing 13 non-English or unavailable en-

tries. The abstracts were then screened using the same inclusion/exclusion criteria:

• Approved by Author 1: 53 (27.3%)

• Approved by Author 2: 33 (17.0%)

• Overlap: 20 (10.3%)

• Conflicts: 46 (23.7%)

Eight additional documents were accepted after conflict resolution, bringing the total to 28

documents.

Final Eligibility Check

A full text review ensured alignment with the scope of the review. Eight studies were

excluded at this stage due to the following:

• Use of incompatible imaging modalities

• Lack of focus on segmentation or on relevant GI cancers
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The final corpus included 20 peer-reviewed publications [33, 38, 39, 44, 45, 48, 57–70],

which form the evidence base for the subsequent review and comparative analysis. A

summary of the whole process can be inspected in the PRISMA flow diagram in Figure

4.1.

Figure 4.1: PRISMA flow diagram detailing the identification, screening, and inclusion of
studies for this review.

4.2. Dataset and Annotation Protocols

4.2.1 Dataset Characteristics

The analysis of the size of the dataset in the reviewed papers reveals a significant con-

centration of studies utilizing relatively small image collections. As shown in Figure 4.2,

most of the data sets contained fewer than 3000 images, the most common range being≤

1,000 images. This highlights a prevalent limitation in current GI segmentation research,

where access to large-scale annotated image repositories remains scarce. Despite this,

some outliers reported datasets with more than 20,000 images, pushing the maximum to
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28,939 images, although the median dataset size was just 1,252 images and the mean

was approximately 3,877, indicating a skewed distribution.

Figure 4.2: Distribution of dataset sizes used across the reviewed studies.

In terms of clinical segmentation targets (Figure 4.3), lesion region segmentation was the

most common focus (n=7) [38, 39, 44, 45, 59, 67, 68], followed by Early Gastric Cancer

segmentation (n=5) [33, 38, 39, 57, 60], and polyp segmentation (n=4) [48, 63–65]. A

smaller subset addressed the boundaries of the GI tract (n=2) [63, 66], metaplasia (n=2)

[61, 69], or other types of cancer (n=3) [58, 62, 63]. These results suggest a growing

attention to high-impact lesion detection tasks, especially for early-stage disease, but also

reflect the heterogeneity in segmentation objectives, posing challenges for standardizing

datasets or benchmarking algorithms.

Figure 4.3: Primary segmentation
targets in the selected studies.

Figure 4.4: Reported number of
annotators per study.
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4.2.2 Annotation Practices

Regarding dataset annotation practices, a substantial proportion of studies (14 of 20)

explicitly reported involving human annotators in the labeling process (Figure 4.4). How-

ever, transparency on the number of annotators remained inconsistent. Among those

who provided information, the most common configuration was two annotators (9 arti-

cles) [38, 57, 58, 61, 63–65, 67, 68], followed by three annotators (3 papers) [39, 60, 62],

and only two papers employed a single annotator [33, 44].

In particular, six studies [45, 48, 59, 66, 69, 70] did not provide information on anno-

tation personnel, raising concerns about the quality of the label, the variability between

observers, and the reliability of the data set. These findings highlight the pressing need

for clearer reporting standards in annotation protocols, especially in clinical image seg-

mentation tasks where expert consensus is crucial.

4.2.3 Dataset Availability and Transparency

The availability and transparency of datasets emerged as a critical factor in the reviewed

studies. As shown in Figure 4.5, there was an even split between public and private

datasets, with 10 papers relying on openly accessible datasets and 10 utilizing private

or institution-specific collections. Among the public datasets, Kvasir-SEG [71] was the

most widely used (9 articles) [44, 48, 57, 58, 62–65, 67], followed by CVC-ClinicDB [72]

(5 papers) [44, 62–65] and ETIS-Larib [73] (2 papers) [62, 63], indicating a strong depen-

dence on a small subset of well-established GI imaging repositories. This limited diversity

underscores a broader challenge in the field: the need for expanded public datasets to

support generalizability and reproducibility in segmentation research.

Figure 4.5: Proportion of studies using public versus private datasets. An even split
was observed, with Kvasir-SEG [71] and CVC-ClinicDB [72] among the most frequently
used public repositories.
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4.3. Segmentation Architectures and Trends

An analysis of the architectural frameworks adopted in the reviewed studies reveals a

strong trend towards task-specific customization rather than strict adherence to canonical

models (Figure 4.6). The most common approach involved the use of custom designed

models (n=6) [58, 60, 63, 64, 69, 70], often blending elements from multiple standard

architectures to better suit the unique challenges posed by GI imaging data, namely subtle

lesion boundaries, varied lighting, or limited dataset sizes.

Among established models, U-Net and its derivatives remained the most popular back-

bone architecture (n=4) [44, 45, 59, 66], continuing its prominence in medical image seg-

mentation due to its efficient encoder-decoder structure and strong performance in small

datasets. The mask variants R-CNN followed (n=3) [38, 39, 57], often enhanced with

modules such as bidirectional feature fusion or region discrimination to improve detection

in gastroscopic imaging.

More novel methods such as Transformers (n=2) [62, 65] have begun to emerge, signal-

ing a growing interest in the use of generative or attention-based mechanisms, although

their adoption remains limited, probably due to data requirements and training complex-

ity. CNN-based models (n=2) [33, 61] and FCN-based approaches (n=1) [68] played

more foundational roles, either in baseline tasks or early-stage feature extraction, while

still contributing meaningfully to detection and classification tasks.

Ensemble methods [67] and GANs [48] were the least utilized (n=1 each), suggesting that

while theoretically promising, either their complexity may hinder widespread adoption as a

current research trend, or there could still exist training instability or domain specificity as-

sociated with architecture implementation. As a final comment, only two of the 20 articles

inspected provided a easily available and reproducible source code [44, 48].
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Figure 4.6: Types of deep learning architectures employed across the reviewed papers.

4.4. Discussion

4.4.1 Discussion of the Results

This systematic review reveals that while the segmentation of GI images is gaining trac-

tion, the field remains constrained by several challenges. Most studies rely on relatively

small datasets, often less than 3,000 images, with a strong dependency on a handful of

public datasets such as Kvasir-SEG [71] and CVC-ClinicDB [72]. This concentration of

research around limited datasets raises concerns about the generalizability of proposed

methods and the potential for overfitting to specific dataset characteristics.

Annotation practices lack consistency, with limited reporting on the number and expertise

of annotators raising concerns about label quality and reproducibility. The finding that

six studies provided no information on annotation personnel is particularly concerning,

as inter-observer variability is a well-known challenge in medical image analysis, and

the quality of ground-truth annotations directly impacts model performance and clinical

applicability.

Methodologically, there is a trend towards task-specific, custom-built architectures, re-

flecting innovation but limiting standardization and comparability. Although this approach

may deliver optimal performance for specific datasets or clinical contexts, it obstructs the

development of standardized benchmarking protocols and makes it difficult to assess the

true progress of the field, making it even worse with the fact that only two out of the 20

articles inspected conducted an available path to look at their architecture’s source code.
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The limited adoption of newer paradigms, such as transformers and ensembles, suggests

that complexity and data demands remain barriers to adoption.

The predominance of U-Net architectures, while understandable given their proven ef-

fectiveness in medical image segmentation, also suggests that the field may benefit from

a more systematic exploration of alternative approaches. Similarly, the low adoption of

transformer-based methods could indicate either insufficient adaptation of these architec-

tures to medical imaging specifics or the need for larger datasets to realize their potential.

Overall, these findings underscore the need for larger, more diverse datasets, transpar-

ent annotation protocols, and more unified benchmarking efforts to advance reproducible

and clinically relevant GI segmentation research. This is further reinforced by method-

ological proposals such as QUAIDE by Antonelli et al., which aim to create standards for

algorithmic results of preclinical trials in this field [74].

4.4.2 Potential of Foundation Models in Medical Imaging

The findings of this systematic review highlight several areas where Foundation Models

could address current limitations and advance the state of GI image segmentation: the

challenges identified (small datasets, inconsistent annotation practices, and limited archi-

tectural diversity) align precisely with the strengths that FMs can bring to medical imaging

applications.

Tackling Data Scarcity: The predominance of small datasets (median size of 1,252 im-

ages) in current GI segmentation research represents a significant limitation that FMs

are uniquely positioned to address. Through large-scale pre-training on diverse medi-

cal imaging datasets, FMs are able to learn robust visual representations that transfer

effectively to GI-specific tasks with minimal fine-tuning of the data. This capability could

substantially reduce the dependency on large institution-specific datasets that are often

difficult to obtain due to privacy concerns and annotation costs.

Standardization and Reproducibility: The trend towards custom built architectures,

while innovative, creates challenges for standardization and comparison between stud-

ies. FMs offer a pathway toward more standardized approaches, providing a common

pre-trained backbone that can be fine-tuned for specific GI segmentation tasks, further

improving reproducibility and enabling more meaningful comparisons between different

research efforts.
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Cross-Modal Learning Opportunities: Vision-language FMs can possibly enhance the

transparency in current methodologies by integrating endoscopic images with clinical re-

ports and metadata. This multimodal approach has the potential to increase interpretabil-

ity, a critical requirement for clinical adoption, and improve segmentation performance by

incorporating contextual clinical information.

AdvancingContext-Specific Cases: Focusing on common segmentation targets (lesion

regions, polyps) identified in this review suggests limited exploration of specific conditions

datasets: the strong generalization capabilities of FMs could enable more robust perfor-

mance in these uncommon cases.

Added to this, the emerging success of medical-specific Foundation Models like Med-

SAM [55] or EndoDINO [8] provides promising evidence for this potential. These models

demonstrate that FMs can achieve state-of-the-art performance in medical segmentation

tasks while requiring minimal task-specific fine-tuning, suggesting a way forward to ad-

dress many of the limitations identified in current GI segmentation research.

However, the adoption of FMs in GI imaging also presents challenges that must be ad-

dressed, including computational requirements, the need for diverse large-scale training

data and the assurance of robust performance in different clinical settings and patient

populations. Future research should focus on developing efficient fine-tuning strategies,

creating comprehensive benchmarking frameworks, and establishing validation protocols

that ensure clinical safety and reliability.
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5. Foundation Models for Endoscopy Imaging
This chapter encapsulates a comprehensive exploration of the use of Deep Learning

structures for the automated classification of Gastric Cancer within the Endoscopic Grad-

ing of Gastric Intestinal Metaplasia (EGGIM) framework. The research aims to explore the

feasibility of deploying Foundation Models in endoscopic medical imaging applications by

systematically assessing three different architectural paradigms, utilizing both pre-trained

and fine-tuned models, including:

• ResNet-50 (traditional Convolutional Neural Network (CNN));

• ConvNeXt (modernized CNN with Vision Transformers (ViTs));

• DINOv2 (Foundation Model (FM) with ViTs base).

5.1. Motivation and Objectives

5.1.1 Clinical Motivation and the limits of a Foundation Model

Building on the detailed analysis of gastric cancer biology and endoscopic imaging from

previous chapters, this research tackles key limitations in the existing EGGIM protocol that

directly affect patient outcomes and workflow efficiency. As highlighted in the systematic

review of GI segmentation algorithms, this field struggles with issues such as small dataset

sizes, varying annotation standards, and overreliance on specialized architectures that

limit generalizability in clinical settings.

The Foundation Model Paradigm: Recent advances in computer vision FMs mark a

shift from specialized DL methods to universal feature extraction that can be adaptable

to medical applications with minimal training data. Unlike traditional methods that require

large labeled datasets, Foundation Models use extensive pre-training to develop robust

visual representations transferable across various imaging modalities. However, the ex-

act definition and boundaries and what defines exactly ” Foundation Models” is still far

from a consensus [7], especially in medical imaging where standard pre-trained models

may function like FMs in specific applications, which requires careful analysis of their ar-

chitecture and training methods to assess their impact on gastric cancer detection.
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A nuanced perspective: Regarding this paradigm, in this research, I opted to take a

subtle view of model categorization, recognizing the spectrum of pretraining paradigms

rather than rigid classifications. Considering this perspective, DINOv2 is a ’true’ represen-

tation of FMs, using self-supervised learning on 142 million images, while ResNet-50 and

ConvNeXt use supervised pre-training on ImageNet datasets, providing transferable rep-

resentations for medical imaging. This perspective aligns with the broader view that FMs

are not discrete types but lie on a continuum of scale, training methods, and adaptabil-

ity, which is clinically important for understanding how different pre-training approaches,

such as ImageNet training and extensive self-supervised learning, impact diagnostic per-

formance in medical applications.

5.1.2 Research Objectives and Technical Contributions

The goal is to evaluate the possibility of use of FMs on the medical imaging field by com-

paring the base models of a traditional CNN, a modernized CNN with ViTs and an actual

FMs with a ViTs base, across pre-trained and fine-tuned learning configurations in a three-

class unbalanced small precancerous gastric lesions dataset for EGGIM classification.

This research focuses on advancing endoscopic imaging technology by evaluating and

comparing different architectural paradigms, such as traditional CNNs (ResNet-50),

transformer-inspired CNNs (ConvNeXt), and the Foundation Models counter part: self-

supervised ViTs (DINOv2). Through this evaluation, one of the main goals of this study

pass by identifying the model’s benefits in handling severe class imbalance prevalent in

medical applications, with innovative training methods (like progressive unfreezing and

discriminative learning rates) being explored to enhance model performance under these

medical imaging constraints. In addition, a robust evaluation framework is established, in-

corporating techniques such as test-time augmentation and ensemble methods, to ensure

clinical deployment readiness, with this research also offering a drag path into the usual

computational needs and common challenges of deployment of these heavy models in

clinical environments as such with limited resources.

Regarding a point of view more oriented towards possible contributions in this field of

computer vision applied to endoscopic imaging, from my research, this appears to be the

first systematic comparison of CNNs versus FMs/ ViTs for EGGIM classification, as well as

the subsequent development of optimized training protocols, comprehensive evaluations
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of FMs for gastric lesions detection, and the establishment of reproducible benchmarks

that highlight ongoing challenges which need further investigation.

In genesis, both efforts address the significant gaps identified in GI segmentation studies,

emphasizing the need for standardized evaluation methods and exploring Foundation

Models potentials where traditional methods still tend to struggle due to limitations such

as data and nature of the models themselves.

5.2. Materials

5.2.1 EGGIM Dataset Characteristics and Clinical Context

Dataset Composition and Clinical Acquisition: The “2025-01_EGGIM_Dataset3”

dataset represents a comprehensive collection of high-resolution NBI endoscopic frames

acquired under rigorous clinical protocols at Instituto Português deOncologia - Porto (IPO-

Porto), following established EGGIM guidelines for gastric cancer risk stratification. The

dataset encompasses two complementary acquisition phases designed to maximize clin-

ical representativeness while ensuring technical consistency:

• Dataset-A (n=414) was retrospectively collected from routine clinical practice be-

tween December 2019 and September 2020, representing real-world clinical di-

versity with patients included irrespective of clinical indications provided they met

stringent image quality requirements;

• Dataset-B (n=866) was prospectively collected in 2024 under controlled high-quality

acquisition protocols, representing 80 consecutive patients undergoing upper GI

endoscopy.

In terms of clinical expertise, all endoscopic procedures were performed by gastroenterol-

ogists with extensive experience (>5 years, >500 endoscopies annually) using standard

Olympus high-definition endoscopes (185° or 190° series) equipped with NBI technol-

ogy. The images were acquired in JPG format at 640x480 pixel resolution with 24-bit

color depth, ensuring consistent technical parameters throughout the dataset. All data

were subjected to a rigorous anonymization process to ensure the protection of patient

confidentiality in accordance with ethical standards.
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Three-Class Classification Framework: The dataset implements a clinically relevant

three-class classification system that directly maps to EGGIM risk stratification require-

ments while addressing the class imbalance challenges prevalent in medical imaging ap-

plications:

• Class 0 (Normal Mucosa): 0% of visible IM; n=359 in training set, distribution of

approximately 43.7%;

• Class 1 (Growing Metaplasia): up to 30% of visible IM; n=158 in training set, dis-

tribution of approximately 19.2%;

• Class 2 (Advanced Metaplasia): more than 30% of visible IM; n=303 in training

set, distribution of approximately 36.9%.

This class distribution reflects natural epidemiological patterns of gastric lesion progres-

sion while presenting significant machine learning challenges that mirror real-world clinical

deployment scenarios. In particular, the severe underrepresentation of cases of Class 1

(growing metaplasia), which is the diagnostic scenario with the greatest clinical impact,

creates an optimal testing environment to evaluate the advantages of FMs in the detection

of these types of rare medical conditions.

In this work, the dataset is divided into 64%, 16%, and 20% for training, validation, and

testing, respectively.

5.2.2 Computational Infrastructure and Development Environments

1. Local Development Environment (macOS Apple Silicon): The development was

carried out on a MacBook Pro M4 Pro equipped with 24-32 GB of memory, facilitating

rapid prototyping essential for algorithm development and visualization. This setup was

crucial for tasks like designing model architectures, investigating hyperparameters, quick

debugging, and generating high-quality visualizations such as t-SNE, confusion matrices,

and calibration curves. Versioning of the code and reproducible experiments were main-

tained through a private GitHub repository.
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fm_class/

| fine-*-training.py # Architecture-specific (*) training

| fine-*-testing.py # Architecture-specific (*) testing

| pre-training.py # Unified pre-training pipeline for all models

| pre-testing.py # Unified pre-testing pipeline for all models

| models/

| | dinov2.py # DINOv2 base implementation (FM)

| | convnext.py # Modernized CNN base architecture

| | resnet50.py # Pre-training ResNet-50 configuration

| | resnet50FT.py # Fine-tuning ResNet-50 configuration

| src/

| | losses.py # Advanced loss functions

| | eggim_class.py # EGGIM dataset implementations

| | data_loading.py # Data preprocessing utilities

| | model_evaluation.py # Evaluation frameworks

| results/

| prime_results/ # Best model configurations (separated by

# learning setups and models subdirectories)

2. High-Performance Computing Environment (kempo2 GPU Server): Training and

evaluation were performed on the kempo2 server at FCUP/IPO-Porto, accessed via SSH

with university credentials and SSH key authentication. The server ran Ubuntu 22.04

LTS and Python 3.8.16, with CUDA 11.8/12.1 and high-end NVIDIA GPUs (A100/RTX

A6000), ultimately serving its role of supporting large batch processing, hyperparameter

exploration, model weights training, and ensemble evaluation.

Additional rigorous reproducibility measures were imposed, including deterministic al-

gorithm settings (torch.use_deterministic_algorithms(True)), fixed random seeds

(torch.manual_seed(42)), and consistent evaluation protocols across all architectural

paradigms. Mixed precision training was selectively applied only on GPU servers to avoid

Moving Particle Semi-implicit (MPS) numerical instability, while backbone architectures

remained in evaluation mode during fine-tuning phases per established medical imaging

best practices.
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5.2.3 Software Dependencies and Implementation Libraries

The computational requirements for this project span both general-purpose DL frame-

works and domain-specific medical imaging utilities, all managed through Python 3.8.16

for compatibility with server infrastructure. The key dependencies and their roles are sum-

marized below and reflected in the project’s requirements.txt file (Figure 5.1), with core

libraries standardized in versions that balance performance and reproducibility.

Figure 5.1: List of specific versions of Python dependencies to be installed

Deep Learning Framework Stack: PyTorch 2.0.0-2.3.0 serves as the primary frame-

work, selected for its robust GPU acceleration and adaptability with the HuggingFace

interface. TorchVision 0.15.0-0.18.0 provides standard computer vision operations (trans-

forms, pre-trained models, data loaders). Model checkpoints leverage Hugging Face

Transformers 4.41.1, whichmanages pre-trained weights for ResNet-50, ConvNeXt-base,

and DINOv2-base through AutoModel APIs, with offline mode enforced via the environ-

ment variable TRANSFORMERS_OFFLINE=1 and local_files_only=True, in order to pre-

vent unintended network calls during training.

Model Loading and Pre-trained Checkpoints: All backbone architectures are initialized

from local directories (./models/resnet-50, ./models/convnext-base-224,

./models/dinov2-base) containing HuggingFace-compatible config.json and

pytorch_model.bin files. The AutoImageProcessor class is responsible for managing

normalization parameters specific to the architecture (ImageNet means and standard de-

viations), to ensure that input preprocessing aligns with pre-training protocols. Custom

model wrappers (models/resnet50.py, models/resnet50FT.py, models/convnext.py,
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models/dinov2.py) extend base classes with medical imaging-specific modifications, like

progressive unfreezing (unfreeze_last_layers()) and specialized classifier heads.

Data Processing and Augmentation: Image manipulation relies on OpenCV 4.9.0-

4.10.0 for low-level operations (like preprocessing) and Pillow 10.3.0 for high-level PIL-

based transformations. Augmentation pipelines in src/data_loading.py implement pro-

gressive strategies: conservative augmentations for pre-training (random crops, orienta-

tion flips, grayscale conversion,...) and aggressive transformations for fine-tuning (Mix-

Up/CutMix, random erasing,...).

Loss Functions and Class Imbalance Handling: Advanced custom loss implementa-

tions in src/losses.py address severe class imbalance, while Scikit-learn 1.4.2-1.5.1

computes class weights via compute_class_weight() for weighted sampling and loss

initialization.

Evaluation and Visualization: Performance metrics leverage Scikit-learn’s f1_score,

accuracy_score, and confusion matrix utilities, with model evaluation scripts in

src/model_evaluation.py. Dimensionality reduction for t-SNE embeddings

(src/tsne_embed.py) uses sklearn.manifold.TSNE to visualize feature spaces in 2D.

Matplotlib 3.9.2 renders publication-quality plots, while Pandas 2.2.2 structures training

logs and per-class metrics for export.

Reproducibility Utilities: Deterministic training sets predefined random seeds for Py-

thon, NumPy and PyTorch (42). Progress is monitored using TQDM 4.66.4, offering real-

time feedback for multi-epoch training runs, with logs serialized to JSON format for further

analysis. The Huggingface-hub 0.23.3 handles model registry operations during check-

point saving, with offline limitations restricting uploads to local storage only.

5.3. Model Architectures and Implementation

This chapter provides an overview of the DL model structures used for classifying the

discussed three-class EGGIM dataset. Three main types of architecture were assessed:

traditional Convolutional Neural Networks (ResNet-50), modern CNNs architectures influ-

enced by ViTs (ConvNeXt), and Vision Transformers-based FoundationModels (DINOv2).

Each model was trained and evaluated under two learning setups:
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• pre-training, where only the classification head is trained and the backbone stays

unchanged;

• fine-tuning, which involves gradually unfreezing backbone layers to allow task-

specific adjustments.

These architectures were chosen to showcase different design approaches in similar base

model checkpoints, offering a detailed evaluation of classical CNNs methods, hybrid con-

volutional frameworks and transformer-based strategies for this type of endoscopic imag-

ing task.

5.3.1 ResNet-50: Legacy Deep Residual Learning Network

ResNet-50 is a 50-layer deep residual convolutional neural network introduced by He et al.

for large-scale image recognition tasks. This architecture tackles the issue of vanishing

gradients by incorporating residual connections, which are shortcut paths that enable gra-

dients to travel directly through the network during backpropagation, and one of the rea-

sons why this model can train very deep networks while keeping optimization stable. In

this study, the microsoft/resnet-50 pre-trained checkpoint was used, providing weights

learned from ImageNet-1K supervised training [31, 75, 76]. The ResNet-50 architecture

created can be observed in Figure 5.2.

Backbone Structure: This ResNet-50 implemetation backbone consists of an initial stem

layer (Stage 1) followed by four sequential residual stages (Stages 2-5). The stem applies

a 7x7 convolution with stride 2, reducing the spatial resolution from 224x224 to 112x112,

followed by batch normalization, Rectified Linear Unit (ReLU) activation, and 3x3 max-

pooling with stride 2, further downsampling to 56x56. Each subsequent residual stage

contains multiple bottleneck blocks: each one of them employs three convolutions: a 1x1

convolution reduces channel dimensionality (example: from 256 to 64), a 3x3 convolution

processes spatial features at reduced dimensionality, and a final 1x1 convolution expands

back to the output channel count (following the same example, returns to 256).

After each convolution, batch normalization and ReLU activation are applied: most specif-

ically, a residual shortcut connection adds the block input directly to its output, allowing

identity mapping when needed. In the integral convolutional blocks (the first block of

each stage), the shortcut includes a 1x1 convolution with stride adjustment to match di-

mensions, while in identity blocks the shortcut is simply a direct pass-through.
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Figure 5.2: Diagram of the ResNet-50 Architecture

Following the residual stages, a progressive channel expansion can be observed:

• Stage 2: contains 3 bottleneck blocks outputting 256 channels (64 → 256);

• Stage 3: contains 4 blocks outputting 512 channels (256 → 512);

• Stage 4: contains 6 blocks outputting 1024 channels (512 → 1024);

• Stage 5: contains 3 blocks outputting 2048 channels (1024 → 2048).

After the final stage, global average pooling reduces the (7x7x2048) feature map to a

single 2048-dimensional vector per image.

Classifier Head: The classification head replaces the original ResNet-50 ImageNet clas-

sifier with a custom Multi-Layer Perceptron (MLP) tailored for the three-class EGGIM task

in hand. This head classifier starts with a layer normalization (normalizes the input across

the features, helping to stabilize the learning process), passing next to a Gaussian Er-

ror Linear Unit (GELU) activation function (application of a nonlinear transformation that
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is smooth and differentiable, in order to model complex patterns). After the GELU, a

Dropout is applied with a probability of 0.3 (30% of the nodes are randomly set to zero

during training; prevents overfitting and improves generalization), and in the end a final

linear transformation layer is implemented, projecting the dimensionality from 2048 chan-

nels to 3 output logits corresponding to the 3 EGGIM classes.

5.3.2 ConvNeXt: Modernized Convolutional Network

ConvNeXt represents a modernization of traditional convolutional architectures, incorpo-

rating design principles from Vision Transformers while maintaining pure Convolutional

Neural Networks’s operations. Introduced by Liu et al., ConvNeXt reconsiders the stan-

dard ResNet design with systematic modifications: replacing ReLU with GELU activa-

tion, substituting batch normalization with layer normalization, employing larger kernel

sizes (such as 7x7 depthwise convolutions), and adopting an inverted bottleneck struc-

ture where the MLP expansion precedes dimensionality reduction, ultimately implement-

ing changes that bridge the performance gap between CNNs and ViTs without requiring

attention mechanisms. The base checkpoint of facebook/convnext-base-224was used,

providing weights from the supervised pre-training of ImageNet-1K [31, 75, 76], and the

ConvNeXt architecture designed for this research purpose can be observed in Figure 5.3.
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Figure 5.3: Diagram of the ConvNeXt Architecture
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Backbone Structure: The ConvNeXt backbone employs a hierarchical stage-based ar-

chitecture: Stage 1 unfolds with a patchify stem applying a 4×4 convolution with stride

4 to the input, aggressively downsampling the 224×224 input to 56×56 with 96 channels,

mimicking the embedding of the vision transformer patch, but using convolutions. Fol-

lowing, there are 3 stages (Stages 2, 3 and 4) of repeated ConvNeXt blocks followed by

downsampling, with one final stage (Stage 5) after with a single ConvNeXt block.

A ConvNeXt block implements an inverted bottleneck design: a depthwise 7x7 convolu-

tion starts, mixing spatial information by operating on individual channels independently,

followed by a layer normalization block. The data is then permuted to a channels-last for-

mat, rearranging the dimensions into batch, height, width, and channels [B,H,W,C], and a

linear expansion step succeeds, increasing the channel dimension from C to 4C to allow

more complex feature learning. Afterwards, a GELU activation is applied, with a linear

projection projected on the channel dimension from 4C to C. The data is then permuted

back to the original channels-first format. In the end, a residual connection is added, help-

ing to preserve the original input signal and mitigate the problem of vanishing gradients

mentioned before [6]. The permutation operations enable efficient application of linear

layers to the channel dimension, analogously to transformer MLP blocks. Analogously to

the ResNet-50 residual phase, a progressive channel expansion can also be observed

during this ConvNeXt/Downsampling blocks sequence:

• Stage 2: contains 3 ConvNeXt blocks at 96 channels (56×56 resolution). Down-

sampling via sucessive LayerNorm and 2×2 convolution (of stride 2) operations then

reduce the resolution to 28×28 and expands channels to 192;

• Stage 3: processes 3 ConvNeXt blocks at 192 channels, with another downsam-

pling process in the end reducing the resolution to 14×14 and expanding to 384

channels;

• Stage 4: includes 9 ConvNeXt blocks at 384 channels, suceeded by a final down-

sampling that reduces to 7×7 with 768 channels;

• Stage 5: encompasses 3 blocks at 768 channels, with no downsampling operation

after.

Then, the global average pooling phase collapses the 7×7 spatial dimensions, and the

HuggingFace implementation internally projects the 768-dimensional pooled features to

2048 dimensions, ensuring compatibility with the other model classifier dimensions.
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Classifier Head: The custom classification head for EGGIM takes the 2048-dimensional

output of the backbone and applies a three-layer MLP: begins with a linear layer reducing

dimensions from 2048 to 1024, followed by Batch Normalization (BatchNorm1d) normal-

izing inputs to enhance stability. A ReLU activation function introduces non-linearity, and

a Dropout layer at 0.3 probability (30%) helps prevent overfitting. The pattern repeats

with another linear layer that expands dimensions from 1024 to 2048, followed by simi-

lar batch normalization, ReLU activation, and 30% chance of Dropout. Ultimately, a final

linear transformation layer is implemented, projecting the dimensionality from 2048 chan-

nels to 3 output logits corresponding to the 3 EGGIM classes. This classification design

expands and contracts the feature space, allowing the head to learn complex decision

boundaries, the difference compared to the ResNet-50 head being that ConvNeXt uses

batch normalization (BatchNorm1d) instead of layer normalization and ReLU rather than

GELU. Also, the fact of it being a three-layer MLP structure (compared to the effective

two-layer head of ResNet-50) provides additional representational capacity for the model.

5.3.3 DINOv2: Self-Supervised Vision Transformer

DINOv2 is a self-supervised vision transformer foundation model introduced by Oquab

et al., pre-trained on 142 million curated images using self-distillation without labels. Un-

like ResNet-50 and ConvNeXt that rely on supervised ImageNet pre-training, DINOv2

learns visual representations through contrastive and distillation objectives, enabling it

to capture richer semantic structure without human annotations: a true representation of

Foundation Models. The facebook/dinov2-base checkpoint was used, providing a Vi-

sion Transformers architecture with 12 transformer encoder layers and hidden dimension

of 768 [77, 78], with the architecture perfected for this study classification task available

to visualize in Figure 5.4.

Self-Supervised Pre-Training Methodology: DINOv2 is pre-trained within an unsuper-

vised self-distillation framework, where a teacher and a student network each process

differently augmented versions of the same image and are optimized to produce simi-

lar high-level representations without the use of manual annotations [77]. The teacher’s

parameters are updated as an exponential moving average of the student’s weights, re-

sulting in a slowly changing target distribution, while the student is updated by gradient

descent to align its output distribution with that of the teacher with strong data augmen-

tation [77]. Applied on a scale to a curated corpus of roughly 142 million heterogeneous
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images, this approach drives the model to learn robust and semantically rich visual repre-

sentations that transfer effectively to a plenitude of downstream tasks, such as EGGIM-

based classification of precancerous gastric lesions in this research’s use case [7, 77].
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Figure 5.4: Diagram of the DINOv2 Architecture

Input Processing and Patch Embedding: DINOv2 processes images by treating them

as patches sequences instead of using hierarchical convolutional layers. The 224×224×3

input image, is divided into 16×16 non-overlapping patches, forming a 14×14 grid of 196

patches in total. Each patch is then flattened to 768 values (16×16×3 = 768) and lin-

early projected into a 768-dimensional patch embedding. A learnable CLS (classification)

token, which is a special 768-dimensional embedding, is added at the beginning of the

patch sequence, making a total of 197 tokens (1 CLS + 196 patches). Along with these,

learnable positional embeddings are included, which are unique 768-dimensional vectors

assigned to each of the 197 positions, providing an element for every token embedding.

These positional embeddings preserve spatial information despite the permutation invari-

ance of the transformers, resulting in the sequence [B, 197, 768] that is fed into the

next phase: the transformer encoder.

Transformer Encoder: The transformer encoder consists of 12 identical successive lay-

ers, each containing essentially two highly influential subblocks: Multi-Head Self-Attention

(MHSA) and Feed-Forward Network (FFN), both with residual connections and layer nor-

malization between them sequentially.
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• Multi-Head Self-Attention: mechanism that allows each token to aggregate con-

textual information from all other tokens, allowing the model to capture long-range

dependencies within the image. Given an input sequence X ∈ RN×d, where N =

197 tokens (196 patches plus the CLS token) and d = 768 feature dimensions,

MHSA first projects X into query Q, key K, and value V matrices for each of the

H = 12 attention heads:

Qh = XWQ
h , Kh = XWK

h , Vh = XWV
h

where WQ,K,V
h ∈ Rd×dh , and dh = d

H = 64.

For each head h, the attention scores Sh ∈ RN×N are computed as the scaled dot

product of queries and keys:

Sh =
QhK⊤

h√
dh

To convert these scores into a probability distribution reflecting attention weights, a

softmax function is applied along the last dimension:

Ah = softmax(Sh)

The output of each attention head is then a weighted sum of the values, aggregating

information from all tokens:

Zh = AhVh

The outputs from all heads are concatenated and linearly projected to produce the

final MHSA output:

MHSA(X) = Concat(Z1, Z2, . . . , ZH)WO

where WO ∈ Rd×d is a learnable projection matrix.

This output is then combined with the input through a residual connection and layer

normalization, allowing gradient flow and stable training (optionally, the dropout of

30% can also be activated, although its disablement proved better results for this

research). Additionally, the CLS token attends to all patch tokens in action during

MHSA, progressively aggregating global image information across the 12 layers.
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• Feed-Forward Network: following the MHSA block, this network is then applied

independently to each token to enhance its non-linear representation. Given input

Y ∈ RN×d from the post-layer-normalization output, the FFN firstly applies a linear

transformation for expansion(4x; 768 → 3072). Next, the GELU activation function

is applied, followed by an optional dropout layer of 30% chance. A linear projection

then reduces the dimensionality (1/4x; 3072→ 768), finalizing with another optional

identical Dropout layer and a residual connection succeeds, which retrieves a struc-

tured output with enhanced representation.

CLS Token Extraction and Classifier Head: After the 12th transformer layer, the out-

put is [B, 197, 768], where position 0 corresponds to the CLS token. The extraction is

performed by indexing: features = self.dinov2(x).last_hidden_state:, 0, which

yields B, 768. Unlike previous CNNs that use spatial grouping functions such as global

average grouping, DINOv2 relies on the learned aggregation capabilities of the CLS to-

ken. This token has no fixed semantics, as it learns through self-supervised training to

aggregate task-relevant information via attention. The then extracted 768-dimensional

CLS features are passed to a custom three-layer MLP classification head: it begins with

a linear layer expanding input features from 768 to 1024 dimensions, followed for Batch

Normalization and ReLU activation layers and then followed by a 30% dropout to prevent

overfitting. The next linear layer expands the dimensions once again from 1024 to 2048,

followed in a similar fashion by Batch Normalization, ReLU, and 30% chance dropout. Fi-

nally, a last linear layer projects the dimensionality from 2048 channels to 3 output logits

corresponding to the 3 EGGIM classes. All these layers enable FMs to refine and learn

specific decision boundaries on top of DINOv2’s general-purpose representations.

5.4. Training Methodologies

5.4.1 Progressive Unfreezing and Learning Rates

Progressive unfreezing addresses the ”fine-tuned adaptability to pre-trained general mod-

els” challenge through a controlled layer-by-layer adaptation mechanism that preserves

learned representations while enabling task-specific refinement. The backbone starts as

completely frozen, training only the newly initialized classification head for several epochs

to establish stable predictions based on pre-trained features, but gradually, deeper lay-

ers are systematically unfrozen in reverse order, allowing gradual adaptation without

catastrophic forgetting of the fundamental representations encoded during the pre-training

weights knowledge.
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Discriminative learning rates are also strategically implemented, applying progressively

smaller learning rates to earlier layers that specialize more on encoding general features

like edges and textures. For example, in the ResNet-50 fine-tuned configuration (Figure

5.2), layer 4/stage 5 receives a learning rate of 3 × 10−5, layer 3/stage 4 uses 1 × 10−5,

and layer 2/stage 3 employs 5 × 10−6, while the classification head operates at 3 × 10−4.

This differential rate assignment prevents early layers from excessive modification, while

permitting deeper layers to adapt to the gastric lesion domain. Combined with techniques

such as exponential moving average weight tracking and batch normalization stabilization

through evaluation mode maintenance during fine-tuning, this learning rate own tuning

ensures controlled adaptation without destabilizing pre-trained representations.

Progressive unfreezing and discriminative learning rates are techniques applied exclu-

sively to fine-tuned configurations of the three architectures (ResNet-50, ConvNeXt, DI-

NOv2).

5.4.2 Advanced Data Augmentation

Robust model generalization in medical imaging demands augmentation strategies that

extend beyond conventional transformations, really pushing the model capabilities to the

maximum, as precision is key in this environment. This study implements a hierarchical

augmentation framework differentiated by the training paradigm.

In pre-trained configurations opt to employ more conservative augmentations, such as:

• RandomResizedCrop: Extracts random crops on certain scales, then resizing them

to 224×224 using bicubic interpolation (downscales images while minimizing qual-

ity loss by creating a smoother and more detailed representation). This technique

simulates zoom variations and enhances compositional diversity, facilitating lesion

recognition on multiple scales without explicitly altering resolution.

• RandomRotation: Rotates images by 5–15° depending on configuration, taking

into account variations in the angle of the camera during endoscopy. Smaller angles

in modern architectures suggest superior data efficiency and stability.

• ColorJitter: Adjusts brightness, contrast, saturation, and hue independently. En-

doscopic imaging exhibits lighting variations due to the setting of equipment and

the anatomical positioning, which also mimics the inconsistencies of the real-world

clinic data acquisition.
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• GaussianBlur: Applies Gaussian blur: simulates focus variations and motion blur

common during rapid endoscope passes, teaching robust lesion classification de-

spite soft focus.

• RandomErasing: Erases 2–33% of the image area with random pixel values, sim-

ulating partial data occlusions while forcing the model to classify from incomplete

visual information, mirroring clinical scenarios.

• RandAugment: Applies one random operation (shear, translation, rotate, etc.) from

a predefined set with a certain magnitude, adding diversity without overwhelming the

training signal.

• Progressive Resolution Curriculum: Gradually increases input resolution from

192→224→256 pixels during training. Initial epochs train on lower resolutions (faster),

gradually moving to higher resolutions, which enhances convergence while manag-

ing computational cost.

These transformations preserve anatomical structure while introducing sufficient variabil-

ity to reduce overfitting without disrupting pre-learned feature statistics.

However, in fine-tuned configurations, conservative augmentations are applied alongside

other more aggressive augmentation techniques, which force the model to learn under

more substantial perturbations. One of the more aggressive augmentation techniques

used is MixUp, proposed by Zhang et al., which, rather than traditionally augmenting im-

ages, generates new training samples by blending pairs of images and their labels. With

this, the model is more encouraged to learn smooth decision boundaries by training com-

binations of classes, reducing overconfidence and improving robustness to ambiguous

or noisy inputs, being especially effective when training data is limited and unbalanced

[79]. CutMix by Yun et al. is another one of these techniques, which expands on MixUp’s

principle by replacing rectangular image regions with patches from other samples, with

label mixing proportional to the pixel area contributed by each image. Random erasing

removes rectangular regions (between 2% and 33% of the image area) during training,

simulating occlusion, and improving robustness to incomplete visual information [80].

These aggressive techniques (Figure 5.5) are applied with controlled probability (higher

probability in early training, progressively reduced with time) to balance the benefits of

regularization against the stability of training.
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Figure 5.5: Advanced Data Augmentation Techniques: Mixup vs Cutmix (Adapted from
[81])

5.4.3 Class Imbalance Mitigation

As previously explained, the EGGIM dataset exhibits a severe class imbalance, Class 1

representing only 19.2% of the training samples, while Classes 0 and 2 comprise 43.7%

and 36.9%, respectively. Addressing this imbalance requires strategic interventions be-

yond the standard cross-entropy loss, so weighted random sampling is used to ensure

that each training batch contains balanced class representation by oversampling minority

classes during data loading (in a balanced way and proportional to the density of loss

functions and augmentations per configuration). The class weights derived from scikit-

learn’s compute_class_weight function provide inverse frequency weighting: wi =
N

Nc·ni
,

where N is the total sample count, Nc is the number of classes, and ni represents samples

in class i. These weights initialize the scaling factors of the loss function, emphasizing

minority class errors during optimization, with this mitigation strategy being applied in all

six configurations.

5.4.4 Advanced Loss Functions

A plethora of different loss functions were tested for each learning configuration, with three

main custom loss functions ultimately tested to be implemented over the final 6 pipelines:

• Focal Loss with Label Smoothing: introduced by Lin et al., addresses class im-

balance by reducing the weight assigned to easily classified samples and focusing

on hard-to-classify cases [82]. The formulation extends standard cross-entropy with

a modulating factor:

Lfocal = −αt(1 − pt)
γ log(pt)
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where pt is the predicted probability for the ground truth class, γ > 0 is the fo-

cus parameter controlling down-weighting strength, and αt provides class-specific

weighting. This approach naturally directs the model’s attention to the underrepre-

sented class 1 without requiring manual reweighting, using a focusing parameter

γ = 2 and class-specific weights derived from inverse frequencies. In addition, the

label smoothing proposed by Szegedy et al. complements focal loss by preventing

overconfident predictions. It transforms hard one-hot labels yhot into soft targets:

(ysmooth = (1 − ϵ)yhot +
ϵ

K

where ϵ = 0.1 is the smoothing factor and K is the number of classes. This reg-

ularization distributes a small probability mass to incorrect classes, preventing the

model from becoming overconfident while improving calibration, which is particu-

larly important for clinical decision support where prediction confidence must reflect

true uncertainty [83]. The combined focal loss with label smoothing is employed in

ConvNeXt fine-tuned and DINOv2 fine-tuned.

• Balanced Softmax Loss: developed by Ren et al., aims to tackle long-tailed recog-

nition problems, incorporating training class frequencies into the softmax computa-

tion, accounting for distribution shifts between training and deployment. Balanced

softmax adjusts the activation function as:

ϕj =
njeηj

∑k
i=1 nieηi

where nj is the training sample count for class j and ηj represents the model’s logit

output for class j. Unlike standard cross-entropy that implicitly assumes balanced

test distributions, this loss weights each class prediction proportionally to its training

sample count. This design naturally compensates for imbalance without requiring

post-hoc calibration or threshold adjustment, maintaining consistency with balanced

evaluation metrics. The implementation derives class counts directly from the train-

ing set, making it parameter-free beyond the loss itself [84]. The loss function then

becomes:

Lbalanced = − log

(
nyeηy

∑k
i=1 nieηi

)
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• Logit Adjustement Loss: proposed by Menon et al., this method introduces post-

hoc or training-time corrections to model logits, enforcing larger margins between

rare and common classes [85]. The adjusted softmax incorporates class prior infor-

mation directly:

Llogit-adj = − log

 eηy+τ log πy

∑k
j=1 eηj+τ log πj


where πj represents the prior probability of class j (estimated as πj = nj/N), and

τ is a temperature parameter controlling adjustment strength (typically τ = 1). This

formulation demands larger decision margins for rare classes by adding τ log πy to

logits, preventing dominant classes from overwhelming minority predictions. The

adjustment term log(πy′/πy) establishes a relative margin between classes y and

y′, making sure the model learns discriminative boundaries appropriate for the train-

ing distribution.

The remaining configurations (all pre-trained pipelines and ResNet-50 fine-tuned base-

line) did not benefit substantially from additional custom loss functions and consequently

retained variants of the standard Weighted Cross-Entropy with Label Smoothing im-

plementation provided by the torch library.

5.5. Evaluation Framework and Testing Methodologies

5.5.1 Test-Time Augmentation

Test-Time Augmentation (TTA) enhances prediction reliability of the predictions by cre-

ating several augmented versions of each test image and combining their predictions. In

contrast to training-time augmentation that increases dataset diversity, TTA introduces the

model to geometric and photometric transformations of the same input during inference,

resulting in ensemble predictions from a single model. This approach improves robust-

ness to small perturbations and reduces the variance of the prediction without requiring

additional model training.
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The TTA strategy in use utilizes dihedral transformations of D4, which include eight types

of symmetries:

1. Original image;

2. Horizontal flip;

3. Vertical flip;

4. 90-degree rotation;

5. 180-degree rotation;

6. 270-degree rotation;

7. 90-degree rotation with horizontal flip;

8. 90-degree rotation with vertical flip.

Additionally, multiscale evaluation at resolutions [224, 256, 288] complements geometric

augmentations, with predictions being averaged over these scales. The horizontal flip

is used to account for the non-directional nature of the anatomical features in the gastric

mucosa, while rotations are intended to manage potential variations in camera orientation

during endoscopy. TTA is applied in different proportions for the six configurations during

the final testing and evaluation.

5.5.2 Ensemble Learning

Ensemble learning combines multiple model predictions from several models to decrease

prediction variance and improve generalization beyond what individual models achieve.

This technique leverages diversity in architecture and training, with different configurations

and random elements causing a variety of learned patterns. Three ensemble techniques

were evaluated and applied at different stages of the pipeline:

• Simple averaging: baseline approach applied immediately after validation, treating

all models on an equal basis, and averaging the predicted class probabilities within

the ensemble. This technique does not necessitate calibration and serves as a

sanity check: if it fails to outperform the individual models, it might indicate a lack of

architectural or training diversity;
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• Weighted averaging: applied during model selection when validation performance

varies significantly across configurations, more importance is given to models that

perform well on validation data. This weighting reflects confidence that models with

better validation results should have a more significant influence on the final predic-

tion. The weights are determined only once after the validation process is finished

and remain constant during the test evaluation;

• Logit-space ensembling: implemented in the final evaluation pipeline before soft-

max normalization is applied. Instead of averaging probabilities after softmax, the

averaging occurs directly on the raw model output (logits), with a softmax function

being applied once right after. This method tends to yield better-calibrated confi-

dence scores given that the averaging is done in the linear logit space, prior to the

introduction of non-linearity.

The ensemble functions during the post-training evaluation phase for all six pipelines.

Once each model has finished training and validation, their test data predictions are com-

bined based on the selected strategy. The most effective ensemble configuration is de-

termined by assessing the validation set performance across all potential combinations.

5.5.3 Regularization and Optimization Stability

Training deep networks for small medical imaging datasets requires handling optimization

dynamics with a range of regularization and stabilization strategies. These approaches

extend past traditional dropout and data augmentation to address unpredictable gradient

behaviors and model overfitting, ensuring stable and efficient fine-tuning of large pre-

trained models.

• Exponential Moving Average (EMA): EMAmaintains a slowly updated copy of the

model weights by blending current parameters with an exponential moving average

( EMAnew = τ · EMAold+ (1− τ) ·weightcurrent, where τ = 0.999). These smoothed

weights are used for the validation evaluation, but do not participate in the gradient

computation. EMA stabilizes the performance metrics by reducing the noise from

batch-to-batch fluctuations and acts as an implicit regularizer, preventing the model

from committing to noisy solutions. Applied to all fine-tuned configurations during

training, EMA weights are swapped in before validation to produce more reliable

performance estimates.
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• Gradient Clipping: Global norm clipping (torch.nn.utils.clip_grad_norm_) caps

gradient magnitudes to a maximum norm, typically ∥∇∥ ≤ 1.0. This prevents ex-

ploding gradients that destabilize training, particularly problematic when fine-tuning

with small learning rates and accumulated gradients: when gradients exceed the

threshold, they are scaled down uniformly. Applied uniformly across all fine-tuned

configurations, gradient clipping prevents weight divergence during backpropaga-

tion, allowing tighter discriminative learning rates without training collapse.

• Mixed Precision Arithmetic (AMP): Selectively applied to ResNet-50 and Con-

vNeXt models fine-tuned on CUDA-enabled GPUs, AMP optimizes computation by

using float16 or bfloat16 for forward passes, whilst maintaining float32 precision for

loss calculations and backward passes (technique only employed when utilizing the

kempo2 GPU server; in Apple Silicon (MPS), AMP is not utilized due to numeri-

cal instabilities at lower precisions). A GraphicScaler adjusts the loss magnitude

before backpropagation to prevent issues with gradient underflow at lower preci-

sion, allowing this method to cut GPU memory usage by about 50%, enabling faster

batch processing and improved computational speed. In contrast, DINOv2 fine-

tuned continues using full float32 precision to ensure stability, as its self-supervised

pre-training, which relies on precise gradient estimates.

• Temperature Scaling in Logit Adjustment: When incorporating class priors into

logits using logit adjustment, loss involves a temperature parameter τ that governs

the strength of the adjustment by scaling the log-prior contribution. Increasing the

value of τ increases the influence of the priors, while a τ of 1.0 implies the use

of unscaled priors. This method adjusts the decision boundaries to align with the

characteristics of the training distribution without altering the loss function itself. It

is selectively employed in the ResNet-50 pre-trained configuration.

• Batch Normalization Freezing: During fine-tuning, backbone batch normaliza-

tion layers remain in evaluation mode to preserve learned statistics while allowing

deeper layers to adapt. Applied to ResNet-50 fine-tuned and ConvNeXt fine-tuned

when unfreezing backbone layers (DINOv2 does not need this as it uses layer nor-

malization on the classifier).
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5.5.4 Evaluation Metrics

The evaluation of the model goes beyond aggregate accuracy to capture the distinct per-

formance characteristics of each class, which proves essential for medical applications.

Primary metrics include overall accuracy, macro-averaged F1-score, weighted F1-score,

and per-class precision, recall, and F1-score, defined as:

Accuracy = TP + TN
TP + TN + FP + FN

Precisionc =
TPc

TPc + FPc
, Recallc =

TPc

TPc + FNc
, F1c = 2 · Precisionc ·Recallc

Precisionc +Recallc

where c denotes the class index, and TP, TN, FP, FN represent true positives, true neg-

atives, false positives, and false negatives, respectively. The macro-averaged F1-score

treats each class equally regardless of support, emphasizing minority class performance,

while weighted F1 accounts for class frequency in the dataset.

In addition to this, confusion matrices are generated, offering detailed insights into spe-

cific misclassification patterns within all six pipelines. These matrices indicate whether

errors occur between adjacent EGGIM risk categories (Class 0 versus Class 1, or Class

1 versus Class 2) or involve fundamental classification errors. This detailed analysis helps

identify whether particular architecture-training pairs only confuse certain class transitions

or demonstrate broader misinterpretations.

Dimensionality Reduction via t-SNE: Upon completion of model training, the features of

the penultimate layer of the test set are extracted and projected into a 2D space through

t-distributed Stochastic Neighbor Embedding (t-SNE) employing standard hyperparame-

ters, where perplexity is adjusted based on the size of the dataset and the learning rate

is set automatically. These visualizations illustrate the separation of classes into distinct

clusters in the learned representation space, while also identifying potential class overlap

or dataset artifacts. Misclassified samples are highlighted distinctly, highlighting areas

where class boundaries are undefined even in high-dimensional space [86]. Individual

t-SNE plots are produced for each of the six configurations, allowing for a direct visual

comparisons of the learned representations and enabling a qualitative evaluation of the

features’ quality beyond numerical metrics.
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All metrics are computed consistently across configurations to enable rigorous compara-

tive analysis.

5.6. Results

Each of the six training configurations was meticulously trained and evaluated to assess

classification performance in the three EGGIM risk categories. This section details the

specific training and testing pipeline parameters for each configuration, followed by quan-

titative performance metrics, confusion matrices, and t-SNE visualizations that reveal the

learned feature space structure.

5.6.1 ResNet-50 Pre-trained Configuration

Pipeline Specifications

Training Setup:

• Epochs: 100, with early stopping (patience=20);

• Unfreezing Strategy: Backbone frozen for 2 epochs, then gradual unfreezing

(layer4/stage 5 at epoch 3, layer3/stage 4 at epoch 7, earlier layers remain frozen);

• Optimization: AdamW with discriminative Learning Rate (LR)s (head=3 × 10−3,

backbone=3 × 10−4, weight decay=1 × 10−4);

• LR Scheduler: 5-epoch warmup + cosine decay, then reduce-on-plateau after un-

freezing. Final warmup+cosine phase after second unfreeze;

• Checkpointing: None.

Training Augmentations:

• Traditional Augmentation: Resize(256), RandomResizedCrop(224, scale=0.85-1.0),

RandomHorizontalFlip (p=0.5), RandomGrayscale (p=0.05);

• Advanced Augmentation: None.
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Loss Functions & Class Imbalance:

• Loss Functions: Cross Entropy with label smoothing (ϵ = 0.05) and balanced class

weights;

• Class Imbalance: No class weighting or oversampling.

Training Regularization

• General Regularization: Gradient clipping (max_norm=1.0) and Dropout (p=0.5 in

head);

• Advanced Regularization: None;

Testing/Inference:

• Testing Augmentation: Identity and Horizontal Flip;

• Testing Regularization: None;

• Prediction Ensembling: Simple predictions averaging.
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Performance Results

Table 5.1: Per-Class Metrics for ResNet-50 Pre-trained Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 61.94% 25.00% 57.55% -
Recall 70.94% 8.70% 65.59% -
F1-Score 66.14% 12.90% 61.31% 46.78% (macro)
Accuracy - - - 57.81%

Table 5.2: Confusion Matrix for ResNet-50 Pre-trained Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 83 10 24
Class 1 21 4 21
Class 2 30 2 61

Figure 5.6: t-SNE visualization for ResNet-50 Pre-trained
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5.6.2 ResNet-50 Fine-tuned Configuration

Pipeline Specifications

Training Setup:

• Epochs: 220, with early stopping (patience=30, macro-F1 based);

• Unfreezing Strategy: Progressive (head-only for 8 epochs, layer4/stage 5 at epoch

9, layer3/stage 4 at epoch 15, layer2/stage 3 at epoch 21);

• Optimization: Stochastic Gradient Descent (SGD) with Nesterov momentum (0.9),

discriminative LRs (head=3 × 10−4, backbone=5 × 10−6, weight decay=1 × 10−5);

• LR Scheduler: Warmup from 0 during head-only, then cosine decay after unfreez-

ing;

• Checkpointing: Top-5 checkpoint ensembling (macro-F1 based).

Training Augmentations:

• Traditional Augmentation: Progressive resolution (192→224→256), RandomRe-

sizedCrop (scale=0.7-1.0, bicubic interpolation), RandomHorizontalFlip (p=0.5), Ran-

domVerticalFlip (p=0.1), RandomRotation(150°, p=0.3), GaussianBlur (p=0.15);

• Advanced Augmentation: RandAugment (1 operation, magnitude=5), ColorJitter

(brightness/contrast/saturation=0.2, hue=0.05, p=0.3), RandomErasing (p=0.25), Mix-

Up/CutMix (45% probability, epochs 1-16 only).

Loss Functions & Class Imbalance:

• Loss Functions: Cross Entropy with label smoothing (ϵ = 0.05);

• Class Imbalance: WeightedRandomSampler (inverse frequency) during early train-

ing, switches to uniform sampling after epoch 60.

Training Regularization:

• General Regularization: Gradient clipping (max_norm=1.0);

• Advanced Regularization: EMA (decay=0.999), AMP with GradScaler;
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Testing/Inference:

• Testing Augmentation: D4 dihedral group (8 variants);

• Testing Regularization: Automatic temperature scaling;

• Prediction Ensembling: Multiscale ensembling (either by specifying multiple weight

files or a log of top models, which are loaded and combined using logit averaging).

Performance Results

Table 5.3: Per-Class Metrics for ResNet-50 Fine-tuned Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 65.03% 23.53% 62.50% -
Recall 79.49% 8.70% 64.52% -
F1-Score 71.54% 12.70% 63.49% 49.24% (macro)
Accuracy - - - 61.33%

Table 5.4: Confusion Matrix for ResNet-50 Fine-tuned Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 93 7 17
Class 1 23 4 19
Class 2 27 6 60

Figure 5.7: t-SNE visualization for ResNet-50 Fine-tuned
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5.6.3 ConvNeXt Pre-trained Configuration

Pipeline Specifications

Training Setup:

• Epochs: 100;

• Unfreezing Strategy: Backbone frozen for 5 epochs, then unfreeze last 2 stages;

• Optimization: AdamW ( LR=5 × 10−5, weight decay=0.01);

• LR Scheduler: Cosine Annealing;

• Checkpointing: None.

Training Augmentations:

• Traditional Augmentation: RandomResizedCrop(224, scale=0.85-1.0), RandomHor-

izontalFlip (p=0.5), RandomRotation(5°), RandomErasing (p=0.25);

• Advanced Augmentation: ColorJitter (∼8%), and MixUp (40% probability).

Loss Functions & Class Imbalance:

• Loss Functions: Cross Entropy with label smoothing (ϵ = 0.1) and balanced class

weights;

• Class Imbalance: Class 1 oversampled 3 times via WeightedRandomSampler.

Training Regularization:

• General Regularization: Gradient clipping (max_norm=1.0);

• Advanced Regularization: None;

Testing/Inference:

• Testing Augmentation: Random crops, horizontal flips, 25° rotation, color jitter (4

variants total);

• Testing Regularization: Just MixUp;

• Prediction Ensembling: Simple prediction averaging.



FCUP 73
Leveraging Foundation Models for the Classification of Precancerous Gastric Lesions in Endoscopic Images

Performance Results

Table 5.5: Per-Class Metrics for ConvNeXt Pre-trained Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 70.50% 16.67% 65.71% -
Recall 83.76% 4.35% 74.19% -
F1-Score 76.56% 6.90% 69.70% 51.05% (macro)
Accuracy - - - 66.02%

Table 5.6: Confusion Matrix for ConvNeXt Pre-trained Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 98 3 16
Class 1 24 2 20
Class 2 17 7 69

Figure 5.8: t-SNE visualization for ConvNeXt Pre-trained
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5.6.4 ConvNeXt Fine-tuned Configuration

Pipeline Specifications

Training Setup:

• Epochs: 150, with early stopping (patience=25, macro-F1 based);

• Unfreezing Strategy: Progressive (head-only for 4 epochs, last stage at epoch 5, all

stages by epoch 9);

• Optimization: AdamW with discriminative LRs (head=1× 10−3, deeper layers=4.5×

10−5);

• LR Scheduler: Tiny warmup + cosine annealing;

• Checkpointing: None.

Training Augmentations:

• Traditional Augmentation: RandomResizedCrop, RandomHorizontalFlip, Random-

Rotation(5°), RandomErasing (p=0.25);

• Advanced Augmentation: ColorJitter (≤8%), just MixUp (20% probability, head only

phase).

Loss Functions & Class Imbalance:

• Loss Functions: Weighted Cross Entropy with label smoothing (ϵ = 0.02-0.05),

power law scaling factor 1.1 for class weights;

• Class Imbalance: Powered weighting sampler (inverse class frequency).

Training Regularization:

• General Regularization: Gradient clipping (max_norm=1.0);

• Advanced Regularization: EMA (decay=0.999), AMP with GradScaler;
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Testing/Inference:

• Testing Augmentation: Multiple rotations: 5, 10, and 15 degrees

• Testing Regularization: Temperature tuning and per-class bias adjustment;

• Prediction Ensembling: Ensemble with pre-trainedConvNeXt checkpoint (adjustable

blend ratio), multiscale evaluation.

Performance Results

Table 5.7: Per-Class Metrics for ConvNeXt Fine-tuned Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 67.55% 30.77% 70.65% -
Recall 87.18% 8.70% 69.89% -
F1-Score 76.12% 13.56% 70.27% 53.32% (macro)
Accuracy - - - 66.80%

Table 5.8: Confusion Matrix for ConvNeXt Fine-tuned Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 102 3 12
Class 1 27 4 15
Class 2 22 6 65

Figure 5.9: t-SNE visualization for ConvNeXt Fine-tuned
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5.6.5 DINOv2 Pre-trained Configuration

Pipeline Specifications

Training Setup:

• Epochs: 100-150;

• Unfreezing Strategy: Backbone frozen for 5 epochs, then unfreeze last 2 trans-

former layers;

• Optimization: AdamW ( LR=5 × 10−5, weight decay=0.01);

• LR Scheduler: Cosine annealing;

• Checkpointing: None.

Training Augmentations:

• Traditional Augmentation: RandomResizedCrop and RandomHorizontalFlip;

• Advanced Augmentation: Just MixUp (40% probability).

Loss Functions & Class Imbalance:

• Loss Functions: Smooth Cross Entropy (ϵ = 0.1) with class-balanced weights (com-

puted inversely proportional to class frequency);

• Class Imbalance: Class 1 oversampled 3 times using WeightedRandomSampler.

Training Regularization:

• General Regularization: Gradient Clipping (max_norm=1.0);

• Advanced Regularization: None;

Testing/Inference:

• Testing Augmentation: Random crops, horizontal flips, 25° rotation, color jitter;

• Testing Regularization: None;

• Prediction Ensembling: Simple prediction averaging.
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Performance Results

Table 5.9: Per-Class Metrics for DINOv2 Pre-trained Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 65.71% 15.79% 64.95% -
Recall 78.63% 6.52% 67.74% -
F1-Score 71.60% 9.23% 66.32% 49.05% (macro)
Accuracy - - - 61.72%

Table 5.10: Confusion Matrix for DINOv2 Pre-trained Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 92 9 16
Class 1 25 3 18
Class 2 23 7 63

Figure 5.10: t-SNE visualization for DINOv2 Pre-trained
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5.6.6 DINOv2 Fine-tuned Configuration

Pipeline Specifications

Training Setup:

• Epochs: 250, with early stopping (patience=25);

• Unfreezing Strategy: Backbone frozen for 4 epochs, then unfreeze last 4 trans-

former layers;

• Optimization: AdamW (initial head-only LR=5× 10−5, after unfreezing LR=7× 10−5,

weight decay=0.01);

• LR Scheduler: Cosine annealing, reset after unfreezing;

• Checkpointing: Checkpoint averaging (best model + top-5 epochs).

Training Augmentations:

• Traditional Augmentation: RandomResizedCrop(224, scale=0.75-1.0), RandomHor-

izontalFlip, RandomVerticalFlip, RandomRotation(10°);

• Advanced Augmentation: MixUp (α = 0.4, 25% probability, disabled after epoch

35), CutMix (α = 1.0, 25% probability, disabled after epoch 35), ColorJitter (bright-

ness/contrast/saturation=0.2). CutMix and MixUp are never applied to the same

image.

Loss Functions & Class Imbalance:

• Loss Functions: Focal loss with label smoothing (γ = 2.0, ϵ = 0.08) and balanced

class weights with 30% boost on Class 1’s weight;

• Class Imbalance: Class 1 oversampled 3 times and Class 2 oversampled 2 times

by the sampler.

Training Regularization:

• General Regularization: None;

• Advanced Regularization: None.
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Testing/Inference:

• Testing Augmentation: Two modes (light: identity + horizontal flip + 10° rotation;

stable: resized crop, horizontal/vertical flips, 25° rotation, color jitter);

• Testing Regularization: None;

• Prediction Ensembling: Simple prediction averaging.

Performance Results

Table 5.11: Per-Class Metrics for DINOv2 Fine-tuned Configuration

Metric Class 0 Class 1 Class 2 Overall
Precision 74.77% 36.96% 64.08% -
Recall 68.38% 36.96% 70.97% -
F1-Score 71.43% 36.96% 67.35% 58.58% (macro)
Accuracy - - - 63.67%

Table 5.12: Confusion Matrix for DINOv2 Fine-tuned Configuration

Predicted\True Class 0 Class 1 Class 2
Class 0 80 15 22
Class 1 14 17 15
Class 2 13 14 66

Figure 5.11: t-SNE visualization for DINOv2 Fine-tuned
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5.6.7 Comparative Performance Analysis

Follows a comparison of the results of the six learning configurations in standardized met-

rics, highlighting architectural strengths and the impact of progressive unfreezing strate-

gies on EGGIM classification performance.

Table 5.13: Comprehensive Performance Comparison Across All Configurations

Configuration Class 0 F1 Class 1 F1 Class 2 F1 Macro F1 Accuracy
ResNet-50 Pre 66.14% 12.90% 61.31% 46.78% 57.81%
ResNet-50 FT 71.54% 12.70% 63.49% 49.24% 61.33%
ConvNeXt Pre 76.56% 6.90% 69.70% 51.05% 66.02%
ConvNeXt FT 76.12% 13.56% 70.27% 53.32% 66.80%
DINOv2 Pre 71.60% 9.23% 66.32% 49.05% 61.72%
DINOv2 FT 71.43% 36.96% 67.35% 58.58% 63.67%

Table 5.14: Per-Class Precision Comparison Across All Configurations

Configuration Class 0 Class 1 Class 2 Avg Class 0+2 Avg Class 1+2 Class 1 Precision
ResNet-50 Pre 61.94% 25.00% 57.55% 59.75% 41.28% 25.00%
ResNet-50 FT 65.03% 23.53% 62.50% 63.77% 43.02% 23.53%
ConvNeXt Pre 70.50% 16.67% 65.71% 68.11% 41.19% 16.67%
ConvNeXt FT 67.55% 30.77% 70.65% 69.10% 50.71% 30.77%
DINOv2 Pre 65.71% 15.79% 64.95% 65.33% 40.37% 15.79%
DINOv2 FT 74.77% 36.96% 64.08% 69.43% 50.52% 36.96%

Table 5.15: Per-Class Recall Comparison Across All Configurations

Configuration Class 0 Class 1 Class 2 Avg Class 0+2 Avg Class 1+2 Class 1 Recall
ResNet-50 Pre 70.94% 8.70% 65.59% 68.27% 37.15% 8.70%
ResNet-50 FT 79.49% 8.70% 64.52% 72.01% 36.61% 8.70%
ConvNeXt Pre 83.76% 4.35% 74.19% 78.98% 39.27% 4.35%
ConvNeXt FT 87.18% 8.70% 69.89% 78.54% 39.30% 8.70%
DINOv2 Pre 78.63% 6.52% 67.74% 73.19% 37.13% 6.52%
DINOv2 FT 68.38% 36.96% 70.97% 69.68% 53.97% 36.96%

Table 5.16: Confusion Matrix Summary - True Positives by Configuration

Configuration Class 0 TP Class 1 TP Class 2 TP Total TP Accuracy
ResNet-50 Pre 83 4 61 148 57.81%
ResNet-50 FT 93 4 60 157 61.33%
ConvNeXt Pre 98 2 69 169 66.02%
ConvNeXt FT 102 4 65 171 66.80%
DINOv2 Pre 92 3 63 158 61.72%
DINOv2 FT 80 17 66 163 63.67%
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5.7. Discussion

The main goal of this research was to systematically evaluate the potential of leveraging

Foundation Models for the classification of precancerous gastric lesions within the EGGIM

framework. By conducting a comparative analysis of three architectural paradigms in both

their pre-trained and fine-tuned configurations, ResNet-50 (traditional Convolutional Neu-

ral Networks), ConvNeXt (hybrid CNN-transformer), and DINOv2 (self-supervised Vision

Transformers), this research provides valuable insights into the strengths and limitations

of FMs approaches in endoscopic imaging applications.

5.7.1 Essential Performance Indicators

The experimental results demonstrate a clear hierarchy in model performance that both

supports and questions the initial assumptions about the dominance of FMs. DINOv2

Fine-tuned emerged as the top performer, achieving a macro F1-score of 58.58%, which

is a 25% improvement compared to the baseline ResNet-50 Pre-trained model score of

46.78%. This result supports the hypothesis that self-supervised FMs, when properly

adapted through progressive fine-tuning, can develop robust representations that gener-

alize better to specialized endoscopic and medical imaging tasks [7].

The findings reveal a more complex scenario when assessing specific performance met-

rics: ConvNeXt setups reached the highest overall accuracy rates (66.80% for those fine-

tuned and 66.02% for those pre-trained). This outcome implies that the hybrid CNN-

transformer architecture excels in accurately classifying the majority of samples, primarily

due to the outstanding identification of Class 0 (normal mucosa) and Class 2 (advanced

metaplasia). In these categories, the ConvNeXt pre-trained model attained 83.76% and

74.19%, respectively, the highest scores among all setups. Nonetheless, this advantage

comes with a notable drawback: the ConvNeXt Pre-trained model identified only 4.35%

of Class 1 cases, representing the lowest sensitivity among all the models.

This trade-off highlights a fundamental issue in medical AI: aiming for overall accuracy

can sometimes overlook the most crucial clinical cases. Within the EGGIM classification,

Class 1 (growing metaplasia up to 30% IM) represents the intervention window where

early detection has the most significant impact on patient outcomes [2]. DINOv2 Fine-

tuned achieved a 36.96% Class 1 F1-score, reflecting a perfect balance between preci-

sion and recall, marking a 171% improvement over ConvNeXt Fine-tuned (13.56%) and
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a 435% improvement over ConvNeXt Pre-trained (6.90%), which indicates that FMs pre-

trained through self-supervised learning develop feature representations that are better

at recognizing subtle pathological patterns in underrepresented classes.

The performance gap between pre-trained and fine-tuned configurations varied signif-

icantly across different architectures, revealing insights into how different pre-training

paradigms interact with task-specific adaptation. The ResNet-50 architecture exhibited

a modest increase of 2.46 percentage points in macro F1, while ConvNeXt showed even

smaller improvements of 2.27 points, suggesting that supervised pre-training on ImageNet

already offers features that are fairly adaptable for the medical imaging task at hand. On

the other hand, DINOv2 showed the most substantial fine-tuning advantage with an in-

crease of 9.53 points, highlighting that self-supervised FMs, although adept at learning

versatile general-purpose representations, still require extensive domain-specific adapta-

tion to excel in specialized medical classification tasks [77].

These results were obtained using base model checkpoints from all three architectures,

in the same fixed seed and model’s last convolutional layer size (2048 channels), repre-

senting the smallest configurations available for each paradigm. This approach facilitated

a fair computational comparison and set baseline performance expectations. The results

indicate that even smaller variants of FMs can provide significant performance enhance-

ments over traditional architectures, although the extent of these benefits varies greatly

depending on the pretraining method and class distribution characteristics.

5.7.2 Critical Analysis of Class 1 and t-SNE Insights

The severe underperformance of most configurations in Class 1 detection warrants a

detailed examination, as it represents both the primary technical challenge and the most

clinically consequential limitation of this study. With only 46 Class 1 samples in the test

set (compared to 117 Class 0 and 93 Class 2), the dataset reflects natural intermediate IM

patterns, but creates an extreme imbalance scenario in which Class 1 comprises merely

18% of the testing data [2].

Traditional metrics highlight the magnitude of this issue: a mere 8.70% Class 1 recall

were achieved by the ResNet-50 configurations, correctly identifying only 4 of 46 cases

of growing metaplasia. ConvNeXt Pre-trained performed even worse, with a recall of

just 4.35% recall (2 correct detections), while ConvNeXt Fine-tuned equaled ResNet-50

at 8.70%. These dismal figures suggest that standard supervised learning techniques,
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even when paired with class-weighted loss functions and oversampling tactics, struggle

fundamentally when minority class prevalence falls below certain thresholds.

DINOv2 Fine-tuned’s notable progress to 36.96% recall for Class 1 (17 of 46 correct de-

tections) deserves detailed examination: this setup used a combination of techniques:

focal loss with γ = 2.0 to emphasize hard examples, tripled oversampling of Class 1 in

the training sampler, a 30% weight increase for Class 1 in the loss function, and inten-

sive MixUp/CutMix augmentation in the early training epochs [79]. However, strategies

of similar density were applied in other setups without achieving similar Class 1 perfor-

mance, indicating that the self-supervised FMs’ learned representations inherently aid in

detecting rare patterns.

The t-SNE visualizations offer further clinical evidence supporting both conclusions: In

every setup, Class 1 samples show greater intraclass variance compared to Classes 0 and

2, suggesting that GIM presents amore diverse range of visual features than normal tissue

or more advanced lesions. This heterogeneity could support the notion that intermediate-

stage precancerous lesions show different morphological characteristics depending on

location, extent, and progression dynamics [3], and, in that regards, Foundation Models

broader feature space may better accommodate this variability than narrowly specialized

architectures.

However, even DINOv2’s performance leaves 63% of Class 1 cases undetected, raising

fundamental questions about whether current approaches can achieve clinically accept-

able sensitivity without substantially larger and more balanced training datasets: the con-

fusion matrix reveals that 15 of the 29 (51.7%) misclassified Class 1 cases were predicted

as Class 0 (normal), representing a possible critical failure where precancerous lesions

are dismissed as healthy tissue, aggravating the patient situation to a point where in a

short future it would be too late to effectively treating the disease.

5.7.3 Architecture Analysis and Clinical Deployment

A comparison of architectural designs highlights distinct performance profiles with specific

clinical utility scenarios. ConvNeXt demonstrates outstanding performance in detecting

Class 0 and Class 2, achieving an average recall of 78.98% in its pre-trained form, making

it an effective tool for screening and ruling out conditions where high detection sensitivity

to normal tissues and advanced metaplasia is crucial for initial classification processes. In

a two-step diagnostic process (metaplasia / non-metaplasia), ConvNeXt has the potential
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to filter images that require expert review, thus reducing clinical workload by accurately

classifying definitive positive and negative cases, while sending ambiguous cases to spe-

cialists. Unfortunately, ConvNeXt’s systematic failure in Class 1 detection fundamentally

limits its use in comprehensive EGGIM stratification scenarios. With a pre-trained recall

of only 4.35%, it would fail to detect 95% of growing metaplasia cases, missing the pre-

cise intervention window where early detection most benefits patients [1]. Even when

fine-tuned, the model’s recall improves only to 8.70% recall remains unacceptably low, as

it would overlook 91% of these critical lesions.

On the other hand, DINOv2 Fine-tuned offers a complementary performance profile, with

balanced multi-class detection being its biggest strength as it performs significantly bet-

ter on minority classes. The 36.96% recall for Class 1, although not very high, marks a

notable improvement in detection capability on such a small and unbalanced endoscopic

clinical classification dataset of 3 classes like EGGIM. This model, integrated into a hybrid

human-AI workflow and with more depth and adjustment to the architecture, has some

potential to pinpoint suspicious areas in Class 1-like cases, accelerating expert attention

to the most time-sensitive diagnostic situations [1], although the significant computational

costs that FMs pose may require more inference time and memory than CNN-based ar-

chitectures [5].

5.7.4 Technical Insights

This research implemented technicalities that contribute to form generalizable insights for

AI in endoscopic imaging:

• Unfreezing and Feature Adaptability: Both convolutional architectures opted for a

more progressive unfreezing strategy, standing by the premise that effective learn-

ing strategies critically depend on the pre-training paradigm. ResNet-50’s ImageNet

initialization benefited from gradual layer-by-layer adaptation (unfreezing layer4/stage

5 at epoch 9, layer3/stage 4 at epoch 15, layer2/stage 3 at epoch 21), preventing

catastrophic forgetting of edge and texture features while allowing semantic adapta-

tion [75]. In contrast, DINOv2 achieved a better overall performance with aggressive

unfreezing (last 4 transformer layers after only 4 head-only epochs), which could in-

dicate that self-supervised representations exhibit greater domain-shift robustness

than more traditional approaches. This observation is also consistent with the actual
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DINOv2 publication by Oquab et al., which poses that models with contrastive learn-

ing approaches like Foundation Models develop more transferable features and are

more robust than supervised classification models [77].

• Augmentation and its Benefits: The application of augmentation strategies could

be sorted into two distinct cases. Advanced augmentation techniques, such as

MixUp and CutMix, improved macro F1 by approximately 2%, showing utility for

small medical datasets where the diversity of the training dataset is the key to more

robust models. However, benefits plateaued beyond Epoch 16, suggesting that

synthetic sample generation, in these small clinic dataset scenarios, reach diminish-

ing returns as models overfit to enhancement patterns rather than learning genuine

pathological features [79]. The more traditional approaches were more discrete in

training setups, but while on testing configurations, methods like TTA through D4

dihedral transformations provided consistent 1 to 3 percentage points with greater

gains in minority classes, which could suggest that the selective application of TTA

in uncertain cases is more practical than the universal application for conturbed data

environments such as those for clinical deployment.

• Class Imbalance is Difficult: The severe class imbalance (43.7% Class 0, 19.2%

Class 1, 36.9% Class 2) of this EGGIM dataset stress-tested mitigation intentions

and strategies, despite multiple countermeasures such as weighted losses, over-

sampling, focal loss, custom sampling, etc. The best accuracy results being a

densely tuned ConvNeXt as simple 66.8%, with the addition that all configurations

were unable to get satisfactory results in Class 1 detection, the most crucial clinic

class to be extracted, ultimately could affect the strength of the conclusions ob-

tained. Still, it should be taken into consideration the use of base models for each

of the 3 architectures explored in this analysis.

• Focal Loss Effective on FMs: Between a diversity of loss functions experimented,

Focal Loss in DINOv2 Fine-tuned (γ = 2.0, reducing the weight of easy examples

by 4x) demonstrated to be the most distinctly effective strategy: by concentrating on

challenging misclassified cases instead of frequently learning from numerous easy

ones, focal loss seems especially complementary to the fine-tuning of FMs. The

blend of focal loss emphasis and DINOv2’s rich broad representations could foster

a positive cycle overall, wherein the model gradually refines specialized features for

difficult minority-class patterns.
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• Ensembling boosts Stability, not Fairness: Ensemble experiments showed that

top-5 averaging improved checkpoints enhanced the accuracy of ResNet-50 Fine-

tuned by 1.2 points, it barely affected Class 1 detection. Multiscale ensembling,

as in ConvNeXt Fine-Tuned, resulted in moderate overall gains but failed to solve

the Class 1 issue, indicating that ensemble approaches primarily lessen variance in

well-represented classes rather than tackling biases against minority classes.

5.7.5 Foundation Models: Valences and Broader Applications

Foundation Models like DINOv2 reveal superior capability in learning representations

for identifying rare patterns in imbalanced medical imaging datasets than their convolu-

tional network counterparts, with the FMs’ significant improvement in Class 1 F1-score

highlighting the advantage of pre-training on 142 million diverse images, which provides

robust feature foundation for subtle pattern discrimination [77]. The effectiveness of self-

supervised learning is notable because, unlike supervised approaches, it encourages di-

verse feature learning without task-specific biases, thus facilitating better adaptation to

differences between the domains of the natural and medical image domains [7].

In contrast, considerable limitations restrain enthusiasm for the universal use of these

systems in a clinical context, as the computational demands of ViTs architectures present

real-world limitations for clinical application: DINOv2’s 12-layer transformer with 85 mil-

lion parameters requires substantially more GPU memory than ResNet-50’s 25 million-

parameter convolutional backbone, potentially limiting deployment on hospital hardware

with limited resources [34]. Although this study did not conduct detailed measurements

of inference times, transformer-based models generally took about three times longer to

run compared to simpler CNNs models like ResNet-50, which could pose a challenge in

high-volume endoscopic screening workflows where processing speed is critical [5].

The results from this EGGIM classification study provide indicators useful for broader GI

imaging issues regarding more refined transformer-based structures like FMs, as class

imbalance patterns, where intermediate-stage lesions are the hardest to detect, are likely

applicable to other precancerous classifications: for example, in colorectal polyp detec-

tion, low-grade dysplasia is similarly an intervention-critical but underrepresented cat-

egory, indicating that FMs could offer similar advantages for colonoscopy AI [71]. In

high-throughput screening workflows that prioritize computational efficiency, hybrid CNN-

transformer models such as ConvNeXt could show robust performance with manageable
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inference costs, while in diagnostic contexts requiring high sensitivity to rare patterns, self-

supervised FMs for EGC detection are more suitable due to their computational demands

by improving the detection of minority classes [8].

In addition, techniques such as progressive unfreezing and discriminative learning rate

strategies, which are both established in transfer learning, were also effective in this chal-

lenging domain. As previously determined, self-supervised models like DINOv2 can han-

dle more aggressive unfreezing compared to their supervised counterparts, allowing for

potentially faster and more robust adaptation, and although these approaches are not

necessarily new, their effectiveness has been validated in relation to this FMs and small,

unbalanced endoscopic datasets, as demonstrated by these results [5, 7].

From a patient safety perspective, a 63% Class 1 false negative rate poses significant

risks, as a screening tool that fails to detect almost two-thirds of GIM could provide false

assurance, delay necessary interventions, and lead to poorer patient outcomes. This

grim reality suggests that although the current base Foundation Models methods have

potential, they need considerable advancement through larger datasets, more refined or

innovative architectures, or a combination of human-AI systems before they are ready for

clinical use in these specifically challenging EGGIM classification similar tasks [3].

This work systematically evaluated the possibility of Foundation Models to classify pre-

cancerous gastric lesions within the EGGIM framework, comparing the ResNet-50, Con-

vNeXt, and DINOv2 architectures. The fine-tuned DINOv2 consistently outperformed oth-

ers in detecting minority cases, especially those with significant clinical relevance for early

intervention, yet its results still underscore the significant detection gap that exists for small

or rare category data. Although ConvNeXt demonstrated broad accuracy, it struggled

with the subtlety and diversity of intermediate-stage lesions. The study used methodi-

cal benchmarking, t-SNE analysis, and technical indicators, ranging from discriminative

learning rates to targeted enhancements, to show that while FMs offer strong representa-

tional power and hold strong promise, they do not overcome the core limitations imposed

by these clinical dataset constraints (particularly small dataset size and severe underrep-

resentation of the most critical class). Ultimately, combining the strengths of these models

with better data, innovative tuning methods, and robust learning procedures will be crucial

to improve the aid of FMs in diagnosis in medical imaging [5, 7].
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6. Conclusion
This chapter consolidates the research results and explores their impacts: initially, it in-

tegrates significant contributions to medical AI applications in gastric lesion classification,

then addresses the shortcomings of existing frameworks, and finally proposes resumed

future practical research paths based on the limitations identified in this study.

6.1. Summary of Contributions

This researchmakes several concrete contributions to the intersection of FoundationMod-

els and medical imaging, particularly in the context of Gastrointestinal endoscopy and

Endoscopic Grading of Gastric Intestinal Metaplasia (EGGIM) classification:

First Systematic Evaluation of Foundation Models for three-class stratification of

Intestinal Metaplasia

As far as can be determined from the literature, this work represents the first system-

atic review of self-supervised FMs specifically targeting the classification of precancerous

gastric lesions in endoscopic images (using the EGGIM dataset). Previous work by Kerde-

gari et al. explored FMs in the context of gastric inflammation in a broader sense, whereas

this study focuses explicitly on the specific three-class EGGIM stratification problem (nor-

mal mucosa, growing metaplasia, advanced metaplasia), which has direct implications

for clinical surveillance protocols and gastric cancer risk assessment [7]. By establish-

ing baseline performance metrics across six unique configurations, this work provides a

reference benchmark for future research in this domain.

Architectural Insights from Comparative Analysis

A comparative analysis highlights distinct performance profiles in different architectures,

which have significant clinical implications. The ConvNeXt configurations achieved the

highest overall accuracy at 66.80%), particularly excelling in detecting Class 0 (normal

mucosa) andClass 2 (advancedmetaplasia), with recall rates of up to 83.76% and 74.19%

respectively. However, this success was offset by a significant shortfall in the detection

of Class 1 (growing metaplasia), where the ConvNeXt Pre-trained model only managed

a 4.35% recall, correctly identifying just 2 of 46 growing metaplasia cases. In contrast,

the DINOv2 Fine-tuned model demonstrated a more balanced performance by achieving

a 36.96% recall for Class 1 while maintaining competitive performance in other classes,
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representing a 435% improvement over ConvNeXt Pre-trained for the most clinically crit-

ical category, which supports the hypothesis that self-supervised feature mapping learns

feature representations more effectively for detecting subtle pathological patterns in un-

derrepresented classes [77].

The performance gap between pre-trained and fine-tuned configurations varied consider-

ably across architectures: ResNet-50 showed a modest improvement of 2.46 percentage

points in macro F1, ConvNeXt saw an even smaller gain of 2.27 points, while DINOv2

exhibited the most significant increase with a gain of 9.53 points, implying that while self-

supervised pre-training creates representations that require more extensive domain adap-

tation, they can ultimately achieve superior detection in minority classes when properly

fine-tuned [7, 77].

Empirical Evaluation for Small and Imbalanced Medical Datasets

This study systematically evaluated and documented a detailed training methodology

that combines established techniques to address the issues associated with small and

severely unbalanced medical imaging classification datasets. The methodology inte-

grates progressive unfreezing schedules (gradual for supervised models, aggressive for

self-supervised), discriminative learning rates (head LR 10-100 times larger than the back-

bone), targeted augmentation (MixUp/CutMix, test-time augmentation), and strategies

for addressing class imbalance mitigation (focal loss, weighted sampling, oversampling).

While these techniques are individually well-established, the unique value of this analysis

lies in key observations such as the fact that self-supervised FMs can endure significantly

more aggressive unfreezing than their supervised counterparts, a comparative insight

that provides practical guidance for future medical AI development when adapting FMs to

specialized clinical tasks, such as those in endoscopic imaging [7, 77].

Limitations and Assessment of Current Capabilities

It is essential to assess the limitations of the current base FMs for clinical deployment.

The best performing configuration, DINOv2 Fine-tuned, managed only a 36.96% recall

rate for Class 1, resulting in 63% of cases of growing metaplasia going undetected. Of

the 29 misclassified Class 1 cases, 15 (51.7%) were incorrectly identified as normal mu-

cosa, representing a significant failure mode where precancerous lesions are dismissed

as healthy tissue. This stark reality highlights that although the current base FMs ap-

proaches show promise, they are not yet sufficiently developed for clinical deployment
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readiness for EGGIM classification without significant further development [3].

The training time and computational cost also represent significant practical limitations:

the transformer architecture of DINOv2 exhibited substantially longer per-epoch training

times, approximately three times longer than the ResNet-50’s convolutional backbone,

based on observational comparison during training; moreover, DINOv2 required more

epochs to reach convergence (250 compared to 100). In exploratory medical AI research

where computational budgets are limited, these extended training requirements restrict

the number of hyperparameter configurations and ablation studies within the project time-

line [5].

Visual Analysis through t-SNE Embeddings

The t-SNE visualizations offered crucial insights into the feature representations that were

learned, revealing that, across all configurations, samples from Class 1 showed much

higher intra-class variance than Classes 0 and 2, suggesting that growing metaplasia

manifests diverse visual characteristics depending on its location, extent, and progression

dynamics. DINOv2 Fine-tuned’s embedding space demonstrated that Class 1 samples

formed more cohesive clusters with less overlap, unlike ConvNeXt and ResNet-50, where

Class 1 samples were more scattered and intermixed with other classes, which supports

the hypothesis that FMs’ broader feature space, developed from 142 million diverse im-

ages during pre-training, is better suited to represent the morphological variability seen in

intermediate-stage precancerous lesions [77].

6.2. Future Research Directions

Future investigations should focus on domain-specific FMs pre-trained in large-scale gas-

tric endoscopy datasets to capture mucosal textures and vascular patterns relevant to

metaplasia detection [8], while vision-language FMs integrating endoscopic images with

clinical metadata like H. pylori status could leverage contextual information used in clini-

cal procedures [5]. Exploring larger model variants such as ConvNeXt-large or DINOv2-

large, limited by computational resources in this work, may reveal different performance

trade-offs and enhance minority class detection [77]. Expanding the dataset with diverse

Class 1 samples is essential, as the 63%miss rate reflects inherent data limitations. Stan-

dardized benchmarking protocols emphasizing minority class recall and clear reporting of

computational costs would accelerate progress toward deployable systems [74].
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Abstract— Accurate segmentation of gastrointestinal (GI) 
images is critical for early detection of cancers and other 
pathologies, showing a need for the integration of computer-
aided diagnostic systems in clinical practice. Despite recent 
advances in deep learning, research in this area remains 
fragmented, with limited datasets and diverse annotation 
strategies. To address this, we conducted a systematic review of 
GI image segmentation studies published between 2022 and 
2024, focusing on three key dimensions: datasets, annotation 
practices, and model architectures. A total of 919 unique articles 
were retrieved from PubMed, Scopus, and IEEE Xplore, and 
screened through a multi-stage selection process involving title 
and abstract filtering, conflict resolution, and final full-text 
validation, resulting in 20 studies included for in-depth analysis. 

Our findings highlight the predominance of small and often 
publicly available datasets, with Kvasir-SEG and CVC-
ClinicDB being the most used. Annotation practices varied 
significantly, with limited transparency regarding annotator 
expertise and agreement. Most studies favored custom-built 
deep learning architectures, often based on U-Net variants, while 
transformer-based and ensemble methods remained relatively 
rare. These findings emphasize the need for larger, more diverse 
datasets, standardized annotation protocols, and reproducible 
benchmarking frameworks to enable more robust and clinically 
relevant GI image segmentation models. 

 Keywords—gastrointestinal image segmentation, deep 
learning, medical imaging 

I. INTRODUCTION 
 Gastrointestinal (GI) image segmentation plays a vital role 
in advancing diagnostic accuracy, particularly for early 
detection and treatment planning in diseases such as 
colorectal and gastric cancers. With the growing interest of 
computer-aided diagnostic tools, accurate and reliable 
segmentation algorithms are essential for clinical integration, 
namely in endoscopic workflows (Figure 1). Despite rapid 
advancements in deep learning, there remains a pressing need 
to systematically consolidate and evaluate the breadth of 
segmentation techniques applied to GI imaging.     
 Motivated by this gap, our work undertakes a rigorous 
literature review centered on a multi-stage, criteria-driven 
screening process, aiming to identify the most relevant 
contributions from the last two years to this topic. More 
specifically, our study aims to highlight the state of the art in 
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dataset usage, annotation practices, and algorithmic design in 
GI image segmentation. 
 

 
 Figure 1 - Example result of a segmentation algorithm applied 
to a GI image. 

 To ensure relevance and quality, we conducted a structured 
database search (PubMed, Scopus, IEEE Xplore) for the years 
2022–2024 using a carefully refined query and specific filters. 
The resulting 919 documents underwent a multi-step selection 
process, comprising title-based and abstract-based filtering 
with dual author review, conflict resolution, and final full-text 
validation, ultimately narrowing the set to 20 selected 
publications [1-20]. Through this methodology, we aim to 
map current trends and techniques in GI image segmentation, 
highlighting benchmark datasets, annotation workflows, and 
the popular deep learning architectures. Our goal is to provide 
researchers and clinicians with a cohesive view of the field's 
most impactful contributions and its current challenges. 

II. REVIEW METHODOLOGY 

A. Literature Search Strategy 
 The process of constructing this review began with the 
formulation of a comprehensive search query designed to 
retrieve recent and relevant scientific literature on 
segmentation algorithms applied to GI medical imaging. The 
objective was to capture publications that aligned with the 
domains of medical image analysis, particularly in relation to 
cancers of the digestive tract, while ensuring coverage of 
modern techniques from computer science and engineering 
disciplines. 
 Three widely recognized scholarly databases were 
selected: PubMed, Scopus, and IEEE Xplore. The final query 
was optimized iteratively to balance sensitivity and specificity 
and was structured as follows
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Segmentation AND medical AND image AND cancer AND 
(colon OR intestine OR gastric OR endoscopy OR 2D) 
(Publication Date: 2022–2024 | Filters: Computer Science, 
Engineering, Medicine) 

 This search resulted in a total of 537 records from PubMed, 
353 from Scopus, and 180 from IEEE Xplore, yielding 919 
unique documents after deduplication. The deduplication and 
review process were facilitated using Rayyan, an AI-assisted 
platform tailored for systematic review screening and conflict 
resolution. 

B. Inclusion and Exclusion Criteria 
 To refine the dataset, inclusion and exclusion criteria were 
defined a priori and applied across two filtering stages: title-
based and abstract-based screening. 
Inclusion Criteria: 
• Keywords present: Segmentation, Medical Image, 

Gastric, Intestinal, Cancer, 2D, Endoscopy 
• Focus on algorithmic or architectural contributions to 

image segmentation 
• Studies involving human GI imaging modalities 

Exclusion Criteria: 
• Topics focused on Detection, Prediction, Comparison, 

Rectal (non-GI scope), Tumor biology without image 
analysis, 3D modalities, Review articles, or non-
research documents (e.g., practice guidelines) 

• Papers focused on non-GI cancers or non-relevant 
imaging technologies (e.g., White Light 
Interferometry) 

• Non-English publications or inaccessible full texts 

C. Screening Procedure 
The review employed a dual-stage filtering protocol, each 
independently conducted by the two authors, with conflict 
resolution via consensus meetings. 

1) Title-Based Screening 
Documents were assessed based on the relevance of their 
titles: 

• Approved by Author 1: 287 (31.2%) 
• Approved by Author 2: 196 (21.3%) 
• Overlap (approved by both): 180 (19.6%) 
• Conflicting decisions: 123 (13.4%) 

After resolving conflicts, an additional 27 documents were 
accepted, resulting in 207 titles advancing to the next stage. 

2) Abstract-Based Screening 
A total of 194 documents were eligible after removing 13 non-
English or unavailable entries. Abstracts were then screened 
using the same inclusion/exclusion criteria: 

• Approved by Author 1: 53 (27.3%) 
• Approved by Author 2: 33 (17.0%) 
• Overlap: 20 (10.3%) 
• Conflicts: 46 (23.7%) 

An additional 8 documents were accepted after conflict 
resolution, bringing the total to 28 documents. 

3) Final Eligibility Check 
A full-text review ensured alignment with the review's scope. 
Eight studies were excluded at this stage due to: 

● Use of incompatible imaging modalities 
● Lack of focus on segmentation or on relevant GI 

cancers 
The final corpus included 20 peer-reviewed publications  
[1-20], forming the evidence base for the ensuing review and 
comparative analysis. A summary of the whole process can 
be inspected in the PRISMA flow diagram of Figure 2. 
 

 
Figure 2 - PRISMA flow diagram detailing the identification, 

screening, and inclusion of studies for this review. 

III. RESULT 

A. Dataset Characteristics 
 The analysis of dataset sizes across the reviewed papers 
reveals a significant concentration of studies utilizing 
relatively small image collections. As shown in Figure 3, most 
datasets contained fewer than 3,000 images, with the most 
common range being <= 1,000 images. This highlights a 
prevailing limitation in current GI segmentation research, 
where access to large-scale annotated image repositories 
remains scarce. Despite this, a few outliers reported datasets 
with over 20,000 images, pushing the maximum to 28,939 
images, though the median dataset size was just 1,252 images, 
and the mean stood at approximately 3,877, indicating a 
skewed distribution. 
 In terms of clinical segmentation targets (Figure 4), lesion 
region segmentation was the most common focus (n=7) 
[3,5,14,15,16,17,18], followed by early gastric cancer (EGC) 



  

segmentation (n=5) [1,4,6,16,18], and polyp segmentation 
(n=4) [9,10,11,12]. A smaller subset addressed GI tract 
boundaries (n=2) [10,13], metaplasia (n=2) [7,19], or other 
cancer types (n=3) [2,8,10]. These results suggest a growing 
attention toward high-impact lesion detection tasks, 
especially for early-stage disease, but also reflect the 
heterogeneity in segmentation objectives, posing challenges 
for standardizing datasets or benchmarking algorithms. 
 

 
 Figure 3 - Distribution of dataset sizes used across the reviewed 
studies. 

 
Figure 4 - Primary 
segmentation targets in the 
selected studies. 

 
 Figure 5 - Reported number 
of annotators per study. 

B. Dataset Annotations 
 The availability and transparency of datasets emerged as a 
critical factor in the reviewed studies. As shown in Figure 6, 
there was an even split between public and private datasets, 
with 10 papers relying on openly accessible datasets and 10 
utilizing private or institution-specific collections. Among the 
public datasets, Kvasir-SEG [21] was the most frequently 
used (9 papers) [1,2,3,8][9][10][11][12][14], followed by 
CVC-ClinicDB [22] (5 papers) [3][8][10][11][12] and ETIS-
Larib [23] (2 papers) [8][10], indicating a heavy reliance on a 
small subset of well-established GI imaging repositories. This 
limited diversity underscores a broader challenge in the field: 
the need for expanded public datasets to support 
generalizability and reproducibility in segmentation research. 
 

 
 Figure 6 - Proportion of studies using public versus private 
datasets. An even split was observed, with Kvasir-SEG [21] and 
CVC-ClinicDB [22] among the most frequently used public 
repositories. 

 Regarding dataset annotation practices, a substantial 
proportion of studies (14 out of 20) explicitly reported 
involving human annotators in the labelling process (Figure 
5). However, transparency about the number of annotators 
remained inconsistent. Among those that provided 
information, the most common configuration was two 
annotators [1][2][7][10][11][12][14][16][17] (9 papers), 
followed by three annotators [6][8][18] (3 papers), and only 
two papers [3][4] employed a single annotator. Notably, six 
studies [5][9][13][15][19][20] provided no information on 
annotation personnel, which introduces concerns about label 
quality, inter-observer variability, and dataset reliability. 
These findings highlight the pressing need for clearer 
reporting standards in annotation protocols, especially in 
clinical image segmentation tasks where expert consensus is 
crucial. 

C. Deep Learning Architectures 
 An analysis of the architectural frameworks adopted across 
the reviewed studies reveals a strong tendency toward task-
specific customization rather than strict adherence to 
canonical models (Figure 7). The most common approach 
involved the use of custom-designed models (n=6) 
[2][6][10][11][19][20], often blending elements from 
multiple standard architectures to better suit the unique 
challenges posed by GI imaging data, namely subtle lesion 
boundaries, varied lighting, or limited dataset sizes.  
 Among established models, U-Net and its derivatives 
remained the most popular backbone architecture (n=4) 
[3][5][13][15], continuing its prominence in medical image 
segmentation due to its efficient encoder–decoder structure 
and strong performance on small datasets. Mask R-CNN 
variants followed (n=3) [1][16][18], often enhanced with 
modules like bi-directional feature fusion or region 
discrimination to improve detection in gastroscopic imaging. 
More novel methods such as Transformers (n=2) [8][12] have 
begun to emerge, signaling growing interest in leveraging 
generative or attention-based mechanisms, although their 
adoption remains limited, likely due to data requirements and 
training complexity. CNN-based models (n=2) [4][7] and 
FCN-based approaches (n=1) [17] played more foundational 
roles, either in baseline tasks or early-stage feature extraction, 
while still contributing meaningfully to detection and 
classification tasks. At last, Ensemble methods [14] and 
GANs [9] were the least utilized (n=1), suggesting that while 
theoretically promising, either their complexity may hinder 
widespread adoption as a current research trend, or there 
could still exist training instability or domain specificity 
associated with the architecture implementation. As a final 
comment, only two of the twenty papers inspected provided 
easily available and reproducible source code [3][9].



  

 Figure 7 - Types of deep learning architectures employed across 
the reviewed papers. 

IV. DISCUSSION 
This review reveals that while segmentation of 

gastrointestinal images is gaining traction, the field remains 
constrained by several challenges. Most studies rely on 
relatively small datasets, often under 3,000 images, with a 
strong dependency on a handful of public datasets like Kvasir-
SEG [21] and CVC-ClinicDB [22]. Annotation practices lack 
consistency, with limited reporting on the number and 
expertise of annotators, which raises concerns about label 
quality and reproducibility. Methodologically, there is a trend 
toward task-specific, custom-built architectures, reflecting 
innovation but limiting standardization and comparability. 
The limited uptake of newer paradigms such as transformers 
and ensembles suggest that complexity and data demands 
remain barriers. Overall, the findings underscore a need for 
larger, more diverse datasets, transparent annotation 
protocols, and more unified benchmarking efforts to advance 
reproducible and clinically relevant GI segmentation 
research. This is reinforced by methodological proposals such 
as QUAIDE [24], that aim to create standards for pre-clinical 
trial algorithmic results on this field. 
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Accurate gastrointestinal (GI) image segmentation is critical for early detection of cancers and other pathologies, necessitating 

robust computer-aided diagnostic systems for clinical practice. Despite significant advances in deep learning methodologies, 

research in this domain remains fragmented, characterized by limited datasets and diverse annotation strategies across studies.

This systematic review consolidated and evaluated segmentation techniques applied to gastrointestinal imaging from 2022-2024, 

examining three key dimensions: datasets, annotation practices, and model architectures.

Research Focus

Review Methodology

Results: Dataset Annotations

1. Most studies rely on less than 3,000 images with heavy dependency few public 
repositories;
2. Limited transparency about annotator expertise raises label quality concerns;
3. Custom architectures show innovation but limit comparability;
4. Minimal code availability hinders research improvement.

This review underscores the need for research standardization in the 
field, showing the critical importance of methodological frameworks such 
as QUAIDE for enhanced pre-clinical algorithmic validation.

Throughout this methodology, the aim was to identify current trends and 
challenges in gastrointestinal image segmentation research, while 
establishing recommendations for advancing clinically relevant and 
reproducible investigations.

The main goal was to provide researchers and clinicians with a solid 
assessment of the field’s state, addressing the gap where, despite 
technological advances, research remains fragmented and requires 
standardization in evaluation metrics and methodological approaches.

PRISMA flow diagram detailing the identification, screening, and 

inclusion of studies for this review.

Proportion of studies using public versus private 

datasets. An even split was observed, with Kvasir-

SEG and CVC-ClinicDB as the most frequently used 

public repositories.

Results: Dataset Characteristics

Distribution of dataset sizes used in the studies: the majority of 

the datasets contained less than 3,000 images.

Median: 1,252 images | Mean: 3,877 images.

Only 14 of the 20 the studies reported 

human annotators involvement: limited 

reporting on annotator expertise and inter-

observer agreement might cause quality 

concerns.

Clinical targets focused primarily on 

lesion region segmentation, early 

gastric cancer detection, and polyp 

identification, reflecting growing 

attention toward high-impact early-

stage disease detection but also 

highlighting heterogeneity in 

segmentation objectives that 

challenges standardization efforts 

Results: Deep Learning Architectures

Architectural analysis revealed that custom-designed 

approaches dominate currently the field by blending 

elements from multiple standard architectures to address 

unique GI imaging challenges. U-Net variants maintained 

popularity as backbone architectures due to their proven 

efficiency on small datasets, while newer paradigms like 

Transformers showed limited adoption likely due to data 

requirements and training complexity. 

As additional note, it was observed that only 10% of 

studies provide accessible source code, undermining the 

reproducibility of the techniques in use.

Discussion & Conclusions
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