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Abstract

Quantification of the progression from control glands to precancer-
ous lesions in the stomach based on histopathological image analysis

In Colombia, gastric cancer poses a significant challenge to the healthcare system, particu-
larly in regions like Narino, where the incidence reaches 150 cases per 100,000 inhabitants.
This high rate is associated with a 90% prevalence of Helicobacter pylori infection, a key
risk factor in the development of precancerous lesions such as intestinal metaplasia. Early
detection of these lesions is crucial but faces obstacles due to a shortage of pathologists
and the subjectivity involved in evaluating biopsies using systems like OLGA and OLGIM.
To address this issue, the use of artificial intelligence tools, specifically convolutional neural
networks, has been explored to analyze histopathological images. In a recent study, various
neural network architectures were evaluated for classifying intestinal metaplasia in gastric
biopsy images. The VGG16 architecture stood out with an accuracy of 76% and an AUC of
0.922, outperforming models like InceptionV3 and ResNet50. Additionally, it showed high
concordance with expert annotations, evidenced by a Dice Score of 0.93 and a Jaccard In-
dex of 0.87. These results suggest that implementing deep learning models like VGG16 can
enhance the detection and quantification of gastric precancerous lesions, optimizing early
diagnosis and potentially reducing the burden of gastric cancer in high-incidence regions
such as Narino.

Keywords: Deep learning, Computational pathology, Gastric cancer, Precancerous lesions.



Resumen

Cuantificacion de la progresion de glandulas control a lesiones
precancerosas en el estomago basada en el analisis de imagenes
histopatolégicas

En Colombia, el cancer gastrico representa un desafio significativo para el sistema de salud,
especialmente en regiones como Narino, donde la incidencia alcanza 150 casos por cada
100,000 habitantes . Esta alta tasa se asocia con una prevalencia del 90% de infeccién
por Helicobacter pylori, un factor de riesgo clave en el desarrollo de lesiones precancerosas
como la metaplasia intestinal. La deteccion temprana de estas lesiones es crucial, pero en-
frenta obstaculos debido a la escasez de patdlogos y la subjetividad en la evaluaciéon de
biopsias mediante sistemas como OLGA y OLGIM. Para abordar esta problematica, se ha
explorado el uso de herramientas de inteligencia artificial, especificamente redes neuronales
convolucionales, para analizar imagenes histopatolégicas. En un estudio reciente, se eval-
uaron diferentes arquitecturas de redes neuronales para clasificar metaplasia intestinal en
imagenes de biopsias gastricas. La arquitectura VGG16 destacd con una precision del 76%
y un AUC de 0.922, superando a modelos como InceptionV3 y ResNet50. Ademads, mostrd
una alta concordancia con las anotaciones de expertos, evidenciada por un Dice Score de
0.93 y un Indice de Jaccard de 0.87. Estos resultados sugieren que la implementacion de
modelos de aprendizaje profundo, como VGG16, puede mejorar la deteccion y cuantificacién
de lesiones precancerosas gastricas, optimizando el diagndstico temprano y potencialmente
reduciendo la carga del cancer géastrico en regiones de alta incidencia como Narino.
Palabras clave: Aprendizaje profundo, Patologia computacional, Cancer géastrico, Lesiones
precancerosas
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1 Introduction

In Colombia, the number of gastric cancer cases far exceeds the healthcare system’s capacity
to respond, and the detection of premalignant lesions remains a significant challenge. The
limited reports available in the country indicate that less than 19% of gastric cancer cases
are detected at early stages, highlighting the need for more effective diagnostic strategies[16].
The southwestern region of Colombia, particularly the northern and southwestern areas of
Narinio, exhibits one of the highest incidences of gastric cancer worldwide, with an incidence
rate of 150 cases per 100,000 inhabitants [17]. This phenomenon is associated with a high
prevalence of premalignant lesions, such as intestinal metaplasia, and a high incidence of
Helicobacter pylori infection [18, 19, 20, 21]. Local research has highlighted the correlation
between these lesions and environmental factors, such as diet and the genetic makeup of the
populations in these areas [22].

Gastric cancer ranks as the fifth leading cause of cancer-related mortality worldwide. Iden-
tifying the magnitude of this disease represents a crucial challenge in biomedical image
processing (23|, particularly in analyzing premalignant lesions that may progress to this
type of cancer. These lesions, such as intestinal metaplasia, dysplasia, and chronic atrophic
gastritis, represent the early stages of gastric carcinogenesis and are a key focus for early
diagnosis and prevention [24].

Intestinal metaplasia, characterized by the replacement of normal gastric epithelial cells
with cells resembling those of the intestine, is considered one of the main precursor lesions
of gastric cancer. This process is frequently triggered by chronic infections with Helicobacter
pylori. It has been identified as a critical stage in the Correa sequence, which describes the
progression from chronic gastritis to gastric adenocarcinoma [25]. Recent scientific studies
have demonstrated that the early identification of intestinal metaplasia through biopsies and
histological analysis can help reduce progression to more advanced stages of the disease [26].
Currently, the development of digital pathology has significantly modernized clinical prac-
tice, enabling not only broader availability of histopathological images but also improved
analysis of premalignant lesions [27]. These tools facilitate the precise identification and
quantification of features related to intestinal metaplasia and other precursor lesions [28]. A
notable example is the work of Iwaya, Mai et al. (2023), which utilized a convolutional neural
network to classify metaplasia and non-metaplasia in histopathological images and further
categorize the degrees of metaplasia according to the Operative Link on Gastric Intestinal
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Metaplasia Assessment (OLGIM) protocol [29].

In addition to digital pathology, computational pathology has emerged, combining artifi-
cial intelligence with histological analysis to identify subtle features in images that may not
be easy to detect even for the most experienced pathologists[30]. Deep learning-based ap-
plications are being trained to classify images with premalignant lesions and generate risk
predictions, paving the way for closer collaboration between pathologists and these techno-
logical tools [31]. Recent scientific works, such as those by Fang et al. (2023), highlight the
impact of deep learning in detecting intestinal metaplasia and its potential to significantly
improve the early diagnosis of gastric cancer [32].

1.1 Problem statement

In oncology, clinical workflows rely on molecular biomarkers to predict and monitor cancer
progression, although complex biomarkers can increase costs and decision-making time [33].
Moreover, the precursor lesions of gastric cancer are a set of pathophysiological events that
describe the progression from normal tissue to cancer [3], and it has been demonstrated that
the degree of atrophy and metaplasia predicts the risk of developing gastric cancer [34]. The
evolution of gastric glands from a normal state to metaplasia and cancerous tissue is a com-
plex process involving changes in cell populations and alterations in key signaling pathways.
Recent studies indicate that metaplasia formation can be initiated by disrupting stem cell
homeostasis, coupled with chronic inflammatory responses that alter tissue architecture and
promote the replacement of normal cells by metaplastic (intestinal or SPEM-like) phenotypes
[35]. Furthermore, findings from animal model studies underscore the importance of these
transitions, suggesting that disturbances in parietal and main cell homeostasis play a pivotal
role in metaplastic changes [36]. Likewise, a prominent role of the Sonic Hedgehog pathway
in the induction of these changes has been identified, underscoring how different molecular
pathways converge to facilitate the transition to dysplasia and, ultimately, gastric adenocar-
cinoma [37]. This evidence reinforces the importance of comprehensively understanding the
morphological, cellular, and molecular events that trigger gastric carcinogenesis to optimize
early diagnosis and therapeutic interventions.

Currently, protocols are used for staging these lesions, such as the OLGA (Operative Link
Gastritis Assessment) and OLGIM (Operative Link on Gastritis Assessment based on Intesti-
nal Metaplasia) systems for atrophy and metaplasia, respectively. The application of these
systems is based on the expert’s estimation of the extent of each lesion found in the biopsy
[38], which generates uncertainty since several authors have argued that the OLGA/OLGIM
stages are not sufficiently accurate and claim that these methods underestimate the risk
of cancer [39, 40, 41]. Therefore, there is a real need to improve the way in which the
quantification and stratification of these precursor lesions of gastric cancer are carried out.
Additionally, the growing shortage of pathologists poses a significant challenge for gastric
cancer diagnosis: between 2007 and 2017, the number of pathologists per 10,000 people in
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the United States dropped from 5.16 to 3.94, while the diagnostic workload of pathologists
increased by 41.73% [42]. This workforce gap further underscores the importance of develop-
ing more objective and scalable methods to accurately evaluate and stage gastric precursor
lesions.

In medicine, the availability of annotated data remains a significant limitation, restricting
the full exploitation of clinical information embedded in tumor tissue. The visual represen-
tation of disease, along with the structural and biological patterns within tissue samples,
contains critical insights for diagnosis and prognosis. However, the vast amount of clinical
data available is not effectively utilized due to the challenges associated with manual anno-
tation [43, 44]. Accurate annotation is essential for the development of Al-driven clinical
applications, yet it remains an expensive and time-intensive process due to the inherent
complexity of medical imaging and the need for expert evaluation. While active learning
approaches aim to reduce the number of samples requiring annotation, they fail to account
for the considerable effort clinicians must still exert, limiting the scalability of such meth-
ods in practical settings [45]. Moreover, deep learning models require extensive, diverse
datasets with annotated heterogeneous tissue structures to achieve robust generalization.
The difficulty in acquiring such datasets significantly hampers model development and hin-
ders real-world implementation [46]. Addressing these challenges requires novel strategies
that reduce the annotation burden while ensuring the generation of high-quality labeled
datasets. Without such advancements, the potential of Al in medical imaging will remain
constrained by the scarcity of expertly annotated clinical data. This is why state-of-the-
art techniques, such as deep learning, have enabled the information extraction or hidden
patterns directly from histopathology images, providing useful information from a medical
perspective [47]. However, there is a difficulty, as deep learning methods face challenges
in capturing visual and structural information from histopathology images due to obstacles
such as morphological variance, artifacts and staining variations in the whole-slide images,
which hinder the learning process [48]. Hence, the following problem arises: the inherent
complexity of the structure and characteristics of the distribution and organization of tis-
sues, glands or cells in whole-slide histopathology images complicates their representation,
characterization, and quantification in determining the progression of tumor aggressiveness
and the grade of gastric cancer lesions.



2 Objectives

2.1 General

Develop a deep learning model that captures and represents complex structures in histopathol-
ogy images to quantify the progression of glands from control to precancerous lesions in the

stomach.

2.2 Specific

1. Consolidate a collection of histopathology images with expert annotations on precan-
cerous lesions and cancer.

2. Design a strategy based on deep learning representation that takes into account struc-
tural tissue information as an image-based biomarker for the estimation of precancerous
or cancerous lesions in gastric cancer.

3. Evaluate the performance of the proposed algorithm with at least one state-of-the-art
baseline method for a task based on tumor grading in gastric cancer.

2.3 Contributions

Upon the completion of this work, several contributions were made in the form of software
tools and datasets. Below is a summary of the main contributions:

2.3.1 Software

Two Python-based tools were developed, designed to operate both independently and in
conjunction:

e An algorithm for patch extraction and another for data augmentation.

e Models for predicting tissue with metaplasia and control.
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2.3.2 Dataset

A set of preprocessed and sampled images was created from Whole Slide Images (WSIs) of
a cohort of 16 patients with Intestinal Metaplasia, sourced from the Urkunina 5000 project.
The dataset comprises 12.910 images, corresponding to 256 x256 pixel patches captured at
40x optical magnification.



3 Background

This chapter provides a comprehensive overview of gastric cancer and its precursor lesions,
with an emphasis on current classification and staging systems. It also introduces the funda-
mental concepts underpinning the methodological development of the study. Representative
works and relevant applications in the field of computational pathology and deep learning are
reviewed, highlighting their impact on the automated detection and analysis of histopatho-
logical images. Finally, the main deep learning approaches and architectures that have
demonstrated effectiveness in tasks related to computational pathology are presented.

3.1 Gastric cancer

Stomach or gastric cancer refers to a malignant tumor that originates in the cells that make
up the layers of the stomach, with most cases arising in the mucosa (see figure 3-1) [1].
The majority are adenocarcinomas [49], which are divided into two categories: diffuse and
intestinal, with the latter accounting for 70% of cases. Regarding mortality due to gastric
cancer, it represents the second leading cause of death in men and the third in women [50].
Risk factors include sex, age, ethnicity, stomach lymphoma, diet, smoking, obesity, and
one of the most significant risk factors: infection by Helicobacter pylori, which is strongly
associated with the development of gastric cancer [51, 52, 53].

3.2 Premalignant lesions

Before the clinical manifestation of cancer, a prolonged process of well-defined sequential
stages occurs, known as precursors of gastric cancer. These stages are as follows: active
chronic gastritis, atrophic chronic gastritis, intestinal metaplasia (complete or small intestine
type and incomplete or colonic), dysplasia (also known as intraepithelial neoplasia) and
finally, adenocarcinoma instestinal type [3], as shown in Figure 3-2.
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A B

Figure 3-1: Visual comparison of early (A) and advanced (B) gastric cancer [1], through
an endoscopy procedure, which allows direct visualization of organs through an endoscopy
procedure, consists of a device that is a flexible tube equipped with a camera and a light
source at its end, known as an endoscope, this instrument allows exploration of the gastroin-
testinal tract [2].

3.3 Operative link on gastric intestinal metaplasia
assessment (OLGIM/OLGA)

Initially, before the development of the OLGIM (Operative Link on Gastric Intestinal Meta-
plasia Assessment) system, only the OLGA (Operative Link on Gastritis Assessment) system
existed, which was used for the classification and staging of atrophic gastritis [54]. However,
in 2010, Capelle et al. proposed the creation of the OLGIM system, specifically designed
to evaluate the presence of intestinal metaplasia in the gastric mucosa [55]. Both systems
are based on the updated Sydney protocol, which specifies the precise locations in the stom-
ach where biopsies should be taken to detect atrophic or metaplastic changes in the gastric
mucosa [40].

The functioning of the OLGA /OLGIM systems follows the guidelines of the Sydney protocol,
which recommends obtaining at least five biopsy samples. Two of these samples should be
taken from the gastric antrum region (A1 and A2), where mucus is secreted, and an additional
sample from the incisura angularis (A3), a zone that is typically the first to show atrophic
or metaplastic changes. In addition, two biopsies are taken from the proximal body of the
stomach (C1 and C2), see figure 3-3. Subsequently, the topography and extent of intestinal
metaplasia in each biopsy are evaluated, assigning a percentage to each affected glandular
area [38].

These biopsies are grouped into two zones: samples Al, A2, and A3 correspond to the
antrum region, while biopsies C1 and C2 pertain to the gastric body region (corpus). After
calculating the average percentage of intestinal metaplasia in each of these zones, a score is
assigned according to the following intervals: 0% = 0, 1% to 30% = 1, 31% to 60% = 2,
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assessment (OLGIM/OLGA) 9
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Figure 3-2: Gastric cancer is the result of a sequence of events (premalignant lesions)
described by Correa. [3]

and 61% to 100% = 3. Finally, the scores obtained for the antrum and corpus are crossed
in the staging table (Table 3-1, which determines the final stage of atrophy or intestinal
metaplasia [38].

STAGE IT

Table 3-1: OLGA/OLGIM staging for atrophic gastritis and metaplasia. According to the
Sydney protocol [4] (The table has been adapted from the article cited above), the evaluation
of gastric tissue depends on the separate characterization of the antrum and corpus regions.
Depending on the extent of atrophy or metaplasia present in each anatomical region, the
overall status is determined from the lowest risk level (stage 0, no atrophy/metaplasia) to
the highest (stage IV, severe atrophy/metaplasia), which is normally associated with the
risk of developing gastric cancer.
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Figure 3-3: Stomach sites where biopsies are extracted according to the Sydney protocol
[4].

3.4 Histopathology

Histopathology, a specialized branch of histology, focuses on the study of diseases at the
tissue level, utilizing biopsies as the primary tool for diagnosing and assessing the progres-
sion of various pathologies [56]. This process begins with the extraction of a tissue sample,
which is subsequently stained with hematoxylin and eosin (H&E). This classical staining
method highlights cellular and tissue structures, helping pathologists identify abnormalities.
Hematoxylin stains cell nuclei in blue tones, while eosin colors the cytoplasm and extracel-
lular components in shades of pink [57]. Figure 3-4 shows the process of a histopathology
laboratory and the result, a glass slide with tissue.

Beyond its diagnostic capabilities, histopathology plays a pivotal role in evaluating key phe-
notypic characteristics, such as cell differentiation and the presence of specific biomarkers.
These insights are crucial for determining the prognosis and guiding therapeutic strategies
[58]. For example, morphological features (i.e., nuclear atypia, glandular architecture, and
mitotic index) are widely used to grade tumors and predict clinical behavior [59]. Meanwhile,
immunohistochemical markers (e.g., Ki-67, HER2, and p53) provide additional prognostic
and predictive information, refining patient stratification and informing tailored treatment
decisions [60]. By combining morphometric assessments with the analysis of molecular mark-
ers, histopathology remains an indispensable tool in modern oncology practice.

3.5 Whole slide imaging

Whole-slide images (WSI) offer a new way to digitally scan, visualize, analyze, manage, and
share histopathological slides. To create these images, digital slide scanners capture small
regions of the glass slide containing the tissue sample. Each region is scanned sequentially



3.6 Digital pathology 11

Sections
(20-200 pum)
Vibratome freezing Sactions

i (20-100 pm)
Fixation \ ” microtome
” \\ “Ultrdt_wutume
Tissue Freezing - /
] _ f
sample o 7~ f
’ o s —_—
’ I : - . - Sections

Cryoprotector % / (50-90 nm)

Grid

\

ParafTin Cryostate -
or Psraflii  Microtome ¥
resin | ] Sections
e — — l || (10-50 pm)
]
N Resin S ||
- Slide
EMBEDDING

\ Sections
Ultramicrotome =3 (5-20 pm)

- Al A

Sections 'gl

(50-90 nm) L ’
-

Slide
Grid

Figure 3-4: Preparation process of a histopathological laboratory and the result, a glass
slide with gastric tissue [5].

at different resolutions, producing multiple levels of detail that form a pyramidal structure
of the slide (see Figure 3-5). All subregions are then stitched together into a large image
of the entire slide that can contain millions of pixels. To reduce the size of the resulting
file, highly efficient compression algorithms are used, facilitating its processing, storage, and
sharing [61].

WSI also represents a significant advancement in pathology, marking the beginning of the
widespread use of digital tools in this field. By digitizing glass slides holding tissue sam-
ples, they greatly improve pathology workflow, offering reproducible information, serving as
educational material, and enabling collaborations between healthcare institutions [62, 63].
Moreover, WSI allows for the extraction of more precise information and helps minimize or
even eliminate human bias during image interpretation, thus potentially improving diagnos-
tic accuracy.

3.6 Digital pathology

Digital pathology is defined as the comprehensive process of digitizing histopathological slides
through whole slide imaging (WSI) techniques, which enables the capture of high-resolution
images for storage, visualization, analysis, and electronic sharing. This digital transforma-
tion facilitates the integration of computational tools and artificial intelligence algorithms
to automate and standardize tissue sample interpretation, thereby reducing diagnostic vari-
ability and enhancing remote consultations and inter-institutional collaboration. [64]. This



12 3 Background
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Figure 3-5: Visual schematic of the composition of a whole-slice image [6].

innovative approach has significantly transformed pathology practice by allowing broader
access to histopathological digital images and facilitating collaboration between pathologists
at different locations.

Within this field, WSIs have emerged as the most widely adopted standard. These im-
ages enable the digitization of glass slides at exceptional resolution, eliminating the need
for pathologists to rely exclusively on conventional microscopes for local analysis [65]. Fur-
thermore, WSIs are equivalent to traditional microscopy for numerous diagnostic purposes,
including the detection of neoplastic and premalignant lesions [66].

Digital pathology has also paved the way for novel applications in both, research and clinical
practice. For example, recent studies have emphasized how the combination of WSIs and
artificial intelligence (AI) tools can improve diagnostic accuracy and consistency [27]. A
comparative analysis conducted by Hanna et al. (2019) revealed that WSIs achieved diag-
nostic rates comparable to those of conventional methods, with additional benefits in terms
of efficiency and remote collaboration [66].

This integration of cutting-edge technologies into pathology underscores the profound impact
of digitalization on improving diagnostic workflows, advancing research capabilities, and
optimizing clinical outcomes. As digital pathology continues to evolve, it holds the promise
of further transforming healthcare by bridging the gap between traditional practices and
modern technological advancements|67].

3.7 Computational pathology

Computational pathology, originally conceptualized as the probabilistic and comprehensive
analysis of scientific and clinical processes within general pathology, has rapidly evolved
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into a specialized discipline [68]. This field integrates tissue imaging, multiomic datasets,
and clinical information with the overarching objectives of enhancing diagnostic precision,
optimizing patient care, and reducing healthcare costs through global collaboration. In ad-
dition, computational pathology is central to the advancement of individualized precision
medicine [68, 69]. Its practical applications are diverse, including the classification of ma-
lignant neoplasms and normal tissues in WSI, as well as the prediction of patient outcomes
and survival in various types of cancer. In addition, computational pathology excels in rec-
ognizing intricate patterns by synthesizing heterogeneous data, such as biobank-derived test
results, clinical notes in natural language, and digital tissue images obtained via resection
or microarrays [70].

In response to the challenges arising from the complexity and scale of WSI and the inher-
ent subjectivity of human interpretation, Al-driven image analysis techniques have become
pivotal in advancing pathology and oncology [71, 72, 73]. Recent studies have emphasized
the significance of integrating digital tools and Al into histopathological analysis, enhancing
the accuracy and consistency of sample interpretation [74, 67]. These advanced technolo-
gies are transforming traditional practices by automating the recognition of tissue patterns
and detecting subtle changes that might go unnoticed in conventional analysis. Al-driven
histopathology not only streamlines workflows but also contributes to more reliable diagnos-
tic outcomes, paving the way for precision medicine and improved patient care [30, 75, 76].
Central to this transformation is digital pathology, which leverages the computational power
required to digitize histopathological specimens using whole-slide scanners and to analyze the
resultant digital images computationally. Computational pathology, with its integration of
AT and machine learning (ML), addresses the challenges associated with the vast complexity
of WSI, enabling more precise and scalable analytics[77, 78].

The field of computational pathology can be delineated into two primary domains: feature
engineering and deep learning. Feature engineering focuses on the development of domain-
specific or agnostic features that enhance the efficiency of the machine learning algorithm.
Examples include quantitative assessments of mitotic activity, measurements of textural het-
erogeneity, and graph-based methods for analyzing tissue architecture and spatial relation-
ships. These techniques are being applied to a spectrum of cancer types, including prostate,
breast, lung, and oral cavity [79, 80, 81]. However, there is a clear trend toward the adoption
of deep learning, driven by its ability to autonomously extract features, reducing the need
for domain-specific expertise while significantly improving accuracy. Deep learning models,
characterized by their hierarchical feature representation, have been demonstrated to sur-
pass traditional image analysis approaches in terms of performance [82]. This paradigm shift
has not only simplified the implementation of computational pathology techniques but also
enhanced diagnostic reliability and efficiency [83].

Computational pathology is applied—regardless of the approach used—in a wide variety
of image processing and classification tasks, ranging from the detection and segmentation
of tissues, nuclei, or glands to more complex tasks such as predicting diagnosis and dis-
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ease prognosis [72, 84]. Its greatest strength lies in automating numerous time-consuming
processes [85, 86, 87, 88|, thereby allowing pathologists to focus on more complex decision-
making. Moreover, for oncologists, computational pathology offers invaluable prognostic
tools that facilitate the evaluation of disease severity, the prediction of clinical outcomes,
and the anticipation of therapeutic responses [89, 90, 91|. Concurrently, the integration of
machine learning and neural networks into digital pathology is revolutionizing the field by
enabling the identification of visual patterns in images that might otherwise go unnoticed
even by the most experienced experts, leading to faster and more accurate diagnoses [27].
According to a study by Bera et al. (2019), the application of Al in digital pathology not
only enhances diagnostic processes but also facilitates the personalization of treatments in
precision oncology [77]. Together, these advances promise to redefine cancer diagnosis and
treatment, ushering in a new era of precision, consistency, and efficiency in clinical practice.

3.7.1 Related works

In recent years, the integration of machine learning and deep learning methods into compu-
tational pathology has revolutionized the quantification and classification of various types of
cancer using different staging systems or histological differences. For example, in the work
by Boissin et al., the development and validation of DeepGrade is presented—a deep learn-
ing model designed to predict the histological grade of breast tumors from digital images of
preoperative biopsies using the Nottingham grading system. This model aims to improve
clinical risk stratification, particularly in tumors classified as intermediate grade (NHG2),
which are often subject to high interobserver variability. Using 1169 whole-slide images,
DeepGrade achieved high accuracy (AUC of 0.908) in distinguishing between low- and high-
risk tumors (NHG1 vs. NHG3), and was able to reclassify 65% of NHG2 cases as low risk
and 35% as high risk. Moreover, survival analysis revealed that patients identified as high
risk by the model had double the probability of adverse events (HR: 2.01) [92]. Another
example is the study by Sharma et al., which evaluates the performance of the Stratipath
Breast model for risk stratification in breast cancer patients using hematoxylin and eosin
(H&E)-stained histopathological images. In a retrospective cohort of 2719 patients from
two hospitals, the prognostic utility of the model was assessed in terms of progression-free
survival (PFS) using multivariate Cox proportional hazard models adjusted for established
clinical factors. The results showed that Stratipath Breast achieved significant stratification
between low- and high-risk groups across the cohort (adjusted HR = 2.64, 95% CI: 1.60-4.38,
p i 0.001), and even more robust results in the clinically relevant subgroup of ER-positive
and HER2-negative (ER+/HER2-) tumors, with an adjusted HR of 2.76 (95% CI: 1.63-4.66,
p i 0.001). In the intermediate-risk subgroup defined by Nottingham Grade 2 (NHG2), an
HR of 2.27 (95% CI: 1.29-3.99, p = 0.004) was observed, while in the NHG2/ER+/HER2-
combination, the HR was 2.20 (95% CI: 1.22-3.98, p = 0.009), highlighting its value for
refining therapeutic decisions in clinically ambiguous cases. Additionally, a continuous score
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generated by the Al was used to divide patients into five risk groups by quantile, revealing a
significant association between risk level and lower PFS, with an adjusted HR of 3.88 (95%
CI: 1.43-10.52) between the highest and lowest risk groups [93]. Another notable study, in
prostate cancer, is by Miiller et al., which presents the development and validation of the
DeepGleason model for automatic Gleason grading using deep neural networks applied to
34,264 annotated images from 369 digitized histological sections. The system, based on the
ConvNext architecture and implemented within the AUCMEDI standardized framework (It
is an open-source framework in Python designed to facilitate the creation of medical image
classification pipelines using state-of-the-art methods), demonstrated outstanding perfor-
mance, achieving a mean macro Fl-score of 0.806, an AUC of 0.991, and an overall accuracy
of 97.4%. In the task of benign vs. malignant tissue detection, it achieved 94% sensitiv-
ity and 98% specificity, and in the fine classification between Gleason 3 vs. Gleason 4 &
5, it reached 91% sensitivity and 75% specificity [94]. In the case of the stomach, Han et
al. developed a pathomics-based prognostic model for gastric cancer using H&E-stained
histopathological images and transcriptomic data from 443 TCGA patients, applying ma-
chine learning techniques. A Gradient Boosting Machine (GBM) model was constructed
using 8 selected features from a process involving segmentation, extraction, and filtering
of 465 radiomic variables, yielding ROC AUCs of 0.844 (training) and 0.750 (validation).
The model generated a Pathomics Score (PS) that stratified patients into high- and low-
risk groups, with significantly greater overall survival in the high PS group (56.2 vs. 22.5
months, p = 0.023), and was confirmed as an independent protective factor (HR = 0.506, p
= 0.002). Additionally, high infiltration of activated memory CD4+ T cells was also associ-
ated with better prognosis (HR = 0.505, p j 0.001) [95]. Another important study in gastric
cancer is by Veldhuizen et al., who developed a deep learning model to classify gastric ade-
nocarcinomas into intestinal and diffuse subtypes using H&E-stained slides from multicenter
cohorts. Trained on 166 TCGA cases with high diagnostic concordance among experts, the
attention-based model (attMIL) achieved an ROC of 0.93 + 0.07 in internal cross-validation.
When applied to two external cohorts, European (n = 322) and Japanese (n = 243), the
automated classification showed superior 5-year survival stratification compared to Laurén
classification by pathologists, even in cases with diagnostic discordance. In univariate anal-
ysis, the model’s classification was significantly associated with overall survival (HR = 1.41
and 1.46; p < 0.005 in both cohorts), whereas the pathologist’s classification showed no
significant associations (p > 0.05) [96].

Additionally, other tasks are generally addressed in the field of computational pathology,
such as the quantification of tumor-infiltrating lymphocytes (TILs). For instance, the work
by Mildward et al. developed a deep learning model to automatically quantify TIL density
in histopathological images of colorectal cancer (CRC). Using 537 images from 244 patients,
the model showed high concordance with manual assessments by pathologists (intraclass
correlation coefficient = 0.95). When applied to an independent cohort of 1,841 stage I1/111
CRC patients, high TIL density was significantly associated with improved disease-free sur-
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vival (HR = 0.58; 95% CI: 0.45-0.75; p < 0.001) and overall survival (HR = 0.65; 95%
CI: 0.50-0.84; p = 0.001). The model also enabled prognostic stratification within molecu-
lar subgroups, including microsatellite instability and BRAF/KRAS mutation carriers [97].
Similarly, the work by Verdicchio et al. developed a model to classify TILs using digital H&E-
stained histopathological images, applying a pathomics approach with computer vision and
machine learning techniques. The method involved image segmentation using CellProfiler
software to identify cell nuclei and extract 103 morphological and textural features per cell,
which were subsequently classified using a Random Forest model trained on a pathologist-
annotated dataset. Hold-out and leave-one-out cross-validations were used to assess system
performance. In the TIL vs. non-TIL classification, the model achieved a mean AUC of
0.88, with an accuracy of 85.1%, sensitivity of 84.8%, and specificity of 85.4% [98]. Another
key task addressed is gland segmentation in cancerous or precancerous tissues. For example,
Binder et al. developed a system for automatic gland segmentation in H&E-stained histologi-
cal tissues of colon and breast, evaluating two strategies: a direct approach (Gland-approach)
trained with gland masks, and an indirect approach (Stroma-approach) based on stromal
segmentation as a proxy for gland location. Dense-U-Net networks were trained with 135
colon adenocarcinoma images (GlaS dataset) and tested on independent colon (30 images)
and breast (25 TCGA images) datasets. In quantitative evaluation, the Gland-approach
achieved a Dice coefficient of 0.92 and Hausdorff distance of 11.0 in colon, and 0.78 and 13.6
in breast; whereas the Stroma-approach reached a Dice of 0.93 and Hausdorff of 9.7 in colon,
and 0.87 and 11.2 in breast [99]. Regarding work on precancerous lesions, Barmpoutis et al.
developed the GAGL-Net model, a deep neural network architecture with local and global
modules inspired by DCAN and ResNet-50, respectively, designed to segment gastric glands
in H&E-stained histological images. Using a proprietary dataset (GAGL dataset) composed
of 59 whole slide images (WSI)—14 normal and 45 with intestinal metaplasia—the model
achieved an F1 score of 0.914, a Dice score of 0.908, and a Hausdorff score of 44.12 in seg-
mentation tasks. Subsequently, two features were extracted from the segmented glands—the
average number of glands and average area per WSI-—and a Gaussian kernel SVM classifier

was used to distinguish between normal and IM cases, achieving a classification accuracy of
96.6% [100].

3.8 Deep learning

Deep learning is defined as a set of machine learning techniques that use supervised or
unsupervised strategies to automatically learn hierarchical representations with deep archi-
tectures (i.e., multiple layers) to perform various tasks [101]. These hierarchical architectures
allow the modeling of complex data by decomposing it into more abstract representations
through multiple levels of transformation. In the field of computational pathology, deep
learning has emerged as an essential tool for analyzing high-resolution histological images,
a.k.a., WSI, where traditional methods are insufficient to address the complexity of the data
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[102].

This hierarchical representation can be compared to a composition of multiple layers or levels
of representation, achieved by constructing simple nonlinear modules. Each level transforms
the original data into a more abstract and higher-level representation, allowing a series
of transformations to learn complex functions. For instance, in computational pathology,
the initial layers of a convolutional neural network (CNN) may identify basic patterns like
edges or textures in histological images. Intermediate layers may detect specific biological
structures, such as glands or cell nuclei, while deeper layers can infer disease-related features,
such as the presence of intestinal metaplasia, dysplasia, or tumor cells [103].

In computational pathology, deep learning is transforming how pathologists interpret his-
tological images. CNN models have been employed to perform tasks such as tissue seg-
mentation, lesion classification, and biomarker prediction from WSI. For example, a study
by Campanella et al. (2019) used CNNs to detect metastases in breast cancer histological
images with accuracy comparable to that of human pathologists [102]. Similarly, the work
by Coudray et al. (2018) demonstrated that CNNs could identify genetic mutations in lung
adenocarcinomas from tissue images [104].

Moreover, deep learning architectures address specific challenges of tumor heterogeneity and
the complexity of tissue structures. For instance, Hanna et al. (2019) highlighted the inte-
gration of deep learning in digital pathology to automate the classification of gastric lesions,
improving accuracy in detecting intestinal metaplasia and other premalignant conditions
[66].

The use of deep learning in computational pathology not only enhances diagnostic accuracy
but also provides valuable prognostic information. Algorithms can analyze complex pheno-
typic features and correlate them with clinical outcomes, helping to stratify patients based
on their risk. For instance, Bera et al. (2019) discussed how these techniques facilitate the
development of predictive models to personalize treatment in precision oncology [77].

3.9 Convolutional neural network

Convolutional neural networks (CNNs) are supervised deep-learning models that automati-
cally learn hierarchical representations of visual features from large annotated image datasets
by stacking convolutional filters and pooling operations to extract increasingly abstract infor-
mation [105, 106]. Their breakthrough in image classification was demonstrated by winning
the 2012 ImageNet competition, enabled by GPU acceleration, ReLLU activations, dropout
regularization, and data augmentation; deeper architectures yield richer, multi-level feature
extraction while maintaining tractable parameter counts [107].

A CNN automatically extracts hierarchical features from an image by applying trainable
filters in convolutional layers, which detect local patterns through convolution operations
and nonlinear activations, followed by pooling layers that reduce spatial resolution and con-
fer translational invariance. These components are organized into modular blocks that are
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stacked to form a deep feature extractor, sharing weights to minimize parameters and im-
prove generalization. After the final convolutional block, the resulting feature maps are
flattened and fed into one or more fully connected layers to perform classification or regres-
sion (see figure 3-6). Modern architectures such as ConvNeXt [107], EfficientNetV2 [106],
and RepLKNet [108] introduce innovations—such as large-kernel convolutions, optimized
residual blocks, and efficient scaling strategies—that boost accuracy while reducing compu-
tational complexity, demonstrating that CNNs remain competitive in computer vision even
compared to transformer-based models [109].
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Figure 3-6: Architecture of a convolutional neural network [7].

3.9.1 VGG16

The VGG16 architecture was proposed by Karen Simonyan and Andrew Zisserman and
was originally published in September 2014 as part of the Visual Geometry Group’s con-
tribution to the ImageNet Large-Scale Visual Recognition Challenge 2014. This deep con-
volutional network consists of 16 weight layers—13 convolutional layers followed by three
fully-connected layers—and uses only 3x3 convolutional filters with stride 1 and padding
1, interleaved with 2x2 max-pooling operations. This design enables the progressive ex-
traction of increasingly complex features from 224 x224-pixel RGB input images. After the
convolutional blocks, two fully-connected layers of 4,096 neurons each are followed by a final
fully-connected layer that feeds into a 1,000-way softmax for ImageNet classification (See
figuere 3-7). VGG16 demonstrated that increasing network depth by stacking small convo-
lutional filters not only significantly improves image-recognition accuracy but also keeps the
total number of parameters at a manageable ~ 1 38 million. This achievement earned VGG
first place in the ILSVRC 2014 classification track and established it as a benchmark model
for transfer learning in computer vision [110].
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Figure 3-7: Architecture vggl6 [§]

3.9.2 ResNet50

ResNet50 is a 50-layer deep convolutional neural network first introduced by Kaiming He
and colleagues in their landmark 2016 CVPR paper “Deep Residual Learning for Image
Recognition,” which proposed the use of residual (“skip”) connections to enable the training
of very deep architectures without suffering from vanishing gradients. Its core building
block is the bottleneck residual module, consisting of a 1x1 convolution (reducing feature
dimensionality), a 3x3 convolution, and a final 1x1 convolution (restoring dimensionality),
with the module’s input added directly to its output. The full ResNet50 architecture begins
with a 7x7 convolution and max-pooling layer, followed by four stages of residual blocks
containing 3, 4, 6, and 3 bottleneck modules respectively, and concludes with a global average
pooling layer and a fully connected softmax classifier over 1000 ImageNet classes (See figuere
3-8). Upon its publication in March 2016, ResNet50 achieved a top-5 error rate of just 3.57%
on ImageNet, dramatically outperforming prior networks and setting a new state of the art;
its robustness and transfer-learning performance have since made it a foundational model in
computational pathology and other biomedical imaging domains [111].
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Figure 3-8: Architecture ResNet50 [9]
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3.9.3 InceptionV3

InceptionV3 is a convolutional neural network architecture developed by Szegedy et al.
and introduced in the paper “Rethinking the Inception Architecture for Computer Vi-
sion” (presented at CVPR 2016, preprint December 2015). This version builds on earlier
Inception models by greatly improving computational efficiency through factorized convo-
lutions—replacing large filters (e.g., 5x5) with cascades of smaller filters (e.g., two 3x3
convolutions or asymmetric 1x7 followed by 7x1 convolutions)—and by using 1x1 con-
volutions as dimensionality-reduction “bottlenecks” within each Inception module. Each
module processes the same input in parallel via multiple paths (1x1, 3x3, 5x5 convolu-
tions, and pooling) and concatenates their outputs, capturing multi-scale features without
a proportional increase in parameters (see figure 3-9). InceptionV3 accepts 299x299x3 im-
ages, stacks these optimized Inception modules, and concludes with global average pooling
and fully connected layers that output probabilities over 1,000 ImageNet classes via soft-
max. This design reduces computational cost and accelerates convergence while achieving
state-of-the-art accuracy compared to earlier Inception versions and contemporary CNNs
[112]
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Figure 3-9: Architecture InceptionV3 [10]

3.9.4 EfficientNetV2

EfficientNetV2B3 is the third variant in the EfficientNetV2 family of convolutional neural
networks, first introduced by Tan and Le in April 2021 as part of their “EfficientNetV2:
Smaller Models and Faster Training” publication, which presented a novel training-aware
neural architecture search combined with compound model scaling to jointly optimize pa-
rameter efficiency and training speed [106]. rchitecturally, EfficientNetV2B3 builds on
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Fused-MBConv blocks—an enhanced form of Mobile Inverted Bottleneck Convolutions that
integrate depth-wise separable convolutions with squeeze-and-excitation—and incorporates
progressive learning (gradually increasing image resolution during training) alongside Ghost
Batch Normalization and adaptive regularization to maintain accuracy despite faster through-
put (See figuere 3-10). EfficientNetV2B3 comprises approximately 14.5 million parameters,
accepts 32x32-pixel inputs, and achieves 95.8% top-1 accuracy on ImageNet, demonstrating
superior accuracy and up to 5-11x faster training relative to earlier architectures [113].

X9
x 15

] o
]

P
)

Input
FC

T
]

Convl, k3x3
Fused-MBConvl, k3x3
MBConv4.
MBConv6, kix3
MBConvé, k3x3
!
Conv2, kix1
;
Pooling
Output

:
Fused-MBConv4, k3x3
:
Fused-MBConv4, k3x3
l

F

VR o

I @

|

Figure 3-10: Architecture EfficientNetV2 [11]

3.9.5 MobileNetV2

MobileNetV2 is a lightweight convolutional neural network architecture first introduced by
Sandler et al. in January 2018 and formally presented at CVPR 2018. It builds on the
depthwise-separable convolution paradigm of MobileNetV1 by replacing traditional residual
blocks with inverted residual blocks: each block begins with a 1x1 pointwise convolution that
expands the low-dimensional input into a higher-dimensional feature space, followed by a 3x3
depthwise convolution for spatial filtering, and concludes with a 1x1 linear projection (the
“bottleneck”) back to a low-dimensional output. Crucially, non-linear activations (ReLU6)
are applied only in the expansion layer, not in the projection layer, preserving information in
narrow feature spaces and enabling high representational capacity despite extreme parameter
efficiency (See figuere 3-11). This “inverted residual with linear bottleneck” design decou-
ples feature transformation expressiveness from input/output dimensionality, reducing the
model to 3.4 M parameters and ~ 300M multiply-adds while maintaining competitive accu-
racy on ImageNet classification, COCO object detection, and PASCAL VOC segmentation
benchmarks [114].
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Figure 3-11: Architecture MobileNetV2 [12]

3.10 UNet Model

The U-Net architecture, proposed by Ronneberger et al. (2015), was specifically designed for
semantic segmentation tasks in biomedical images, standing out for its ability to learn from
a limited amount of labeled data. Its symmetric “U”-shaped design consists of an encoding
(contracting) path and a decoding (expanding) path, where the former captures contextual
information through 3x3 convolutions followed by ReLLU activation functions and 2x2 max-
pooling operations, while the latter enables precise segmentation via up-convolutions and
concatenations with high-resolution feature maps from the encoding path [13] (see figure
3-12). The architecture is optimized using a loss function based on cross-entropy or, in
the context of imbalanced classes, by employing the Dice coefficient [115], and it has been
extended in several variants such as Attention U-Net (Oktay et al., 2018) to enhance sensi-
tivity to anatomically relevant regions. Its effectiveness has been validated in international
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competitions such as ISBI 2012, where it outperformed other techniques in the segmentation
of neuronal structures in electron microscopy images [116].
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Figure 3-12: Architecture UNet [13]

3.11 Visual transformer

Visual Transformers (ViT) are neural network models based on the self-attention mechanism
applied to image processing, allowing them to capture global relationships among different
image patches without relying on traditional convolutions [117, 118]. Inspired by the success
of transformers in natural language processing, ViTs were introduced in 2020 and demon-
strated their ability to compete with CNNs in classification and detection tasks, especially
when trained on large volumes of data [119]. Since then, variants such as DeiT have been
developed to enhance data efficiency in limited-data contexts, while hierarchical architec-
tures like the Swin Transformer have incorporated vision-specific inductive biases to extend
their applications to segmentation, detection, and specialized fields such as medical imaging
[120, 121, 122, 123].

The architecture of a Visual Transformer is based on dividing an image into patches, flat-
tening them, and projecting them into an embedding space where positional information
is added to preserve spatial structure [118, 117]. These tokens are then processed through
multiple layers of self-attention and feed-forward networks, enabling each token to interact
with all others to model long-range dependencies and capture global context without the
limitations of local receptive fields [121, 124], (see figure 3-13). Additionally, pre-training
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techniques such as masked image modeling and hybrid variants that integrate convolutional
operations for mobile devices have further improved the efficiency and performance of these
models in various vision tasks [125, 126].
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Figure 3-13: Architecture of a Visual Trasformer[14].

3.12 Generative models

Generative models are a category of artificial intelligence algorithms designed to generate
new data that reflects the characteristics of an existing dataset [127]. In the field of computa-
tional pathology, these models have emerged as revolutionary tools, facilitating the creation
of synthetic images, enhancing diagnostics, and personalizing treatments [128]. In recent
years, new applications of generative models focused on computational pathology have been
developed. For example, models capable of generating synthetic images, such as Genera-
tive Adversarial Networks (GANs) and diffusion models, have demonstrated a remarkable
ability to generate realistic histopathological images [128]. These synthetic images are es-
sential for training new models, augmenting datasets, and creating hypothetical scenarios
for educational purposes. This allows these types of technologies to be transforming pathol-
ogy and medicine by enabling the generation of high-quality images for various clinical and
educational uses [129].
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3.12.1 CycleGAN

The Cycle-Consistent Generative Adversarial Network (CycleGAN) model, proposed by Zhu
et al. in 2017 [130], revolutionized image translation between domains by eliminating the
need for paired data through the introduction of a cycle consistency constraint [131]. Its
architecture comprises two generators (G: X—Y and F: Y—X) and two discriminators (Dx
and Dy ), trained in a minimax scheme [131]. The generators often adopt encoder-decoder
architectures with residual blocks, such as U-Net or ResNet, while the discriminators em-
ploy 70x70 pixel PatchGAN models to evaluate the authenticity of images at the patch
level [130, 132]. During training, two types of loss functions are jointly optimized: (1) an
adversarial loss in each mapping direction, which encourages G and F to produce images
indistinguishable from real images in the target domains [131], and (2) a cycle consistency
loss that penalizes differences between an original image and the reconstructed image after
applying the translation sequence X—Y—X (and analogously Y—X—Y) [132]. This lat-
ter constraint enforces that F(G(X)) ~ X (and G(F(Y)) ~ Y), acting as a regularizer that
reduces the solution space by preventing degenerate mappings that could satisfy the adver-
sarial criterion without preserving the input content [131]. The final objective combines both
terms (adversarial + cycle) with an appropriate weighting factor [132], training generators
and discriminators alternately. Thanks to this design, CycleGAN aligns the distributions
of two distinct domains without requiring direct correspondences, preserving the essential
structure of the original images while adapting the style to the target domain [131].
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Figure 3-14: Architecture of a CycleGAN [15].



4 Methodology

This chapter provides a structured overview of the methodology employed, detailing each of
its phases. The first stage describes the data acquisition process, including selection criteria
and the manual annotation procedure. The second stage covers the preprocessing applied to
the dataset, specifying the techniques used for normalization, standardization, and imbal-
ance handling. The third stage outlines the training protocol of the models, indicating the
implemented algorithms, validation schemes, and evaluation metrics used to assess perfor-
mance. Finally, the Results section presents a quantitative and comparative analysis of the
performance of the generated models.
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Figure 4-1: Proposed methodology framework
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4.1 Collection and annotation of the data set

4.1.1 Gastric dataset

A total of 16 cases, with no symptomatology whatsoever, were recovered from an inde-
pendent study provided by the CIEDYN foundation [133], a partner of the Urkunina 5000
project [134]. This study was conducted to perform an endoscopic and pathological charac-
terization of gastric disease in 5,000 volunteers from 55 rural areas in Nariio, Colombia. The
corresponding biopsies were fixed in formalin and embedded in paraffin (FFPE), extracted
from the antrum and body regions. Each image contains two biopsies from the antrum and
one from the incisura (A1, A2, A3), as well as two from the gastric body (C1 and C2); see
Figure 4-2. The cases were digitized using a MoticEasyScan PRO system at a magnification
of x40, with a digital resolution of 0.255 microns per pixel ratio (MPP).The total number
of volunteer images was divided into three sets as follows: 8 for training, 2 for validation,
and 6 for testing.

Antrum (A1) Antrum (A2) Incisure (A3)

Corpus (C1) Corpus (C2)

Figure 4-2: Illustration of the biopsies and the anatomical sites contained in each image
of the dataset.

4.1.2 Annotation

With the support of an expert pathologist, manual annotations were performed on the WSIs
of the 16 selected cases, marking regions with glands containing control and metaplastic
cells. These annotations were carried out using the ImageScope software and saved as XML
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(Extensible Markup Language) files, see Figure 4-3.

) B

Figure 4-3: Schematic of the dataset annotation process. A) The pathologist uses a com-
puter to review the whole slide images in order to identify regions of interest. B) Using
the TmageScope software, the pathologist performs the annotations on the image. C) As
a result, the pathologist generates two types of annotations: regions with metaplasia (left)
and control regions (right).

4.2 Preprocessing

4.2.1 Patch extraction

Once the expert annotations were completed and the whole slide images (WSI) were digitized,
a major challenge remained: the images had very high resolutions, approximately 10,000
x 20,000 pixels or greater. To facilitate computational handling and standardize input
dimensions, fixed-size square patches of 256 x 256 pixels were systematically extracted from
each image, strictly within the expert-labeled regions, as illustrated in Figure 4-4.

4.2.2 Data augmentation

Given the limited size of the dataset, a data augmentation strategy was applied to improve
class representation. To this end, systematic variations of each original patch were generated
using basic geometric transformations, such as rotations and horizontal and vertical flips.



4.3 Trainning 29

Figure 4-4: Several examples of patches corresponding to control and metaplasia tissue. In
image A (normal glands) and C (foveolar tissue), typical cell patterns of control tissue can
be observed. However, in images B (glands with metaplasia) and D (glands with metaplasia
and some fixation artifacts) particular characteristics are present.

As a result, four new augmented samples were created from each original patch, increasing
data diversity without introducing external information. This process is illustrated in the
figure 4-5.

4.3 Trainning

During the training phase, five convolutional neural network architectures were employed:
VGG16, InceptionV3, ResNetb0, EfficientNetV2B3, and MobileNetV3. The selection of
these architectures was motivated by the variability in the number of training parameters
and the depth of the models (number of convolutional blocks), as well as the fact that some
of them have demonstrated strong performance in the medical domain, such as VGGI16,
InceptionV3, and ResNet50 [135]. These architectures are described in detail in the back-
ground section. Each network was initialized with pretrained weights from the ImageNet
vl dataset. Additionally, a hyperparameter search was conducted using the Optuna library,
focusing on batch size and learning rate. A batch size of 32 and a learning rate of 0.0001
were established for all models. Furthermore, the number of epochs was set to 30 for each
model; however, early stopping was implemented to terminate training if convergence was
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Original
Patch

Figure 4-5: Implementation of the oversampling technique to increase the data set.

achieved before completing all epochs.

4.3.1 Cross validation

For the training process, K-fold cross-validation was applied with K=4, aiming to more
accurately estimate the model’s generalization error and facilitate its optimal selection. This
technique improves evaluation stability and maximizes the use of available data [136].

A fold is a partition that contains a subset of the data, each composed of two classes (Control
and Metaplasia), with 700 patches per class. Therefore, each fold contains a total of 1,400
patches (Figure 4-6). The goal is that for each fold iteration, a model is generated for each
architecture, which is then evaluated on a test dataset that has not been seen by the models.

4.3.2 Performance measures

Performance metrics quantify a model’s effectiveness when evaluated on a test dataset and
are essential for comparing algorithms and tuning hyperparameters. One of the most com-
monly used tools is the confusion matrix, which organizes the model’s predictions into four
categories: true positives (TP), true negatives (TN), false positives (FP), and false negatives
(FN). This structure enables the computation of various performance indicators, such as
precision, recall, specificity, and F1-score, among others [137], as shown in the table 4-1.
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Figure 4-6: Representation of the application of the K-fold Cross Validation technique

with K=4.

Table 4-1: Performance evaluation metrics for binary classification models.
Metric Description Equation
Accuracy Accuracy indicates the proportion of correct predictions TPLTN
made by the model over the total number of predictions. TP+TN+FP+FN
Sensitivity Sensitivity measures the proportion of actual positive cases P
(Recall) that were correctly identified by the model. TP+FN
cr s Specificity measures the proportion of actual negative cases
Specificity b tiat were correctlljy ;I))redicted by the mo%iel, TAP}F iVF P
. . Precision refers to the proportion of predicted positive cases P
Precision that are truly positive. TP+FP
F1 Score The F1 Score is defined as the harmonic mean between orP
precision and sensitivity. 2TP+FP+FN
The AUC can be understood as a measure of separability, 0.9 - 1.0 = Excellent
AUC (Area indicating the model’s ability to distinguish between the 0.8 - 0.9 = Good
different classes. A higher AUC value means better 0.7 - 0.8 = Fair
Under Curve) . - i o
performance in predicting positive classes as positive and 0.6 - 0.7 = Poor
negative classes as negative. 0.5 - 0.6 = Deficient

Additionally, the Dice Score 4-1 and Jaccard Index 4-2 metrics will be used to evaluate how
closely the models align with the areas annotated by the expert on the tissue image.

DSC =
Al + B

2-|AN B|

|A N B it is the number of elements common to sets A and B.

|A| y | B they are the cardinalities (sizes) of sets A and B, respectively.

(4-1)
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ANB
J(A,B) = : 0 B} (4-2)

|AN B| it is the number of elements common to both sets A and B.
|A U Bj it is the total number of unique elements in both sets.



5 Results

The results were obtained using each of the models generated through the cross-validation
technique (four models per architecture). These models were subsequently evaluated on
the test set, and the mean and standard deviation were calculated for each classification
metric corresponding to each architecture. These results are presented in Table 5-1. The
performance achieved by VGG16 surpasses that of the other models used in this work for
the classification task. Additionally, the results can be compared with the baseline method
proposed by Fang et al.[32], using the AUC metric, where it is observed that the VGG16
model achieves superior performance. Furthermore, Figure 5-1 shows the AUC values for
the models generated using the cross-validation technique for each of the architectures.

Table 5-1: Performance measures for the test classification.

Model Accuracy | Precision | Recall | F1-Score | AUC
0.76 0.77 0.76 0.76 0.922
VGG16 + 0.02 +0.02 | +0.02| +0.02 |+ 0.04
eentionV3 0.71 0.72 0.71 0.70 0.88
neeption + 0.05 +003 | £005 | 4+005 | +0.04
0.70 0.71 0.70 0.70 0.87
ResNet50 + 0.06 4+ 007 | £006 | +006 | +0.07
. 0.62 0.67 0.62 0.57 0.81
EfficientNetV2B3 | 1, +008 | +011 | +016 | +0.15
. 0.61 0.63 0.61 0.60 0.732
MobileNet V2 +0.04 £005 | +£004 | +0.05 | +0.08
Fang et al. — — 0.69 — 0.884

Subsequently, the expert annotations and metaplasia predictions were projected onto the
Whole Slide Image (WSI) to compare the extent of the obtained results. Binary masks were
generated (see Figure 5-2); for this, the annotations made by the expert were discretized into
patches, and from this division, a binary mask was created on the WSI with the patches that
composed the annotation. The patches that were classified as metaplasia were also projected
onto the WSI to generate the corresponding binary mask for the predictions made by the
models. Then, the Dice Score and the Jaccard Index were calculated to obtain a quantitative
measure between the expert’s annotation and the predictions made by the models. The
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VGG 16 Inception V3 ResNet 50
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Figure 5-1: Comparison of ROC curves for the different CNN architectures using cross-
validation.

results are shown in Table 5-2. A better performance of the VGG16 architecture is evident
in this prediction task compared to the other models, while MobileNetV2 obtained the worst

performance.

Table 5-2: Comparison of similarities in terms of Dice Score and Jaccard Index.

Model Dice Jaccard
VGG16 0.93 + 0.07 | 0.87 £+ 0.13
InceptionV3 0.89 £ 0.09 0.81 &= 0.15
ResNet50 0.84 £ 0.14 0.74 £ 0.21
EfficientNetV2B3 | 0.90 4+ 0.08 0.83 £ 0.14
MobileNetV2 0.60 £ 0.03 0.43 + 0.03

The qualitative results shown in Figures 5-3 show the ability of the best model to predict
useful metaplasia on complete images and its similarity with the annotations made by the
expert. Furthermore, these results are compared with those obtained by the worst model

(MobileNetV2).
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Figure 5-2: Binary masks of expert annotations and model predictions derived from a WSI.
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Figure 5-3: Comparison of the predictions for the best model (VGG16) and the worst
model (MobileNetV2) concerning the real annotations made by the expert.

Subsequently, the expert was asked to estimate the percentage of metaplasia extension in
the antrum and gastric body biopsies for a specific case. The objective was to quantify the
areas predicted as metaplasia by the model and compare them with the expert’s estimation.
To achieve this, the expert assessed the extent of metaplasia in each of the three antrum
biopsies and calculated an average of these estimations. The same procedure was applied to
the two biopsies of the gastric body. This methodology provided a representative measure of
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metaplasia extension in both regions, facilitating comparison with the predictions generated
by the model. The corresponding values are presented in the table 5-3.

Table 5-3: Expert estimation values and VGG16 model extension measurements.

Sites Expert estimation | VGG16 model measurement
Antrum 0.88 0.43
Corpus 0.66 0.61

To conduct a more detailed analysis, representative examples of patches classified as True
Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN) were
projected onto the Whole Slide Tmage (WSI), as illustrated in Figure 5-4. In the TP and
TN patches, the presence and absence of goblet cells were observed, respectively, serving
as key indicators for determining the presence or absence of intestinal metaplasia in gastric
tissue. The FP patch revealed foveolar tissue, which is commonly found in the stomach
and can be mistaken for goblet cells due to morphological similarities [138]. The FN patch
was determined to be a misclassification by the model, as it exhibited typical features of
metaplasia that were not correctly identified.

;'.':’n“c\

Figure 5-4: Example of patches classified as True Positives (TP), True Negatives (TN),
False Positives (FP), and False Negatives (FN).
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5.1 Discussion

The cross-validation results indicate that the VGG16 architecture consistently outperforms
other models in classifying intestinal metaplasia. With an average accuracy of 76% and an
AUC of 0.922, VGG16 demonstrates robust capability in distinguishing between metaplastic
and non-metaplastic gastric tissues. This performance surpasses that of the baseline method
proposed by Fang et al., highlighting VGG16’s effectiveness in this classification task.

In contrast, MobileNetV2 exhibited the lowest performance, achieving an accuracy of 61%
and an AUC of 0.732. This disparity may be attributed to MobileNetV2’s lightweight ar-
chitecture, which, while computationally efficient, might not capture the complex features
necessary for accurately identifying intestinal metaplasia.

Quantitative evaluation using Dice and Jaccard metrics on binary masks projected onto
Whole Slide Images (WSIs) reinforces these findings. VGGI16 achieved a Dice Score of
0.93 £ 0.07 and a Jaccard Index of 0.87 £ 0.13, indicating high concordance with expert
annotations. Conversely, MobileNetV2 obtained significantly lower scores in both metrics,
suggesting reduced precision in segmenting metaplastic areas.

Qualitative comparisons further emphasize VGG16 is superiority. The regions predicted as
metaplasia by VGG16 closely align visually with expert annotations, whereas MobileNetV2
is predictions show notable discrepancies.

Additionally, estimations of metaplasia extent in antrum and gastric body biopsies reveal
that VGG16 provides measurements comparable to expert assessments, particularly in the
gastric body (0.61 vs. 0.66). However, in the antrum, VGG16 underestimated the extent
(0.43 vs. 0.88), indicating areas for improvement in detecting metaplasia in this specific re-
gion. Notably, when these percentages are cross-referenced with the OLGIM staging method,
a concordance is observed in determining the stage of metaplasia.

Finally, analysis of representative patches classified as True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN) provides additional insights. TP and
TN patches correctly show the presence and absence of goblet cells, respectively, aligning
with expectations. FP patches reveal foveolar tissue, which can be mistaken for goblet cells
due to morphological similarities, while FN patches indicate misclassifications by the model.
These comprehensive evaluations underscore VGG16’s potential as a reliable tool for de-
tecting intestinal metaplasia, while also highlighting areas for refinement in specific gastric
regions.
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6.1 Generation of sitentic images of Alcian Blue stain from
H&E stain.

This study focuses on generating synthetic data by translating hematoxylin and eosin (H&E)
stained histological images into simulated images stained with Alcian Blue. This staining
technique is employed in the evaluation of gastrointestinal tract biopsies to identify intestinal
metaplasia, where mucin-producing goblet cells stain intensely blue [139]. The primary
objective is to expand the availability of annotated medical data, which is currently scarce,
especially those with detailed annotations.

For the initial phase of this study, a total of 5,456 control tissue patches and 602 patches
exhibiting metaplasia were used, all with dimensions of 512x512 pixels and extracted at 40x
magnification from histological images stained with hematoxylin and eosin (H&E). These
patches correspond to 14 clinical cases from the Urkunina 5000 project. Additionally, the
selected cases include parallel biopsies processed with Alcian Blue staining. These samples
were digitized at high resolution, and representative reference patches from control and
metaplastic tissue regions were extracted, maintaining the same size (512x512 pixels) and
magnification level (40x). These patches were used as target images in the training process
of the CycleGAN model. Figure 6-2 schematically illustrates the training workflow.

The hyperparameters utilized for training the model are as follows:

e Learning Rate: 0.0001.

Batch Size: 4

Number of Epochs: 100

LAMBDA _CYCLE: 10

Loss Functions: L1Loss for cycle consistency loss and MSELoss for adversarial loss.

The figure 6-1 shows the qualitative results obtained so far. As a future line of work, we
propose expanding the volume of available data, with an emphasis on incorporating expert-
provided annotations and, in particular, acquiring a larger number of histological samples
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exhibiting evidence of intestinal metaplasia. This expansion aims to enhance the robustness
of the model and improve its generalization capability in real clinical scenarios.
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Figure 6-1: Diagram illustrating the training process of a CycleGAN for translating H&E-
stained images to Alcian Blue-stained images.

HE recovery

Figure 6-2: Result of translating H&E-stained images to Alcian Blue staining.

6.2 Gastric gland segmentation

The objective of this work is to segment the gastric glands found in the images belonging to
the digitized cases from the Urkunina 5000 project, since intestinal metaplasia develops in
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the glands of the stomach. For this purpose, a UNet model available on a GitHub repository *
was used, which is pre-trained on a dataset called the Gland Segmentation in Colon Histology
Images Challenge (GlaS), consisting of 165 images derived from 16 H&E-stained histological
sections of colorectal adenocarcinoma at stage T3 or T4. The digitization of these histological
sections into whole-slide images (WSIs) was performed using a Zeiss MIRAX MIDI slide
scanner with a pixel resolution of 0.465 microns. Subsequently, the WSIs were rescaled to a
pixel resolution of 0.620 microns (equivalent to a 20X objective magnification)[140].

To adapt this UNet model for the Urkunina project data, the assistance of an expert was
requested to manually annotate gastric glands on one of the WSIs, enabling evaluation of the
model’s segmentation quality on gastric tissue images. Based on the expert’s annotations,
a total of 465 images (259 of metaplasia and 206 of control) along with their corresponding
ground truth masks were generated. These were used to compute Dice score and Jaccard
index metrics to evaluate the model’s performance. Figure 6-3 shows a representation of the
model’s predicted segmentation.
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Figure 6-3

The results obtained are summarized in Table 6-1, which presents the performance metrics
calculated using the Dice index and the Jaccard index. For each class, the average value of
the metrics obtained from the analyzed patches is reported, along with the corresponding
standard deviation. In Figure 6-4, the visual results of the segmentation can be observed.

Table 6-1: Segmentation performance evaluation of the UNet architecture on histological
patches corresponding to control tissue and tissue with metaplasia.

Dice Score Jaccard Index
Metaplasia Patch | 0.7681 + 0.2120 | 0.6622 + 0.2301
Control Patch 0.7789 £ 0.2281 | 0.6833 + 0.2484

'https://github. com/twpkevin06222/Gland-Segmentation
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Image Ground true Prediction

Figure 6-4: Examples of the segmentation results obtained by the UNet.

As part of future work, the acquisition of a larger number of gastric gland annotations is
planned in order to expand and enrich the available dataset. Additionally, it is proposed
to reuse both the histological images and the segmentation masks previously used in the
evaluation of the UNet model, with the aim of conducting a targeted retraining process on
this set of gastric images. This strategy seeks to refine and optimize the existing architecture
to improve the accuracy and consistency of gastric gland segmentation.



7 Conclusions and Future Work

This study proposes an automated approach for the classification of metaplasia in gastric
histopathological images, based on the use of state-of-the-art convolutional neural networks
(CNNs). The developed methodology employs models trained on expert-annotated datasets
to identify morphological features that distinguish metaplastic tissue from normal gastric
tissue. The results demonstrate that the model is capable of confidently quantifying the
extent of metaplasia, surpassing the subjectivity inherent in visual estimations performed
by human experts. Through patch-level analysis, the model enables objective and precise
measurement of metaplasia distribution, thereby facilitating lesion staging in accordance
with the OLGIM classification system. These findings highlight the potential of CNN-based
techniques as decision-support tools in diagnostic and clinical workflows.

Nonetheless, accurate classification of control tissue exhibiting foveolar patterns remains
a considerable challenge. Specifically, morphological similarities between foveolar regions
and metaplastic glands frequently lead to model misclassifications, underscoring the need
for more advanced feature extraction mechanisms and/or the inclusion of larger and more
diverse training datasets to enhance the discrimination between these histological structures.
Future work will focus on optimizing network architectures and enriching training datasets
with a broader variety of control and metaplastic tissue samples, aiming to reduce classifi-
cation errors caused by morphologically similar patterns. In parallel, we plan to explore ad-
vanced state-of-the-art methods such as Visual Transformers and foundation models, which
have demonstrated superior performance in classification tasks on gastric Whole Slide Images
(WSI) [28].

Furthermore, improving the sensitivity and specificity of CNN-based classification systems
remains a key objective to strengthen the robustness and clinical applicability of automated
histopathological analyses in the context of gastric cancer diagnostics and the assessment of
precancerous lesions (intestinal metaplasia).

In addition, future directions include the generation of synthetic data to address the scarcity
of annotated medical datasets, and the development of gland segmentation techniques to
reduce structural noise in histological images and to focus the analysis on relevant regions,
even in the absence of exhaustive expert annotations.
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