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Resumen

El diagnéstico y la gradacién del cancer continian dependiendo en gran medida de la interpretacién subjetiva
de imagenes histopatolégicas, especialmente al evaluar el pleomorfismo nuclear (del griego antiguo! -
(pléo, "més") y (morph, ““forma")), un criterio morfolégico utilizado rutinariamente para estimar la
agresividad tumoral mediante. A pesar de su importancia clinica, el pleomorfismo sigue estando pobremente
definido, con bajo acuerdo interobservador y dificil de cuantificar objetivamente. Los sistemas de gradacion
convencionales reducen la complejidad morfol6égica a un conjunto limitado de puntuaciones categdricas, una
simplificacién que a menudo no refleja la heterogeneidad biolégica presente en los tejidos.

Esta tesis propone un marco computacional orientado a caracterizar el pleomorfismo como un fenémeno
continuo y estructurado espacialmente, abordando limitaciones clave de los sistemas categodricos actuales.
Como primera contribucién, se desarroll6 una técnica de preprocesamiento basada en transformadas noiselet
multiresolucién, disefiada para eliminar sefiales no nucleares que afectan la precision de las etapas posteriores
de analisis computacional. A diferencia de los esquemas de segmentacion tradicionales, este enfoque
reduce explicitamente la complejidad del fondo y el ruido estructural, especialmente en tejidos con alta
variabilidad arquitecténica, mejorando asi la consistencia en la segmentacion de nucleos en conjuntos de
datos heterogéneos.

El marco de este trabajo es un descriptor multiescala que modela la variacion nuclear a nivel individual,
capturando la morfologia en relacion con su contexto espacial local y contextual. Este descriptor se aplico a
conjuntos de datos anotados de cancer de mama y lesiones gastricas premalignas, permitiendo cuantificar
cambios morfolégicos que suelen no ser evaluadas por los sistemas de gradacién. Se realizaron experimentos
comparativos para evaluar el rendimiento del método propuesto en términos de separabilidad y estabilidad de
clases, en comparacion con enfoques categéricos tradicionales. En lugar de basarse en esquemas de clasificacion
estéticos, el marco genera una representacion estructurada y continua del pleomorfismo, disefiada para
respaldar tanto el analisis morfolégico exploratorio como futuras aplicaciones de modelado.

Este trabajo aporta una metodologia modular e interpretable para el analisis de la morfologia nuclear,
proponiendo una perspectiva que valora la descripcion morfolégica detallada frente a la categorizacién
rigida, el contexto relacional frente a las etiquetas aisladas, y la estructura interpretable frente a los
sistemas de gradacion convencionales. Al integrar la extraccion multiescala de caracteristicas y el modelado
espacial, se introduce una nueva perspectiva para la caracterizacion computacional del pleomorfismo nuclear.
Este enfoque contribuye a los esfuerzos actuales en patologia computacional al ofrecer una representacién
estructurada y reproducible de la morfologia nuclear, y proporciona una base sélida para futuras extensiones
orientadas a la integracion clinica.

Palabras clave: Procesamiento de imagenes médicas, Reconocimiento de patrones, Pleomorfismo de
nacleos, Segmentacion de imagenes, Imagenes biomédicas, Clasificacion de imagenes, Extraccion de
caracteristicas, Analisis de morfologia tisular.



CONTENTS CONTENTS




Quantitative Analysis of Nuclei relations by applying multiresolution representations and graph
models: use cases in Breast Cancer and Gastric Premalignant Lesions

Abstract

The diagnosis and grading of cancer continue to rely heavily on subjective interpretation of histopathological
images, particularly when evaluating nuclear pleomorphism (from Ancient Greek ! - (pléo, “more")
and (morph, ““form")), one morphological criterion routinely used to estimate tumor aggressiveness.
Despite its clinical importance, pleomorphism remains poorly defined, with low interobserver agreement, and
difficult to quantify objectively. Conventional grading systems reduce complex morphological variation to a
handful of categorical scores, a simplification that often fails to reflect the biological heterogeneity present
across tissue regions.

This thesis proposes a computational framework aimed at characterizing pleomorphism as a continuous and
spatially structured phenomenon, addressing key limitations of current categorical grading systems. As an
initial contribution, a preprocessing technique based on multiresolution noiselet transforms was developed to
remove non-nuclear signals that impact the accuracy of subsequent computational analysis stages. Unlike
traditional segmentation pipelines, this approach explicitly reduces background complexity and structural
noise, particularly in tissues with high architectural variability, resulting in improved nuclei segmentation
consistency across heterogeneous datasets.

At the core of the framework is a multiscale descriptor that models nuclear variation at the individual level,
capturing morphology in relation to local spatial context. This descriptor was applied to annotated datasets

of breast cancer and gastric premalignant lesions, enabling the quantification of morphologic transitions that
are typically flattened by global grading systems. Comparative experiments were conducted to evaluate
the performance of the proposed method in terms of class separability and stability when compared to
baseline categorical approaches. Instead of relying on a static classification scheme, the framework generates
a continuous, structured feature representation of pleomorphism, designed to support both exploratory
morphological analysis and future modeling applications.

This work contributes a modular and interpretable methodology for nuclear morphology analysis, offering a
perspective that values detailed morphological description over rigid categorization, relational context over
isolated labels, and interpretable structure over conventional grading systems. By integrating multiscale
feature extraction and spatial modeling, the framework introduces a novel perspective to the computational
characterization of nuclear pleomorphism. It supports ongoing efforts in computational pathology by
providing a structured and reproducible representation of nuclear morphology, and offers a principled
foundation for future extensions aimed at clinical integration.

Palabras clave: Medical Image Processing, Pattern Recognition,Nuclei Pleomorphism, Image Segmen-
tation, Biomedical Imaging, Image Classification, Feature Extraction, Tissue Morphology Analysis.
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1 Towards continuous representations
to improve precision medicine

In general, diagnosis refers to the process of identifying the nature of a disease and distinguishing it from
other possible conditionsFriedman [2001]. For decades, medical decision making has been driven by a
combination of clinical intuition, experience, and physiopathological rationale Guyatt et al. [1992]. However,
this approach, while practical, is limited, particularly when applied to complex and heterogeneous conditions
like cancer. The classical method to diagnose and treat has historically followed a “"one-size-fits-all" paradigm,
meaning treatments are administered following a coarse discrete characterization of the disea¥¢ang &
Wang [2023]; Lawler et al. [2024], basically ignoring the biological variability among patients, a situation
leading to suboptimal treatment outcomesBalogh et al.[2015]; Singh et al.[2007].

Precision medicine aims to overcome some limitations of classic diagnostic and therapeutic approaches. By
integrating genomic data, molecular analyses, laboratory tests, medical imaging, patient history, and clinical
information, precision medicine attempts to enhance disease screening and characterization. This integration
enables a deeper understanding of disease processes, allowing clinicians to better characterize heterogeneity,
identify specific subtypes, predict treatment responses, and tailor therapies to individual patients, ultimately
improving diagnostic accuracy and treatment efficacy. However, despite some advances, there remains a
need to develop more precise, objective, and quantifiable methods. Integrating quantitative, reproducible,
and continuous measurements is essential to reach the required precision to optimize recommendations and
clinical decision making. This is particularly crucial in cancer since staging, while still fundamentally relying
on the classic TNM score (T for tumor, N for close positive nodes, and M for metastasis) which was formally
introduced by Pierre Denoix at the Institute Gustave-Roussy in France between 1943 and 195Brierley

et al. [2017].

1.1 Limitations of Conventional Cancer Staging and Integration of
Predictive Biomarkers

Cancer staging is presently the base of any treatment plan. Staging provides clinicians with a practical
framework to estimate the extension of tumor spread and disease progression, and from there to support
treatment strategies. The gold standard for cancer staging is the TNM system, which stratifies cancer from:
Tumor size and extent (T), compromise of regional lymph Nodes (N), and presence or absence of distant
Metastasis (M) Sui et al. [2017]. This system is a visual interpretation of imaging techniques such as CT or
MRI scans or histopathological samples and in consequence is highly dependent on the particular expert
Brierley et al. [2017].

The TNM staging system presents important limitations. Since this is fundamentally an anatomic evaluation,

4



1. Towards continuous representations 1.2. Digital Pathology for Tumor Aggressiveness Assessment

it ignores the underlying biological behaviour or molecular heterogeneity. Consequently, patients with
identical TNM staging may experience different clinical outcomesO'Sullivan et al. [2017]. Recent studies
have shown that biomarkers can significantly enhance prognostic accuracy. For instance, it has been reported
that up to 40% of patients classified solely by anatomical TNM staging follow a different clinical outcome if
they are compared with the observed results when including molecular and biological markendortobagyi
et al. [2018]. This supports the need to include multidimensional staging frameworks with quantitative and
biologically informative markers, also those extracted from histopathology, to improve risk stratification and
more personalized therapeutic decisions.

Cancer aggressiveness might be better stratified from histopathology information by quantifying tumor
architecture, spatial distributions of cells, and interactions within the tumor microenvironment. These
biological insights are simply overlooked not only by conventional imaging techniques but also by molecular
or genetic assays that lack spatial context. Incorporating this level of structural and contextual detalil
provides a more refined understanding of tumor heterogeneity, progression, and treatment response, aspects
aligned with the goals of precision medicind_apuente-Santana et al.[2024]; Yuan [2016];Heindl et al. [2015].

1.2 Digital Pathology for Tumor Aggressiveness Assessment

Currently, histopathological samples can be digitized using Whole Slide Imaging (WSI) technology, facilitating
detailed examination of tissue structures at high resolution. However, interpreting these images and
integrating these observations with diagnosis, prognosis or treatment, relies on subjective expertise which
introduces variability and inconsistencies at predicting outcomesSmits et al. [2022]; Quinn et al. [2023]. In
contrast, certain information such as subtle variations in nuclear morphology or tissue organization, typically
sub-visual patterns, has demonstrated to improve prognosis or prediction of the treatment respon&ee et al.
[2006];Chen et al.[2017];Corredor et al. [2019]. Radiomics and pathomics, terms coined to describe such
sub-visual patterns, quantify both the radiological and microscopic levels, providing more objective and
reproducible insights of the diseaseCoroller et al. [2017]; Alvarez-Jimenez et al.[2020].

In recent years, computational analysis has improved pathology quantification and characterization, highly
enhancing disease understanding while developing new biomarkers associated with diagnosis and prognosis.
Despite these undeniable advances, among the many challenges to be addressed in the future, the types of
noise associated with histopathology are still a major limitation of most state-of-the-art models, particularly
noise derived from structural shrinkage, shape deformation, staining intensity/homogeneity variations,
out-of-focus regions, complicated tissue patterns, variable cellular density, and several kinds of architectural
arrangements. This inevitable uncertainty demands adaptable computational tools capable of reducing
variability while improving reproducibility, particularly in tasks such as nuclear segmentation and tissue
characterization.

The digitization of histopathological samples coupled with computational analysis reveals subtle, sub-visual
patterns that significantly enhance our understanding of tumor biology and aggressiveness. Specifically, a
detailed characterization of nuclear pleomorphism provides insight into complex cellular interactions and
morphological changes that correlate with early markers of malignancy.



1.3. Nuclear Pleomorphism in Cancer 1. Towards continuous representations

1.3 Nuclear Pleomorphism in Cancer: Clinical and Computational
Perspectives

Nuclear pleomorphism refers to the cell nuclei variability in terms of size, shape and staining intensityfKumar

et al. [2014]. This phenomenon has been considered a malignancy hallmark, observed as abnormal nuclei that
are often enlarged, irregularly shaped, or hyper-chromaticJohns Hopkins Medicine[2024]. In histopathology,
pleomorphic nuclei is an early sign of cellular transformation and malignancy.

Clinically, nuclear pleomorphism correlates with tumor aggressiveness and cellular differentiatiolBusso-
lati et al. [2008]. Higher pleomorphism typically indicates poor differentiation, aggressive behaviour, and
worse prognosis. Histological grading systems frequently score nuclear pleomorphism to stratify cellular
differentiation and patient prognosis Frierson [1995]. However, provided that visual evaluation of nuclear
pleomorphism is subjective, inter-observer variability has been reported between low to moderate with
Cohen's kappa statisticsFrierson [1995], reason why computational quantification definitely would improve
reproducibility Petushi [2006]; Dalle [2008].

Several protocols have been introduced to estimate aggressiveness. In invasive breast cancer, the modified
Scarff-Bloom-Richardson (Nottingham) grading system evaluates three morphological features: glandular
formation, nuclear pleomorphism , and mitotic rate Johns Hopkins Medicine[2024]. Nuclear pleomorphism

in this system assesses how much tumor nuclei deviate from normal morphology. Scores range from 1 (small,
uniform nuclei) to 3 (marked variation in size and shape, prominent nucleoli).

However, current classification protocols, such as the Nottingham system, summarize all nuclear variability
into three discrete classes that stratify a complete case, despite evidence suggesting that nuclear alterations
represent a continuous spectrum of morphological changes rather than distinct categoridglercan et al.
[2022]; Saito et al. [2016]; SETALA et al. [1997]. Furthermore, nuclear morphology varies locally depending
on interactions between neighboring cellsLu et al. [2021]; Hayward et al. [2020], which introduces the
unmet need to quantify nuclear pleomorphism. The use of regular and irregular grids (graph-based models)
represents an alternative to capture local and contextual pleomorphism information, as these structures
inherently account of morphological spectra, enabling a more precise and biologically relevant quantification
of nuclear pleomorphism.

1.4 Analysis and Processing upon Regular and Irregular Grids

In regular grids, as illustrated in Figure 1-1a, pixels correspond to discrete locations sampled at a uniform
interval, which means that the sampling period remains constant. Such uniform spacing is used by most
image processing methods, including convolution and filtering operations, since phase or spatial displace-
ment relations between data are always multiple integers of either 1 or -1. One can go from this regular
representation to an irregular grid 1-1b by introducing the Laplacian, a concept explained hereafter.

The Laplacian
Local or first-order relationships are approximated by the Laplacian formulation1-1. Formally, for a point
(x;y) of af (x;y) signal or function, the Laplacian operator of a regular grid is defined by the equation 1-2.
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(a) Representation of a Regular Grid. (b) Representation of an Irregular Grid.

Figura 1-1 : lllustration of grid representations. (a) Depicts a regular grid structure with uniform connections,
while (b) shows an irregular grid with weighted edges representing varying relationships between nodes.

vX;y]= v[x Ly]+ v[x+1;y]
+v[x;y 1]+ v[xy +1]
Av[x;y]

@f (xy) , @f (xiy)

f(xy)= 1-1
xy)= =ag @3 (1-1)
for a point (x;y) on a regular grid, the Laplacian is computed 1-2:
vix;yl = v[x  Lyl+ vix+1;y]
+Vv[x;y 1]+ v[x;y +1]
avlx;y] (1-2)

In a regular grid, the Laplacian approximation to the second-order relation is straightforwardly calculated
since all points are sampled using a constant period. In contrast, data sampled with different periods form
an irregular grid, meaning distances between points are variable, and therefore any operation upon them
makes relative phase differences. Typically, this variability is modelled by introducing weights to the usual
Laplacian definition, as shown in the equation 1-3.

In contrast to regular grids, irregular grids or graphs do not have a uniform structure. Instead, nodes (pixels
or regions of interest) and their connections (edges) typically capture intrinsic and multidimensional data

properties, as represented in figurel-1b. Many types of data have been modelled by graphs since this
flexible architecture facilitates data syntheses and approximations to many complex problems. Moreover,
regular grids or images can also be represented as graphs with unitary edges.
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VIX;y] = wav[x 1 y]+ wov[x +1;y]
+ WaVv[X;y 1]+ wav[x;y + 1]
X4
w;V[X; Y] (1-3)
i=1

The choice between a regular or irregular grid depends on the data structure and the objectives of the
analysis. Regular grids are at the very base of modern image processing and are widely used in both low-level
tasks, such as convolutions, filtering, and global texture analysis, and high-level applications, including face
recognition and scene segmentation.

Irregular grids, on the other hand, are preferable when analyzing heterogeneous or spatially complex data,
where local and global relationships vary across the image. In such cases, weighted graph structures
are flexible representations that capture levels of similarity, dissimilarity, or spatial dependencies. These
grids are particularly useful in problems that require modelling complicated spatial interactions, such as
histopathological images.

In computational histopathology, structured representations play a critical role. Regular grids are
particularly suitable to characterize local patterns or analyze textures, typically applied when identifying
regions of interest or performing preliminary filtering and segmentation, while offering simplicity and
compatibility with established image processing techniques, often failing to capture the intricate and
non-uniform spatial relationships of histological tissuesSparks & Madabhushi[2013]; Anand et al. [2020].

Irregular grids , on the other hand, provide a more flexible framework to model complex relationships
Sparks & Madabhushi[2013]. By adaptively adjusting the grid structure to reflect local variations in tissue
architecture and cellular organization, irregular grids can more accurately capture subtle tissue relationships.
This adaptability enables a more precise analysis of spatial relationships and morphological variability,
capturing both local geometrical details, v.g., global spatial arrangements, tissue organization, which are
the base of medical image interpretation. Graph-based representations, mathematical tools upon irregular
grids, allow integration of morphological and spatial data, making them particularly suitable for analyzing
histological images.

1.5 From low level patterns towards understanding the image contents

The basic problem with physical data support, either irregular or regular, is that although they define the
scale of mathematics required to cope with such imaging problems, they are quite far from the concepts
behind the particular scale. In fact, these mathematical concepts should be adapted to high-level challenges
in order to actually understand the problem solution. In this context, a typical processing line is to distil
out different types of noise before somehow these data are processed to reach a high-level decision. This
reasoning motivated this investigation to start by removing noise in histopathology images with func-
tions broadly represented in the frequency space and then to explore more complex data representations.
Nevertheless, the gap between the maths behind, regular or irregular low level models and high level
concepts do still exist, and this is a main bottleneck towards interpreting results in many modern problems.
Overall, low-level structures, when analysed without context, are meaningless. Data analysis should be
driven by contextual spatial relationships and structural organization. In natural images, this process is rel-
atively easy to establish because of the redundant and coherent spatial relationships of most objects in a scene.



1. Towards continuous representations 1.5. Low-Level Patterns to Image Understanding

In contrast, histopathological structures are quite variable in terms of shape, colour, textures, and geometrical
characteristics. Nuclei and tissues exhibit high morphological variability, even within the same pathological
condition. Typically, a transformed histopathological structure may show very different categories which
require an expert to recognize them as a single class. Unlike natural images, tissues may be observed
as mixtures of basic patterns which are essentially variable, and therefore they require new methods of
integration between the low-level structures and their concomitant noise with global conceptual context.
Recently, it has been observed that these patterns deserve not only to be described but are also useful to
make much more precise predictions of clinical outcomes. This claim is aligned with principles related to
precision medicine , a relatively new trend which aims to develop objective, quantitative, and reproducible
methods to assist clinical decisions.

1.5.1 Beyond Discrete Grading: A Continuous Characterization of Nuclear Pleo-
morphism

Pleomorphism classification is typically performed in represePleomorphism has been reported as one of the
earliest marks of cancer progression and it has been associatedntative fields of view, yet the final grade NP1,
NP2, or NP3 is assigned to the case, aiming to highlight the more prominent nuclear change in the whole
slide. Interestingly, several studiesRakha et al.[2010];Postma et al.[2013] have reported this strategy tends
to collapse or oversimplify nuclear variability and transitions associated with tumor progression into a single
intermediate label, especially when nuclei with different atypia degrees coexist within the same field. This is
supported by the fact that a considerable proportion of cases are labelled as NPRakha et al.[2010], even
when clearly typical or highly atypical nuclei are present in the same region. This predominance reflects less
a biological certainty than a diagnostic ambiguity: NP2 becomes a default category when morphological
cues are mixed, unclear, or transitional. As a result, nuclear pleomorphism shows the lowest interobserver
agreementAtanda et al. [2017]; Davidson et al. [2019], limits prognostic valueDunne & Going [2001], and
highlights the absence of a clear reference or objective criterion in many cases. In such contexts, current
pleomorphism categories hardly reflect a definitive diagnosis as they convey an implicit form of diagnostic
uncertainty, i.e., the pathologist is unable to confidently decide between NP1 and NP3 and instead set upon
the midpoint.

This same ambiguity is transferred to most computational models trained with discrete labels, particularly
those that learn from large regular grids (patches) without assessment at the nuclear level. Although such
models may achieve good categorical accuracy, they tend to reproduce the same diagnostic limitations: when
confronted with mixed regions, they fail to identify or localize the specific areas of the tissue responsible for
diagnostic ambiguity, which undermines both clinical interpretation and model refinement.

Some recent approaches have attempted to address this issue through uncertainty quantification strategies,
such as Monte Carlo dropout or conformal prediction, which allow the model's confidence to be estimated
Papadopoulos[2008];Gal & Ghahramani [2016];Wieslander et al.[2020]. However, despite their value, these
techniques result in uncertain estimates difficult to interpret clinically, since they end up by being expressed
as abstract probability distributions or algorithmic variance measures, lacking a direct correspondence with
the observable structures in the tissue.

Unlike coarse discrete grading systems, the approach proposed in this work quantifies pleomorphism at the
nuclear level and represents it as a precise measure of the nuclei population rather than discrete categories.
This representation captures subtle morphological heterogeneity and enables identification of regions which
would otherwise be aggregated into diagnostically reduced categories. Furthermore, morphological features
such as nuclear size, shape, or chromatin organization often vary across tumor regions, a variability associated
with underlying biological processes such as clonal dynamics, microenvironmental influence, and phenotypic
plasticity Marusyk & Polyak [2010]; Gerlinger et al. [2012]; Meacham & Morrison [2013]. While these
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processes are not measured in the present work, these measurements might be inferred from different
geometrical or texture features.

1.5.2 Computational and Clinical Challenges: Research Scope of this thesis

The challenges previously discussed were addressed in this thesis by developing novel strategies in three
directions

To remove noise in histopathology : To improve nuclei segmentation by removing non-nuclei
information adapting multiresolution techniques like noiselets.

~ Continuous Quantification of Pleomorphism : To design a generalizable multiscale descriptor
that captures individual variations in nuclear size, shape, and distribution.

~ Quantifying Nuclei Differences in Metaplastic Glands . To apply the multiscale framework to
gastric cancer, focusing on the differences between nuclei in metaplastic glands and surrounding tissue.

This investigation has addressed the problem of finding out, identifying and quantifying high level histopatho-
logical concepts upon precise nuclei segmentation. Removing noise and structuring high level concepts by
means of graph representations build up a complete framework of fully interpretable nuclei measures which
are important not only to understand the disease but also aligned with personalized treatments. The idea
behind this approach is to serve as support to the histopathology analysis which is basically performed
around nuclei geometry, structure and organization. Although typical deep learning approaches could also be
used, and in fact they were herein applied as a baseline to ensure the developed algorithms reach comparable
results, the proposed methodology points out to accompany the pathologist in the process of interpreting
what is observed and described in the pathology report. Biological variability is of course a main bottleneck
of the histopathology analysis and although foundational models, trained with billions of cells, are a step
in the right direction, they are still limited to segment nuclei while the particular nuclei organization is
ignored or even worst, not quantified. These strategies are data dependent and therefore their performance
is a function of the particular biological expression of a disease, which in general is much more complex
than what an expert can understand. These histopathology data in addition are quite difficult to collect
and the noise influence is still unknown. Endeavours in this thesis have then been dedicated to develop
tools to quantify the classic histopathology analysis, pleomorphism in this case, yet this approach could
be easily applied to capture more complex mixtures of patterns, for instance spatial relationship between
the pleomorphism foci, or sequence of pleomorphic changes surrounding structures like glands or particular
cellular assemblies, or scales of pleomorphism or dysplasia in different oncologic entities. All these questions
could be approached by quantifying relations rather than nuclei populations with classic analysis of graphs
capturing how these entities are connected.

1.5.3 Thesis Organization

The contributions presented in this thesis are organized into three main methodological strategies, detailed
in separate chapters. Each chapter includes a review of state-of-the-art approaches, materials and methods,
results, discussions, and related publications. The final chapter presents the conclusions and perspectives of
this work. The content of the chapters is summarized as follows:

" Chapter 2: The first contribution focuses on improving nuclei segmentation by removing non-nuclei
information from histopathological images. This preprocessing step enhances segmentation accuracy,
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reduces artifacts, and improves the robustness of downstream tasks such as feature extraction and
classification. Related publications:

Journal paper: R. Moncayo, A.L. Martel, E. Romero. Removing non-nuclei information from
histopathological images: A preprocessing step towards improving nuclei segmentation methods.
Journal of Pathology Informatics, 2023. https://doi.org/10.4103/jpi.jpi_100315

Conference paper: C. Arias, R. Moncayo, E. Romero. Non-nuclei characterization in histopatho-
logical images: A processing step to improve nuclei segmentation method$6th International
Symposium on Medical Information Processing and Analysis, 2020.

" Chapter 3: The second contribution focuses on nuclear pleomorphism assessment, a critical criterion
in histopathological grading systems such as the Nottingham grading system. This work explores com-
putational approaches to automate the evaluation of nuclear pleomorphism, enhancing reproducibility
and reducing observer variability.

Related publications:

Journal paper to be submitted: R.A. Moncayo-Martinez, D. Becerra, A. Siabatto-Cleves,
J.A. Villarreal E., F.A. Gonzélez, A.L. Martel, E. Romero. Towards individual quantification of
Pleomorphism in Breast Cancer Images Using a Multi-scale Nuclei Representation.

Conference paper: L.T. Molano, R.A. Moncayo, E. Romero. Detecting micro-metastases in the
sentinel lymph node by characterizing micro-environments.17th International Symposium on
Medical Information Processing and Analysis, 2021.

Conference paper: G. Corredor, C. Barrera, R. Moncayo, C. Alvarez-Jimenez, H. Gilmore, et
al. Detection and Grading of Ductal Carcinoma In Situ by Using Structural Features. Journal of
Pathology Informatics, 2019.

" Chapter 4: The third contribution focuses on the characterization of pleomorphic differences in
premalignant gastric lesions, particularly metaplastic glands. This work leverages graph-based modeling
to analyze spatial and morphological relationships between nuclei and surrounding tissue.

Related publications:

Conference paper: R.A. Moncayo, M. Jaramillo, L.T. Molano, D. Cérdoba, B. Becerra, et al.
Finding Out and Quantifying Nuclei Differences in Metaplastic Gastric Glands and Surrounding
Nuclei. 2024 IEEE International Symposium on Biomedical Imaging (ISBI).

Conference paper: S. Alfonso, G. Corredor, R. Moncayo, C.R. Barrera, A.Y. Sanchez, P.
Toro, et al. A method to detect glands in histological gastric cancer imagesl4th International
Symposium on Medical Information Processing and Analysis, 2018.

Conference paper: R. Moncayo, S. Alfonso, AY. Sanchez, C. Parra, E. Romero.Searching
patterns in glands for predicting gastric cancer survival. Medical Imaging 2020: Digital Pathology,
11320, 2020.https://doi.org/10.1117/12.2542583
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Quantitative Analysis of Nuclei relations by applying multiresolution representations and graph
models: use cases in Breast Cancer and Gastric Premalignant Lesions

2 Removing non-nuclel information from
histopathological images: A prepro-
cessing step towards improving nu-
clei segmentation methods

2.1 Abstract

An accurate disease interpretation by computer-aided diagnosis systems in digital pathology depends on
reliable nuclei detection in histological images. Quantitatively detecting and segmenting nuclei in hematoxylin
and eosin (HE) images is challenging as the appearance of both the cell nuclei and the background structures
are very variable. In this paper, we present a method to improve the detection of nuclei by removing image
tiles that only contain background information. We achieve this by dividing each image tile into smaller
patches and using Noiselet features to capture local spatial features that can differentiate between the broad
spectrum of the non-nuclei background structures and the normal or bi-modal spectra of the nuclei structures
in each patch. The noislet features are clustered by a Kmeans algorithm and the cluster centroids are used to
generate a code-book; each patch in a tile can then be represented by a code and a tile is represented by the
histogram of codes. Finally these histograms are used to train and test a classifier to differentiate between
tiles with and without nuclei. The proposed method is evaluated in a multiorgan dataset with eight different
tissues on a nuclei detection task based on a watershed-marked method. After removing non-nuclei signals,
the average F-score of the nuclei detection task improves fror:830to 0:86. The segmentation accuracy
improves from a dice score 0D:701 without background removal to 0:723 after background removal.

2.2 Introduction

Cancer is a group of inherited genetic diseases characterized by an uncontrolled division of abnormal cells,
which eventually invade and induce abnormal processes in other tissues. It is considered responsible for
the majority of global deaths Organization et al. [2018]. A tissue sample is extracted during the diagnostic
process to reveal structures by using fixation and staining procedures. Hematoxylin and eosin (H&E) is the
most used stain since it shows a large spectrum of cellular and extracellular componemRsbin et al. [2008].
Generally, histological diagnosis and prognosis in H&E slides use analog scales to determine the severity of
the tumor. These grading systems are subjective and prone to errafhang et al.[2010], manual measures are
recommended but are time expensive and not feasible for the pathologist workflowrvulovi¢ et al. [2010].
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Recently digital pathology is based on digitized versions of the whole slide (WSI) employed for remote
diagnosis, and supportBrachtel & Yagi [2012], education, and Computer Aid Diagnosis systems (CAD's).
CAD's aim to quantify structural relationships associated with the disease i.e., tumor microenvironmentChen

et al. [2017], to reduce the existing grade of uncertainty in cancer diseases, usually analyzing a considerable
number of cellular and extracellular componentsBrachtel & Yagi [2012], depending then on the capture and
characterization of those components.

Most nuclei segmentation methods are based on finding blob structures at different intensity levels, watershed
markers, vector support machines, neural networks and regression mode@hen et al. [2017]. Further, these
methods commonly use color separation approaches that intend to separate H&E stains and regularize these
to obtain a better image representation of nuclei and non-nuclei structures. Usually, Those normalization
approaches do not consider the structural complexity of the images.

Nuclei segmentation is a crucial job towards further analyses which is highly dependent on a large variety of
factors such as proper fixation, cut technique of the paraffin block, different staining protocols and tissue
heterogeneity, and digitalization also introduce artifacts such as folds and bubbles on the final digital version
Bautista & Yagi [2009]. Moreover, in function of the tumor stage, non-nuclei tissues may represent most
of the sample to examinede Kruijf et al. [2011];Chen et al. [2015]. This work focuses in characterizing
non-nuclei signals, aiming to remove them and improve detection of the remaining nuclei. Nevertheless, the
broad signal spectrum of these signals2-1) may limit their capture and a large variety of transforms would

be necessary to characterize this information. Instead, this work uses a family of multi-resolution functions
with a great incoherence between low and high frequency, the noiselet family, achieving a natural sparse
representation of the complex collage of signals that represent other structures but nuclei. Once signals
are projected to the noiselet space, a classifier separates the information between two classes, particular
spatial patterns related with the nuclei and the rest, basically stroma, tissue foldings, fibrous structures and
background. This method demonstrated to be robust to different types of stain and tissue types and in
addition significantly improved nuclei segmentation and detection.

Non-nuclei Distribution Nuclei Distribution

Figura 2-1 . Non-nuclei and nuclei patches of8 8 pixels and their intensity distributions. Nuclei structures
appear typically normal or bi-modal, and non-nuclei appear in the broad spectrum, similar to noise.

2.3 Related Work

State of the art methods are focused on characterizing carcinoma nuclei signals. Researchers have pointed
out the need to find background (cytoplasmic and stromal) features to improve classificationGurcan et al.
[2009], Non nuclei characterization is included in a few works to enhance nuclear features and characterize
tissues.
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Mohammad Peikari et al.Peikari & Martel [2016] propose a color stretching by equalizing color variance in a
space generated by the top eigenvectors of the RGB image,a color decorrelation of the RGB space.Then, the
nuclei and stromal components are streching using a color equalization in the new color space. Nuclei blobs
are found using otsu's thresholding and morphological operations, achieving a mean F-score @B1 in a
four organ database of breast, liver, gastric mucosa, and bone marrow specimens. These methods benefits
the separation of the main color components, hematoxylin and eosin stains, and the subsequently nuclei
segmentation,nevertheless stromal components are present also in the hematoxylin channel, then enhance
color without evaluate the stromal architectures can introduce the dection of stromal artifacts.

A sparse auto-encoder for unsupervised nucleus detection and background and foreground detection is
proposed by Le Hou et al. Hou et al. [2019], this, encodes an histopathology patch into the foreground,
and background feature maps to represent color scales and textures are obtain, and in the decode stage a
nuclei detection maps and image reconstruction with the a foreground smoothed. F-score 6f834 for nuclei
segmentation was reported to outperform other neural network architectures.

Sertel et. al. Sertel et al. [2009] introduced a model of the cytological components, using a non-linear
color quantization in the image, and then extracting low level texture features from these. Afterward, a
classification algorithm defines four possible classes: follicles, interfollicular regions, lymphocytes, and image
background.

Vandana et. al. Vandana & Antony [2012] propose a noise reduction in a nuclei segmentation task based
on watershed segmentation. Each element is filtered to eliminate background noise in the element and
avoid over segmentation in the next watershed algorithm to obtain the final nuclei segmentation. When the
background is characterized and smoothed improves the separation between cancer and non-cancer regions.
A comprehensive review for nuclei detection methods is show i€hen et al.[2017];Hollandi et al. [2022].

2.4 Proposed Methodology

This work aims to improve the nuclei signal from several tissues by subtracting wide spectrum noise. The
strategy starts by constructing a set of customized noiselet bases obtained from first order Hadamard
functions (i.e., patches of4 4 pixels) which are clustered by ak-meansalgorithm using a city-block
distance. This clusterization of the noiselet space (Code-Book), as illustrated in figur@-3, constitutes a
basic vocabulary. A color deconvolution technique converts the input image into hematoxylin and eosin
channelsMacenko et al.[2009]. The hematoxylin image is decomposed into tiles (i.e16 16 pixels) which

are represented as a frequency histogram of the noiselet Code-Book. A simple classifier separates the nuclei
from non-nuclei tiles which are removed from the image, as illustrated in figure2-4. Similar use of code-books

to represent histological concepts has been presented in other works .

2.4.1 Code-book Construction

Hematoxylin image

The color deconvolution approach proposed by Macenko et alMacenko et al.[2009] is used to separate
Hematoxylin and eosin stains on the image, i.e, non-nuclei and nuclei signals are characterized. Nevertheless,
this low level separation works at the level of pixel and therefore considerable non-nuclei signal is observable
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in the hematoxylin image, as shown in figure2-2.

Hematoxylin and Eosin Image Hematoxylin Image

Figura 22 : The figure presents a histological image and its hematoxylin representation after the color
deconvolution procedure. Hematoxylin image retains non-nuclei components.

Figura 23 : Code-book Construction: the Hematoxylin (H) color channel of the input image is split into small
patches. They are transformed to the noiselet space which is clustered using a k-means algorithm, being
each cluster a coded word of the nuclei or non-nuclei signals.

Extraction of Patches

A hematoxylin tile is decomposed into non-overlapping patches, which are transformed into the noiselet
space. Their coefficients are associated with code-words of a code-book constructed by a similemeans
clustering of the whole noiselet space. The patch size is a parameter dependent on the analyzed tissue. In
section results, it will be shown this parameter is optimal in patches of siz€& 2and 4 4 pixels for most of
the assessed tissues.

Noiselet Transform

The crucial problem to be addressed here is how to describe a variety of structures that together comprehend
a wide spectrum of frequencies, even though each of them covers narrow frequency bands. Provided that
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Figura 2-4 . Any image may be represented as a set of histograms obtained from a tile decomposition of the
input image (i.e. 12 12). Basically, an image is split into tiles and each tile is divided into patches to be
projected to the noiselet space. The obtained noiselet coefficients are quantized by computing the nearest
word of the noiselet code-book. A per-tile-histogram counts the number occurrences of every tile word
in the code-book. A set of training images, characterized by their histograms, train a binary classifier to
discriminate nuclei and non-nuclei signals. Tiles classified as non-nuclei signal are removed from the image

most textural descriptors are statistics of complex patterns, an effective description of them requires a large
number of terms and this is a bottleneck for any classifier since its performance depends on the number of
dimensions, a phenomenon known as the ““curse of dimensionalitfiowley et al.[2005]. An alternative is

to approximate the frequency spectrum with few coefficients, a primary characteristic of a specific family
of wavelet functions: the noiselets. Generally, any wavelet family performs the frequency analysis by
projecting an input to orthogonal low and high frequency spaces, yet a certain degree of overlapping is
always unavoidable. Overall, this effect, observed at the analysis step, is compensated by complementary
filters in the synthesis step that removes such aliasing. From the family of wavelets, the noiselets are unique
by projecting low and high frequencies to separated quadrants of the complex plane, aiming to decrease the
analysis overlapping, i.e., maximum different analysis phase€oifman et al. [2001]. This property makes the
whole frequency spectrum may be covered with a minimum number of scales or orthogonal sub-spaces.

Noiselets are functions constructed from any wavelet family, trying to make the low and high pass filters as
incoherent as possible. In this work, Noiselet are built from the Haar-Walsh wavelet familyCoifman et al.
[2001]. Unlike traditional wavelet analysis, noiselet families can sparsely capture information from the whole
spectrum, a custom property to characterize several types of tissue, i.e., nuclei, stroma, hyperplasic blood
vessels or particular cellular organizations. In practice, even and odd noiselet coefficients are obtained by
dyadically projecting the low frequency information to the (1 i);(1 + i) quadrant, while high frequency

is mapped to the complement, the(1 + i);(1 i) quadrant. This separates low and high frequencies by a
phase of90 in the complex plane, achieving maximum frequency decoupling. As the Wavelet Transform,
Noiselets also require data length is power of 2.

fi}) = pp(x) faa () =@ Dfa@x)+ @+ Dfa(@2x 1) fanaa(¥)=(0+ Dfa(@2)+ (@ Dfn(2x 1)
(2-1)
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In summary, each patch from the image to be analyzed is projected to a selected noiselet base, constructed
after equation 2-1. The low pass noiselet functiorf 1 (x) = [0.1)(X) defines the indicatrix function, a heavy
side function over the subset[0; 1). The following high pass functions,f o, (X) and f 2,41 , are the projections

of the Walsh functions to different quadrants of the complex plane.

The Noiselet Code-book

A region of interest is herein defined by the nucleus size, i.e., typically from20 20to 70 70 pixels. A small
image square 4 4 pixels) is chosen as the information unit to be projected to the noiselet space (sixteen
possible frequencies). Different tissues and structures, i.e. stroma, nuclei, or blood vessels, are mapped
to the noiselet space and the resultant coefficients are clustered to construct a noiselet vocabulary, the
code-book. This feature space partition serves to represent any input image as the histogram of the number
of occurrences of the noiselet values in the code-book. Noiselet coefficients are grouped by a traditional
k-means algorithm under a city-block distance since the computational time is smaller.

2.4.2 Learning the Noise Representation

Any field of view is divided in non-overlapping tiles (12 12 pixels) which are split in small patches@ 4pixels).
Each patch is projected to the noiselet space and the obtained set of coefficients mapped to the noiselet
code-book, i.e., each noiselet coefficient is assigned to the nearest word in the code-book. Finally, a histogram
per tile is obtained by counting the number of word occurrences in the code-book. The obtained noiselet
features per class are learned by an Adaboost classifier, a set of weighted weak classifiers which are combined
to construct a robust classifier Freund & Schapire [1997].

2.5 Evaluation and Results

2.5.1 Data

Experiments were performed in the MoNuSeg dataset for nuclei segmentation of the MICCAI conference 2018
challengeKumar et al. [2017]. This dataset is composed of5 fields of view at40 magnification (1000 1000
pixels), contain images from8 different tissues with more than 21000manually annotated nuclei. The dataset
was built by randomly selected the data portal Cancer Genome Atlas (TCGA)JTomczak et al.[2015] and the
selected fields of view were manually annotated by trained students supervised by a pathologist. Each of
the selected fields of view comes from 9 different diseases and patients: breast invasive carcinoma, kidney
renal papillary cell carcinoma, prostate adenocarcinoma, bladder urothelial, colon adenocarcinoma, stomach
adenocarcinoma,lung adenocarcinoma and squamous cell carcinoma, , lung squamous cell carcinoma and
brain lower grade glioma.

A brief description of these pathologies is hereafter included to illustrate the variability of different sources
of noise, not only the technical but also the biological noise.

Breast Invasive Carcinoma: Three different types are identified, Lobular invasive breast cancer in around
10%, invasive ductal breast cancer in about80% and a remaining 10% with other tumors Makki [2015].
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Nevertheless, a75% of the invasive ductal carcinoma cases are hardly classified in a specific histological
typeTan et al. [2020]. In addition, five different histological variants have been identified, classic type,
pleomorphic lobular carcinoma, histiocytoid carcinoma, signet ring carcinoma, tubulo lobular carcinomdlakki
[2015].

Brain Lower Grade Glioma (LGG): This tumor comprehends more than a dozen of distinct entities
with unique clinicopathological, radiographic, and genetic features. glial cells are subdivided in astrocytes,
ependymal cells and oligodendroglial cell&leihues & Sobin [2000]; Perry [2003].

Kidney Renal Papillary Cell Carcinoma: Two types are described. Type 1. Papillae are lined with a
single layer of basophilic cells, with scanty basophilic cytoplasm and low nuclear grade, and Type 2 Papillae
are aligned with pseudostratified layers of cells of higher nucleolar grad®&luglia & Prando [2015]; Mohan
[2015]. Actually morphological features overlap and the subtypes are practically in-determined using current
image techniques

Prostate Adenocarcinoma: Low grading patterns correspond to separated and well-formed glands with
single malignant glands and nuclear enlargement, while higher grades are identified by clusters of malignant
glands with stromal infiltration and cribriform glands, and nuclear enlargement with prominent nucleoli is
presentHumphrey [2017].

Bladder Urothelial Carcinoma: Urothelial carcinoma may be in situ or invasive. The in situ carcinoma

is characterized by cytologic cells with marked atypia that replaces the urothelium. The urothelial carcinoma

is invasive when neoplastic cells invade the bladder wall as nest, trabeculae, small clusters or single cells
usually separated by a desmoplastic stromaAmin [2009].

Colon Adenocarcinoma: Nine subtypes of colon cancer are recognized, adenoma. Adenosquamous
carcinoma with sarcomatoid components, medullary, micropapillary, mucinous, serrated, signet ring cell,
undifferentiated Ahadi et al. [2021]. Tumor cells are continuous with the serosal surface and isolated cancer
cells may be presented in lymph nodes and micrometastasiémin et al. [2017].

Stomach adenocarcinoma:  The intestinal type of gastric cancer is often related to environmental factors
such as Helicobacter pylori infection, diet, and lifestyle. The diffuse type is more often associated with genetic
abnormalities. Gastric carcinoma has marked heterogeneity at the architectural and cytologic level, four
major histologic patterns are recognized, tubular papillary, mucinous and poorly cohesive, and uncommon
histologic variants Bosman et al.[2010].

Lung Adenocarcinoma: Five invasive tumor patterns, or variable combinations, may be identified:
adenocarcinoma with lepidic growth, cells proliferating in the surface of the alveolar walls without stromal
or vascular invasion lwata [2016], the papillary pattern in which papilar structures replaces the alveolar
architectureZhu et al. [2013], or the micropapillary arrangement with micro-papillae without a fibrovascular
core , and the solid type with mucin. He et al. [2012].

Lung squamous cell carcinoma  Squamous cell carcinoma is subdivided into keratinizing and non-
keratinizing tumors, being the formers characterized by the formation of horn pearls and intercellular bridges
or keratinization Travis et al. [2015];Leslie et al. [2017]. The cells are arranged in sheets or nests, are polygo-
nal with moderate to abundant eosinophilic cytoplasm, have well-defined intercellular borders, and a nucleus
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that may contain vesicular chromatin or be hyperchromatic, Keratinized cells show a dense eosinophilic
cytoplasm with small hyperchromatic nuclei Leslie et al. [2017]. These characteristics vary with the degree
of differentiation: The higher the degree has more prominent these characteristicravis et al. [2015]; Leslie
et al. [2017]. Non-keratinizing cases present nests of polygonal cells that require immunohistochemistry
to determine their lineage, given their morphological similarity to large cell carcinoma. Diffuse squamous
markers (p40, p63, CK5/6) and TTF1 negativity confirm its squamous phenotype Travis et al. [2015];Leslie
et al. [2017].

2.5.2 Evaluation

Parameter setting:  An Adaboost model is trained for each tissue and validated using a leave-one-out
scheme. The three model parameters: the patch size, the tile size and the number of clusters for the
code-book construction, were found by exhaustive search in each tissue, a total of 52 experiments. The
parameter setup is presented in table2-1.

Values
Patch Size 2 2,4 4 8 8
Tile Size 8 8 12 8 16 16 20 20, 24 24
Codes 2;4,8;16

Tabla 2-1 : Experimental parameter setup

Nuclei Detection and Segmentation Task

This work was evaluated by comparing the performance of a classic nuclei segmenter with itself after
removing non-nuclei signals. The nuclei segmentation method herein applieWeta et al. [2011] starts by
obtaining a hematoxylin image from a color deconvolution of the original imageMacenko et al.[2009]. Nuclei
candidates are detected in this hematoxylin channel by a fast radial transform along with a watershed
marked algorithm in each interest region to set nuclei. Finally, morphological filters remove regions not
complying with particular area, roundness and solidity criteria.

Nuclei segmentation performance is computed as the Dice score between the obtained segmentati@x) @nd
the ground truth ( B) (equation 2-2). In addition, the F-score evaluates nuclei detection after equation 2-3,
being a true positive (TP) a detected nucleus intersecting the ground truth with a distance between centroids
smaller than 12 pixels, otherwise the detected nucleus is a false positive (FP). Likewise, a FP is a detected
nucleus corresponding to stroma region or a nucleus with no intersection with a ground truth.

2JA\ Bj
(A;B) iA]+B] (2-2)
TP
F lscore = (2-3)

TP+ 2(FP + FN)
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2.5.3 Results

In the first part of this section, the results for the method and the baseline are presented for the optimal
parameters found for each tissue. In the second part of this section results for a cluster analysis for the
relationships of the

Nuclei detection results are presented in table2-2 for each tissue, Dice score and F-score. Overall, nuclei
detection improves after applying the presented method, as demonstrated by the F-scores and dice scores.

Notice this improvement is quite variable because of the noise nature. For the brain low-grade glioma
(LG), detection improvement is 0:035in F-score, yet a slight dice score variation is observed (0:003).
Stomach adenocarcinoma, lung adenocarcinoma, breast invasive carcinoma and colon adenocarcinoma
tissues show comparable improvements (F-score difference 0:03, dice-score difference> 0:028). For
prostate adenocarcinoma tissue, a minor improvement is observed, i.e., F-score difference0$18 and
nuclei segmentation is enhanced ir0:025. Kidney exhibit a F-score difference larger than0:021 and nuclei
segmentation enhancement 00:018 Finally, the bladder urothelial carcinoma tissue shows a nuclei detection
improvement in F-score of0:027.

. . F-score F-score | Dice-score | Dice-score
Tissue Patch | Tile | Codes Baseline | Method Baseline Method

Bladder Urothelial 2 16 8 0.838 0.865 0.741 0.742
Carcinoma

Brain Lower 4 16 | 16 083 | 0871 0.729 0.726
Grade Glioma
Breast Invasive Car- 2 12 8 0.819 0.850 0.691 0.721
cinoma
Colon Adenocarci- 2 24 4 0.788 0.825 0.644 0.684
noma
Kidney Renal Papil- 4 8 8 0.843 0.866 0.720 0.738
lary Cell Carcinoma
Lung Adenocarci- 4 12 4 0.810 0.849 0.653 0.693
noma
Prostate Adenocar- 2 24 16 0.788 0.806 0.636 0.661
cinoma
Stomach adenocarci- 2 12 16 0.906 0.946 0.794 0.822
noma

] Average \ 0.830 \ 0.860 \ 0.701 \ 0.723 \

Tabla 2-2 : Results for MONUSEG dataset

Overall, nuclei and non-nuclei signals are located in different parts of the noiselet feature space, as illustrated
in figure 2-5, which shows at-SNE two dimensional projection of the noiselet coefficients for the nuclei
and non-nuclei classes. The plot displays the separation level of the two classes, in the two cases occupying
different zones of the noiselet space.

The result of non-signal elimination for two different patches is presented in figure2-6. The left column
images correspond to the original patch while the right column shows the same patch after removing
non-nuclei signal. These two examples illustrate how most of the stroma could be removed while normal
interstitial tissue is removed in the bottom row.
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Figura 2-5 : Noiselet coefficients from2 2 and 4 4 tiles, projected to a plane by t-distributed stochastic
neighbor embedding ¢-SNE). left panel shows the projection of2 2 tiles while the right panel displays
the projections of 4 4 tiles. Blue circles correspond to nuclei signal and orange crosses to non-nuclei ones.

Figura 2-6 : Non-nuclei signal removal in two different images. The left column corresponds to input images
and the right column the resulting image after removing noise with the proposed methodology

2.6 Discussion

Accurate nuclei segmentation to determine both nuclei morphology and tissue architecture should improve
any automatic cancer analysis and diagnosis. This work characterizes non-nuclei signals which are partially
removed in hematoxylin and eosin images. Briefly, small patches (usuall 2 pixels) of nuclei and non-nuclei
signals are represented by a code book in the noiselet space. Afterward, histograms of occurrences of the
code-book codes stand for larger tiles (typicallyl2 12 pixels). These histograms feed an AdaBoost classifier
which learns to discriminate between non-nuclei and nuclei signals.
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Unlike previous preprocessing methods that remove non-nuclei signals, which are based on hematoxylin-eosin
separation, morphological operations, or color thresholds, the proposed method characterizes and eliminates
a broad spectrum of non-nuclei signals (noisy background) by mapping them to a customized noiselet space,
i.e., different regions of the comp“ex plane. IrPeikari & Martel [2016], by stretching the RGB image and
projecting it to the three largest variance eigenvectors, followed by a classic equalization, nuclei detection
was improved. This strategy was tested in four organs, breast, liver, stomach, and bone marrow, from a
single institute with the same acquisition protocol, reporting a mean F-score 00:91. The presented work,
evaluated in stomach samples from six different institutes and breast adenocarcinomas from two institutes,
reported the F-score 0f0:946 and 0:850 respectively. Likewise, Kumar et al. Kumar et al. [2017], with
different CNN architectures for nuclei detection, reported a mean F-score 00:826 for detecting nuclei in
the MonuSeg dataset (the same collection herein used). The presented method outperformed this detection
although the Dice-score was lower. It is worthy to say here that the watershed algorithm was not tuned for
each tissue since this method is focused in detecting nuclei, reason why it is conceivable this methodology is
a pre-processing step for any method, including CNN architectures.

Despite nuclei and connective tissue variability, the presented approach improved the performance of a
classic watershed segmente¥eta et al. [2011], specifically in eight different abnormal tissues. The optimal
experimental parameters, i.e., patch size, tile size and number of codes, vary with the tissue under analysis.
In five tissues, bladder, breast, colon, prostate, and stomach carcinomas, the patch size with better results
was2 2 pixels, suggesting that a single noiselet scale describes main frequential differences between signal
and noise. On the other hand, in brain, kidney, and lung adenocarcinoma, the patch size with better
performance was4 4 pixels, likely because these tissues exhibit a wider stroma spectrum and more noiselet
scales are necessary to separate both signals. In these cases, the tile size varied, i.e., while better results were
observed in tiles with 12 12 pixels for breast and colon, the found tile size with best results for stomach
cancer was24 24 pixels, and for bladder and brain carcinoma,16 16 pixels. Overall, the tile size was less
important since the obtained F-scores around the optimum @-2) were strongly similar, even though the
universe of frequency properties is determined by the tile size, v.g., breast and stomach cells exhibits more
circularity when compared with bladder ones which are pyramidal, or with prostate and colon whose cells
are elongated.

Overall, when grouping the noiselet space with a simpl& meansfor only two codes, each group contains at
least a> 90% of the signal, that is to say while one group is basically composed of nuclei, the other cluster
contains non-nuclei signal (see figure-6). Nevertheless, this is not completely true for all tissues since their
variability influences the optimal number of codes required to obtain a proper detection. Typically, the
non-nuclei signal demands a larger number of codes to be represented, and this number may be even larger
when several non-nuclei tissue are present. When the number of codes is increased, the possibility of forming
more clusters with nuclei is also increased and therefore the representation of the nuclei signal. In particular,
colon adenocarcinoma was represented by four codes, from which three represented mostly the non-nuclei
and the remaining one the nuclei signal. In case of lung, two codes stood for nuclei and two non-nuclei signal.
In breast, kidney and bladder adenocarcinomas, the optimal number of codes was 8, in breast tissue two
codes contained most of the nuclei signal, in kidney three codes and 2 codes in bladder. Finally, prostate,
stomach, and brain adenocarcinomas were represented by sixteen codes, and while in prostate and brain
tissues, two codes were basically composed of nuclei signal, in stomach the same signal was represented by
3 codes. These findings indicate the more tissue variability is observed the larger the number of codes to
characterize and separate both signals.

2.7 Conclusions

This work presents a novel method to characterize and remove noise or non-nuclei signals from the image.
Non-correlated patterns can be described by using the noiselet transform and improving nuclei segmentation.

22



2. Removing non-nuclei information from histopathological images 2.7. Conclusions

This proposal achieves competitive results at detecting and segmenting nuclei in eight different tissues. Data
analysis explores different relations in which the noiselet transform captures nuclei and stromal information.
Future works will integrate this methodology to a complete segmentation process.
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Quantitative Analysis of Nuclei relations by applying multiresolution representations and graph
models: use cases in Breast Cancer and Gastric Premalignant Lesions

3 Towards individual quanti cation of
Pleomorphism in Breast Cancer Im-
ages Using a Multi-scale Nuclel Rep-
resentation

Pleomorphism, defined as the variation in nuclear size, shape, and appearance, has been associated with
tumor aggressiveness. Typically, a microscopic field of view is assigned to one of three discrete pleomorphic
categories, disregarding the informative value of heterogeneity in nuclear pleomorphism, which reflects
underlying pathological mechanisms. This paper introduces a novel approach to pleomorphism quantification
by computing inter-nuclei differences within local neighborhoods. As a result, every identified cell is assigned
a pleomorphic value. The field of view is modeled as a graph, where nodes represent segmented nuclei
and edges follow a Delaunay triangulation. Edge weights encode differences in color, texture, shape, and
context between a nucleus and a pyramid of image patches of increasing size, all centered on the same
nucleus. Each nucleus is further characterized by five centrality measures derived from the local graph
of its first- and second-order neighborhoods. The resulting high-dimensional descriptor (4,962 features,
reduced to 240 via statistical feature selection) captures a continuous representation of pleomorphism that
encodes local morphological changes. This descriptor was validated in three settings: (i) classification of
individually labeled nuclei by pleomorphism degree, achieving a weighted F1-score of 0.93; (ii) pleomorphism
grading of fields of view from the MITOS & Atypia 2014 dataset, reaching an average F1-score of 0.75;
and (iii) survival prediction in a cohort of 134 TCGA breast cancer cases using a Cox hazard risk model to
predict high-risk patients at three, four, and five years. The proposed method achieved a C-index of 0.62
(95%C1 : 0:58 0:66) and a statistically significant log-rank test result ( = 0:004) in Kaplan Meier survival
analysis, outperforming the foundational UNI baseline.

3.1 Introduction

The cell phenotype is regulated by a delicate balance between the environment and genetic information.
Several factors modify this equilibrium, which, if significantly altered, may produce aberrant cellular forms.
Overall, variable cellular sizes, shapes, and chromatin patterns are grouped under the generic term of nuclear
pleomorphism. Beyond these general morphological alterations, changes affecting the nuclear envelope have
been documented to provide insights about cell lineage and to correlate with processes such as distant
metastasisBussolati et al. [2008]; Sotiriou et al. [2006b]; Chen et al. [2023].

Ideally, nucleic changes should be routinely evaluated as they are strongly associated with cancer aggressive-
ness, being valuable prognostic biomarkers in practicéang et al. [2001]; Abdalla et al. [2009]; Veta et al.
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(@) (b) (©

Figura 3-1 : Nuclear pleomorphism is scored following the Nottingham Breast Cancer system(a) NP Grade
1: uniform chromatin and slight nucleus size variation. (b) NP Grade 2 : Moderate nuclear size variation
and observable nucleoli .(c) NP Grade 3 : Marked nuclear size and shape variations.

[2012];Flanagan et al. [2008]. Despite the recognized biological meaning of these nuclear alterations, their
detailed assessment is often overlooked in daily pathology practice, which typically evaluates a field of view
rather than individual cellular features. Currently, in breast cancer, pleomorphic categories are defined by

the Nottingham grading system as three nuclear pleomorphism grades illustrated in Figure-1 as follows:

Grade one corresponds to nuclei with minor size variations, uniform chromatin, and well-marked outlines
(Fig. 3-1a). Grade two shows moderate nuclei size, shape variations, and visible nucleoli (Fig3-1b).
Finally, grade three exhibits marked alterations in size and shape, as well as large nuclei (Fig3-1c).

This visual assessment relies on comparing nuclei to reference cells,typically normal epithelial cells, lympho-
cytes, or blood cells. However, since these reference cells are themselves highly variable, However, due to the
intrinsic variability and the practical challenges of applying such comparisons in routine pathology practice
lead to reproducibility issues Katayama et al. [2022]. Overall, assessment of these changes has been reported
to be quite variable among experts, i.e., index ranging from 0:3 (low) to 0:5 (moderate) Meyer et al. [2005].

An acknowledged weakness with this evaluation is that the score for an entire nuclei population is usually
determined by changes observed in small subsets of nuclei, because the highest pleomorphic degree dominates
the decisior?, for instance, the presence of few cells scored at 3 will result in a whole field of view classified
as 3. This approach hardly represents the heterogeneity of the nuclei population, and this is the reason
why some authors have advocated for more precise pleomorphic grading systerBstiriou et al. [2006a].
Moreover, studies have reported that betweern30% to 60% of the cases are classified as pleomorphism grade
2, depending on the pathologist experience. This high frequency of grade 2 assignments reflects the inherent
ambiguity when nuclear atypia does not clearly fit low or high pleomorphism categoriesVang et al. [2016];
Sotiriou et al. [2006b]; Naoi et al. [2011].

To address these challenges, several computational approaches have been proposed to automate pleomorphism
grading. However, most of these methods rely on labels at the level of field of view or WSI. Mercan et al.
Mercan et al. [2022] mapped the discrete pleomorphism to a regression, where the continuous value was
computed as the average of scores assigned by a panel of 10 pathologists. Pleomorphism scores were learned
using a DenseNet architecture with patches o612 512 pixels. The authors reported a mean absolute
error and mean squared error 0f0:262 and 0:111, respectively, and a kappa coefficient 000:61, a moderate
agreement with the pathologist panel. Das et al.Das et al. [2020b] applied sparse coding and dictionary
learning, recasting the dictionary to a high-dimensional space. The reported F1-score for the pleomorphism
grading task was0:814. Dalle et al. J. Dalle, H. Li [2009] used perimeter, area and nuclear texture features
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to feed a multivariate Gaussian model which estimated only pleomorphism 2 or 3, i.e., a binary problem,
reporting an overall accuracy error of7:8%. Cheng et al. Lu et al. [2015] graded fields of view using shape
and textural histograms, starting with color deconvolution and blue-ratio algorithms to highlight nuclei,
followed by a multiscale Laplacian of Gaussians (LoG) which determines regions of interest. Histograms of
a set of 142 features, extracted from each nucleus of a Region of interest, trained a SVM. An accuracy of
78:79% was reported for the classification task of the three pleomorphism grades. Khan et alKkhan et al.
[2015] proposed a global covariance descriptor for nuclear pleomorphism grading. In this approach, an image
was divided into 4 tiles and an average of the covariance was computed for each, being the feature vector
composed of the four means. Then, a k-nearest Neighbors strategy with a geodesic distance was used as
classifier. The authors misclassified34:8 %, 9:9 % and 30:8 % of fields of view with nuclear pleomorphism
grade 1, 2 and 3 respectively. An extensive review of nuclear pleomorphism grading in machine learning is
presented inVarghese & Saleemdg2023].

Main contributions of this investigations are

" A continuous, local-level characterization of nuclear pleomorphism that captures continuous morpho-
logical differences across nuclei, enabling a distributional representation that reflects the heterogeneity
within each field of view

" A model focused on interpretable analysis that analyzes morphological changes at the cellular level,
avoiding global or categorical assumptions.

~ A comprehensive evaluation demonstrating that our survival model maintains predictive performance
across multiple follow-up intervals, unlike the baseline foundation model, which exhibits threshold-
dependent limitations.

An interpretable model that quantifies subtle morphological changes at the cellular level, rather than relying
on global or categorical assignments.

A comprehensive evaluation demonstrating that our survival model achieves consistent predictive performance
across multiple risk thresholds, unlike the foundational baseline, which shows threshold-dependent limitations.

Unlike traditional approaches that classify whole fields of view into discrete pleomorphic categories, the
presented method models pleomorphism as network of nuclei that captures the local continuous variations of
nucleus features such as size, color and texture. This approach captures morphological heterogeneity at the
level of individual nuclei and their immediate neighborhoods. Briefly, after segmenting nuclei, each nucleus
is described by two types of characteristics, first, those extracted from a pyramid of progressively larger
patches centered at the nucleus, and second, those extracted from the segmented nucleus. Afterwards, nuclei
are connected following a Delaunay triangulation to construct a graph, where nodes correspond to nuclei
centroids and edge weights to the feature inter-nuclei differences. Each nucleus is then characterized by the
centrality measures of the local graph composed of the nucleus itself and its first and second order neighbors.
The resulting model was challenged by classification and survival prediction tasks.

3.2 Methodology

Provided nuclei are the focus of this analysis, subsection 3.2.1 explains how nuclei were detected, seg-
mented and characterized. Afterwards, subsection3.2.2 introduces a multidimensional graph, constructed
by connecting the nuclei centroids as vertices and with edges weighted by the feature differences between
any pair of vertices (nuclei). Each nucleus is associated with a local-graph composed of the nucleus it-
self and its first and second-order neighbors and then characterized by centrality measures 3.2.3. The
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Descriptor Type Representation
Axis major length, axis minor length, eccentricity,

max Feret's diameter, equivalent diameter area,

perimeter, perimeter Crofton,
inertia tensor, weighted central moments
Shape Hu moments, Zernike Moments
RGB intensity histogram, RGB intensity mean,

mean and std Hematoylin and Eosin nuclear stain descriptor
Texture Haralick texture Features

Geometric

Color

Tabla 3-1 : Descriptors used to nuclei characterization

nucleus pleomorphism score is assigned by a set of five MLP networks trained with the local centrality
measures and the label obtained from the respective field of view 3.2.4. This process is illustrated in figuBe2.

Nuclei Graph Graph Pleomorphism
Detection and Construction Characterization Estimation
Characterization

Flatten Hiddenl Hidden2 Softmax

layer layer layer layer
1

H H
. g g NP 1

Figura 3-2 : Workflow of the nuclear pleomorphism estimation.

3.2.1 Nuclei Detection and Characterization

A HoVer-net architecture Graham et al. [2019a], an encoder-decoder network, detects and segments nuclei
regions. This neural network encodes information with serial blocks composed of different convolution
and normalization steps, decoding at the end three complementary outcomes: a binary segmentation, a
horizontal-vertical gradient nuclei mapping, and an image with the assigned nuclei class. Every block of
the encoder network makes four down-sampling levels, each with a preactivated residual neural network
composed of 50 layers (preact-resnet50). The loss function is formulated in terms of the three outcomes
using both cross entropy and the Dice score as the loss function. Finally, a post-processing step obtains
a single map of segmented nuclei by thresholding the horizontal and vertical nuclei maps to isolate the borders.

Once nuclei are segmented, each nucleus is represented by shape, color and texture information(see table),
assuming nuclei regions look different because a nucleus and its neighbors are not similar. Hence, features
are extracted either from the nuclear region itself, and from a pyramid of patches with progressively larger
sizes centered at the nucleus centroid, specifically4 4,8 8,16 16, 32 32and 64 64 pixels.

Specifically, the nucleus was characterized by elongation, centrality deviation and diameter features as shown
in table 3-1. Shape descriptors include Hu and Zernike moments, the seven Hu moments and the firdD6
Zernike coefficients corresponding to the initial27 degrees of the Zernike functiongon F. Zernike [1934].
This number corresponds to the number of Zernike coefficients which ensures reconstructed nuclei of the
three classes with a least an average® SNR of 37dB. Likewise, color characteristics are the mean and
standard deviation of the RGB intensity histogram, and the mean and standard deviation of each of the ten
intervals in which the G axis is divided after the RGB space is projected to theR-B; G plane, as proposed
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in Celis et al. [2015]. Finally, Haralick features Haralick et al. [1973] characterize nuclei texture: contrast,
homogeneity, energy, and entropy.

3.2.2 Graph Construction

Once nuclei are detected, a Delaunay triangulation is computed using the nuclei centroids, approximating the
spatial nuclei distribution by triangles circumscribed within a circle which connect three nuclei. This partition
ensures a nuclear area of influence is approximated by a convex polygon which can be decomposed into
simple triangles connecting the first and second-order neighbors. In addition, this representation needs no
definition of a threshold on the minimal or maximal distance to connect two particular nuclei. Consequently,

a local graph defined for every nucleus consists of the nucleus itself and its first and second-order neighbors.

3.2.3 Graph Characterization

Once a local graph is associated with each nucleus, a set of graphs is associated with the available features,
i.e., a graph per feature. Each edge of a particular graph is weighted by the feature difference between the pair
of connected nuclei and six graph centrality measurements, namely: Betweenness, Closeness, Eigenvector,
Degree, Harmonic and Katz.

These six characteristics were computed for the 827 features, making a total of 4962 dimensions. A further
dimensionality reduction is obtained as follows:

" the distribution of each of these characteristics is obtained for the three types of pleomorphism

" pair-comparisons are performed by a Kolmogorov-Smirnov test to establish if data are drawn from a
Gaussian distribution for the application of parametric statistical tests, if positive (p < 0:05) then

If ANOVA and Tukey tests establish statistical differences (p < 0:05) and this significance is
maintained after the Bonferroni correction, the feature is preserved, otherwise removed.

After this reduction, each nucleus was represented by 240 features from the original 4962, i.e., 827 multiplied by
the six graph centrality measures. Finally, this feature vector feeds a classifier which assigns a pleomorphism
grade.

3.2.4 Estimating the pleomorphism grade

The final pleomorphism grade is obtained by the majority vote of an ensemble of five identical multilayer
perceptrons (MLPSs), obtained by a bootstrapping, to enhance the robustness and generalization of the
model and to addresses the typical class pleomorphism imbalance, i.e., typically grade 2 is about four times
grade 3 and eight times grade IFrable [2006]. For each fold during training, multiple MLPs are trained
by resampling data, and rather than retaining all models as in bagging, only the best-performing model is
selected, ending up with a reduced and optimized ensemble.

The multilayer perceptron (MLP) consists in two fully connected layers coupled with a flattened layer. The
240 features from the set of local graphs feed these MLP, composed 6% neurons with their corresponding
ReLU (Rectified Linear Unit) activation functions in the first layer and with 32 neurons and their activation
functions in the second layer. Additionally, a dropout operator with a rate of 0:5 was applied to the second
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layer to prevent overfitting. Finally, the dense output layer counts with a softmax activation function
that estimates the probability of classification for each class. The MLP training procedure is detailed in
Algorithm 1. Specifically, the training data is randomly partitioned into five folds. For each fold, 100
bootstrap-resampled and balanced training subsets are drawn. A candidate MLP is trained with each subset
and evaluated in the rest of subsets from the validation folds. The best-performing classifier for each fold is
selected up to complete a final ensemble of five MLPs.

Algorithm 1 Classifier Training Procedure

1: Split the training data randomly into 5 folds.
2: for iteration = 1 to 100 do
3: for each foldf in folds do

4 Obtain balanced subsets of the three classes from folfl to train a classifier.
5: Train the classifier using the subsets from foldf .

6: Test the classifier using the remaining subsets from the other folds.

7: if this classifier is the best for foldf then

8: Store this classifierf .

9: end if

10: end for

11: end for

3.3 Experimental Evaluation

3.3.1 Datasets

Pleomorphism Dataset

The dataset Mitos & Atypia 2014 Roux et al. [2014], from a grand challenge, contains 11 breast cancer
cases and a total set of 297 FoVs (at 20 magnification). Each magnified FoV was graded by 2 pathologists
and in case of disagreement, a more experienced third pathologist decided. Slides used in this work were
scanned with the APERIO Scan Scope XT at a resolution 0f1539 1376pixels for the 40 magnification.
The database contains 23 FoVs at nuclear pleomorphism score 1 (NP1), 222 FoVS at nuclear pleomorphism
score 2 (NP2) and 52 FoVs at nuclear pleomorphism score 3 (NP3).

Individual pleomorphism dataset

To evaluate the individual pleomorphism, i.e., a pleomorphic score per nucleus, a set &00 nuclei was
nucleus per nucleus labeled under the consensus of three pathologists. These nuclei were randomly selected
from 10 fields of view extracted from 10 cases taken by chance from the original Mitos & Atypia dataset.
This labeling demanded that the panel of three pathologists assigned a nucleus to any of the three categories:
NP1, NP2 or NP 3. A sample of these annotations is shown ir8-3.
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@) (b) (© (d) (e) U]

Figura 3-3 . Expert manually annotated nuclei from distinct samples. (a) and (b) Np score 1, (c) and (d) Np
score 2, (e) and (f) Np score 3

Clinical Cohort Dataset

Whole-slide images (WSIs) and clinical data were obtained from The Cancer Genome Atlas Breast Invasive
Carcinoma (TCGA-BRCA) cohort. A total of 134 cases were selected because they included the pathology
report, overall survival times and magnification of  40. Likewise, only primary tumor samples were included.

3.3.2 Experimental Design

The whole strategy was three fold evaluated. A first experiment challenged the approach at assigning a
correct grade to a set of fields of view, a second assessment tested how accurate the method was at setting
pleomorphic grades to individual nuclei and a third test compared the method with a baseline, the UNI
foundational model, at predicting the survival time at third, fourth and fifth years after diagnosis.

Different performance metrics were precision, Recall, and F1-Score.

Precision= L Recall = L
T TP+FP " TP+FN

Precision Recall

F1-Score=2 —
Precision+ Recall

where TP, FP, FN, TN represents true positives, false positives, false negatives, true negatives, respectively.
In addition, Cox models were used to predict survival at a particular time as threshold.

First experiment: Evaluation per eld of view

The presented approach is validated by five-folds of the 11 available cases, training with nine cases and
testing with the remaining two, and iterating five times to cover all possible combinations.

To assign a grade to each field of view, the method constructs a graph of individual nuclei, as presented in
section 3.2, and a global classifier assigns a pleomorphism score to the entire field of view. For so doing, a
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local classifier composed of five neural networks independently trained, determines by majority vote the
grade of each nucleus. Then, a histogram counts the number of occurrences per grade and the corresponding
normalized histograms train the global neural network that assigns the pleomorphism score to the field of
view.

This approach was compared with results reported by Khan et al.Khan et al. [2015], who achieved first
place in the Grand Challenge Mitos & Atypia 14 Roux et al. [2014], and against different convolutional or
transformer-based neural networksAradjo et al. [2017];Nazeri et al. [2018] trained with a set of 16 patches
sampled from each field of view. These patches are areas 84 344 pixels inheriting the label from the
field of view. Once trained by any of the neural network, each patch is represented by a vector obtained
when removing the last pooling layer. Finally, the pleomorphism grade of a field of view is assigned by a
fully connected neural network trained with the feature vector obtained by concatenating the represented 16
patches.

The different tested convolutional and transformed backbone models are:

ResNet50 He et al. [2016]: A state of art architecture, pre-trained on ImageNet.
" Custom CNN : a network composed of four convolutional layers, trained from scratch.

Foundational UNI model Chen et al. [2024]: self-supervised network trained with thousand of
histopathology cases, used to robustly extract features.

" ConvNeXt Liu et al. [2022]: a convolutional architecture pre-trained on ImageNet, optimized for
modern visual recognition tasks.

Swin Transformer Liu et al. [2021]: a hierarchical vision transformer pre-trained on ImageNet,
shifted window attention to capture both local and global representations.

Second experiment: testing pleomorphic grades per nucleus

This experiment validates the accuracy of the per-nucleus pleomorphic grading using the five neural network
classifiers trained in the first experiment. The model is tested with the set of 300 nuclei previously described
and labeled by the pathologists co-authoring this publication.

Single nucleus pleomorphism assignment was compared with two baselines:

~ Random forest and XGBoost classifiers were trained with features extracted from the nucleus itself
and the pyramid of patches, as described in 3.2.1.

~ An end-to-end ResNet50 trained with patches of64 64 pixels centered at the nucleus using weighted
cross-entropy as loss function.

Third Experiment: Evaluation of predicting survival with a TCGA Cohort

A total of 134 cases with breast cancer from TCGA were gathered to evaluate the survival prediction

of the proposed graph-based descriptor. For each case, nuclei were segmented, the local pleomorphism
graph constructed and the corresponding histogram generated. The cohort survival was analyzed by a Cox
proportional hazards model using the case histogram as input feature under a leave-one-out cross validation
(LOO): at each fold, the trained Cox model predicts risk scores for the held-out case. Patients were divided
into high and low risk groups by a median threshold determined from the distribution of training risks. After
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cross-validation, Kaplan Meier survival curves were plotted for both groups, and differences were assessed
using the log-rank test and the concordance index (C-index). Uncertainty of the C-index was mitigated
by a non-parametric bootstrap procedure with 1000 iterations, resampling patients with replacement. For
each bootstrap sample, the C-index was recalculated, and the:5" and 97:5" percentiles of the resulting
distribution were used to define a95% confidence interval.

To prevent overfitting and stabilize coefficient estimation in the Cox proportional hazards model, an
L, (Ridge) penalization term was incorporated during model fitting. Multiple penalization coefficients
( 2f0:1;0:2;:::;0:7g) were systematically evaluated within the leave-one-out cross validation procedure to
identify configurations and obtain the most significant survival separation. Only models achieving a log-rank
test p-value below 0.05 were considered statistically significant and selected for further analysis.

To simulate different clinical follow-up scenarios, survival times were administratively censored at 1, 2, 3, 4,
and 5 years. For each time endpoint, a separate Cox model was fitted and evaluated following the same
leave-one-out procedure. Patients surviving beyond the selected time cutoff were censored accordingly. This
approach enabled the evaluation of the prognostic value of the descriptors at several follow-up times.

As a baseline for comparison, fields of view were extracted and embedded using a universal self-supervised
model (UNI) trained with the MITOS-ATYPIA 14 dataset. Pleomorphism distributions were constructed
from these embeddings, and histogram features were computed. The resulting descriptors were used as input
for a Cox model following the same protocol.

3.4 Results

This section is organized into three subsections: the first presents the pleomorphism evaluation, the second
focuses on the assessment of pleomorphism grades at the nuclear level, and finally the third evaluates
performance at predicting survival.

3.4.1 First experiment: Results per eld of view

Fig. 3-4 illustrates the difficulty at grading pleomorphism: both images are scored as NP3 by the pathologist,
the model classifies correctly the left and incorrectly the one at the right as NP2. Notice the right panel
shows a small subset of large nuclei, while nuclei variability at the left is higher. As the example suggests,
the amount of signal in these two examples is very different yet the model must assign the same category.

Pleomorphism results of a collection of fields of view are summarized in tabl8-2. The proposed approach
was compared with neural networks and attention models trained with patches, as already described in
Section 3.3.2. Evaluation metrics included precision, recall, and F1-score and the corresponding standard
deviation since the experiment was repeated 10 repetitions.

In terms of multiclass classification, the proposed approach achieved an F1-score @f75 0:05, a competitive
figure with respect to the baselines. Under the same F1 metrics, the Foundational UNI model is comparable
(0:77 0:05) to the Khan et al. strategy (0:77 0:04) and slightly better than a ResNet50 approach
(0:76 0:01). When Compared to other baselines, the proposed method outperformed models trained from
scratch, namely CNN (0:659 0:06), ConvNeXt (0:737 0:06) and SWIN (0:727 0:06).

32






	Resumen
	Abstract
	Towards continuous representations
	Limitations of Conventional Cancer Staging and Integration of Predictive Biomarkers
	Digital Pathology for Tumor Aggressiveness Assessment
	Nuclear Pleomorphism in Cancer
	Regular and Irregular Grids
	Low-Level Patterns to Image Understanding
	Beyond Discrete Grading: A Continuous Characterization of Nuclear Pleomorphism
	Computational and Clinical Challenges: Research Scope of this thesis
	Thesis Organization


	Removing non-nuclei information from histopathological images
	Abstract
	Introduction
	Related Work
	Proposed Methodology
	Code-book Construction
	Learning the Noise Representation

	Evaluation and Results
	Data
	Evaluation
	Results

	Discussion
	Conclusions

	Towards individual quantification of Pleomorphism
	Introduction
	Methodology
	Nuclei Detection and Characterization
	Graph Construction
	Graph Characterization
	Estimating the pleomorphism grade

	Experimental Evaluation
	Datasets
	Experimental Design

	Results
	First experiment: Results per field of view
	Second experiment results: pleomorphic grades per nucleus
	Third experiment results: predicting survival with a TCGA Cohort

	Conclusion

	Nuclei Differences in Metaplastic Gastric Glands
	Introduction
	Methodology
	Gland labeling
	Nuclei segmentation
	Nuclei characterization
	Graph construction
	Neighbour sub-graphs
	sub-graph characterization

	Evaluation and results
	Experimental setup
	Results
	Finding Relevant Features Using a Random Forest Classifier

	Conclusions

	Concluding Remarks, Implications and Future Perspectives
	Concluding Remarks
	Implications and Future Perspectives

	Addendum: Theoretical Framework for the Chosen Methodologies
	 Motivation of the Experiments in Gastric Intestinal Metaplasia.

	Referencias Bibliográficas

