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Abstract

In the era of precision medicine, the integration of heterogeneous data across
multiple scales is crucial for advancing cancer diagnosis and prognosis. Despite
significant advancements in diagnostic techniques and computational analysis led
to a big data production, these data are often characterized by a high hetero-
geneity and complexity, belonging to different domains, and their integration
remains an open challenge. This PhD thesis explores a possible solution through
Computational Decision Support Systems employing Al and data analytics for
aggregating, structuring, and comprehending biomedical data, with a focus on
medical imaging, that have historically played a crucial role in cancer screening,
diagnosis, staging, and therapeutic response monitoring. The thesis first empha-
sizes the urgency of organizing complex biomedical data belonging to different
diagnostic domains, framing digital biobanks as a multifactorial solution capa-
ble of containing curated and standardized imaging data, along with clinical,
molecular, and pathologic data. Based on this foundation, the thesis delves into
the development of computational and statistical tools for analyzing biomedical
images across different imaging scales. The correlation between radiomic and
pathomic features was explored, particularly in the context of Glioblastoma Mul-
tiforme. Preliminary findings revealed intriguing cross-scale relationships, offer-
ing a nuanced understanding of tumor heterogeneity and impacting diagnostic,
prognostic, and therapeutic considerations. The concept of a "virtual biopsy"
emerges, representing a transformative shift in diagnostic methods by relying on
advanced analyses of radiological images. Furthermore, the thesis demonstrates
the practical applications of pathomics in cancer diagnosis, exemplified through
studies in breast and prostate cancers. The pathomic approach proved valuable in
quantifying tumor-infiltrating lymphocytes in breast cancer and improving Glea-
son grading in prostate cancer. These applications showcase the transformative
potential of pathomics in enhancing diagnostic precision and treatment strategies,

positioning it as a key player in the future of oncology. In summary, this PhD
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thesis makes significant contributions to the field by establishing a foundation for
advancing precision medicine through computational approaches in oncological
decision-making. The proposed model for digital biobanks, the exploration of
cross-scale relationships in glioblastoma, and the practical applications of path-
omics collectively contribute to the development of comprehensive tools that have
the potential to revolutionize cancer diagnosis and decision support. This work
serves as a compelling call to action for the scientific community to embrace these
innovative approaches and drive positive changes in clinical practice, ultimately

improving patient outcomes in oncology.

Keywords: Medical Imaging, Clinical Decision Support Systems, Ma-
chine Learning, Oncology, Radiomics, Digital Pathology, Pathomics.




Sintesi in lingua italiana

Nell’era della medicina di precisione, 'integrazione di dati eterogenei su di-
verse scale & cruciale per avanzare nella diagnosi e prognosi del cancro. Nonos-
tante significativi progressi nelle tecniche diagnostiche e nell’analisi computazionale
abbiano portato a una produzione di big data, tali dati sono spesso caratterizzati
da un’alta eterogeneitd e complessita, appartengono a diversi domini diagnostici,
e la loro integrazione rimane una sfida aperta. Questa tesi di dottorato propone
una soluzione attraverso Sistemi Computazionali di Supporto alle Decisioni che
impiegano I'Intelligenza Artificiale e ’analisi dei dati per aggregare, strutturare
e comprendere dati biomedici, con un focus sulle immagini mediche, che hanno
sempre giocato un ruolo cruciale nello screening, nella diagnosi, nella stadiazione
e nel monitoraggio della risposta terapeutica in ambito oncologico. La tesi sotto-
linea innanzitutto I'urgenza di organizzare dati biomedici complessi appartenenti
a diversi domini diagnostici, inquadrando le biobanche digitali come soluzione
multifattoriale in grado di contenere dati di imaging curati e standardizzati, in-
sieme a dati clinici, molecolari e patologici. Sulla base di questa premessa, la
tesi approfondisce lo sviluppo di strumenti computazionali e statistici per anal-
izzare immagini biomediche su diverse scale di imaging. E stata esplorata la
correlazione tra descrittori numerici radiomici e pathomici, in particolare nel
contesto del Glioblastoma Multiforme. Le scoperte preliminari hanno rivelato
interessanti relazioni trasversali tra le scale, offrendo una maggiore comprensione
dell’eterogeneita tumorale ed influenzando considerazioni diagnostiche, prognos-
tiche e terapeutiche, facendo emergere I'importanza del concetto di "biopsia vir-
tuale". Inoltre, la tesi dimostra le applicazioni pratiche della patomica nella
diagnosi del cancro, esemplificate da studi su carcinoma mammario e prostatico.
L’approccio patomico si é rivelato prezioso nella quantificazione dei linfociti infil-
tranti il tumore nel carcinoma mammario e nel miglioramento della classificazione
di Gleason nel carcinoma prostatico. Queste applicazioni mostrano il potenziale
trasformativo della pathomica nel migliorare la precisione diagnostica e le strate-
gie di trattamento, posizionandola come un attore chiave nel futuro dell’oncologia.
In sintesi, questa tesi di dottorato apporta significativi contributi al campo sta-
bilendo una base per avanzare nella medicina di precisione attraverso approcci

computazionali nel decision-making in ambito oncologico. Il modello proposto
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per le biobanche digitali, I’esplorazione delle correlazioni tra dati estratti da im-
magini a differenti scale di imaging, e le applicazioni pratiche della pathomica
contribuiscono collettivamente allo sviluppo di strumenti completi con il poten-
ziale di rivoluzionare la diagnosi del cancro e il supporto decisionale. Questo
lavoro si presenta come un appello avvincente alla comunita scientifica affinché
adotti questi approcci innovativi e guidi cambiamenti positivi nella pratica clin-

ica, migliorando alla fine gli esiti dei pazienti in oncologia.

Parole chiave: Immagini mediche, Sistemi di supporto alle decisioni
cliniche, Apprendimento Automatico, Oncologia, Radiomica, Patologia

Digitale, Patomica.
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Chapter

Introduction

1.1 General Context

Cancer is a complex and heterogeneous disease, characterized by mul-
tiple factors that contribute to its development and progression [155]. In
the era of precision medicine, the ability to anticipate and steer cancer
diagnosis and prognosis, as well as obtain a comprehensive understanding
of the disease, requires integrating information across multiple scales, from
the patient to the molecular level [155, 56, 244]. Clinical imaging, pathol-
ogy and next-generation sequencing (NGS) represent the most advanced
diagnostic domains, providing the most significant amount of information
for clinical research and decision-making in oncology [66]. This informa-
tion can surely offer a complete view of complex biological phenomena
at different scales (such as histological imaging and clinical imaging) and
different characteristics (genotypic and phenotypic) of complex biological
phenomena, making it critical to make the data accessible and usable to
advance scientific research and technological progress.

Within the healthcare system, the rapid development of both modern
diagnostic techniques and computational analysis methods has led to an
explosion of data production, much of which is heterogeneous, belong-
ing to different diagnostic domains, and often extremely complex [32].
Moreover, even when these data are made available, they are rarely in-
tegrated, and there have been limited reported advancements in leverag-
ing computational methods to explore the research potential that arises
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from integrating data across different diagnostic domains. Here, Clini-
cal Decision-Support Systems (CDSS), powered by Artificial Intelligence
(AI) and data analytics techniques can have enormous potential to ag-
gregating, structuring, and understanding data, turning them into a new
generation of diagnostic and prognostic models that can support clinical
decision process [66, 168]. In fact, the ongoing development of CDSS in
clinical practice and the establishment of interdisciplinary workflows will
enable holistic medical approaches to improve the diagnosis and treatment
of individual patients, creating new opportunities for the understanding of
complex tumor characteristics, driving personalized diagnosis and treat-
ment 289, 321|. Nevertheless, the potential of computational techniques
often goes unrealized in biomedical contexts, where the availability of suit-
able datasets is critical. Focusing on the challenges mentioned above, the
next sections will introduce the different imaging domains covered by this
work, both from the point of view of data management and computational
analysis.
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Figure 1.1. Information across multiple scales. Adapted from [179]

1.2 Medical Imaging at Different Imaging Scales

Medical images have historically played a crucial role in cancer screen-
ing, diagnosis, staging, and therapeutic response monitoring. Physicians
constantly rely on medical imaging inputs to formulate patient manage-
ment plans, especially within the context of modern oncological guidelines,
where patients are stratified into increasingly complex subgroups based
on biological, clinical, histopathological and radiological parameters [231].
Medical imaging is a broad term including multiple techniques used to view
the human body with the aim to diagnose, monitor, or treat medical condi-
tions. Common imaging techniques include ultrasound, X-ray, computed
tomography (CT), magnetic resonance imaging (MRI), and histopathol-
ogy. Modern oncology and medical imaging are now inseparable. In this
thesis, the scope of medical images is limited to radiology images (in par-
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ticular MRI) and histopathology whole-slide images (WSI).

The digitization process of radiology departments around the world
has been ongoing for the past decades. This development is more recent
in pathology, where the transition to digital pathology is ongoing in many
countries and healthcare organizations. The workload of both radiologists
and pathologists has increased in recent years due to increased volume of
the generated data and increased complexity and granularity of diagnoses.
Many argue that digital diagnostic tools may assist in lightening the load
by automating tasks and reducing the reading time per case. The radiology
and pathology specialties are similar in the clinical workflow but different
in what types of images they produce. The radiologist and pathologist
alike assess images that form the base for diagnosis and treatment sugges-
tions. This subsection aims to give an overview of the clinical pipeline of
acquisition of both pathology and radiology images as well as their specific
characteristics.

1.2.1 Digital Pathology

Digital pathology is a general term that refers to the assemblage of
digital workflow and imaging solutions that are geared towards creating a
digital image-based practice environment in which a WSI or other digital
image is acquired, managed, interpreted and searched for specific content
[28]. The digital pipeline for preparing tissue is typically a sequential
process with multiple steps and is, in large, the same as when the sample
is reviewed under a microscope. The resected tissue arrives from surgery or
biopsy, where the sample has been placed in formalin to preserve the tissue
and prevent decay (fixation). The first step in the lab is to determine which
parts of the tumor to section (gross examination). Once relevant pieces are
sectioned, they are dried and put in a paraffin embedding to make cutting
easier (embedding). Once the sample has been embedded, micrometer-
thin sections are cut using a special tool called microtome, and are put on
glass slides (sectioning). Human cells are practically translucent in their
natural state. Therefore, the sample is stained to increase the contrast
between relevant cell structures (staining). In the digital pipeline, there
is a final step of scanning the glass slides in high magnification so they
can be reviewed on a computer (scanning). The final review and diagnosis
are traditionally made using a light microscope, but the digitization allows
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reviewing on a computer using a specific viewer (review) [52].

The most common staining is hematoxylin and eosin (H&E), where
hematoxylin stains cell nucleus purple, and eosin stains extra-cellular ma-
trix and cytoplasm pink [120]. As not all structures are visualized with
H&E, special stains are sometimes required. One special technique for
imaging cellular structures is immunohistochemistry (IHC) [206]. IHC uti-
lizes antibodies together with a staining agent that attaches to antigens in
cells and tissue such that the presence or absence of specific antigens can be
detected. This technique has become increasingly common in classifying
and detecting cancer tumor cells, and may provide important prognostic
information, helping specialize treatment. The pathologist’s task is to ex-
amine the sample in high-resolution, both on a macro and on a micro level,
to diagnose and give treatment guidelines. Different cellular appearances
indicate the type of disease (such as cancer or bacterial infection) and the
extent and aggressiveness of the malignancy. For many cancer diagnoses,
the pathologist determines the size of the tumor and how close it is to the
resection line (if the tumor is close, it means that parts of the tumor may
not have been removed), and if the tumor has spread to nearby tissue or
lymph nodes. Additional staining using IHC may further characterize the
tumor [206]. The results of several smaller tasks give an overall descrip-
tion of the tumor, such that treatment can be personalized, preventing
both under- and over-treatment of the patient. This thesis only relates
to histopathology, the study of disease in cells and tissue, and does not
include related disciplines such as cytology, bacteriology or hematology.

1.2.1.1 Whole Slides Images

Whole slide imaging is the process of creating a single high-resolution
digital image from a glass slide, such that the slides can be reviewed dig-
itally. A whole slides image is a high-resolution, large format scan of
human tissue. WSIs are also called microscope slides, as they represent
an enlarged image of cells and subcellular structure. Such slides are ob-
tained from making multiple scans of different areas of a tissue sample
and aggregating them into a large image [214]. Glass slides are scanned at
high resolution, resulting in giga-pixel-sized images. In light microscopy,
magnification has been the convention to denote the size of structures,
which differs from resolution. Despite that digitization of images results
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in a resolution (measured in microns per pixel (mpp)) rather than a mag-
nification, the level of magnification is often still reported. For example,
many scanners scan at “40x”, which denote 400-times magnification, cor-
responding to (approximately) 0.25 mpp. Figure 1.2 shows an example of
a WSI at different resolutions. Compared to the traditional microscopic
analysis of histology, WSI provides a number of advantages. First of all,
WSI usually come in giant resolutions like 100,000 x 100,000 pixels or even
bigger, which gives a lot of clarity when visually inspecting tissue areas.
Then, WSI is a digital scan that covers much larger areas all at once and
is easier to zoom in/zoom out, compared to a microscopic view. Moreover,
the image can be sent between the healthcare experts as a digital copy.
Additionally, WSI scans can’t deteriorate like specimens on a glass slide.
However, in terms of operability, WSI analysis is not so great due to the
time and effort needed during the manual examination. In real world prac-
tice, a doctor would sit before the image scanning by eye, zooming in and
out for hours. In the case of manual examination, a whole slide should be
examined to spot suspicious cell structures or mutations, because skipping
some areas may result in medical error. WSI files are written to permanent
storage (such as hard disks) in specific file formats. Unfortunately, due to
a lack of standardization by vendors, a wide variety of different WSI file
formats exist, and these are frequently proprietary formats. Most, but not
all, of the vendor formats are based around the “tiled pyramid” paradigm.
In the “tiled pyramid” approach, the WSI file contains the base image layer
(the full resolution scan) as well as a number of pre-calculated zoom levels
which are typically scaled by a factor of 1/4 or 1/2 at each level [214, 338].
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Figure 1.2. Whole Slide Image pyramid structure. Each pyramid level repre-
sents a different zoom level. The base level represents the full resolution image.
The lowest magnification image is at the apex of the pyramid. Adapted from
[214]

1.2.2 Clinical Imaging (Radiology)

Modern oncology and clinical imaging are now inseparable. Manage-
ment of cancer involves many technical aspects that can be separated into
four areas: screening, diagnosis, treatment and/or monitoring, and fol-
low up. Clinical imaging is interwoven into every stage, and as a result,
each offers fertile ground for imaging biomarker research which seeks to
improve cancer management [286, 144]. Medical imaging reveals the hid-
den anatomical structures and biological functions of the human body.
It is an incredible advantage to peer past the skin to assess a condition
without an invasive surgical procedure for the patient, and imaging tech-
niques are now indispensable in modern medicine as a result. There are a
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variety of distinct image acquisition modalities that utilise different phys-
ical phenomenon to produce a functional or anatomical image, including
high energy x-rays, radioactive decay, and magnetic resonance. Human
with cancer or other diseases who need immediate treatment requires clin-
ical imaging to help clinicians make correct diagnosis and select optimal
treatment options. Clinical imaging modalities play an important role in
all aspects of disease treatment, including screening, detection, diagnosis,
image-guided biopsy, treatment planning, outcome assessment and follow-
up examinations. Due to the complexity of cancer, no single modality
can provide a complete overview, hence the prevalence of multimodal ap-
proaches that combine imaging techniques for a more complete tumour
characterisation. Multimodal imaging is the merging of single modalities
to provide complementary information. Usually, it involves a composite
of functional and anatomical approaches [294]. For a particular aliment,
a clinician utilises the modality (or modalities) that best maximises the
image clarity needed for assessment whilst minimising any potential side ef-
fects or discomfort for the patient. The collection of modalities at their dis-
posal spans a broad measurement scale, ranging from microscopic analysis
of cell structure, to macroscopic whole-body assessment of organ and bone.
Many of these modalities have potential for quantitative characterisation
of disease using radiomic techniques, with a clear application in oncology
as focused on in this body of work. Particularly, these include: Computed
Tomography (CT), Positron Emission Tomography (PET), Single Photon
Emission Computed Tomography (SPECT), Magnetic Resonance Imaging
(MRI), and Ultrasound (US). This thesis utilises MRI, which is one of
these key quantitative modalities and is prevalent in cancer management
together with CT and PET, and as such it is introduced in more detail in
the following paragraph. The following sections provide an introduction
to MRI, which is, together with CT and PET, one of the major modalities
utilised in the field of radiomics, and will be examined in this thesis.

1.2.2.1 Magnetic Resonance Imaging

MRI has emerged as a cornerstone in diagnostic imaging, employing a
non-invasive approach that relies on the principles of magnetic fields and
radio waves. In contrast to traditional imaging techniques using ionizing
radiation, MRI showcases unparalleled capabilities in visualizing soft tis-
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sues with remarkable detail and without harmful side effects. This imaging
modality has become indispensable in the realm of oncology, where preci-
sion and comprehensive understanding are paramount [129, 173]. One facet
of MRI that plays a pivotal role in oncological investigations is Diffusion-
Weighted Imaging (DWI). DWI is founded on the principles of molecular
motion within tissues, specifically the movement of water molecules. By
capturing and analyzing this diffusion, DWI provides crucial insights into
cellular density and microstructural variations. In the context of oncology,
DWI becomes an invaluable tool for characterizing tumors. The ability
to identify regions of restricted diffusion aids in mapping tumor bound-
aries, evaluating heterogeneity, and contributing significantly to treat-
ment planning. The nuanced information gleaned from DWI enhances
our understanding of tumor architecture and assists in tailoring therapeu-
tic strategies to the individual characteristics of each case [50, 218]. Dy-
namic Contrast-Enhanced (DCE) MRI represents another sophisticated
dimension of oncological imaging. DCE-MRI involves the introduction of
contrast agents into the bloodstream, typically gadolinium-based, to ac-
centuate vascular and perfusion dynamics within tissues. This technique
offers real-time visualization of blood flow, capillary permeability, and tis-
sue enhancement. In the oncological context, DCE-MRI is instrumental
in unraveling the intricate details of tumor vascularity and microvascu-
lar permeability, providing crucial information about angiogenesis, that
is a hallmark of tumor development. The ability to monitor treatment
responses and predict outcomes based on the evolving vascular character-
istics of tumors underscores the significance of DCE-MRI in guiding clinical
decisions and optimizing therapeutic interventions [233]. In conclusion, the
synergy of MRI, DWI, and DCE-MRI in the field of oncology represents
a sophisticated and powerful arsenal for comprehensive tumor assessment.
As the landscape of medical imaging continues to evolve, these techniques
stand at the forefront of advancements, offering clinicians unparalleled in-
sights into the complexities of cancer, ultimately contributing to improved
patient care and outcomes. Until now, there are still differences in diag-
nostic opportunities between clinical imaging on the one side and digital
pathology on the other. In clinical imaging, non-invasive techniques such
as X-ray and ultrasound are used to define tumor infiltrates. The applied
techniques lead to macroscopic images that enable the measurement of
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structures in the resolution of cm and mm. Additionally, biological pro-
cesses can be visualized with the help of tracers. In contrast, pathological
examinations are based on invasively obtained biopsy material. Tumor
characteristics are defined at a microscopic scale, ranging from mm to pm.
In pathology, immunohistochemistry and immunofluorescence provide high
specificity and sensitivity to detect and characterize a positive cell within
a population of thousands of negative cells. Commonly applied methods
are light microscopy, confocal laser, spinning disc laser microscopy, and
light sheet microscopy. Even higher resolutions are possible by electron
microscopy and cryo-electron tomography. The information of the cell can
be additionally enriched by molecular features through the detection of
proteins (immunohistochemistry), RNAs in situ hybridization, and DNA
mutation analysis (deep sequencing, methylation, and others). Apart from
the different opportunities that arise from these medical sub-disciplines,
they also differ in the challenges that need to be overcome [212]|. Imaging
techniques in radiology and nuclear medicine face up with lower resolution
than microscopic images in pathology. On the other hand, the high resolu-
tions biopsy material has the downside of a restricted and limited area that
can be examined. There is also a risk of clinical complications in pathol-
ogy due to the invasiveness of tissue extirpation. The resolution of clinical
images is much lower than that of pathology. Clinically collected volumes
using conventional CT typically have an in-plane resolution of 0.5 mm per
pixel, slightly lower for MRI at 1.5 mm per pixel, compared to 0.5 - 0.25
microns (0.0005 mm) per pixel in clinically collected WSI. However, recent
advances in CT technology enable higher resolution images. These types of
photon-counting machines are just starting to be used clinically at the time
of writing. With increased resolution, these images close the gap between
radiology and pathology, and introduces interesting research opportuni-
ties, which may lead to better diagnostic possibilities. Moreover, another
notable distinction lies in the image dimensions encountered in these two
medical imaging modalities. While radiology and nuclear medicine typi-
cally produce images with manageable file sizes, WSIs in pathology can
be exceptionally large. WSI, capturing entire tissue sections at high res-
olution, can easily reach gigabytes in size. Managing and processing such
extensive data sets pose significant challenges, from storage requirements
to computational demands. The digitalization of pathology, though trans-
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formative, has encountered obstacles in terms of data handling, hindering
the seamless integration and analysis of vast datasets. The digitalization
of pathology is a more recent development, and the comprehensive inte-
gration of molecular and pathological data is an ongoing area of research
[205]. Additionally, the lack of large publicly available datasets in pathol-
ogy hampers the development and validation of computational models,
limiting progress in automated analysis techniques. Of note, both types
of images at different scales can play a pivotal role in CDSS. This concept
will be better highlighted in the following paragraph.

1.2.3 Computational Image Analysis

Historically, qualitative semantic features were used to describe tumor
morphology observed in the patient images at different imaging scales.
These descriptions were based on a scoring system relying on visual as-
sessment. Semantic features were shown in the literature to have corre-
lations with stage, prognosis, and even response prediction. Nevertheless,
this approach suffered from limitations due to its dependence on subjec-
tive scoring and the limited sensitivity of the human eye. Radiological
images generated by modern imaging modalities (e.g. CT, MRI, and
PET), along with digital pathology images generated by digital pathol-
ogy slide scanners, are primarily quantitative in nature. This character-
istic is harnessed to extract numerical descriptors and generate mineable
data exploiting computational algorithms. These numerical features can
be used to objectively characterize tumor morphology, thus transform-
ing the commonly used diagnostic and histopathologic examinations into
personalized-medicine tools that are independent from the typical sub-
jective interpretation that characterize the common clinical practice. In
the realm of biomedical research and clinical decision-making, the synergy
between computational methodologies and advanced imaging technologies
has revolutionized our ability to extract intricate information from radio-
logical and histopathological digital images. Two pioneering approaches,
radiomics and pathomics, unravel the inherent complexity of these images,
employing sophisticated computational algorithms for feature extraction.
These extracted features serve as the foundation for predictive modeling
of clinically relevant endpoints. Hand-crafted radiomics and pathomics
represent a frontier in computational image analysis. In this approach,
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domain expertise guides the selection and crafting of features that are
deemed most pertinent to the intricacies of radiological or histopatholog-
ical images. This methodical curation of features allows for a nuanced
and tailored analysis, capturing specific aspects of tumor heterogeneity or
cellular morphology that may be of paramount clinical significance. Hand-
crafted radiomics, for instance, involves the deliberate selection of features
such as intensity, texture, and shape descriptors from radiological images.
Similarly, in the realm of pathomics, features like nuclear morphology, spa-
tial arrangements, and cellular textures are carefully chosen to illuminate
distinctive aspects of tissue characteristics.

1.2.3.1 Radiomics (computational analysis of radiological im-
ages)

On a radiological scale, radiomics is a new frontier of medicine based
on the extraction of numerical descriptors from radiologic images that are
imperceptible to the human eye and are able to describe the intratumoral
heterogeneity [65, 257, 69]. This could be useful in anticipating diagnosis
and improving stratification and follow-up of cancer patients. Moreover,
concerning intratumoral heterogeneity, radiomics is often referred as a sort
of «virtual biopsy», since it allows to enrich the traditional diagnostic ra-
diologic workflow with more information not detectable by human eye and
associated with processes not included in radiologic workflow (e.g., bioptic
outcomes such as cellular grading by histopathology inspection, gene ex-
pression from genomic analysis) [211, 306, 229, 276]. In general, a typical
radiomics study aims to develop a clinically relevant model from imaging
data and other clinical measures using machine learning techniques to cat-
egorize patients based on anticipated outcomes [182]. Noteworthy is the
recent division of radiomics into two distinct domains, with this thesis pri-
marily focusing on the first domain: the potential of hand-crafted features
to support clinical decision. These features are mathematically defined to
quantify specific aspects of an image region. The second domain pertains to
the surge of deep-learning (DL) techniques, utilizing neural networks (e.g.,
convolutional neural networks (CNNs)) trained to autonomously learn rele-
vant patterns directly from imaging data [130]|. This project addresses key
challenges within the first domain, with a comprehensive discussion on
both domains. The traditional radiomics workflow initially outlined five
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major stages that are shown in Figure 1.3: 1) Acquisition, 2) Segmenta-
tion, 3) Feature extraction, 4) Feature selection and 5) Model development
[182]. However, this simplification belies the complexity of the pipeline
needed to transform raw imaging into potentially valuable data. Each
stage encompasses numerous sub-stages with unique challenges to address
and overcome. Particularly crucial are the steps involved in processing
an image between acquisition and feature extraction, as they significantly
impact the consistency of extracted features. Before delving into image
analysis, obtaining a medical image is a prerequisite. Medical imaging,
acquired through scanners like CT, PET, or MRI, involves complex proto-
cols and machine settings, impacting contrast and image quality. Ongoing
technical advancements in hardware and software, such as refined recon-
struction algorithms, contribute to continuous improvement in imaging
acquisition. Understanding the impact of acquisition parameters on fea-
ture extraction is crucial for effective radiomics. The second macro-step
involves the segmentation, namely the spatial outlining of a region of inter-
est (ROI) or volume of interest (VOI) in an image for subsequent analysis.
In oncology, VOIs often define tumor lesions or organs-at-risk susceptible
to treatment. Manual contouring, considered the ground truth, is challeng-
ing and susceptible to inter and intra-reader variability, especially in 3D
tumor volumes segmented slice by slice on the axial plane. To address these
challenges, semi-automatic and automatic segmentation methods, such as
region growing, clustering, and thresholding algorithms, are recommended
in radiomics workflows for their increased robustness and reproducibility.
Accurate contour automation not only enhances efficiency but also allows
radiation experts to focus on more technical tasks, though specialist ap-
proval remains essential. The next step after segmenting the tumor, is
to extract radiomics features. Feature extraction involves quantitatively
describing the characteristics of a segmented VOI in an image. Types
of features to extract depend on the problem at hand. Morphological,
statistical, first-order histogram families, along with texture features, con-
tribute to the extensive feature set used in radiomics studies. This thesis
explores several feature families. Image processing techniques, including
re-segmentation, interpolation, discretization, and filtering, are integral to
feature extraction. However, a lack of reporting on implemented techniques
impedes the ability to validate promising radiomics models. Selected fea-
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tures will then go through a feature selection process, where redundant and
non-relevant features are excluded. Once features are selected, radiomics
aims to develop prognostic or predictive models based on them, and the
methodologies of which vary considerably based on the study’s hypothesis.
Examples include models for diagnosis, overall survival, tumor aggression,
prediction of distant metastases, treatment response, and linking tumor
genetics to the imaging tumor phenotype (Radiogenomics studies).

Image acquisition ; Feature extraction T
and preprocessing Segmentation and selection Model building

\

g P
=
¥

Figure 1.3. Basic components of a radiomic workflow.

1.2.3.2 Pathomics (computational analysis of digital pathology
images)

On a histopathological scale, it is well-recognized that the interpre-
tation and evaluation of biological samples at microscopy characteristic
of traditional pathology, is complicated and characterized by subjective
and qualitative processes [205]. As previously highlighted, digital pathol-
ogy is a general term that refers to the process of digitizing histopathol-
ogy, immunohistochemistry or cytology slides using whole-slide scanners,
along with the interpretation, management, and analysis of these digi-
tized WSIs using computational approaches (computational pathology)
[160, 315]. The digital pathology slides can be stored in a centralized
repository, enabling remote access for manual review by a pathologist
or automated evaluation by a data algorithm. Computational pathology
utilizes advanced computational methods to extract valuable information
from high-resolution WSIs that can be correlated with phenotypic fea-
tures in different types of malignancies in association with the traditional
histopathologic evaluation performed by pathologists. The advent of digi-
tal pathology gave rise to a recent discipline that is known as pathomics.
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This area of research aims to quantitatively characterize cells and tissues
obtained by examined samples, as radiomics does for radiological images
[134]. The pathomic analysis result is different from a pathology report.
The pathology report includes what the pathology sees, while pathomics
could allow us to obtain a quantitative and reproducible tissue characteri-
zation. Common examples of pathomics applications include spatial char-
acterization of tumor and stromal regions, shapes and textures of nuclei,
classifications of cell types, quantitative characterization of lymphocytic
infiltration, and efforts to quantitatively estimate the number of cells - la-
beled with different kinds of biomarkers in immunohistochemistry testing.
The pathomics analysis workflow consists of four main steps: the selection
of ROIs, color normalization, and the extraction and analysis of path-
omics features. Figure 1.4 illustrates a typical pathomics workflow. The
process initiates with the acquisition of high-resolution WSIs, capturing
microscopic details of tissue samples. Subsequently, image preprocessing
is imperative, involving the selection of ROIs, gridding, and tiling to man-
age vast datasets efficiently. Color normalization techniques are then ap-
plied to standardize color variations across images, ensuring consistency in
subsequent analyses. Following preprocessing, the extraction of pathomics
features becomes central to the workflow. These features can range from
hand-crafted features, capturing morphological and textural attributes, to
more sophisticated deep learning features, leveraging convolutional neural
networks for automated feature extraction. Finally, the extracted features
serve as the foundation for model building, where advanced algorithms,
including machine learning or deep learning models, are employed to dis-
cern patterns, classify tissue types, and predict diagnostic outcomes.
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Figure 1.4. Typical pathomics workflow. After collecting and scanning
pathological images, the ROI (region of interest) is manually or automati-
cally labeled. Secondly, deep learning features or hand-crafted features are
extracted from these images after a series of images pre-processing such as
ROI segmentation, gridding, tile extraction, and color normalization. Finally,
meaningful features are analyzed by machine learning or deep learning algo-
rithms and classified or predicted according to different tasks.

The promises arising from the analysis of data at different imaging
scales holds promises for integrative diagnostic and cell therapy applica-
tions, providing a holistic understanding of potential neoplastic changes. It
would surely improve diagnostics and molecular knowledge about cancer,
for diagnostic, prognostic and therapeutic purposes, and this would have
direct implications in the clinical decision-making process [266, 66, 196].
The integration of data at different scales introduces heightened complex-
ity, extending beyond the traditional scope of hypothesis testing and model
validation. CDSS are poised to navigate this complexity by developing
robust, high-performance algorithms and innovative inferential tools tai-
lored for clinical use. Moreover, the integration of data at different imaging
scales could be very useful for the validation of the radiomic approach in
clinical practice as a virtual biopsy [229, 306, 194]. This integration could
be also favored by the usage of digital biobanking, which is the infrastruc-
ture needed to organize and share imaging data curated and standardized,
together with clinical, molecular and pathologic data. This is very impor-
tant for interoperability in healthcare, and to allow a complete approach
to cancer disease both from a clinical point of view and also to make these
data usable from ML-powered CDSS systems for predicting clinical results
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[92, 316, 212|. Finally, the genotype-phenotype correlations would also be
favored [198]. At the same time, there are many challenges to face before
addressing this integration, such as the lack of shared reference standards
concerning data storage, the absence of an agreement on analysis proce-
dures, and limitations in feature reliability and reproducibility that affect
both radiomics and pathomics [204, 127, 55, 304].
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Figure 1.5. Computational Image Analysis at different imaging scales

1.3 Research Objectives and Thesis Contributions

Considering the outlined context, the focus of this thesis is twofold.
The first goal is to address the challenges associated with integrating and
organizing data across various diagnostic domains in the field of oncology.
Simultaneously, the thesis delves into the development of methodologies for
extracting and analyzing multiscale imaging data. A primary challenge
addressed in the thesis is the integration of heterogeneous and complex
biomedical data. The increasing volume of data, driven by advancements
in acquisition and computational methods, poses a challenge that the the-
sis aims to overcome. To this end, contributions were made through the
development of procedures for standardizing and harmonizing heteroge-
neous data from diagnostic imaging, histopathology, and genetics, thereby
facilitating the collection of numerical descriptors from patients with onco-
logical diseases. This process is intrinsically linked to the organization of
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these data in digital biobanks containing curated and standardized imag-
ing data, along with clinical, molecular and pathologic data in order. This
comprehensive organization can contribute to provide a complete approach
to cancer disease, promoting scientific research and technological develop-
ment. The second objective concerns the supervised analysis of multi-
scale data to support the clinical decision process. The research activities
involved are the implementation and application of processing pipelines
for radiomics and pathomics features extraction, respectively from radio-
logical and histopathological images of patients with oncological diseases.
Computational and statistical methods are implemented to foster the in-
tegration of radiomic domain with other diagnostics domains (pathomic,
genomic, clinical) and to investigate the power of radiomics and pathomics
numerical descriptors to support CDSS. In particular, the thesis aims at
contributes to a deeper comprehension of tumor heterogeneity at differ-
ent scales by exploring the correlation between radiomic and pathomic
features, with the aim to provide a holistic view of cancer from micro-
scopic details to larger-scale images. The thesis thoroughly explores and
underscores the applications of pathomics in cancer diagnosis, with the
aim to highlight the potential of pathomic information to support clini-
cal decision-making. Integrating pathomic information into the diagnostic
workflow is seen as a promising avenue for refining tumor characterization
and improving diagnosis accuracy. These contributions and challenges can
collectively drive advancements in understanding and managing of onco-
logical diseases through the integration of cross-scale data sources and the
development of computational tools.

1.4 Thesis Structure and Overview

The rest of the thesis is structured as follows.

Chapter 2 will emphasize the critical importance of proper data orga-
nization, particularly within biobanks. It will discuss the need for clear
and shared standards for collecting, storing, and managing data related to
radiology, pathology, and genetics. This forms the foundation upon which
all subsequent analyses will rely, as disorganized or poorly managed data
could compromise the quality and reliability of future Al applications in
oncology.
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Chapter 3 the development of computational and statistical tools de-
signed for analyzing and integrating data across different scales of biomed-
ical images exploring the two central pillars of radiomics and pathomics.
The practical application of these approaches and their potential for sup-
porting the clinical decision process for oncological pathologies will be high-
lighted.

Chapter 4 will discuss the results of this thesis with a summary of con-
tributions and open perspectives.







Chapter

Data Integration and
Organization

This chapter delves into the first primary objective of this thesis: inte-
gration and organization of data from different domains. The focal point
of this part of investigation lies in the development of procedures aimed
at standardizing and harmonizing data derived from diagnostic imaging,
histopathology, and genetics within the realm of oncological diseases. As
introduced in the previous chapter, the advancement in acquisition and
computational methods has generated a vast amount of biomedical data
which help characterize individual differences in patients and thus can
transform the clinical practice into personalized-medicine, independent
from the subjective interpretation. However, the huge amount of hetero-
geneous information belonging to diagnostic domains needs to be available
and suitable to promote and support scientific research and technological
development, supporting the effective adoption of the precision medicine
approach in clinical practice. Digital biobanks can catalyze this process,
facilitating the sharing of curated and standardized imaging data, clini-
cal, pathological and molecular data, crucial to enable the development
of a comprehensive and personalized data-driven diagnostic approach in
disease management and fostering the development of computational pre-
dictive models. In this context, the aim of this chapter is to frame this
perspective, first by evaluating the state of standardization of individual
diagnostic domains and then by identifying challenges and proposing a
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possible solution towards an integrative approach that can guarantee the
suitability of information that can be shared through a digital biobank.
The proposed integrative approach was based on the proposal of new mod-
els of standardization/harmonization of each diagnostic domain and of an
integration among multidisciplinary domains, together with the harmo-
nization/standardization concerning the generation of numerical descrip-
tors associated with each single domain. An overview of the concept of
biobanks, together with challenges associated with both traditional and
digital biobanks is provided. Then, how a comprehensive digital biobank
could be implemented and standardized, including the identification of key
use cases and scenarios is provided. The ultimate goal is to leverage dig-
ital biobanks as source of multifactorial information to develop predictive
models to support medical decision making towards precision medicine.
Part of this chapter was published in [72]
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Figure 2.1. Pros and cons associated with the integration of data at different
imaging scales.
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2.1 Comprehensive banking of biomedical data:
towards a common standardization.

2.1.1 Introduction

Within the healthcare system, the rapid development of modern diag-
nostic techniques has resulted in an explosion of data production, much of
which is heterogeneous and belongs to different domains. Clinical imag-
ing, pathology and next-generation sequencing (NGS) represent the most
advanced sectors, bringing the most significant amount of information for
clinical research and decision-making, especially in the field of oncology.
This information can offer a complete view of the complex biological phe-
nomena at different scales (such as histological and clinical imaging) and
different characteristics (genotypic and phenotypic) of diseases, making it
valuable to release curated raw data [32, 146, 337].

The concept of biobank precisely addresses this need. In fact, the
guiding principles of the “Biobank Act” are the promotion of trustwor-
thy, equal access to data and samples, protection of privacy, acceleration
of innovation activities and exposing biobank activities to public scrutiny
[282]. The aim of the biobanking is to ensure the availability of qualita-
tively annotated biological samples for planning research programs, and
to foster innovative and personalized approach to disease treatment and
diagnosis [208]. The more well-characterized, high-quality samples and
associated data are available through biobanks, the faster research will
progress and impact the today’s healthcare. As biobanks are important
sources for the provision of research-ready samples as well as associated
data, they can face a dual bottleneck of data harmonization and curation
[92]. These aspects are interconnected, and both can directly affect the
biobank suitability. Variations associated with collecting, processing, and
storing procedures make it extremely hard to extrapolate or to merge data
from different domains (i.e., imaging, pathology, and molecular profiling).
For instance, if one institution uses a different coding system for diagnoses
compared to another, merging this data without proper harmonization
could lead to erroneous conclusions or missed insights. Another example
concerns genomic research that often involves data collected from various
laboratories using different techniques and platforms. Harmonizing ge-
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netic data requires aligning genetic markers, normalizing gene expression
values, and reconciling discrepancies in annotations. Without proper har-
monization, comparing data across studies becomes unreliable, impacting
the accuracy of genetic associations or findings. Inconsistencies in data col-
lection or storage methodologies could compromise the validity of longitu-
dinal studies investigating disease progression or treatment outcomes. It is
easy to introduce invisible bias, leading to irreproducible findings. There-
fore, the standardization and harmonization of biobanking practices are of
paramount importance [92]. Another fundamental aspect to be explored is
the generation of numerical descriptors associated with each single domain,
that is a crucial aspect for sharing digital information and passes through
the definition of robust data curation and processing procedures. Dealing
with standardized and harmonized procedures is a fertile ground for both
developing -omics studies (e.g., radiomics, pathomics, genomics), as well as
for the exploration of the potential links between -omics quantitative data
and clinical outcomes of patients with specific diseases, primarily cancer
[66]. In particular, the challenges associated with integrating data from
diverse domains are multifaceted and can significantly impact the over-
all quality and interpretability of integrated datasets. One major obstacle
stems from the heterogeneity in data formats across these domains, as each
field often adopts distinct formats. Additionally, biological variability, in-
herent in living systems, manifests differently across domains. Therefore,
integrating data across-domains requires careful consideration of biological
variations to ensure that observed patterns are genuine and not artifacts
of the integration process. Furthermore, differences in data resolutions
present another hurdle. While imaging data might possess high spatial
resolution, molecular data may operate at the molecular or genomic level.
Integrating datasets with varying resolutions necessitates meticulous con-
sideration to prevent loss of information or misinterpretation during the
integration process. All these challenges presuppose having high-quality
numerical descriptors for each domain.

These considerations highlight the need to put together different di-
agnostic and clinical domains in a comprehensive manner through a dig-
ital approach, while promoting data sharing and biobank sustainability.
The concept of digital biobank, namely ecosystem of readily accessible,
structured, and annotated datasets that can be dynamically queried and
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analyzed [217], can be envisioned as companion infrastructure to support
dynamic data access, processing and visualization of the growing data cap-
ital in research and healthcare. The digital biobank serves as a backbone
structure for integrating diagnostic imaging, pathology, and NGS to allow
a comprehensive approach. It should also be considered as a tool for the
biomarkers discover and validation in order to define multifactorial preci-
sion medicine systems supporting decision making in the medical field [92].
On this premise, the aim of this work is to investigate procedures aiming
at standardization and harmonization of data associated with diagnostic
imaging, histopathology and NGS. This is directly linked to the potential
data management in a digital biobank to allow a complete approach to dis-
eases and also to make these data usable from artificial intelligence (AI)
algorithms [124].

The study aims to address the following specific objectives:

e To review the current data standardization and harmonization ini-
tiatives, concerning all the domains and shared in common practice;

e To propose a comprehensive digital biobank (CDB) approach that
integrates data from different domains. The approach is designed to
address the identified standardization and harmonization needs, and
could serve as a valuable tool for clinical decision-making in the field
of precision medicine.

Figure 2.2 shows an overview of data types included in a CDB. Following
the linear sequence for the generation of numerical descriptors, we repre-
sented (from the right side) all the data concerning storage and acquisition
of a biological (e.g., tissue, blood, etc.) or digital (diagnostic or pathology
image) sample together with the data provided by the reporting, curation,
and processing procedures. On the other hand, following the vertical line,
the integration of the diagnostic domain in each step of the sample lifecycle
is achieved. The goal of a comprehensive approach should be the defini-
tion and application of specific standards for each kind of data and their
integration across the domains. Various sources of information at different
scales, e.g., clinical, imaging, pathology, molecular, and all the associated
semantic, semi-quantitative and quantitative (of which -omics-) metrics,
can support the clinical decision.
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Figure 2.2. Overview of data included in a comprehensive digital biobank
according to the generation of numerical descriptors (e.g. radiomic features
extracted from radiological images, pathomic features from digital pathology
images, as well as molecular features from molecular profiling) during the
sample lifecycle (horizontal increasing arrow) and to the integration of different
domains (vertical descending arrow).

In the first section the concept of biobank, along with challenges re-
lated to both traditional and digital biobanks will be overviewed. In the
second section the focus will be on how a CDB could be implemented and
standardized, including the identification of key use cases and scenarios ad-
dressing specific clinical questions. While always keeping in mind the nec-
essary security and privacy regulations in accessing and retrieving biobank
data [106, 281], the missing aspects to envision workable solutions will be
tackled. Furthermore, the study aims to emphasize the role of biobanks as
a tool for predictive research, interpreting them as source of multifactorial
information to set up predictive models supporting decision making in the
healthcare system. By evaluating the quality of quantitative features and
using the reproducible procedures of the biobank, a standalone system can
be established to generate predictive results starting from domain-specific
data.
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2.1.1.1 Biobanks’ overview

From its first use in the scientific literature in 1996 [197], the term
“biobank” has been defined in many different ways [274]. Nowadays, there
is a consensus to define a biobank as a repository for the storage and
retrieval of structured collections of human biological samples and asso-
ciated data for present and future research use [238|. Data derived from
different sources, such as bodily fluids, tissues, skin cells and other bio-
logical samples, through genomic and molecular processing, are associated
with the medical records and potentially accessible by the researchers.
With the growth of the biobanking field, many different types of data have
been incorporated in these repositories, from the historical and annotated
pathological information associated with the patient clinics to the new
data coming from the advent of -omics science (genomics, transcriptomics,
proteomics, metabolomics) [92]. International Organization for Standard-
ization (ISO) standards and Standard Operating Procedures (SOPs) are
integral aspects of the definition of a biobank.

The importance of standardization becomes evident in numerous chal-
lenges that arise when it is lacking in biobanking practices. For instance,
without standardized protocols for sample collection and handling, vari-
ations in preservation methods and transportation procedures can com-
promise the quality of stored samples, impacting the reliability of sub-
sequent analyses. In the absence of standardized data management pro-
cedures, maintaining accurate and comprehensive records becomes chal-
lenging, hindering the reproducibility of studies and traceability of sam-
ple characteristics. Ethical and legal compliance faces hurdles due to the
absence of uniform guidelines, leading to uncertainties in obtaining in-
formed consent and ensuring participant privacy. Quality control and as-
surance suffer when standard measures are lacking, risking issues such
as contamination and mislabeling. The accessibility and sharing of sam-
ples are impeded without standardized practices, hindering global collab-
orations. Long-term storage conditions and data format standardization
become critical for sample stability and integration of diverse datasets,
respectively. In essence, adherence to ISO standards and SOPs is es-
sential to address these standardization-related challenges by providing
a framework for consistent practices and uphold the fundamental princi-
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ples of sample quality, data integrity, and ethical conduct in biobanking.
Standardization promotes transparency, reproducibility, and interoperabil-
ity, ultimately enhancing the reliability and impact of biomedical research
[67, 45, 239]. SOPs ensure the correct implementation of essential biobank-
ing components (anonymization, samples’ acquisition, transport, prepara-
tion, analysis, storage conditions and terms of sharing). Regarding the
use of SOPs, a series of technical specifications relating to pre-analytical
procedures for human samples developed by ISO/TC 212 are available to
biobanks. The final purpose is the standardization of pre and post an-
alytical procedures, analytical performances, laboratory safety, reference
systems and quality assurance. Unfortunately, although promoted by in-
ternational networks, this process is still not homogeneous and adopted
by all biobanks. Furthermore, it is necessary to share an internation-
ally accepted and implemented ISO standard for biobanks, as the recently
introduced ISO 20387:2018 [101]. It specifies the general competence, im-
partiality, and consistent functioning requirements for biobanks, including
quality control requirements, to ensure biological materials and associated
data of proper quality. This document applies to all organizations that
conduct biobanking procedures for research and development purposes,
including the management of biological samples for the study of circulat-
ing tumor markers. The global adoption of the ISO 20387:2018 standard
for biobanking faces multifaceted challenges rooted in the diverse nature
of biobanks and the substantial commitment required for accreditation.
One key challenge involves the shift from the ISO 9001:2015 certification
scheme to the more comprehensive ISO 20387:2018 accreditation, necessi-
tating a transition from a focus on operational aspects to governance and
management considerations. The extensive documentation and rigorous
internal processes required for accreditation demand a significant invest-
ment of time, skilled resources, and financial commitment, ranging from
EUR 15-25 K. Additionally, the varied sizes and capabilities of biobanks
introduce challenges related to the implementation of standardized Qual-
ity Management Systems, infrastructure upgrades, and personnel training.
Overcoming these challenges requires the development of flexible guide-
lines, financial support mechanisms for resource-limited biobanks, and a
concerted effort to raise awareness globally. Strategies should also include
fostering international collaboration, creating networks for the exchange of
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best practices, and emphasizing the long-term benefits of ISO 20387:2018
accreditation in terms of improved sample quality, stakeholder confidence,
and research reproducibility. Overall, a carefully planned approach, in-
volving stakeholders at different levels, is crucial for the successful and
widespread adoption of the ISO 20387:2018 standard across the global
biobanking community [101].

2.1.1.1.1 Beyond traditional biobanks As described above, biobanks
were originally intended as a collection of biological samples and associ-
ated clinical information. The progressive digitization process has made
it possible to digitally archive an enormous number of images and sev-
eral types of data. In 2014, the Imaging Biobanks Working Group (WG)
of the Research Committee was established by the European Society of
Radiology (ESR). It defined imaging biobanks as “organized databases of
medical images, and associated imaging biomarkers, shared among mul-
tiple researchers, linked to other biorepositories” [117]. It is evident that
an imaging biobank is not simply a system of archiving and transmitting
images as are the PACS (Picture Archiving and Communication System)
systems used in the hospitals. An imaging biobank not only allows the
storage and retrieval of medical images and associated metadata, but the
added value is that these data are linked to the imaging biomarkers, and
to clinical, molecular, biological and genomic data. Imaging biomarkers
are defined as characteristics extracted from the images of an individual
that can be objectively measured and function as indicators of a normal
biological process, a disease, or a response to a therapeutic intervention.
Imaging biomarkers are complementary to conventional radiological read-
ings to detect a specific disease or lesion, to quantify its biological situa-
tion, to evaluate its progression, to stratify phenotypic abnormalities and
to assess the treatment response [105, 231]. This connection could be nec-
essary for the researchers to find an association between phenotype and
genotype [227, 200], to design and validate new imaging biomarkers, as
well as to understand their biological significance, which may be a cru-
cial point in precision medicine [36]. Another important difference is the
organization of data and the way they can be retrieved. Whilst a PACS
can be defined patient-based, in the sense that a query is based on the
search for single-patient examinations, an imaging biobank can be defined
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population-based or disease-oriented as patients having a common disease
are grouped and a user can query a specific study or disease [227]. The
architectures for the creation of medical imaging and molecular imaging
biobanks must incorporate advanced high-performance computing capabil-
ities to allow high-throughput processing. Nowadays, institutions gather
a whole spectrum of mostly digital information, including social, clinical,
imaging and pathological records together with genomic profiles. Con-
sequently, modern biobanking is shifting its focus from sample-driven to
data-driven strategies. This implies that data management and integra-
tion has become a major component of contemporary biomedical research.
In particular, the transition to digital biobanks enabled the amalgamation
of diverse datasets, necessitating sophisticated data management and in-
tegration techniques. This shift has implications for the accessibility of
data, requiring robust systems for efficient storage, retrieval, and analysis.
Additionally, the move towards digital platforms facilitates collaborative
research and accelerates advancements in precision medicine by enabling
the exploration of associations between various data types [223].

2.1.1.1.2 Biobanking networks and research infrastructures In
the initial stages of accreditation of a biobank, it is essential to be recog-
nized by the own institution and to relate to the regional and national
authorities responsible for managing public health. Biobanking networks
aim to connect biobanks together to standardize institutional recognition
procedures and coordinate the sharing of common strategies at European
level. The biobanking field underwent a huge development with the fos-
tering of such networks. The Biobanking and BioMolecular resources Re-
search Infrastructure (BBMRI)-European Research Infrastructure Consor-
tium (ERIC) represents a reference as biobanking infrastructure. The net-
work was designed to operate across European countries with the aims
of improving interoperability and giving quality management services to
biobankers and researchers. Today the BBMRI-ERIC includes 20 countries
and one international organization, making it one of the widest biobanks
network [4]. Furthermore, the network has recently introduced a tool, the
BBMRI Negotiator, to facilitate data sharing and collaboration among dif-
ferent biobanks, making data and materials rapidly and widely available
to researchers. An online catalog has been established for the collection
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and presentation of data describing the majority of European biobanks
[323]. During the state of emergency caused by the COVID-19 pandemic,
BBMRI promoted the organized collection and safe sharing of COVID-19
patient samples, data and images. The collections were registered in a
dedicated and publicly available directory.

Of note, the COVID-19 emergency has highlighted crucial lessons for
future biobanking strategies, particularly emphasizing the need for agile
implementation tools alongside established standards. The recognition
that the existence of standards doesn’t guarantee immediate applicability
underscores the importance of developing tools that facilitate the swift
adoption and interpretation of standards. Aiello et al. [33]| highlighted
that, although the Digital Imaging and Communications in Medicine (DI-
COM) is the format used in the clinical acquisition routine, its limited
adoption for the release of COVID-19 CT public datasets may indicate that
the actual emergency conditions enhance the difficulty in finding suitable
tools during emergencies, leading researchers to resort to alternative, more
manageable formats. Another important lesson is the imperative need
for quality assurance, traceability, and financial investment in biobanking.
The urgency of the pandemic has underscored the critical role of resilient
infrastructure and well-trained personnel to ensure the safety and accuracy
of procedures. Future strategies must prioritize these aspects to effectively
handle emergencies [45].

Among the other existing infrastructures, the International Society for
Biological and Environmental Repository (ISBER) is a global biobank or-
ganization that creates opportunities for networking, education and in-
novation. ISBER provides a community for harmonizing approaches to
emerging challenges in repositories, as well as promoting ideas for creating
new solutions and sharing best practices [14]. Moreover, there are networks
that bring together disease or pathology-oriented biobanks, such as for ex-
ample EuroBioBank [9]. It is a unique network of 25 rare disease biobanks
located in 11 countries. These biobanks store and distribute quality DNA,
cell and tissue samples for scientists conducting research on rare diseases .

2.1.1.1.3 Imaging biobanks projects A recent systematic review of
existing image repositories shows that of the 54 selected biobanks contain-
ing images (of which 61.1% disease-oriented and 38.9% population-based)
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a relatively small proportion can be classified as imaging biobanks [125].

An example of one of the largest and most comprehensive worldwide
biobanks is the United Kingdom (UK) biobank, a large-scale biomedical
database and research resource, containing in-depth genetic, imaging stud-
ies and health information from half a million UK participants [22].

It is worth mentioning two registered European biobanks that have
established organ and / or pathology-based images collections: the Cen-
tral Biobanking facility at the Erasmus MC (Netherland) [8] and the BCU
Imaging Biobank at Bio Check Up Srl (Italy) [114]. The former facilitates
excellent scientific research using biomaterials (biological samples, images,
clinical and epidemiological data), the latter is a non-profit biorepository
aimed at the collection and storage of diagnostic images, derived descrip-
tors and clinical data to foster scientific advances in imaging and biomark-
ers discovery. The Brain Images of Normal Subjects (BRAINS) Imagebank
is designed to provide detailed structural brain imaging data of healthy in-
dividuals across the human life-course. The image bank, hosted by the
Brain Research Imaging Centre at Edinburgh University, Scotland, UK, is
a searchable database of integrated data sets already collected as part of
research studies which include healthy (or control) subjects [5].

Several European projects aiming to build data infrastructure contain-
ing radiological images that are adequately cross-linked to corresponding
-omics and health datasets. The euCanSHare project [61] was the first
project designed to link these infrastructures for secure and integrated
storage of heterogeneous data samples (incl. imaging, -omics, bio-samples
and health data), with pilot validation for cardiovascular personalized
medicine. Some European projects are under development as part of SC1-
DT-TDS-05-2020 H2020 call "ATI for Health Imaging" [1]: PRIMAGE (Pre-
dictive in silico multiscale analytics to support childhood cancer personal-
ized evaluation empowered by imaging biomarkers [213]), CHAIMELEON
(Accelerating the lab to market transition of Al tools for cancer manage-
ment [6]), EUCANIMAGE (A European Cancer Image Platform Linked to
Biological and Health Data for Next-Generation Artificial Intelligence and
Precision Medicine in Oncology [11]), INCISIVE (A multimodal Al-based
toolbox and an interoperable health imaging repository for the empower-
ment of imaging analysis related to the diagnosis, prediction and follow-
up of cancer [13]) and ProCAncer-I (An AI Platform integrating imaging
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data and models, supporting precision care through prostate cancer’s con-
tinuum [20]). All these projects are devoted to testing and developing Al
tools and analytics focused on the prevention, prediction and treatment
of the most common forms of cancer while providing solutions to securely
share health images across Europe. Two other European calls devoted to
the development of cutting-edge services for the enhancement of research
infrastructures funded two big projects: ISIDOR-e [15] and CanServe [25].
The European funding initiatives underlined the importance being placed
on testing and developing Al tools and analytics focused on preventing,
predicting and treating the most common forms of cancer, while providing
solutions to securely share knowledge of healthcare images across Europe.

2.1.1.2 Challenges

Given the above-mentioned evolution of biobanks, the associated chal-
lenges are also changing. In particular, the main challenges related to
comprehensive biobanking can be sorted into three macro-groups related
to standardization, reproducibility and integration. A detailed description
of each category is provided below, with next sections describing potential
solutions.

e Standardization: the first issue concerns the standardization of the
formats for each domain (those vertically with respect to the Figure
2.2). Standardizing the formats for each domain is crucial for ensur-
ing consistency and comparability of data across different sources.
This includes not only the data itself, but also the methods used to
acquire and store it. This can be challenging when dealing with do-
mains that have not yet been fully standardized. However, standard-
izing the formats is necessary to ensure that the data can be easily
shared, analyzed and compared, as well as made more suitable for
creating predictive systems that support medical decision-making.

e Reproducibility: To guarantee the reproducibility of the step to-
wards the digital content (numerical descriptor) for each domain, it
is necessary to follow clear and consistent data management pro-
cedures. This is crucial for both research purposes and healthcare
services, as it allows results comparison, validation, replication, and
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dissemination. The basic assumption is that the user of the biobank
should be able to expand the dataset starting from new biological
samples or raw data (imaging or pathomics). Practically, a digital
biobank should release, together with the raw and processed infor-
mation, all the metadata useful for reproducing any procedure used
to derive digital data from biological data.

e Integration: Today, an important challenge of the biobanks is the
development of imaging technological tools required for radiomic/-
pathomic analyses, integrating these features with genetic and clin-
ical data in novel research approaches such as radiogenomics/ra-
diopathomics. Features from different domains (last column of Fig-
ure 2.2) should be put together in a single format to facilitate bioin-
formatics, multiomics, and multiassay. In this context, the biobanks’
contribution in integrating imaging and molecular data will repre-
sent an innovative approach to improve patients’ clinical manage-
ment supporting the creation of predictive systems that could impact
decision-making.

Each of these challenges cannot be treated ignoring regulatory and
bioethical issues. Although the biobanking and the sharing of extensive
databases could favor innovation and research in healthcare, they are con-
sidered potentially critical because of the accessibility to sensitive data.
Regarding the protection of the patient and human biological material, a
milestone is represented by the Declaration of Helsinki guidelines (1964).
This document sets ethical principles including the importance of protect-
ing the dignity, autonomy, privacy of the participants of research projects.
To face this issue for biobanks, the World Medical Association (WMA)
published the Declaration of Taipei to provide guidelines on the collec-
tion, storage, and use of identifiable data and biological material beyond
the individual care of patients [23]. This declaration is the first inter-
national guideline to provide ethical directions about the complex issues
that arise with activities associated with human databases and biobanks.
Furthermore, the GDPR 2016/679 represents one of the most complete
and shared tools worldwide for the protection of sensitive data and defines
the techniques for pseudonymisation and anonymisation of personal data
[79]. Findable, Accessible, Interoperable and Reusable (FAIR) principles
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point out a path to follow, suggesting that the maximization of the utility
of clinical /research data is obtained if these data are traceable, accessible,
interoperable, reproducible, and of good quality, allowing study findings to
be imparted and shared in a clear and understandable way. FAIR princi-
ples are not to be intended as a standard, but simply as a definition of good
data stewardship practices [324]. The term ‘Findable’ implies data can be
found online, typically through indexing in search engines. ‘Accessible’
means data can be retrieved directly or via an approval process. ‘Interop-
erable’ imposes data to follow standards. Finally, ‘Reusable’ requires the
context of the data generation (metadata) is documented so it can be com-
pared to or integrated with other data sets. These principles were initially
developed for the academic world but have become an indispensable part
of clinical research. Following these principles requires an application of
standards to the various aspects of data collection and sharing. In relation
to this aspect, Holub P et al. proposed FAIR-HEALTH principles [141], in-
cluding additional components such as quality aspects related to research
reproducibility and meaningful reuse of the data [224, 98|; incentives to
stimulate effective enrichment of data sets and biological material collec-
tions and their reuse on all levels [141, 34]; privacy-respecting approaches
for working with the human material and data. Ultimately, to overcome
these challenges, digital biobanks must ensure that data and information
are standardized, reproducible and integrated, following regulatory and
bioethical guidelines [302]. Additionally, adhering to ISO standards and
SOPs, as well as following the FAIR principles, will contribute to the suc-
cess of the digital biobank model. Various initiatives have been launched
to tackle the highlighted issues.

2.1.1.3 Towards comprehensive biobanking

In this section, current biobanking initiatives will be critically analyzed
considering the comprehensive biobanking perspective, identifying possi-
ble critical issues and solutions. Integration and digitalization efforts at
various levels (standards, repositories, tools) will be examined.

2.1.1.3.1 Integration of standards The standardization of proce-
dures, file format and vocabularies is the first step to integrate heteroge-
neous data and to guarantee the functional and semantic interoperability.
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As will be emphasized in the following sections, each domain should have
its own standard but in some specific domain, e.g., in radiomics, there is
not yet a single standard universally approved (de facto) or imposed by
the laws (de jure).

In fact, in the domain of radiomics, the lack of a universally approved
standard poses several specific challenges to data integration efforts. The
heterogeneity of imaging modalities, each with its unique file formats and
data structures, complicates the standardization process. Diverse algo-
rithms and software tools for feature extraction contribute to variations in
feature definitions and extraction methodologies. Moreover, the absence
of consensus on clinically relevant radiomic features hinders the devel-
opment of standardized vocabularies. The interpretation of correlations
between radiomic data and clinical outcomes varies among experts and
institutions, adding to the complexity. The rapid evolution of imaging
technologies and continuous advancements in analysis methods necessitate
flexible standards that can adapt to technological progress. Interdisci-
plinary collaboration is crucial, requiring effective communication between
radiologists, oncologists, data scientists, and other stakeholders. Addition-
ally, addressing concerns related to data privacy, regulatory compliance,
and the limited adoption of existing standards further underscores the need
for a concerted effort to establish robust and widely accepted standards in
the field of radiomics [312].

Therefore, a first significant effort is needed to bring together different
standards to create a standard-based integration profile. This integration
profile should aim to simultaneously describe clinical, imaging, biological,
molecular and omics data, by defining the meaningful attributes to repre-
sent the data in each field in a standard way. This also requires an effort
in the database design and in the establishment of how to organize and
connect data so different from each other in a single structured repository.
The ESR started a collaboration with BBMRI-ERIC in 2014, recognizing
the importance of integrating imaging and “omics” data. Therefore, this
challenge is being addressed in the several European projects mentioned
in Section 2.1.1.1.3, which in fact aim to build data infrastructure contain-
ing radiological images cross-linked to corresponding -omics and health
datasets. In particular, in the context of the PRIMAGE project, it has
been proposed a first standard-based integration profile to link imaging
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data to biological sample data, typically included in a traditional biobank
[270, 213]. To build this model of interoperability among heterogeneous
data, the existing formats and ontologies for image and data description,
the Minimum Information About Biobank Data Sharing (MIABIS) and DI-
COM, were considered as standard of reference. In this DICOM-MIABIS
model, MIABIS has been expanded to the imaging field to also include
image collections, and the expansion has been realized by adding to the
MIABIS core a module based on the DICOM standard metadata. Since, as
said, it is challenging to find a well-accepted radiomic standard, a special
attention shall be paid to the description of the radiomic features extrac-
tion and the biomarker validation, which are fundamental data that add
value to an imaging biobank. But certainly, this DICOM-MIABIS integra-
tion profile represents a first effort and a starting point for standardization
of imaging data and metadata representation for data sharing. In a recent
update, MIABIS Core 3.0 has been developed with 32 attributes describ-
ing Biobanks, Collections, Research Resources and Networks according to
a modular structure that makes it easier to adhere to and to extend the
terminology. Additional aggregate-level components have been prepared
for imaging (DICOM-MIABIS) and for SOPs.

2.1.1.3.2 Integrated repositories The critical issues related to the
development of imaging biobanks often make it hard for a small research
group to have its own biobank with a significant quantity of both radiomic
and biological -omic data. A solution to this problem is the use of public
databases containing multi-omic and imaging data with additional sup-
porting data related to the images such as patient outcomes, treatment
details, genomic, pathology and expert analyses [125].

Databases are available for different biomedical research fields with
primary availability and development in the oncological and neurological
fields. In the field of oncology, the US-based Cancer Imaging Archive
(TCIA) [86] is a service that stores medical images of cancer patients in
a large archive accessible for public download. DICOM is the primary file
format used by TCIA for image storage, but TCIA does not enforce other
standards for describing nonimage supporting data, such as treatment de-
tails and patient outcomes [54]. The connection of TCIA to the Cancer
Genome Atlas (TCGA-TCIA) [86]represents the largest data repository
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in cancer research containing several primary sites and a large amount of
available data (over 20,000 primary cancer and matched normal samples
crossing 33 cancer types) [336]. Of note, some of the available information
is not compliant with standards [33|. Imaging Data Commons (IDC) is
a repository of publicly available cancer imaging data (radiology collec-
tions from TCIA and subsequently digital pathology images from Human
Tumor Atlas Network (HTAN)), often linked with other types of cancer
data, and co-located with cloud-based computational resources and big
data analysis tools provided by the Google Cloud Platform [12|. The NCI
Cancer Research Data Commons (CRDC) is a cloud-based data science
infrastructure that connects data sets with analytics tools to allow users
to share, integrate, analyze, and visualize cancer research data to drive
scientific discovery [18]. In the field of neurological and neurodegenerative
as examples are available the National Institute of Mental Health (NIMH)
Data Archive (NDA) [19] and the Laboratory of Neuro Imaging (LONI)
[17]. Before the advent of open repositories, it was extremely difficult for
an investigator to share and find datasets relevant to his research. The
repositories allow researchers, engineers, educators to use their datasets
collections to test and validate new hypotheses, to build new analysis
tools and techniques, to show students interesting and specific use cases.
In addition, a number of active research communities and collaborations
have developed thanks to the sharing of specific multicentric collections.
Some limitations include the lack of adequate descriptions of the collec-
tion, linkages to other databases, standard-compliant data formats, and
the complete anonymization of metadata which leads to a loss of infor-
mation fundamental to research. The main concern associated with using
public databases is related to the risk of re-identification for individuals’
sensitive data. A key aspect is the application of data curation procedures
and of robust de-identification techniques. Anonymization may no longer
be appropriate, especially if individual-level data is to be shared. Some
repositories apply access restrictions, but the decisional procedure and the
data access criteria must be transparent. A further barrier to data sharing
is the insufficient attribution of credits and the (mistaken) authors’ beliefs
about ownership of data. Balancing the potential benefits of using public
databases for research and healthcare advancements against the ethical
and privacy concerns requires a delicate approach [167, 326].
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2.1.1.3.3 Platforms for digital biobanking From the technological
point of view, a comprehensive biobank should have an optimized software
architecture for the massive extraction of quantitative data and its associ-
ation with other variables [36]. The main functional requirements are: (i)
integration with current health information systems (i.e. DICOM sources,
PACS, electronic medical records), (ii) modular extensibility in different
components (.i.e. medical image visualization, database searching engines,
back-end, front-end), (iii) scalability allowing for the wake up process of
new storage units or servers, (iv) easy accessibility for clinical users and
collaborators, (v) inference of AI models and data mining. The follow-
ing components can be found in data management systems for biomedi-
cal science. Historically, neuroimaging communities have been the most
productive in developing platforms for the collection and management of
DICOM diagnostic images. For example, the Extensible Neuroimaging
Archive Toolkit (XNAT) is an open-source software suite developed by the
Neuroinformatics Research Group of St. Louis, Missouri, to address and
facilitate data management challenges in Neuroimaging studies (MRI, CT
and PET). While XNAT supports mainly DICOM images and reports, it
can, at least in principle, store data of different types [210]. XNAT relies
on a three-tiered software architecture made of a PostgreSQL database
back-end, a Java-based middleware tier usually deployed on an Apache
Tomcat servlet container, and a web-based user interface. Specialized in
the integration of neuroimaging data, the Collaborative Informatics and
Neurolmaging Suites (COINS) is another platform that enables radiolo-
gists and researchers to easily manage questionnaires and neuroimaging
data (MMRI, EEG, MEG, and genetic data) [183|. It was developed at
the Mind Research Group (New Mexico, USA). COINS’s main strengths
are the adoption of a centralized infrastructure and the well structured
taxonomy for data and data sharing. At the time of writing, COINS sup-
ports only the DICOM format, but other data types could be zipped and
uploaded via the web interface. The metadata schemas of XNAT and
COINS are both structured using XML. One of the main limitations of
XNAT is that the creation of a new data type (e.g., clinical variable or
assessment) requires the construction of a new XML document and other
operations that demand manual changes by an administrator with good
informatic skills. On the contrary COINS allows a greater level of exten-
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sibility and the creation of customized clinical assessments to complement
the neuroimaging scans. However, it does not support user-configurable
fields for all the neuroimaging data types (only for MRI and MEG), and
no explicit creation of new data types is available to integrate other data
sources. Concerning the database, COINS stores all the metadata in an
Entity-Attribute-Value (EAV) catalog, while XNAT adopts a mixed model
using tables for the widely used data types along with an EAV represen-
tation for all the remaining metadata [147]. In terms of the scalability of
the system, the EAV approach is less efficient in data retrieval and could
affect the catalog performance. Both the repositories are equipped with
a DICOM node to receive the imaging studies and a web portal for the
users’ access.

2.1.2 Comprehensive digital biobanking model

After the recognition of major challenges and criticisms in the clinical
and research context, as well as of the integration and digitalization efforts,
this section aims to define the key cases and scenarios of a comprehensive
biobanking approach. We will account for the needs and requirements
(related to standardization and harmonization) for the implementation of
a CDB. A prerogative of the proposed approach will be “to invent as little
as possible”, thus including current “standards”, when possible. On this
premise, existing standards, procedures and initiatives will be introduced
as pillars of the proposed comprehensive biobanking model, that will be
discussed as a valuable tool for clinical decision-making in the field of
precision medicine.

2.1.2.1 Use cases and scenarios

The identification of use cases is key to highlighting the main challenges
and criticisms in the clinical and research context and will help to steer
the needs and requirements for the implementation of a comprehensive
biobanking approach. First, it should be emphasized that a comprehensive
biobank user (namely a researcher/clinician) has two different ways to
interface with the digital biobank:

e "Data Catalog" mode: a Data Catalog is a collection of metadata,
combined with data management and search tools, that helps ana-
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lysts and other data users to find the data that they need, serves as
an inventory of available data, and supplies information to evaluate
the suitability of data for intended uses. According to this interface
modality, the user does not access the digital biobank data, but can
design a research project with the support of information derived
from the catalog. Only after the approval of the project by the Eth-
ical Committee, the data will be transferred to the user according to
the Material and Data Transfer Agreement (MDTA);

e "Data Access" mode: thanks to this modality, the user can pre-
liminarily consult the catalog, then he/she can access biobank’s col-
lections with his/her account and thus perform the analyses directly
on the platform. The details of which user has access to which data
are typically managed on a project-by-project basis under the re-
sponsibility of the collection owners themselves.

It is worth noting that in the “Data Catalog” mode of interacting with a
digital biobank, users are spared from immediate privacy concerns. Be-
cause this mode revolves around metadata and data management tools,
researchers can design and assess research projects without accessing the
actual biobank data. Since the focus is on the information derived from
the catalog rather than the data itself, there is no immediate need to in-
form subjects about the specific research being conducted. This is in stark
contrast to the “Data Access” mode, where privacy issues come to the fore.
In this mode, researchers need not only to consult the catalog, but also
access the biobank’s collections for direct analysis. This requires informing
patients about the use of their data, obtaining ethical approvals, and ad-
hering to strict data access protocols, thus limiting the freedom to expose
and analyze data without strict ethical considerations. Striking a balance
between facilitating comprehensive research and ensuring patient privacy
becomes imperative in the data access mode.

Concerning the possible use cases, these could be of two types:

e Based on research questions: a researcher/clinician needs a col-
lection to address a specific clinical question about a pathology or
population of interest (e.g., can some radiomic features predict sur-
vival in a particular disease?).
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e Based on data integration and reproducibility: a researcher/-
clinician needs external collection to augment his/her initial dataset,
to reproduce results obtained by other researchers or to validate Al
models.

Figure 2.3 shows both an example of a CDB that enables the implementa-
tion a study involving radiomic, pathomic, and genomic descriptors, and
a use case where an external researcher or clinician that aims to explore a
CDB based on specific criteria, for example to answer a research question.
This figure is also representative of a use case where an external researcher
aims to reproduce results obtained in another study. In this case all the
above-mentioned challenges would come to the surface. To illustrate the
outlined use cases, two real-world relevant scenarios can be considered,
namely a multi-omic oncology study (e.g. radiogenomic or radiopathomic
investigation), and, in view of the recently faced emergency, a study aiming
at improving the accuracy and efficiency of COVID-19 diagnosis through
Al-based segmentation. Concerning the multi-omic oncology study, a re-
searcher may be interested in exploring the correlation between radiomic
features extracted from radiological images and genomic markers [73] (or
pathomic features [70]) associated with clinical /pathological outcomes in
a specific cancer type and could leverage the CDB to access the required
material (e.g. raw images, molecular data, image annotations) to obtain
numerical descriptors and/or explore pre-extracted features to reproduce
previously obtained results. Moreover, the second real-world example in-
volves a clinician or researcher who aims to develop an Al-based segmenta-
tion model for COVID-19 lesions to accurately identify and delineate lung
alterations in COVID-19 patients [31]. Also in this case, the researcher can
leverage the CDB to access a wide set of raw chest CT images and corre-
sponding masks from COVID-19 patients, as well as to augment his/her
initial dataset with other data contained in the CDB, to reproduce results
previously obtained by other researchers or to validate the developed Al
models.

2.1.2.2 Standardization and harmonization initiatives

This section is focused on solutions to implement the comprehensive
biobank approach, following the above defined requirements. The preroga-
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Figure 2.3. Use case diagram representing an external user (clinician/re-
searcher) with the aim of performing a comprehensive analysis involving ge-
nomic, radiomic, and pathomic features of a specific tumor type or reproduc-
ing or integrating an already performed study. The figure also depicts the
ways to interface with the digital biobank (e.g. “Data Catalog” or “Data
Access” mode). CNN=Convolutional Neural Networks; DL=Deep- Learn-
ing; WES=Whole Exome Sequencing; WGS=Whole Genome Sequencing;
SNP=Single Nucleotide Polymorphism; miRNA=MicroRNA.
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tive will be to include standards, protocols, and standardization initiatives
already existing and shared in common practice. A list of the current stan-
dards and standardization /harmonization initiatives related to all domains
of Figure 2.2 and functional for the development of a comprehensive digital
biobanking approach is reported in Table 2.1. Table 2.1 includes standards
and initiatives selected from an online semi-systematic review. In addition
to the well-known DICOM and Health Level Seven (HL7) standards, stan-
dardization initiatives concerning storage of biological sample, data ac-
quisition (collection and clinical data, imaging, pathology and molecular
profiling), data reporting (radiology and pathology report), data curation
(clinical outcomes, annotations) and processing (including both procedures
and feature extraction) were selected. Only standardization or harmo-
nization initiatives/alliances/communities that had a web reference, were
recently updated, and provided a complete picture of the formats, data
models, and operating procedures to be followed were selected. Exclusion
criteria were therefore the partial information on the website, the absence
of recent publications, the absence of clear protocols and guidelines. Taken
together, these initiatives represent a huge opportunity to converge towards
the interoperability of digital biobanks with clinical data management sys-
tems used in common practice, promoting the collection and sharing of
real-world data, with a notable impact on the data quality and volume. In
addition, standards and standardization/harmonization will be analyzed
and selected in light of well-known standards-related challenges, such as
fragmentation of standards across institutions and countries or interoper-
ability between different systems and platforms.




2.1. COMPREHENSIVE BANKING OF BIOMEDICAL DATA: TOWARDS A COMMON STANDARDIZATION.45

Table 2.1. Initiatives and standards functional to the development of a com-
prehensive biobank.
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2.1.2.2.1 Clinical and regulatory data standardization initia-
tives A critical issue is related to the standardization of clinical data
to favor the sharing of medical information. Biological researchers and
biobankers, being the producers and often the end-users of such data, have
a pivotal role in enabling biological data integration. In this context, one
of the most promising approaches is adopted by the BBMRI-ERIC infras-
tructure. The concept of MIABIS was introduced in 2012 by the Sweden
BBMRI to facilitate samples collection and data sharing. Subsequently, it
was further updated in 2016, upgrading the components defining biobanks,
collections, and studies on an aggregated level [123]. The integrated data
can then be used for retrieving data in queries in a structured and orga-
nized form. The MIABIS Core version 2.0 is currently used in different
biobank registers and catalogs, that is, in the BBMRI-ERIC Directory; the
development and the improvement of MIABIS is currently coordinated by
the Common Service IT operations of BBMRI-ERIC [109]. Another pro-
posal of sharing of clinical data in digital format are the interoperability
standards (V2.x, V3, CDA, FHIR) promoted by Health Level Seven In-
ternational (HL7). HLT7 is a not-for-profit, ANSI-accredited organization
dedicated to providing a comprehensive framework and related standards
for the exchange, integration, sharing and retrieval of electronic health
information that supports clinical practice and the management, delivery
and evaluation of health services. Another option is the Observational
Medical Outcomes Partnership (OMOP) Common Data Model (CDM). It
is an open community data standard, designed to standardize the struc-
ture and content of observational data and to enable efficient analyses that
can produce reliable evidence. The CDM is designed to include all obser-
vational health data elements (experiences of the patient receiving health
care) that are relevant for research use cases to support the generation of
reliable scientific evidence about disease natural history, healthcare deliv-
ery, effects of medical interventions, the identification of demographic in-
formation, health care interventions and outcomes. Finally, an important
initiative is supported by the Clinical Data Interchange Standards Con-
sortium (CDISC), establishing standards to support the acquisition and
submission and archive of clinical research data. Taken together, these
initiatives represent a huge opportunity to converge towards the interoper-
ability of digital biobanks with clinical data management systems used in
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common practice, promoting the collection and sharing of real world data,
with a notable impact on the data quality and volume.

2.1.2.2.2 Imaging standardization initiatives The standardiza-
tion of the medical imaging formats plays a crucial role in the effective use
of the data and subsequent clinical decision-making. DICOM is the current
de jure standard for the storage, retrieval and transmission of radiological
and many other medical images, enabling the integration of multi-vendor
medical imaging devices such as scanners, servers, workstations, print-
ers, network hardware and PACS [33]. The DICOM file format contains
required and optional metadata which describe the patient, exam details,
and, in many cases, individual image technical details (e.g., rows, columns,
modality, manufacturer). The DICOM file format contains mandatory
and optional metadata describing the patient, examination details, and,
in many cases, technical details of individual images (e.g., rows, columns,
modality, manufacturer). The DICOM standard fully supports a series
of key actions involved in the radiology workflow (de-identification, an-
notation, reporting), allowing to encapsulate in a single format much of
the information necessary also for subsequent analytical phases. DICOM-
Structured Reporting (SR) provides a versatile mechanism for commu-
nicating image-based measurements and supports both quantitative and
qualitative evaluations using the TID 1500 template [230, 88]. A DICOM-
Segmentation Object (SEG) is the standard way to encode segmentations
defined as labeled image voxels [119]. For example, considering a typical
radiomic workflow, the use of DICOM objects would allow an Al system
to work with appropriately de-identified data, information related to the
patient’s clinical status (DICOM-SR) and information on the localization
of the region of interest (DICOM-SEG) within a single DICOM folder that
can be useful to calculate the radiomic descriptors, thus favoring the ag-
gregation of suitable data to develop reliable systems for classification or
prediction of clinical outcomes.

While DICOM is widely used and well established, the Neuroimaging
Informatics Technology Initiative (NifTI) format is also gaining recogni-
tion as a de facto neuroimaging file format, but it also has several other
advantages that make it a popular choice in various imaging applications.
Unlike DICOM, which primarily contains technical details of the images
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and is optimized for clinical use, NifTT provides a more straightforward
and flexible way of storing and exchanging imaging data and its metadata,
making it an attractive option for researchers and data scientists. One of
its key benefits is its compatibility with a wide range of software platforms
and applications, allowing for easy sharing of imaging data between differ-
ent systems.

Harmonizing imaging data standards with other data types in the
biobanking context poses significant challenges. The variety of data types
collected by biobanks, including clinical, genomic, and imaging data, re-
quires a comprehensive approach to standardization. Achieving interop-
erability between DICOM and NIfTT standards, as well as other formats,
is complicated by the different storage systems and information models
employed by different biobanks. Standardizing metadata across these dis-
parate sources is crucial for seamless integration. Moreover, ethical and
legal considerations, such as patient privacy and data sharing regulations,
add layers of complexity to the harmonization process. Dealing with the
large and complex nature of medical imaging data, along with ensuring
both syntactic and semantic interoperability, further underscores the chal-
lenges. Ongoing updates to standards and the need for user training and
adoption contribute to the multifaceted nature of harmonizing these stan-
dards in the biobanking landscape [117].

Another important aspect concerns standardization and harmoniza-
tion of numerical descriptors associated with diagnostic imaging (e.g., ra-
diomics), as well as of procedures for obtaining these numerical descriptors.
The lack of shared reference standards concerning data storage, the miss-
ing agreement on analysis procedures, and the feature reliability and re-
producibility limitations affect radiomics. However, several initiatives have
been launched to address these issues. Quantitative Imaging Biomarkers
Alliance (QIBA) and European Imaging Biomarkers Alliance (EIBALL)
initiatives include collaborating to identify needs, barriers and solutions to
the creation of quantitative biomarkers, and accelerating the development
of hardware and software to obtain accurate and reproducible quantitative
biomarkers. In addition, the Image Biomarker Standardization Initiative
(IBSI) is an independent international collaboration dedicated to stan-
dardizing radiomic analysis. In particular, the IBSI aims to address many
challenges in 4 different specific areas: (1) standard nomenclature and
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common radiomic features, (2) radiomics image processing schemes, (3)
data sets for validation and calibration, and (4) a set of reporting guide-
lines [342]. This group defined 174 radiomic features commonly used to
quantify the morphologic characteristics and numerous others needed to
define the quantitative information and tries to standardize the image pro-
cessing steps of data conversion, post-acquisition processing, segmentation,
interpolation, masking, and others. Such standardization is expected to
make radiomics clinically useful and scalable for the integrated diagnosis
service [175]. Limiting the radiomic analysis to the IBSI standardized fea-
tures can facilitate radiomic features interchangeability across platforms
[145]. Concerning procedures, a detailed reporting and documentation of
radiomic studies is essential to develop this emerging field in terms of clini-
cal translation and to improve the reproducibility of study outcomes. The
Radiomics Quality Score (RQS) has been introduced to assess radiomic
studies in terms of their compliance with best-practice procedures and to
provide a reference guide for the drafting of manuscripts of radiomic stud-
ies [181].

2.1.2.2.3 Digital Pathology standardization initiatives Tradi-
tionally, pathologists assess and document features of traditional slides
in diagnostic reports, which are then archived. With the introduction and
advancement of digital pathology, the significance of slides has undergone
a transformation, acquiring a “digital copy”, thus allowing for an immedi-
ate possibility of reuse.

Digital pathology is a general term that refers to the process of digitiz-
ing histopathology, immunohistochemistry or cytology slides using whole-
slide scanners, along with the interpretation, management, and analysis of
these digitized whole-slide images (WSIs) using computational approaches
(computational pathology) [28]. The digital pathology slides can be stored
in a centralized repository, enabling remote access for manual review by a
pathologist or automated evaluation by a data algorithm.

Computational pathology uses advanced computational methods, ei-
ther hand-crafted (pathomics [134]) or deep-learning-based, to extract
valuable information from high-resolution WSIs that can be correlated with
phenotypic features in different types of malignancies in association with
the traditional histopathologic evaluation performed by pathologists [97].
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Despite the growing demand, digital pathology is currently still limited due
to several aspects [315]. First, the introduction of digital pathology in clin-
ical practice is highly dependent on the standardization of procedures and
file formats. The process of transforming glass slides into WSIs involves a
series of phases: (i) pre-analytical (tissue procurement to fixation, process-
ing, cutting, etc.), (ii) analytical (stain selection, validation) and digital
(scanning, evaluation of monitor resolution, number of colors and distribu-
tion image format), (iii) post-analytical (analysis of results, the reporting of
data, and machine learning application and sharing) [52]. Although there
are still no robust standardization criteria, several encouraging initiatives
are proposed. The College of American Pathologists provided guidelines
for the use of approaches involving digital pathology; moreover, other or-
ganizations such as the National Society for Histotechnology in the USA
and the Royal College of Pathologists in Europe have initiated programs
and recommendations for the implementation of digital pathology [236].
Based on the compelling need for data standardization and interoperabil-
ity in digital pathology, there are ongoing efforts for the standardization of
the representation and storage of pathology image data and analysis result
[139, 87].

The DICOM Standard Committee WG-26 has put in a tremendous
effort to support the use of DICOM in the pathology domain, and consid-
erable progress has been made in incorporation of the information object
model for pathology images, including WSIs. The use of DICOM for digi-
tal pathology images allows to achieve highly efficient pathology workflows
and to easier manage WSIs together with images from other diagnostic do-
mains [214, 161, 235, 154]. While the DICOM standard has been extended
to support digital pathology, it has seen little adoption in pathology prac-
tice. At the time of this writing, no FDA-cleared digital pathology systems
actually employ it natively [139]; however, at least one high-throughput
WSI device (Leica Aperio GT 450 DX) outputs DICOM natively [3]. Gen-
erally, TIFF (Tagged Image File Format) or SVS (Aperio ScanScope Vir-
tual Slide) file formats are preferred for various reasons. First, they can
handle larger file sizes than DICOM thanks to lossy compression, which
is important in digital pathology where WSIs can be several gigabytes in
size. However, the compression potentially leads to degradation of image
quality. Second, TIFF and SVS allow for faster access to images for review
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and analysis, without the need for decompression or conversion, and are
more commonly used in open-source projects in digital pathology. Instead,
DICOM addresses primarily IT experts who have the necessary technical
expertise to implement it. This disconnect has resulted in an apparent lack
of prioritization of interoperability, and vendors lack a compelling return
on investment for building DICOM turn-key solutions. On the other side,
DICOM provides a rich set of metadata, including patient information,
image acquisition parameters, and annotations, while SVS and TIFF lack
this level of information. Moreover, DICOM is a widely accepted standard
in medical imaging, allows for seamless interoperability between different
systems and platforms and provides long-term archiving, ensuring that
images will be accessible and usable in the future, while SVS and TIFF
may not be as well-suited for this purpose. As these standards are refined
and implemented, we expect that open source and commercial software
products will adopt these formats to enable interoperability across differ-
ent imaging and software systems.

Another important aspect concerns the standardization and harmo-
nization of pathomics workflow. The challenges stem from several factors,
including the heterogeneous nature of the data, the variability in image
acquisition and processing, and the lack of consensus on the best methods
for obtaining the numerical descriptors. One challenge is to ensure the
comparability of results obtained from different imaging modalities, such
as bright-field, fluorescence, and electron microscopy. Another challenge is
to ensure the reproducibility of results, as the variability in image acquisi-
tion and processing can lead to different results even when the same image
is analyzed multiple times. To address these, it is necessary to establish
consensus-based standards and guidelines for image acquisition, process-
ing, and analysis, as well as for the generation of numerical descriptors
that ensure consistency and reproducibility.

Despite the previous considerations, the integration of digital pathology
data in a digital biobank could represent a groundbreaking advancement,
especially when compared to the more established digitalization in radi-
ology. While radiology has been at the forefront of the digital revolution
in medical imaging, the digitalization of pathology images is a more re-
cent development that holds immense promise, especially in bridging the
gap across multiple scales (e.g., molecular, microscopic, macroscopic) in
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the study of diseases, particularly in oncology, where understanding the
molecular and cellular intricacies of tumors is critical for accurate diagno-
sis, prognosis, and treatment decisions [313].

2.1.2.2.4 Next Generation Sequencing standardization initia-
tives The possibility of managing NGS data confers the opportunities
to adopt a personalized approach to the patient. Despite the efforts of
these international projects to encourage sharing in processing, analyses,
and output of genomics data, there is not yet a single shared direction
relating to the management of NGS data. Indeed, the actual proposed
standardized procedures and data formats, as well as comprehensive qual-
ity management considerations, are not yet fully followed. There are many
initiatives promoted and aimed at standardizing genomics data in the fields
of (i) reporting standards initiatives, (ii) data analysis and quality met-
rics projects, (iii) file format, data analysis and quality control tools, and
(iv) data integration initiatives. Concerning (i), the basic approach to
better exchange and integration of data contributed by different laborato-
ries using different sequencing technologies is the adoption of MIGS-MIMS
(Minimum Information about a Metagenomic Sequence). MIGS represents
a minimum information checklist that is aimed at standardizing the de-
scription of a genomic sequence maintained by the Genomic Standards
Consortium; indeed, this organization has also developed an extension of
MIGS to support metagenomic data sets called MIMS [296, 84|. For this
aim, the Genomic Data Commons Data Portal requires one to provide
a specific set of metadata, to contribute to the platform [126]. Other
international initiatives such as MIAME (Minimum information about a
microarray experiment), MINSEQE (Minimum information about a high-
throughput sequencing experiment) are adopted to facilitate the workflow
of genomic data standardization |75]. They are proposed by the Functional
Genomics Data Society (FGED), defining a minimum set of metadata for
high-throughput sequencing, to guarantee the quality, documentation, and
reproducibility of experiments and sharing of data. Concerning (ii), the
FDA — National Center for Toxicological Research has underlined the ne-
cessity of comparability between results obtained from different platforms.
The MicroArray Quality Control Project (MAQC) is a project addressed to
the reliability and reproducibility of cross-platform gene expression analy-
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sis as well as the development of standards and quality guidelines [209, 190].
Other similar international projects focused on quality metrics efforts were
the Critical Assessment of Microarray Data Analysis (CAMDA) and Nor-
malization and Transformation Ontology (NTO).

About (iii), there are several data standards that have become de facto,
meaning they are widely accepted and used without being officially sanc-
tioned. These standards cover a range of topics including sequences, vari-
ants, and experiments. For sequences, the FAST(Q format is widely used
to store and exchange DNA and RNA sequence data along with their
associated quality scores. This format is the starting point for most ge-
nomic analysis and has become a cornerstone of many genomic analysis
pipelines, as the quality scores are critical for the assessment of the quality
and reliability of the sequence data [83]. Another important data format
in genomics is BAM (Binary Alignment Map) /SAM (Sequence Alignment
Map), which is used for storing and sharing the results if aligning the se-
quences in FASTQ to a reference genome. BAM, the binary version of
SAM, is a compact and efficient format for storing substantial amounts of
alignment data, while SAM is a human-readable format. BAM/SAM files
are commonly used for large-scale genomic analysis and can be used for
tasks such as read visualization, quality control, and downstream analysis.
There are several types of quantitative data that can be generated after
processing BAM and SAM files, including sequence alignments, quality
scores, coverage, structural variations, epigenetic analysis, genomic vari-
ants [261]. Concerning the latter, the VCF (Variant Call Format) format
is widely used for storing and sharing information about genomic vari-
ants, such as single nucleotide polymorphisms and insertions/deletions.
VCF files provide a standardized way of describing and comparing ge-
nomic variants across different samples and are widely used for genomic
data exchange and storage [340].

It is not necessary to convert BAM /SAM files to VCF files in all cases,
as BAM/SAM files contain information about the alignment of the se-
quences and VCF files contain information about genomic variants. De-
pending on the specific analysis tasks, either format may be more appro-
priate, or both formats may be used in conjunction. For example, if the
goal is to perform variant calling, the BAM/SAM file would first be used
to align the sequences and the resulting alignment would then be used as
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input for a variant caller to generate a VCF file [340].

Regarding (iv), a lot of standard initiatives and efforts are described
and available on the different datasets; they are continuously proliferating
but unfortunately not necessarily in harmonizing ways. An important ini-
tiative, focusing mainly on the standardization of genomic data is carried
out by Global Alliance for Genomics and Health (GAGH), an organiza-
tion that could help to develop the interoperability to develop the great
potential of genomic data [10]. To further accelerate the standardization
process, several international organizations took part in the creation of
physical standards for omics data. The US National Institute of Stan-
dards and Technology (NIST) focused on the standardization of sample
preparation within the framework of truly diverse projects. An ongoing
project is the Genome in a Bottle (GIAB) consortium [24] focused on
adapting procedures established for whole-genome sequencing to the clin-
ical environment [279]. Other initiatives are promoted by the Association
of Biomolecular Resource Facilities (ABRF), a network focusing on stan-
dardization and optimization with the objective to develop guidelines; in
detail, the ABRF-NGS group aims to identify the optimal methods and
strategies for NGS projects, comparing the performances of different NGS
platforms [116, 188|. It will be essential for biobanks to follow these in-
ternational standardization initiatives to make the diverse types of stored
data accessible, manageable, and reuse, promoting an upcoming applica-
tion of NGS data in clinical practice.

It is worth noting that the implementation of genomic standards within
the biobanking framework poses several practical challenges, particularly
in the context of data sharing and privacy. This complexity stems from
several remarkable features that make genomic data different from other
health data, such as the direct relationship between genomic-associated
information and prognosis, as well as the presence of significant common-
ality among blood relatives individuals. Genomic data, with its stability
and identification potential, raises privacy concerns that challenge con-
ventional health data privacy models. Advances in privacy technologies
are improving genomic data sharing, but regulatory and ethical guidelines
need further enhancement. Addressing these challenges is crucial for em-
powering individuals to actively contribute to scientific research, advancing
genomic data sharing and benefiting medical research [68, 219].
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2.1.2.3 Proposed approach

Based on some of the existing initiatives identified in the previous sec-
tions, a comprehensive biobanking approach that could fill the identified
standardization, reproducibility and integration needs was proposed. The
proposed approach is based on the use of standards and data formats al-
ready existing and shared in common practice (Table 2.1). Looking at
Figure 2.4, the challenge is to develop an aggregate database model that
is functional to the integration among multidisciplinary domains (vertical
view) and the generation of numerical descriptors associated with each do-
main (horizontal view).
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Figure 2.4. Proposed integrative approach accounting for standardiza-
tion/harmonization of each diagnostic domain and integration among mul-
tidisciplinary domains, together with the harmonization/standardization con-
cerning the generation of numerical descriptors associated with each single
domain. The approach involved the use of MIABIS, DICOM and FASTQ as
they are established standards in the common practice to describe raw and
derived data from clinical imaging, pathology, and next-generation sequencing
domains. JSON format was proposed to store and interchange domain-specific
numerical descriptors. MIABIS=Minimum Information About Blobank data
Sharing; DCM (DICOM)=Digital Imaging and Communications in Medicine;
WSI=Whole Slide Imaging; SR=Structured Report; SEG=Segmentation;
JSON=JavaScript Object Notation.

According to our proposed model (Figure 2.4), the storage and the
acquisition of the biological samples will be managed using MIABIS stan-
dard. Instead, the key actions of imaging workflow will be supported
by DICOM standard allowing to encapsulate in a single format much of
the information necessary for subsequent analytical phases both for radi-
ological and pathological domains [33]. Indeed, the proposed approach is
based on the use of DICOM for the acquisition of both radiologic images
and WSI images. On this line, DICOM-SR is proposed for the encoding
of clinical data, radiology and pathology reports, as well as clinical out-
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comes. Furthermore, all image annotations (both associated to radiology
and pathology) will be encoded in DICOM format, by means of DICOM-
SEG. These choices are also motivated by the existence of a theoretical
model of DICOM-MIABIS integration [270]. In molecular domain, the
use of FASTQ was proposed as the format for molecular profiling [89].
This choice is based on several advantages offered by the FASTQ format.
FASTQ is a widely used and well-established format in the field of ge-
nomics and NGS data, and it provides reliable data storage, ease of use,
and compatibility with existing NGS data analysis pipelines. Additionally,
FASTQ format includes quality scores for each base, which can be used for
error correction and quality control during data analysis. By using FASTQ
for molecular profiling, we aim to ensure the integrity and accuracy of the
molecular data stored in the biobank.

It should be considered that, while leveraging FASTQ for molecular
profiling in a digital biobank brings numerous advantages, integrating this
data with imaging and pathology data introduces may require developing
custom interfaces or middleware to ensure seamless data interaction. This
is because FASTQ files have a unique format tailored for molecular data,
that is completely different from the imaging formats. In fact, FASTQ data
typically operates at a granular level, dealing with individual nucleotides.
Integrating this high-resolution molecular information with imaging data,
which may be volumetric and multi-dimensional, poses challenges in scal-
ing and correlating information accurately. In addition, integrating these
results with imaging or pathology-derived features may introduce analyti-
cal complexities, requiring sophisticated computational approaches, robust
infrastructures, potentially impacting storage costs and retrieval times, and
expertise in both genomics and imaging informatics.

Concerning the data processing and the generation of numerical de-
scriptors (namely radiomic, pathomic and molecular features features), we
propose to use JSON (JavaScript Object Notation) format [16]. JSON is
a lightweight data format that makes it easy to transfer and store huge
amounts of data. This makes it ideal for use in a digital biobank. More-
over, JSON is formatted in a human-readable way, and it is supported
by the most common programming languages and tools, allowing for easy
and portable data management. JSON data can also be hierarchically
structured and easily parsed by computer programs, making it easier to
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organize and manage data in a digital biobank and to automate data pro-
cessing and analysis tasks [16]. This is directly linked with the possibility
of integrating JSON data with machine learning algorithms, allowing for
the creation of complex and personalized prediction models that can han-
dle large amounts of data [148]. DICOM is trialing the use of JSON for
encoding the output of Al algorithms (e.g., risk prediction of skin dis-
ease) in DICOM-SR format. The goal of this trial is to harmonize with
the machine learning community where JSON is the preferred format for
algorithm output. Support for the JSON format has been added to the
DICOM Standard in Part 18 as the DICOM JSON Model |21]. This model
describes how different DICOM value representations can be encoded in
JSON and allows for seamless integration of JSON data with DICOM ob-
jects.

Based on these considerations, JSON emerges as a powerful tool for
structuring and organizing data within a digital biobank in several sce-
narios, thereby enhancing the efficiency, reproducibility, and compatibility
of data processing and analysis tasks across different modalities and re-
search objectives. For example, one can imagine a scenario where the
biobank contains diverse datasets, including DICOM images from radio-
logical studies, molecular data in FASTQ format, and associated clinical
metadata. JSON can be employed to create a unified data structure that
encapsulates information from these different modalities. The hierarchical
nature of JSON allows for the representation of patient details, experimen-
tal parameters, and imaging annotations in a single, coherent format. This
simplifies data retrieval and analysis by providing a standardized structure
that machine learning algorithms can easily interpret and process.

In the context of radiomic analyses, JSON can be employed to store
extracted features from DICOM images [311]. Each JSON object could
represent a specific radiological study, encapsulating details such as image
metadata, segmentation information, and a structured array of radiomic
features. This format ensures that radiomic data are stored in a coherent
and easily accessible manner, facilitating subsequent analyses, compar-
isons, and the application of machine learning algorithms.

The proposed approach also promoted the use of IBSI-compliant soft-
ware for radiomic feature extraction, such as PyRadiomics [311], that can
also be used starting from DICOM input images with the file name pointing
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to a DICOM-SEG, thus automatically obtaining radiomic features without
any intermediate steps. This allows for a reproducible feature extraction
that can be achieved under real clinical conditions that usually involve
DICOM objects. Of note, PyRadiomics supports the use of JSON as a
format for storing quantitative data [311]. This compatibility allows for
easy storage and analysis of radiomic features in a digital biobank and
supports the use of JSON as a format for quantitative data in medical
imaging and radiomics.

Overall, the promotion of IBSI-compliant software for radiomic feature
extraction marks a forward-thinking approach that significantly strength-
ens the reproducibility and reliability of radiomic analyses. Adherence to
the standards set by the IBSI ensures a consistent and uniform framework
for defining and calculating radiomic features. This adherence eliminates
variability in feature extraction methods across different software tools and
platforms, providing a common language for the field. The standardized
definitions not only enhance the transparency of radiomic analyses, but
also enable seamless interoperability, allowing researchers to achieve com-
parable results and facilitating cross-study comparisons. The adoption of
IBSI-compliant software within the research community contributes to a
more standardized and reliable landscape in radiomics, addressing criti-
cal challenges in the pursuit of meaningful and reproducible insights from
medical imaging data [121].

As these standards are refined and implemented, we expect that open
source and commercial software products will adopt these formats as their
default data models for image analysis results to enable interoperability
across different imaging and software systems to facilitate easier develop-
ment and integration of new data management capabilities.

Efforts should also be made to address the challenges related with the
missing harmonization of ontologies between standards associated with
multidisciplinary domains (the DICOM-MIABIS model constitutes a first
example of effort towards this direction [270]), and the limited support for
standards in existing healthcare data platforms, that could be addressed by
integrating platforms or creating a platform with interconnected modules.
The benefits of improved interoperability and data consistency make these
efforts valuable for advancing the impact of biobanking in research and
healthcare.
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2.1.3 Discussion

Based on the huge amount of heterogeneous information belonging to
different diagnostic domains, there is an urgent need to make this infor-
mation available and suitable to promote scientific research and techno-
logical development [66]. The management of such cross-domain hetero-
geneity has always been an open challenge, especially within the intricate
framework of precision medicine. The essence of precision medicine lies
in tailoring treatments to the unique profiles of individual patients, which
increases the complexity of handling diverse datasets. This challenge is
particularly acute in oncology, where the lack of a universal therapeutic
approach is acutely recognized. Tumor heterogeneity between patients and
even within the same patient over time complicates the establishment of
standardized treatments [149]. The effective organization of biomedical
data in biobanking infrastructures is crucial to enable a comprehensive
approach to clinical studies as well as the development of AI tools sup-
porting decision-making in medicine. The main challenges are related to
the (i) standardization, (ii) reproducibility and (iii) integration of data and
procedures. In this study, we propose a comprehensive digital biobanking
approach that could address the identified standardization and harmoniza-
tion needs and serve as a valuable tool for clinical decision-making in the
field of precision medicine. Of note, we harnessed digital biobanks as a
source of multifactorial information containing standardized and curated
imaging data along with clinical, molecular, and pathological data.

First, the concept of traditional and digital biobank was introduced
reporting some of the most well-known biobanking research networks and
projects, and the state-of-the-art of the harmonization initiatives in the
field of biobanking (i.e., standards, repositories, platforms) was reviewed.
Moving from traditional to digital biobanking presents several challenges,
especially concerning infrastructure requirements and data security. Up-
grading from traditional storage methods to digital systems requires sig-
nificant and expensive infrastructure changes. Continuous monitoring, up-
dates, and migration to newer storage technologies are essential to preserve
data integrity. Sensitive information requires strong encryption methods,
access controls, and continuous monitoring to prevent breaches or unau-
thorized access. Digital biobanking raises ethical concerns regarding the
secondary use of stored biological samples and associated data. Addressing
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these challenges requires collaboration among experts in biobanking, data
management, cybersecurity, and regulatory compliance.

Furthermore, digital biobanks need to ensure that data and information
are standardized, reproducible and integrated, following regulatory and
bioethical guidelines and adhering to ISO standards and SOPs, as well as
considering that the stewardship and management of scientific data needs
to adhere to the FAIR principles [162]. This will contribute to the success
of the digital biobank model to achieve its full potential as a scientific
resource.

On this basis, an integrative standardization/harmonization approach
that encompassed (wherever possible) the use of standards and procedures
that are already used in common practice was proposed. From the point
of view of the domains, we chose to focus on the most advanced diagnos-
tic domains (primarily in the field of oncology), namely clinical imaging,
pathology, and NGS. Both the integration of these domains, as well as the
generation of numerical descriptors associated with each single domain
through robust data curation and data processing procedures were consid-
ered. The proposed approach involved the use of MIABIS, DICOM, and
FASTQ as they are established standards in the common practice to de-
scribe raw and derived data from the chosen domains. MIABIS was used to
store and exchange data elements that describe the collection of biological
samples [109]. DICOM was established for the acquisition, reporting, and
curation (annotation and clinical outcomes definition) of both radiologic
[7] and WSI images [154]. Although the DICOM standard is designed to
incorporate in the metadata specific characteristics of the patient and the
examination characteristics, much of the information needed for molecular
imaging analysis is not included.

FASTQ was used for storing NGS-generated raw data [89]. It is worth
noting that, although several types of genomic analyses (e.g., array com-
parative genomic hybridization [246]| are used depending on the scientific
question being asked and the resources available, we structured our pro-
posal based on a typical NGS pipeline due to its massive use for large-scale,
high-resolution ultra-high throughput, scalable, and fast genomic analyses
[261].

Since the JSON format natively suits the hierarchical format of DI-
COM metadata, we proposed to use JSON format to store and interchange
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domain-specific numerical descriptors. Furthermore, it is the preferred for-
mat for encoding the output of Al algorithms, is widely supported by major
programming languages, and can be linked to formal ontologies [140].

To the best of our knowledge, this is the first study that foresees new
models of standardization and integration among multidisciplinary do-
mains, also proposing robust data curation and processing pipelines to
obtain reproducible numerical descriptors associated with each diagnostic
domain. In fact, dealing with standardized and harmonized procedures
and data not only provides a conducive environment for advancing -omics
studies (e.g., radiomics, pathomics, genomics), but also offers opportuni-
ties to explore the potential links between quantitative -omics data and
clinical outcomes of patients with specific diseases [66, 198, 70]. In this
regard, also Lu et al. [198] underscore in their review the significance of
integrating various -omics modalities, including pathomics, radiomics, and
genomics, to advance prognostic assays and delve into the potential links
between quantitative -omics data and clinical outcomes in patients with
specific diseases. Of note, they not only emphasize the importance of in-
tegration but also highlight the challenges, potential opportunities, and
avenues for future works.

Another noteworthy study by Izzo et al.[148| focused on addressing the
challenge of growing metadata heterogeneity in the biomedical field devel-
oping digital repositories with flexible and extensible data models, as in the
case of modern integrated biobanks management. In particular, they pro-
posed a novel flexible and extensible JSON-based data model to describe
heterogeneous data in a generic biomedical scenario. They first describe
how to incorporate the model inside the XTENS (eXTensible Environment
for NeuroScience) digital repository to support heterogeneous data man-
agement in a generic biomedical science scenario. Then, they tested the
model focusing on a specific use case of an integrated biobanking man-
agement, where different information (e.g. clinical, histopathological, ge-
nomic) could be queried, integrated, and shown in a structured view. The
JSON metadata schema they proposed aimed at describing and integrat-
ing in a highly flexible but consistent format heterogeneous datasets and
information in biomedical science, both for clinical and research support,
with a focus on biobanking and multi-disciplinary biomedical research.

Overall, the implementation of the proposed comprehensive digital
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biobanking approach offers a range of advantages for clinicians, researchers,
and patients alike. Firstly, the digital biobank ensures a complete and cen-
tralized repository of study information for research purposes. By stan-
dardizing and integrating medical images, molecular profiles, and patient
data, the biobank improves data management, ensures interoperability be-
tween different systems, and makes it easier to access, exchange, and ana-
lyze large amounts of data. Notably, the integration of clinical outcomes,
radiological, and digital pathology annotations, as well as the use of ra-
diomic, pathomic, and molecular features, allows for the development of
predictive models for various diseases, improving diagnosis and treatment
planning.

It is important to understand the compliance of the standards with
FAIR principles; this would be fundamental to accomplish the require-
ments of clinical research in terms of data sharing and management. As
highlighted in Aiello et al. for the DICOM standard, further efforts are
needed by researchers, clinicians and companies to promote and facilitate
the use of standards to increase the value of imaging data, according to
FAIR [33]. In addition, implementation of the FAIR principles within the
numerical descriptors’ fields (e.g. radiomics) can facilitate its faster clini-
cal translation [310].

Therefore, in the proposed CDB approach, adherence to FAIR prin-
ciples is paramount for effective data management. This entails not only
ensuring that all incorporated standards are FAIR-compliant but also im-
plementing FAIR principles to address numerical descriptors, thereby max-
imizing the utility of clinical and research data, emphasizing traceability,
accessibility, interoperability, reproducibility, reusability, and data quality.
Importantly, the notion of “reusability” extends to both human and ma-
chine utilization. Consequently, the proposed approach prioritizes making
data machine-readable to harness the full potential of modern technologies.
Within the realm of numerical descriptors, the Radiomic Ontology project
offers a Python library for FAIR radiomics analysis, serving as a valuable
resource to facilitate the seamless transition of research efforts into clinical
practice [275].

It is worth noting the importance of including numeric descriptors
within digital biobanks not only for what concerns the improvement of
diagnostic-molecular knowledge and the direct implications on decision
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making, but also for what concerns the regulatory and economic points
of view. At a regulatory level, the proposed approach promotes, and is
directly applicable for, federated solutions, where the raw data can remain
in the proprietary site, exposing only the derived numeric descriptors [316].
The federated approach not only adheres to regulatory requirements but
also facilitates scalability by allowing each site to manage and control its
raw data. This decentralized structure contributes to the sustainability of
the model, as it aligns with data protection norms and supports long-term
collaborative efforts.

From an economic point of view, the advantages of sharing digital
information are undeniable, just consider the enormous difference in costs
between the conservation of biological samples and digital data and the
limitation of aliquots of the biological sample compared to the unlimited
possibility of reproducing digital data [92]. However, as highlighted in this
work, all these advantages require particular care in the management of
digital data. This economic efficiency holds significant implications for
the scalability and sustainability of the biobanking model. However, as
highlighted in this work, all these advantages require particular care in the
management of digital data.

The centralized storage of large amounts of patient data in a digital
biobank provides researchers with access to a rich resource for medical
research, enabling the development of new treatments for various diseases.
By reducing the need for repeated tests and imaging, and by improving
patient outcomes, the implementation of a digital biobank can also help
to reduce healthcare costs in the long term.

Storing data in standardized formats and using structured reports helps
to ensure the accuracy and consistency of the data, leading to improved
data quality. Digital biobanks typically employ robust security measures,
such as encryption and access controls, to protect sensitive patient data,
ensuring privacy and confidentiality. They are designed to oversee enor-
mous amounts of data and can be easily scaled to accommodate growth in
the number of patients and types of data being collected. This results in
time efficiency, as healthcare providers and researchers can save time and
increase efficiency, leading to improved patient care and faster progress in
medical research.

It is also crucial to emphasize that the effort towards the implemen-
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tation of procedures aiming at standardization and harmonization of data
associated with diagnostic imaging, histopathology and NGS is fundamen-
tal also to make these data usable by Al algorithms for predicting clinical
outcomes.

Of note, the work by Kondylakis et al. [169] delves into the trans-
formative potential of Al in the realm of medical imaging, emphasizing
the necessity for extensive and harmonized datasets in Al development,
particularly for cancer-related medical imaging. The collaborative efforts
of five EU projects aim to create ethically compliant, quality-controlled,
and GDPR-compliant big data infrastructures. These platforms seek to
seamlessly integrate large-scale data with Al algorithms, establishing sus-
tainable Al cloud-based systems dedicated to developing trustworthy and
reliable models in cancer care. The study’s keypoints include the chal-
lenges of data access, the development of a common data model, and the
importance of a European Union meta-tool repository to streamline efforts
and minimize duplication in a dynamic field such as medical imaging.

A completely different field of medical Al is connected to clinical re-
ports, which clinicians typically tend to make like a narrative text. Al
can help to structure or extract specific text parts from routine pathology
reports for further scientific purposes [174]. All the reports could be better
used for any scientific purpose if it would be easier to search for different
disease entities, and this could increase the value of millions of biospeci-
mens and images which are currently stored in biobanks.

However, although out of the scope of our work, it should be also men-
tioned that the pathway for regulatory approval is a key roadblock in the
clinical adoption of Al-based prognostic and predictive tools. One of the
principles for regulatory permission includes the necessary explanation of
how the software works and their translation to clinical practice (Al-based
techniques are perceived as being a black-box and lacking interpretability)
[169, 58].

The trasformative impact of Al on biobanks encompasses streamlining
processes, improving data accessibility, and synergizing with biobanking
to revolutionize cancer research and enhance patient-centric healthcare
strategies. Al-powered predictive modeling can also aid in the strategic
prioritization of research initiatives within biobanks. By analyzing histor-
ical data and identifying patterns, Al algorithms can assist researchers in
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identifying the most promising datasets for further investigation. This pre-
dictive capability not only optimizes research efforts but also contributes
to resource efficiency by directing attention towards areas with higher po-
tential for significant scientific advancements and contribution to a deeper
understanding of diseases [124].

Among the issues emerging from our work, it should be considered that,
besides the diversity of data, there is also a wide variety in the models built
for homogenizing and storing them. This is the reason we opted for not
including ontologies in our semi-systematic search for standardization ini-
tiatives. In fact, ontologies are usually developed for describing limited
sets of data and cannot scale when other types of data need to be stored
using the same model. More than this, various expert groups are perform-
ing extensions to ontologies that are not synchronized and compatible with
each other, thus leading to several variations of the same ontology, which
complicates the ontology selection and its reuse. In addition, ontologies
have language-dependency [202].

Collaboration among expert groups to establish synchronized and com-
patible ontology extensions could enhance their usability and reduce vari-
ations. Alternatively, the exploration of domain-agnostic data representa-
tion frameworks may provide a solution to explore [157].

Moreover, we did not consider the domain of biomedical signals (EEG,
ECG, ...), which, although not yet associated with -omics domains, it de-
serves attention since it can allow link physiological information to other di-
agnostic parameters [251]|. Future research should thus extend its scope to
incorporate biomedical signal domains, exploring standardized approaches
for their integration into comprehensive data models.

Another topic of discussion emerging from our work concerns the type
of data to be included in digital biobanks. Although the topic is open
and debated, there is an example that could be followed, consisting of
BCU Imaging Biobank [114]. This biobank is digital only and approved
as a biobank by BBMRI. Therefore, although there is always a link to
biological repositories in the definition of a digital biobank, we can also
assume the absence of a biological sample. Along these lines, it can be
said that the digital biobank would remain a biobank since it inherits
from the traditional biobank all the procedures for certifying its content,
including, for example, all issues related to the rights and ownership of
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collections.

In addition, since the aim of the work was limited to frame possible
functional solutions to the implementation of a digital biobank, trying to
solve the issues arising from standardization, reproducibility, and integra-
tion, the development of an IT infrastructure for data sharing was out of
the scope of the work. However, with the practical implementation of the
approach at the infrastructure level, it becomes evident that a comprehen-
sive requirement analysis will be essential to further refine and optimize the
biobanking system. This analysis will involve identifying and documenting
the specific functional and non-functional requirements necessary to ensure
the effectiveness, reliability, and scalability of the digital biobank infras-
tructure. Given the complexity and interdisciplinary nature of biobanking,
the requirement analysis will encompass various aspects, including but not
limited to: ¢) defining standardized protocols for data acquisition, stor-
age, and retrieval across different domains such as radiology, pathology,
and molecular biology; ii) dentifying interoperability standards to facili-
tate seamless integration and exchange of data between different systems
and platforms; 7i7) Addressing data security and privacy concerns to safe-
guard sensitive patient information and ensure compliance with regula-
tory requirements; iv) Establishing quality assurance measures to ensure
the accuracy, reproducibility, and reliability of data generated and stored
within the biobank; v) Assessing scalability requirements to accommo-
date future expansion and growth of the biobank, including considerations
for increasing data volumes and user access. By conducting a thorough
requirement analysis, the diverse needs and priorities of stakeholders, in-
cluding researchers, clinicians, and data managers, could be systematically
captured, and a robust roadmap for the continued advancement and opti-
mization of the proposed approach digital biobank infrastructure.

In conclusion, this work has proposed a CDB model that could im-
prove the management, standardization and sharing of data in compliance
with ethical norms.In particular, examining the current state of the art,
the need emerged to build, starting from the current reference standards,
an integrative framework that can guarantee effective exploitation of the
full potential of complete digital biobanks. This issue has been addressed
by proposing a standardization model of numerical descriptors that can be
derived from each specific diagnostic domain. Ultimately, this work shows
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that with further standardization efforts it is possible to implement digital
biobanks that represent the driving force to promote the development of
data-driven and multi-domain tools that can facilitate the effective imple-
mentation of precision medicine.

Main contributions of the chapter

e Digital biobanks were identified as a multifactorial solution capable
of containing curated and standardized data from the most advanced
diagnostic domains in the field of oncology.

e An integrative standardization/harmonization approach aiming to
incorporate existing standards and procedures already employed in
common practice was proposed.

e With further standardization efforts it is possible to implement dig-
ital biobanks that represent the driving force to promote the devel-
opment of data-driven and multi-domain tools that can facilitate the
effective implementation of precision medicine.




Chapter

Supervised Analysis of
Multiscale Data

This chapter is dedicated to the advancement of methodologies for ex-
tracting radiomic and pathomic features from radiological and histopatho-
logical images. It also encompasses the development of computational and
statistical tools tailored for the analysis and integration of data across var-
ious diagnostic domains, including radiomics, pathomics, genomics, and
clinical information. The overarching goal is to strengthen the clinical
decision-making process with a multidimensional understanding of cancer,
combining insights from diverse imaging scales and diagnostic realms.

In the intricate landscape of cancer diagnosis and treatment, understand-
ing the interplay between data at different imaging scales is paramount.
The initial subsection delves into the significance of comprehending the
correlation between radiomic and pathomic features, offering a nuanced
understanding that spans from microscopic intricacies to radiological res-
olutions. By correlating features from imaging modalities like DWI and
DCE-MRI with pathomic features derived from digitized pathology images,
the thesis aims to uncover synergies that can enhance the comprehension
of tumor heterogeneity. This exploration not only enriches our diagnos-
tic accuracy but also holds promising potential for predicting treatment
responses and prognoses. Simultaneously, the chapter explores potential
applications of pathomics in cancer diagnosis. Here, the focus is on study-
ing how pathomic features can support clinical-decision. Pathomics, with
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its wealth of information gleaned from histopathological images, offers a
unique perspective into cellular structures, densities, and morphologies.
Studying the integration of this information into the diagnostic workflow
holds the promise of refining tumor characterization, ultimately aiding
in more accurate diagnoses and potentially informing the development of
CDSS. By bridging the gap between traditional pathology and emerging
computational approaches, we aim to pave the way for a more comprehen-
sive and personalized clinical practice in the field of oncology. The chapter
dual focus on exploring correlations across imaging scales and studying
potential applications of pathomics in CDSS reflects a holistic approach to
cancer diagnosis and decision support, acknowledging the intricate inter-
play of diverse data sources in the pursuit of improved patient outcomes.
Part of this chapter was published in [314, 70].

3.1 Exploration of correlation between data at dif-
ferent scales

In the complex world of cancer diagnosis and treatment, understanding
how data from different imaging scales connect is crucial. This understand-
ing is key to tackling the complexities of tumor diversity. A significant
approach involves integrating and exploring the associations between ra-
diomic and pathomic features, giving us a holistic view from tiny details
to larger-scale images. The integration and correlation of data at different
imaging scales can offer clinicians a more comprehensive understanding of
tumors, helping with a detailed and accurate characterization. Since can-
cer shows its diversity at both the cellular and radiological levels, bridging
these scales is essential for a full grasp of the disease. Connecting radiomic
features from imaging methods like DWI and DCE-MRI with pathomic fea-
tures from digitized pathology images provides a synergistic understanding,
especially relevant in the broader context of cancer. Investigating correla-
tions at diverse resolution scales provides richer insights into the biological
aspects of tumors. Details captured by pathomic features, including cellu-
lar densities and structures, complement radiomic features, offering a more
complete characterization of tumor diversity. Beyond improving diagnostic
accuracy, the comprehensive knowledge of data at different scales arising
from the exploration of their correlations has great potential in predict-
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ing treatment responses, prognoses, and guiding personalized therapeutic
strategies. Correlations between pathomics and radiomics, genomics al-
lowed for establishing domain specific biological understanding of cancer
morphology. Integration of pathomics with radiomics, genomics resulted in
improved comprehensive signatures that were better associated with cancer
sub-types and prognosticating treatment outcome. Exploring the correla-
tion across imaging scales can be particularly pertinent in the context of
Glioblastoma Multiforme (GBM), where the intricate interplay between
the microscopic and radiological features is known to be highly complex.
This subsection delves into the significance of exploring these correlations,
with a focus on a study aiming at exploring the associations between ra-
diomic features derived from DWI and DCE-MRI and pathomic features
obtained from digitized pathology images in the context of GBM.

Glioblastoma multiforme, characterized by extensive intratumoral hetero-
geneity, poses a formidable challenge in clinical decision-making. To ad-
dress this complexity, the study introduces a novel exploration, leveraging
the power of radiomic and pathomic features. The study focuses on the
correlation between radiomic features extracted from preoperative ADC
maps and post-contrast T1 (T1C) images and pathomic features derived
from H&E digitized pathology images, offering a unique perspective into
the intricate interplay between microscopic and radiological tumor char-
acteristics. The results of this study suggest that cross-scale associations
may exist between digital pathology and ADC and T1C imaging. This
can be useful not only to improve the knowledge concerning GBM intratu-
moral heterogeneity, but also to strengthen the role of radiomics approach
and its validation in clinical practice as "virtual biopsy", introducing new
insights for omics integration toward a personalized medicine approach.

This research aimed at identifying cross-scale associations between quani-
tative descriptors from radiology and pathology images of patients with
GBM. The radiopathomic approach investigated in our preliminary study
revealed interesting cross-scale relationships between radiomic features from
functional magnetic resonance images and pathomic features from digital
pathology images of patients with GBM The promises arising from the
integration between data at different imaging scales would be surely the
improvement of diagnostics and molecular knowledge about GBM, for di-
agnostic, prognostic and therapeutic purposes, and this would have direct
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implications in clinical decision-making process. In particular, radiomics
and pathomics could fill the need to assess tumor heterogeneity, which
strongly characterize GBM. Moreover, the radiopathomic integration could
be very useful for the validation of the radiomic approach in clinical prac-
tice as “virtual biopsy”.

3.1.1 The relationship between radiomics and pathomics
in Glioblastoma patients: Preliminary results from a
cross-scale association study

3.1.1.1 Introduction

GBM is the most damaging tumor of the brain, characterized by an
almost unavoidable propensity to relapse after rigorous treatment and car-
rying a fatal prognosis [44]. Despite advancement in surgical and medical
therapies, the overall prognosis of GBM patients remains poor, with a
median survival of 10-14 months [263]. One of the main reasons for the
aggressive behavior and the poor outcomes of GBM is its intrinsic intra-
tumor heterogeneity at both microscopic and radiological resolution scales,
arising from the presence of clonal and subclonal differentiated tumor cell
populations, glioma stem cells, and components of the tumor microenviron-
ment, which affect multiple hallmark cellular functions in cancer. Recent
studies have indicated that intratumor heterogeneity is partly responsible
for the dismal outcome of GBM patients and this represents a significant
challenge to the development of novel targeted therapies for GBM and
evidence-based clinical decision-making [81, 284]. In this context, numer-
ous quantitative approaches at different imaging scales have been taken to
comprehensively characterize this disease [81, 170, 253]. On a radiologi-
cal point of view, it is well-known that conventional MRI provides basic
anatomic and morphological information for diagnosing brain tumors and
lacks the capability to illustrate tumor heterogeneity and identifies the hot
spot for biopsy and surgical resection [247]. DWI and dynamic contrast-
enhanced DCE-MRI are two functional MRI techniques that are commonly
employed in clinic for the assessment of GBM tumor characteristics [131].
T1-weighted imaging acquired following injection with a gadolinium con-
trast agent is used to identify regions where the active tumor has disrupted
the blood-brain barrier, and contrast enhancement is used to define the
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extent of the primary tumor region [111]. Hyperintense regions on fluid
attenuated inversion recovery (FLAIR) images are thought to indicate a
combination of tumor-related edema and infiltrative non-enhancing tumor.
DWI can quantitatively and noninvasively reflect the random Brownian
motion of water molecules within GBM tissues through quantitative ap-
parent diffusion coefficient (ADC) maps. These maps identify areas of
restricted diffusion that may indicate either hypercellular tumor or coag-
ulative necrosis [85]. Although several studies suggested that ADC values
can play a valuable role in GBM diagnosis, staging, assessment of response
to treatment, and prognosis [74], the biophysical mechanisms underlying
changes in ADC are not always fully understood [133, 152|. Radiomics
is a new frontier of medicine based on extracting numerical descriptors
from radiologic images that are imperceptible by the human eye and are
potentially able to describe the intratumoral heterogeneity [182]. More-
over, concerning intratumoral heterogeneity, radiomics is often referred as
a sort of «virtual biopsy», since it allows to enrich the traditional diag-
nostic radiologic workflow with more information not detectable by hu-
man eye and associated with processes not included in radiologic workflow
[181]. Current radiomics studies in the glioma field have shown promising
results in demonstrating correlations between MRI features and GBM dif-
ferential diagnosis 71|, molecular characteristics [191, 327|, and prognoses
[74, 159, 215]. However, correlating these MRI features with underlying
histopathology remains challenging [30, 64]. An interesting approach to
relate radiomic results to tumor pathologic findings relies on quantita-
tive analysis of digitized histopathology images [198]. On a microscopic
scale, the emerging and rapidly expanding field of pathomics aims to ap-
ply high-throughput image feature extraction techniques to interrogate
the microscopic patterns in pathologic data, especially from hematoxylin-
eosin—stained sections. Because of the close similarity of the approaches,
the features from in vivo images may be compared with the features ex-
tracted from histopathological images, often benefiting from a clearer bio-
logical definition of the image patterns and hence a better understanding
of the features [198, 134]. The founder hypothesis supporting the use of
radiomics and pathomics in medical care is that data derived from images
have a correlation with the underlying biological processes. More precisely,
data derived from images would give additional information in relation to
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the underlying biological processes compared to the visual interpretation of
the image as a picture, which is the traditional way of interpreting images
[266]. Therefore, as MRI features and digital pathology offer complemen-
tary sources of information about the tumor in vivo and in vitro, a natural
question is whether radiomics and pathomics features might be connected.
The promises arising from the integration between data at different imag-
ing scales would surely be the improvement of diagnostics and molecular
knowledge about GBM, for diagnostic, prognostic and therapeutic pur-
poses, and this would have direct implications in clinical decision-making
process [48]. Radiomics and pathomics could fill the need to assess tumor
heterogeneity, which strongly characterize GBM. Moreover, the radiopath-
omic integration could be beneficial for validating the radiomic approach
in clinical practice as “virtual biopsy” [181, 306]. Previously, it has been
shown that both radiomic and pathomic image-based signatures can inde-
pendently predict outcomes of interest in GBM [170, 253, 30]. Moreover,
some studies on GBM and other cancer types support the hypothesis that
combining radiomic and pathomic features will even further improve prog-
nostication and enhance the understanding of the disease by means of
predictive models [322, 91, 273, 252|. However, before making predictions
it is important to understand if there are actually correlations between
radiomic and pathomic characteristics. To date, few studies have explored
the associations between MRI images of GBM patients (which interrogate
tumor at macroscopic scale) and histopathologic images (which depict tu-
mor at microscopic scale). Preliminary results reported an inverse corre-
lation between ADC-based features and basic pathomic features such as
tumor cellularity in GBM [288, 108]. Moreover, there have been recent
efforts to identify cross-scale associations between radiology and pathol-
ogy scales by investigating on more complicated radiomics and pathomic
features in different cancer types (of which brain tumors) [64, 198, 38].
However, these findings were inconsistent mainly due to the small number
of patients involved in the studies, and image-based tumor heterogeneity
and radiomics features have not yet been exactly correlated with findings
in histopathology. In light of the above, this works presents initial results
aiming at determining if radiomics features extracted from preoperative
ADC maps and post-contrast T1 (T1C) images are associated with histo-
logical features (pathomic features) arising from H&E digitized pathology
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images of patients with GBM. In particular, the aim was to identify path-
omic features from digitized histopathology that potentially reflect tissue
composition basis of radiomic descriptors from MRI, towards improving
the understanding of GBM heterogeneity.

3.1.1.2 Methods

3.1.1.2.1 Patients The study was conducted in accordance with the
Declaration of Helsinki, and the study protocol was approved by the Ethics
Committee of the Istituto Nazionale Tumori “Fondazione G. Pascale (pro-
tocol number 1/20). The subjects used for the study belong to the public
database CPTAC-GBM (Clinical Proteomic Tumor Analysis Consortium-
Glioblastoma Multiforme), accessed on October 2021 [95]. Radiology im-
ages, clinical data, digital histopathology slides, and associated quantified
features (cellularity, necrosis, tumor nuclei, age, tumor weight) of sam-
ples included were downloaded from The Cancer Imaging Archive (TCIA)
database [86]. The inclusion criteria were the following: availability of pre-
treatment T1C images and ADC maps, availability of corresponding digital
pathology WSI, WSI slides with at least 70% of tumor nuclei and at most
20% necrosis. Moreover, patients were excluded in case of i) insufficient
quality of MRI to perform imaging analysis and/or obtain measurements,
ii) insufficient quality of WSI that did not meet the requirements for diag-
nosis (e.g., tissue folds, torn tissue) and iii) images with a positive value of
Clinical Trial Time Point ID (corresponding to the number of days from
the date the patient was initially diagnosed pathologically with the disease
to the date of the scan). Finally, a total of 48 subjects were included in
the study. Refer to Table 3.1 for clinical characteristics and outcomes of
included patients. For further information on the employed dataset refer
to B.1.1.

Table 3.1. Clinical and pathologic characteristics of the included patients.
Abbreviations: BMI = Body Mass Index; Y = Yes; N = No; NR = not
reported; OS = Overall Survival; mo = months.

Clinical and pathologic characteristics Value

Age [mean + SD| 62.3 £ 11.3
Sex [n (%)]

Male 34 (70.8)
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Female 14 (29.1)
BMI [mean + SD] 62.3 £ 11.3
Risk factors [n (%)]

Alcohol

< 2 drinks per day (men) /< 1 (women) 15 (31.2)

> 2 drinks per day (men) /> 1 (women) 2 (4.2)

Consumed in the past 2 (4.2)

Lifelong non-drinker 16 (33.3)

NR 13 (27)
Tobacco

Smoker < 15 years 2 (4.2)

Smoker > 15 years 6 (12.5)

Current smoker 8 (16.7)

Lifelong non-smoker 24 (50)

NR 8 (16.7)
Progression/Recurrence [n (%)]

Y 19 (39.6)

N 16 (33.3)

NR 13 (27)
OS [n (%0)]
< 12 mo 22 (45.8)

> 12 mo 16 (33.3)

NR 10 (20.8)

3.1.1.2.2 MRI acquisition and processing MR examinations with
contrast injection were performed on 1.5 and 3 Tesla (T) equipment (34
patients=1.5T; 12=3T and 2=the magnetic field was not reported). The
acquisition protocol included: axial FLAIR sequence (TE (echo time)=71-
155 ms; TR (repetition time)=7752-12000 ms; slice thickness=4-5 mm; ac-
quisition matrix=128x256-512x192); axial DWI MR sequence with ADC
(apparent diffusion coefficient) map (TE=27-149 ms; TR=1000-9601 ms;
slice thickness=2-5 mm; acquisition matrix=120x180-512x192); axial post-
contrast 3D /2D T1-weighted MR sequence (10=had contrast 2D acquisi-
tion; 19=with 2D sequence and 20=both 2D /3D acquisition) (TE=17-130
ms; TR=35-2140 ms; slice thickness=0.8-5 mm; acquisition matrix=252x250
- 384x256). The MRI scans were converted from DICOM format to NIfT1I
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format using dem?2niix software [189]. ADC maps were coregistered to
T1C images by means of two-steps registration procedure both performed
by using Elastix registration software [164]. Considering the multimodal
registration strategy proposed by Leibfarth et al. [185], a first step a rigid
registration was performed to obtain a rough alignment of the fixed and
moving images. A two-level multiresolution approach was applied using
a Gaussian smoothing without downsampling. A localized version of mu-
tual information was considered as similarity measure and consisted in
evaluating mutual information on multiple subregions. Specifically, the
localization is obtained by constraining the sampling procedure to a cubic
subregion of the image, randomly chosen in every iteration step from the
fixed image domain [185, 166]. The standard gradient descent was applied
for metric optimization [165]. The resulting transformation matrix was
used to initialize the following deformable registration step. In particular,
a two-level multiresolution approach using 3D Gaussian smoothing with-
out downsampling was used together with a bending energy penalty term
calculated to regularize the transformation. Finally, the similarity metric
consisted in a combination of localized mutual information and bending
energy penalty and the adaptive stochastic gradient descent optimizer was
adopted for its minimization [165]. B-spline was used as interpolation
method for the registration procedure. Volumes of interest (VOIs) were
then manually delineated slice-by-slice by using ITK-SNAP (version 3.6.0,
http://www.itksnap.org) on the T1C. VOIs consisted of T1C enhancing
regions. Areas of intrinsic T1 hyperintensity representing hemorrhagic
material were not included in T1C contour delineations. Necrotic/cystic
regions and large vessels were excluded from all VOIs. The same 3D ROIs
were applied to the registered ADC maps, and mean ADC values were
extracted for each enhancing tumor VOI.

3.1.1.2.3 WSI acquisition and processing H&E-stained formalin-
fixed paraffin-embedded (FFPE) tissues from surgical resection of primary
tumor were used for pathological diagnosis. The slides were digitalized to
SVS format at 20x magnification (resolution = 0.494 pm/px) [320]. All
the WSI images were manually checked for artifacts, and the images free
of all types of artifacts were chosen. WSIs of H&E staining slides without
any preprocessing were imported in QuPath digital pathology software [51],
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and regions covering the largest possible tissue area with viable tissue with
vivid histopathologic characteristics and free of artifacts were delineated
by an expert microscopist.

3.1.1.2.4 Radiomic features extraction Prior to radiomic features
extraction, normalization was applied on T1C images intensities. Specif-
ically, intensities were normalized by centering them at their respective
mean value with the standard deviation of all gray values in the origi-
nal image (107, 90, 311] 91 radiomics features were extracted from seg-
mented VOIs on the enhanced region from T1C and ADC map by us-
ing the opensource Python package PyRadiomics (https://pyradiomics.
readthedocs.io/en/Latest/). The extracted radiomics features were
categorized into two groups: Firstorder features including 18 intensity
statistics; 73 multi-dimensional texture features including 23 gray level
co-occurrence matrix (GLCM), 16 gray level size zone matrix (GLSZM),
16 gray level run length matrix (GLRLM), 14 gray level dependence ma-
trix (GLDM) and 5 neighboring gray tone difference matrix (NGTDM)
features. TRefer to B.2 for complete list and further details on the ex-
tracted features. The computing algorithms can also be found at www.
radiomics.io and the image biomarker standardization initiative (IBSI)
presented a document to standardize the nomenclature and definition of
radiomic features [342].

3.1.1.2.5 Pathomic features extraction

3.1.1.2.5.1 Detection measurements WSIs of H&E staining slides
were imported in QuPath digital pathology software to carrying out cell
and nuclear segmentation. By applying the cell detection function from the
analysis module, the nuclear segmentation was performed to recognise ob-
jects through watershed cell detection based on segmentation parameters
[207, 96], including morphology features of cell, nuclear, and cytoplasm.
The setup parameter was set as hematoxylin OD for detection image, with
pixel size of 0.5 ym. For nucleus parameters, the background radius and
sigma were set as 8 and 1.5 pm, respectively. For intensity parameters, the
threshold was set as 0.1 and the max background intensity was set as 2.
Other parameters were set as their respective default values. The quality
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of the automated cell detection was checked by an expert microscopist.
Detection measurements were calculated for all cells using QuPath’s add
intensity features option (preferred pixel size: 0.5 pm, region: ROI, tile
diameter: 25 pum, compute all features including Haralick features with 32
bins) and spatial analysis. Measurements included shape characteristics,
Optical Density Sum (ODSum) Haralick texture features [137|, and De-
launay triangulation measurements [240]. 65 features were measured for
each detection on the candidate slide and exported into a tab delimited file
using a QuPath script developed explicitly for this purpose. Refer to B.2
for complete list and further details on the extracted features. Detection
measurements were aggregated across the case-level tiles by the mean of
the values. For patients with more than one slide, the value of each fea-
ture was averaged across WSIs. Moreover, annotation measurements were
also computed (WSI selected area, nuclei count, extracellular area, sum
of cytoplasm, and extracellular area). Nuclear segmentation and feature
extraction process was performed by means of Groovy scripts implemented
on QuPath script editor. Exported measurements were imported into R
version 3.4.2 for statistical analysis.

3.1.1.2.5.2 Cell density maps features Cell density maps asso-
ciated with ROIs placed on WSI were calculated at different resolutions
(50pm, 100pm, 150pm, 200pm). Specifically, the cellular density was es-
timated in each tile of dimension associated with the resolution by using
the segmented nuclei and assigning a gray level to each of these tiles based
on the number of nuclei estimated in each tile. For each resolution, this
resulted in a spatial map of the cellular density of the digitized histopathol-
ogy. 91 features were extracted from cell density maps of digital pathol-
ogy images using PyRadiomics https://pyradiomics.readthedocs.io/
en/latest/. Refer to B.2 for complete list and further details on the ex-
tracted features. For patients with more than one slide, the value of each
feature was averaged across WSIs.

3.1.1.2.6 Radiopathomic analysis An integrative study design was
defined and reported as radiopathomic workflow in Figure 3.1 to evaluate
potential association between radiomic features and pathomic features for
the included patients. After preliminary analyses, a deeper radiopathomic
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analysis including correlation analysis and factor analysis was performed.
The details of each analysis are reported in the next three paragraphs.
Supplementary analyses were also performed to investigate radiopathomic
associations including higher-order features obtained applying wavelet and
local binary pattern (LBP) filters to the images (See [115]).

Detection measurements extraction

7 )
A

B j b
5 100pm 150pm 200pm fepant‘ul::lsn:;t

T
Cell density maps CD features extraction

MRI acquisition and Tumor segmentation

Features extraction |—| -
processing l_l—l
-
Radiomic
features set
E Radiopathomic analysis

Cell detecti

Radiomic analysis

Pathomic analysis

Figure 3.1. Workflow of the radiopathomic analysis implemented in the
study. On the first row the radiomic analysis steps. On the second row the
pathomic analysis steps.

3.1.1.2.6.1 Preliminary analysis Preliminary analysis aiming at
investigating the relationship between ADC mean and basic histopatho-
logic features related to cellular density and commonly associated with
ADC meaning (nuclei count, area of the extracellular space and the sum
of extracellular space, and cytoplasm) were performed [288, 122]. These
features were normalized for the region considered in the WSI.

3.1.1.2.6.2 Correlation analysis Then, a deeper radiopathomic
correlation analysis was conducted to explore more detailed associations
between extracted pathomic and radiomic features detailed in the previous
two paragraphs. Radiopathomic associations were performed considering
two separate tasks for ADC and T1C images. A preliminary features selec-
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tion was performed separately for radiomic features from ADC, radiomic
features from T1C and pathomic features. Specifically, a correlation filter
based on the absolute values of pairwise Spearman’s correlation (p) coeffi-
cient was used to reduce feature redundancy. Threshold for p was set to 0.9.
Briefly, if two features had g > 0.9, the function looks at the mean absolute
correlation of each variable and the variable with the largest mean absolute
correlation is removed. Spearman correlation analysis was also employed
to determine the correlation of radiomics features with pathomic features.
Specifically, we calculated p between ADC radiomic feature set selected af-
ter the correlation filter and the selected pathomic features surviving after
the correlation filter step. The same analysis was performed considering
T1C radiomic features. p values were adjusted for multiple correlations by
using a false discovery rate (FDR) adjustment. An FDR-adjusted p-value
(g-value) below 0.05 was considered statistically significant. Considering p
in absolute value, the strength of correlation was described as very weak
if o = 0.00-0.19, weak if p = 0.20-0.39, moderate if p = 0.40-0.59, strong if
o = 0.60-0.79, and very strong if p = 0.80-1.00 [291]. Correlation analyses
were complemented with Bayes Factors (BF) estimation. The Bayes Factor
quantifies the evidence for or against the null hypothesis as the ratio of the
likelihoods for the experimental and the null hypothesis [260]. It can be
expressed as the logarithm of the ratio [151, 156], where negative numbers
indicate that the null hypothesis is likely to be true, positive that it is false.
By convention, absolute log Bayes factors greater than 0.5 are considered
substantial evidence for or against, and absolute log-factors greater than
1 strong evidence [285, 319]. The statistical analysis was performed using
R version 4.0.2.

3.1.1.2.6.3 Factor analysis Factor analysis was performed to project

the radiomic and pathomic features onto a lower-dimensional latent-feature
space that retaining most of the information contained in the whole fea-
ture set [242]. For each feature group (ADC, T1C and pathomic), the
remaining correlation matrix after correlation filter was subjected to ridge-
regularization and 5-fold cross-validation of the log-likelihood was used to
determine the optimal value of the penalty-parameter. Feature normal-
ization was performed using z-normalization to avoid the predominance
of features with the largest scale in the analysis [136]. The regularized
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feature-correlation matrix was used as input for projection by a maxi-
mum likelihood factor analysis procedure (factor analytic data compres-
sion step)[242]. In particular, a latent lower dimensional orthogonal meta-
feature space representing the projection of the shared information in a
feature set was obtained. The number of factors, corresponding to the
dimension of the latent space, was determined by Guttman bounds [135].
The factor-solution was rotated to a simple orthogonal structure. After
projection of the original variable-space onto the lower-dimensional factor-
space, factor scores were obtained by regressing the latent features on the
observed data by means of the obtained factor solution|242| Factor analy-
sis was performed using the R FMradio (Factor Modelling for Radiomics
Data) package (R version 4.0.2). The correlation between resulting factor
scores associated with radiomics and pathomic factors were investigated
and complemented with Bayes Factors estimation. An FDR-adjusted p-
value (g-value) below 0.05 was considered statistically significant.

3.1.1.3 Results

3.1.1.3.1 Preliminary analysis Preliminary analysis of ADC value
and basic histopathological features revealed weak but significant corre-
lations between ADC and nuclei count (p = -0.317, p = 0.0286) and ex-
tracellular space (p = 0.3029, p = 0.0368). A positive but not significant
correlation was found between ADC and the sum of extracellular space
and cytoplasm (p = 0.2560, p = 0.0792).

3.1.1.3.2 Correlation analysis Concerning radiomic features, the
correlation filter step reduced the feature set from 91 to 46 for ADC and
from 91 to 53 for T1C. On the other hand, pathomic features were reduced
from 429 to 232. Radiopathomic analysis between selected ADC radiomic
features and pathomic features revealed 186 significant correlations (based
on adjusted p-values after FDR correction), of which 31 negative corre-
lations (-0.6909 <p<-0.4578, 22.9454 <BF< 2.587x10°) and 155 positive
correlations (0.4556 <p< 0.7395, 21.6563 < BF <6.461x10%). Among
features constituting the ADC-radiopathomic couples showing significant
cross-scale associations, ADC radiomic features included 10 firstorder fea-
tures and 23 texture features, while pathomic features included Mean Cy-
toplasm Eosin OD Min, 5 nuclear Haralick features and 22 cell-density
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map features (of which 6 from 50pm resolution, 6 from 100pm resolution,
6 from 150pum resolution and 4 from 200pm resolution). Concerning ADC
pipeline, most of the strong relationships (35/50) involved textural fea-
tures from cell density maps, of which 10 correspond to associations with
ADC firstorder features and the remaining 25 were with textural ADC fea-
tures. The remaining strongest associations (15/50) involved intranuclear
Haralick texture features (Haralick Angular Second Moment FO and In-
formation measure of correlation 2 F12) with ADC firstorder features (10
associations) and textural features (5 associations). Radiopathomic analy-
sis between selected T1C radiomic features and pathomic features revealed
53 significant correlations (based on adjusted p-values after FDR correc-
tion), of which 24 negative correlations (-0.6524<p< -0.5078, 22.9454 < BF
< 2.587x10°) and 29 positive correlations (0.5064<p< 0.6472, 91.2984<
BF <2.3688x10%). Among features constituting the T1C-radiopathomic
couples showing significant cross-scale associations, T1C radiomic features
included 4 firstorder features and 11 texture features, while pathomic fea-
tures included 2 nuclear Haralick features and 9 cell-density map features
(of which 1 from 50pm resolution, 2 from 100pm resolution, 3 from 150pm
resolution and 3 from 200pm resolution). Concerning T1C pipeline, sim-
ilar finding were observed, with most of the strongest associations found
between cell density map textural features and T1C firstorder (9/15) or
textural features (3/15), and the remaining three associations involving the
same two intranuclear Haralick texture features observed in the ADC re-
sults and two T1C textural features (glem Joint Energy and ngtdm Coarse-
ness). Similar findings, concerning both ADC and T1C radiopathomic
tasks, were observed for significant moderate correlations (Appendix B,
B.2). Figure 3.2 and 3.3 show the resulting correlation heatmaps, dis-
playing Spearman’s p between radiomic features (from ADC and T1C, re-
spectively) and pathomic features. Strongest radiopathomic associations
(p > 0.6) sorted by p strength are presented in Table 3.2 and 3.3.
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Figure 3.2. Radiopathomic analysis between ADC radiomic features and
pathomic features. Correlation matrix filtered from nonsignificant correla-
tions (rows and columns with non significant values were deleted, while non-
significant values surviving were set to zero). Abbreviations: CD = Cellular
Density; ADC = Apparent Diffusion Coefficient; LALGLE = Large Area Low
Gray Level Emphasis; IMOC = Information Measure Of Correlation; ASM =
Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Em-
phasis; LDHGLE = Large Dependence High Gray Level Emphasis; SDLGLE
= Small Dependence Low Gray Level Emphasis; LALGLE = Large Area Low
Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem
= gray level co-occurrence matrix; gldm = Gray Level Dependence Matrix;
glszm = Gray Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Dif-
ference Matrix; glrlm = Gray Level Run Length Matrix.
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Figure 3.3. Radiopathomic analysis between T1C radiomic features and
pathomic features. Correlation matrix filtered from nonsignificant correlations
(rows and columns with non-significant values were deleted, while surviving

nonsignificant values were set to zero). Abbreviations: DNU
non uniformity; GLNU = gray-level non-uniformity; IMOC

= Dependence
— Information

Measure Of Correlation; ASM = Angular Second Moment; SRLGLE = Short
Run Low Gray Level Emphasis; SDLGLE = Small Dependence Low Gray
Level Emphasis; T1C = post-contrast T1; SALGLE = Small Area Low Gray
Level Emphasis; LALGLE = Large Area Low Gray Level Emphasis; glem =
gray level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm
= Gray Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Difference

Matrix; glrlm = Gray Level Run Length Matrix.

Table 3.2: Summary of the highest-correlated (g>0.6) radiomic-pathomic features, with radiomic features extracted

from ADC. Abbreviations:

Discovery Rate; BF Bayes Factor; LDLGLE

ADC = Apparent Diffusion Coefficient; CD = Cellular Density; FDR = False
Large Dependence Low Gray Level Emphasis; LALGLE

Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; LDLGLE = Large
Dependence Low Gray Level Emphasis; ASM = Angular Second Moment; IMOC = Information Measure
Of Correlation; glem = gray level co-occurrence matrix; glszm = Gray Level Size Zone Matrix; ngtdm =

Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix.

Radiomic feature Pathomic e FDR q BF
Name (ADC) feature name

ngtdm Contrast CD200pm ngtdm Strength 0.739 1.48x107° 6.46x100
firstorder Minimum CD200pm ngtdm Strength 0.729 1.48x107° 3.15x10°
firstorder 10Percentile CD200pm ngtdm Strength 0.725 1.48x107° 2.36x10°

Continued on next page
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Table 3.2: Summary of the highest-correlated (¢>0.6) radiomic-pathomic features, with radiomic features extracted

from ADC. Abbreviations:
Discovery Rate; BF = Bayes Factor; LDLGLE = Large Dependence Low Gray Level Emphasis;

ADC = Apparent Diffusion Coefficient; CD = Cellular Density; FDR = False

LALGLE =

Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; LDLGLE = Large

Dependence Low Gray Level Emphasis; ASM

Angular Second Moment; IMOC

Information Measure

Of Correlation; glem = gray level co-occurrence matrix; glszm = Gray Level Size Zone Matrix; ngtdm =
Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

firstorder Median CD200pm ngtdm Strength 0.698 4.12x1075 4.06x10°
ngtdm Contrast MEAN Haralick ASM FO 0.697 4.12x107° 3.74x10°
firstorder Minimum MEAN Haralick ASM FO 0.694 4.12x107° 3.16x10°
gldm LDLGLE CD100pm glrlm RV 0.693 4.12x107° 3.00x10°
glszm LALGLE CD100pm glrlm RV 0.693 4.12x107° 2.93x10°
firstorder Mean CD200pm ngtdm Strength 0.692 4.12x1075 2.75x10°
ngtdm Contrast MEAN Haralick IMOC2 F12 -0.691 4.12x1079 2.59%107
ngtdm Busyness CD100pm glrlm RV 0.69 4.12x107° 2.42x10°
glszm ZoneVariance CD100pm glrlm RV 0.687 4.12x107° 2.07x10°
glem DifferenceVariance MEAN Haralick ASM F0 0.687 4.12x107° 2.05%x10°
firstorder 10Percentile MEAN Haralick ASM FO 0.687 4.12x107° 2.01x10°
glem DifferenceVariance CD200pm ngtdm Strength 0.679 6.01x10°° 1.31x10°
firstorder Median MEAN Haralick ASM FO 0.676 6.67x107° 1.09x10°
glem Ime2 CD100pm glrlm RV -0.675 6.67x107° 1.05x10°
firstorder Mean MEAN Haralick ASM FO 0.672 7.40%x107° 9.00x10%
firstorder 90Percentile CD200pm ngtdm Strength 0.66 1.44x10°4 4.52x10%
firstorder 90Percentile MEAN Haralick ASM F0O 0.656 1.67x1074 3.71x10%
gldmDependenceVariance CD100pm glrlm RV 0.655 1.67x1074 3.55x10%
firstorder Minimum MEAN Haralick IMOC2 F12 -0.654 1.67x10°4 3.27x10%
glszm LALGLE CD150pm glszm LALGLE 0.653 1.67x10°4 3.17x10%
gldm LDLGLE CD150pm glszm LALGLE 0.653 1.67x10°4 3.14x10%
ngtdm Busyness CD150pm glszm LALGLE 0.648 2.05x107% 2.48x10%
glszm ZoneVariance CD150pm glszm LALGLE 0.644 2.44x107% 2.03x10%
glem DifferenceVariance MEAN Haralick IMOC2 F12 -0.641 2.72x107% 1.76x10%
glrlm RunVariance CD100pm glrlm RV 0.64 2.78x10°4 1.67x10%
firstorder 10Percentile CD100pm ngtdm Strength 0.634 3.58x10°4 1.27x10%
glem Imc2 CD150um glszm LALGLE -0.63 4.39x1074 1.01x10%
firstorder Minimum CD100pm ngtdm Strength 0.628 4.46x107% 9.50x103
firstorder 10Percentile MEAN Haralick IMOC2 F12 -0.628 4.46x107% 9.29%103
glszm GLNUN CD100pm glrlm RV 0.627 4.46x1074 9.10x103
glszm GLNUN CD150pm glszm LALGLE 0.622 5.71x10°%4 6.98x103
ngtdm Contrast CD100pm ngtdm Strength 0.621 5.87x107% 6.62x103
glem ClusterProminence MEAN Haralick ASM F0O 0.614 7.70x107% 4.98x103
firstorder Median CD100pm ngtdm Strength 0.613 7.74%x107% 4.83x103
ngtdm Complexity CD50pm glem Contrast 0.61 8.56x10°4 4.21x103
gldmDependenceVariance CD150pm glszm LALGLE 0.61 8.56x10°4 4.11x103
firstorder TotalEnergy CD50pm glem Contrast 0.61 8.56x10°4 4.07x103
glem InverseVariance CD100pm glrlm RV 0.609 8.64x10°4 3.94x103
firstorder Mean CD100pm ngtdm Strength 0.607 9.13x107% 3.66x103
firstorder Maximum MEAN Haralick ASM FO 0.606 9.37x107% 3.42x103
firstorder Median MEAN Haralick IMOC2 F12 -0.606 9.37x107% 3.41x103

Continued on next page
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Table 3.2: Summary of the highest-correlated (g>0.6) radiomic-pathomic features, with radiomic features extracted

from ADC. Abbreviations: ADC = Apparent Diffusion Coefficient; CD = Cellular Density; FDR = False
Discovery Rate; BF = Bayes Factor; LDLGLE = Large Dependence Low Gray Level Emphasis; LALGLE =
Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; LDLGLE = Large
Dependence Low Gray Level Emphasis; ASM Angular Second Moment; IMOC Information Measure
Of Correlation; glem = gray level co-occurrence matrix; glszm — Gray Level Size Zone Matrix; ngtdm —
Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

gldm LDLGLE CD100pm glrlm LRE 0.604 9.43x107% 3.23x103
firstorder Mean MEAN Haralick IMOC2 F12 -0.604 9.43x107% 3.22x103
glszm LALGLE CD100pm glrlm LRE 0.604 9.43x107% 3.19x103
ngtdm Busyness CD100pm glrlm LRE 0.602 9.95x107% 2.97x103
glrlm RV CD150pm glszm LALGLE 0.601 1.02x1073 2.84x103
glszm ZoneVariance CD100pm glrlm LRE 0.6 1.04x1073 2.73%x103

Table 3.3: Summary of the highest-correlated (p>0.6) radiomic-pathomic features, with radiomic features extracted

from T1C. Abbreviations: T1C = post-contrast T1; CD = Cellular Density; FDR = False Discovery Rate;
BF = Bayes Factor; SDLGLE = Small Dependence Low Gray Level Emphasis; IMOC = Information Measure
Of Correlation; GLNU = Grey Level Non Uniformity; ASM = Angular Second Moment; glem = gray level
co-occurrence matrix; glszm = Gray Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Difference
Matrix; glrlm = Gray Level Run Length Matrix.

Radiomic feature Pathomic o FDR q BF
Name (T1C) feature name

firstorder RootMeanSquared CD50pm ngtdm Bpsyness -0.652 2.48x1073 3.09x10%
glem JointEnergy CD200pm ngtdm Strength 0.647 2.48x1073 2.37x10%
ngtdm Coarseness CD200pm ngtdm Strength 0.644 2.48x1073 2.05x10%
glem JointEnergy MEAN Haralick IMOC2 F12 -0.636 2.48x10°3 1.39x10%
firstorder RootMeanSquared CD150pm glszm GLNU -0.632 2.48x10°3 1.12x10%
firstorder 10Percentile CD50pm ngtdm Bpsyness -0.631 2.48%x10°3 1.05x10%
ngtdm Coarseness MEAN Haralick IMOC2 F12 -0.629 2.48x10°3 9.88x103
firstorder RootMeanSquared CD200pm glem Imc?2 0.621 3.15x10°3 6.73x103
firstorder 90Percentile CD50pm ngtdm Bpsyness -0.619 3.15x10°3 6.18x103
firstorder 10Percentile CD150pm glszm GLNU -0.61 4.26x1073 4.20x103
ngtdm Coarseness MEAN Haralick ASM FO 0.604 4.27x1073 3.24x103
firstorder 90Percentile CD150pm glszm GLNU -0.603 4.27x1073 3.09%103
firstorder 90Percentile CD200pm glem Imc2 0.602 4.27x1073 2.98x103
firstorder RootMeanSquared CD150pm glem Imc2 0.602 4.27x1073 2.91x103
gldm SDLGLE CD200pm ngtdm Strength 0.601 4.27x1073 2.86x103

3.1.1.3.3 Factor analysis

The factor analytic data compression of

the regularized correlation matrix resulted in 24, 32, and 27 latent factors,
respectively for ADC, T1C and pathomic. These retained 76%, 89% and
81% of the covariation between the original 46 (for ADC), 53 (for T1C) and
232 (for pathomic) features. Loadings measuring the association between
features and factors for ADC, DCE and pathomic feature analysis were
reported in Appendix B (B.2). Having estabilished a compact representa-
tion of ADC, T1C and pathomic features in terms of factors, correlation
analysis between factors scores revealed significant correlations based on
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adjusted p-values after FDR correction. To facilitate the reading of factor
analysis results, the term “Factor” was abbreviated to “F”. Concerning
ADC pipeline, 5 significant correlations were found, of which 3 negative
correlations (p = -0.54, BF = 2.99x10% between ADC F5 and pathomic
F11; p = -0.53, BF = 2.55x10% between ADC F4 and pathomic F11; o =
-0.52, BF = 1.65x102 between ADC F1 and pathomic F5) and 2 positive
correlations (p = 0.51, BF = 1.24x10? between ADC F1 and pathomic
F17; p = 0.48, BF = 36.3 between ADC F2 and pathomic F14). Among
factors constituting the ADC-radiopathomic couples showing significant
cross-scale associations, ADC F1 consisted mainly of firstorder features
(mean absolute deviation, maximum, minimum, 10*" and 90*" percentile,
median and interquartile range) and textural glem features (difference av-
erage and cluster shade, tendency and prominence); ADC F2 consisted
mainly of glem dependence variance and large dependence low gray level
emphasis, Informational Measure of Correlation from glem and three glszm
features (zone variance, large area low gray level emphasis, gray level non-
uniformity normalized); ADC F4 consisted mainly of textural features as-
sociated with entropy (gldm dependence entropy, glem difference entropy
and glszm zone entropy); ADC F5 consisted mainly of ngtdm complexity
and firstorder total energy. Considering pathomic factors, F11 was mainly
related to texture strength from ngtdm of cell density maps at different
resolutions (100pm, 150pm, 200pm); F14 consisted mainly of morphologi-
cal nuclear features (circularity and eccentricity); F17 is mainly related to
dependence variance and non-uniformity normalized from gldm of 150pm
cell density maps. Concerning T1C pipeline, 2 significant and negative cor-
relations were found, in particular between T1C F2 and pathomic F11 (p =
-0.63, BF = 9.14x103) and between T1C F5 and pathomic F8 (p = -0.53,
BF — 2.52x10%). Among factors constituting the T1C-radiopathomic cou-
ples showing significant cross-scale associations, T1C F2 is mainly related
to short run emphasis, small dependence and small area low gray level from
glrlm, gldm and glszm, respectively, and maximum probability and joint
energy from glem; T1C F5 is mainly composed of firstorder features (10"
percentile, root mean squared, minimum). Considering pathomic factors,
F11 was described above since it also appeared in ADC-radiopathomic
associations, while F8 consisted mainly of busyness from ngtdm of cell
density maps at different resolutions (50pm, 100pm) and informational
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measure of correlation from glem of cell density maps at 150pm and 200pm
resolutions.

3.1.1.4 Discussion

The possibility to integrate data from different imaging scales in a
common framework opens the improvement of diagnostics and molecular
knowledge about GBM and its heterogeneity and provides an advantageous
context to validate radiomic approach as a clinical “virtual biopsy” tool
[181, 198]. Multiparametric MRI and digital pathology images from biopsy
samples are currently acquired as standard clinical practice for GBM and
provide information that are essential to making correct diagnoses, appro-
priate patient management and treatment decisions. However, the isola-
tion of radiology and pathology workflows, and consequently of the analysis
of quantitative data arising from radiology (radiomics) and digital pathol-
ogy (pathomics) makes it hard to harness the potential arising from the in-
tegration of quantitative data at different imaging scales [266, 283]. In this
preliminary study, we evaluated cross-scale associations between radiomic
and pathomic descriptors in patients with GBM, quantitatively correlat-
ing imaging features extracted by functional MRI images with histological
features extracted from H&E digitized slices from surgical resections. In
this study, we focused on commonly acquired functional MR sequences,
including T1C and ADC from DWI, as they are both part of the routine
examination for patients with GBM and are functional modalities, mean-
ing they can provide functional information about GBM and are able to
detect tumor volume and physiological changes beyond the lesions shown
on conventional morphological MRI [131]. Firstly, we investigated the re-
lationship between ADC mean value and basic histopathologic features
related to cellular density, namely nuclei count, area of the extracellular
space and the sum of the area of the latter with that of the cytoplasm, that
commonly associated with ADC meaning [288, 122]. Indeed, in the field of
glial tumors, quantitative assessment of ADC with DWI has mainly been
considered as imaging biomarker for its estimation of cellularity based on
its inverse relation with water diffusivity in the extracellular compartment
(the higher the tumor grade, the lower the mean tumor ADC values) [104].
Our results supported this assumption, showing a significant negative cor-
relation between ADC and nuclei count, and a positive correlation between
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ADC and extracellular space and the sum of extracellular space and cy-
toplasm. These findings were in line with results from the meta-analysis
by Surov et al. [288], which found a strong inverse correlation between
ADC and cellularity in glioma. An inverse correlation between ADC and
cellularity in GBM was also found by Eidel et al. [108] who adopted an
approach including trajectory analysis and automatic nuclei counting for
the analysis. However, these results should be carefully interpreted mainly
due to the extremely small populations investigated in the studies. Of
note, we found that the value of correlation with ADC mean decreased
when considering the sum of extracellular space and cytoplasm area than
extracellular space area alone, and this could be associated with the bias
introduced by water in cytoplasm [108]. Preliminary analyses were not
performed for T1C since, differently from ADC map that corresponds to a
quantitative measurement that is supposed to reflect water diffusivity and
thus to be affected by tissue proprieties (e.g., cellularity, cell size, nuclear
size, necrosis, extracellular space) directly detectable from nuclear-based
features in H&E slides, the relationship between information provided from
T1C and nuclear-based features from H&E is not trivial. Further research
is needed to investigate on the association between radiomics features from
T1C and pathomic features directly associable to this kind of images, such
as those associated to microvessel density and quantitative perfusion maps
[307]. After preliminary analysis for ADC, a deeper radiopathomic analy-
sis was conducted to explore more detailed radiopathomic associations. In
particular, considering two separate tasks for ADC and T1C images, we
first investigated correlations between radiomic and pathomic features. It
should be highlighted that we opted for analysing the extracted radiomic
and pathomic features filtered with a correlation filter to make the analy-
ses more controllable and manageable and eliminate redundancies between
the features. Furthermore, although we have not built predictive models,
it should be considered that the elimination of highly correlated features is
part of the main remedies against overfitting. On the other hand, we used
a high threshold (p = 0.90) to lose as little information as possible after fea-
tures drop out. In addition, this value was recommended as threshold by
Peeters et al. [242] for redundancy filtering to perform factor analysis. Sig-
nificant cross-scale associations were identified between pathomics features
and ADC radiomic features, with correlation strength ranging from 0.45 to
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0.74 in absolute value. Significant but fewer and with a lower upper bound
e values were also found concerning the association between pathomics and
radiomics features from T1C, with correlation strength ranging from 0.5
to 0.65 in absolute value. These results were corroborated by very large
values of BF (ranging from 21.7 to 6.46x10° for ADC task and from 22.9 to
2.58x10° for T1C task) that gave strong evidence that the observed data
supported the alternative hypothesis. The radiopathomic analysis was en-
forced by a factor analysis aiming at establishing a compact representation
of radiomic and pathomic features in terms of factors that retained most
of the information contained in the full data set, using an approach dealing
with both the high-dimensionality as well as the collinearity burden of fea-
ture sets [242]. The correlation between resulting radiomic and pathomic
factors revealed five significant cross-scale associations between pathomics
and ADC factors (with correlation strength ranging from 0.51 to 0.54 in
absolute value) and only two significant p values were found concerning
the association between pathomics and T1C radiomics features (p = -0.63
and p = -0.53). Also results of correlation analysis between factors were
corroborated by very large values of BF (ranging from 36.3 to 9.14x10%)
that gave strong evidence that the observed data supported the alterna-
tive hypothesis. While it is difficult to demonstrate a causal relationship
between radiomics and pathomic features, we can hypothesize about the
underlying connections between them. As highlighted, the number of sig-
nificant radiopathomic associations was almost four times higher when
considering ADC than T1C features and more than half higher when con-
sidering ADC than T1C factors. This could be related to the quantitative
information provided from ADC maps that is supposed to be more influ-
enced by cellularity-associated properties extracted from the H&E images
with respect to T1C. However, it is interesting to highlight the significant
relationships identified between features associated with cell density and
T1C radiomic features since this could provide info on the complemen-
tarity of diffusion and perfusion that are usually considered independent
characteristics associated with the aggressiveness of the lesions and are in-
dependently assessed [248]. Moreover, these results are in line with those
from a recent study by Bobholz et al. [63] who found that multiparamet-
ric MR imaging intensity values, of which ADC and T1C, were associated
with tumor cellularity. However, it should be highlighted that tumor cellu-
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larity was quantified on postmortem data, and any other pathomic feature
than cellularity was evaluated in their study. Another interesting point to
highlight was that most significant radiopathomics associations involved
textural features extracted from cell density maps, both considering ADC
and T1C tasks. Concerning ADC correlation analysis, almost 1/3 cor-
respond to associations with first order features and the remaining 2/3
were with textural features. Concerning T1C correlation analysis, almost
4/5 correspond to associations with firstorder features and the remaining
1/3 were with textural features. A low number of significant associations
involved two intranuclear Haralick texture features (Haralick Angular Sec-
ond Moment F0O and Information measure of correlation 2 F12) with ADC
firstorder features (10 associations) and textural features (5 associations)
and two T1C textural features (glem Joint Energy and ngtdm Coarse-
ness). These results were in line with those obtained in the factor analysis,
in which all but one pathomic factors associated with ADC and T1C ra-
diomics were mainly composed by features from cell density maps. The
remaining one was mainly associated with nuclear circularity and eccentric-
ity, and this could support the hypothesis that a link exists between specific
aspects of tissue heterogeneity and parameters from diffusion MRI [292].
The prevalence of correlations involving features and factors mainly asso-
ciated with features from cell-density maps highlights that the cell-density
map-based feature extraction technique gave rise to novel interesting po-
tential markers that could reflect macroscopic properties from radiologic
images. Moreover, this could be intuitively related to the intrinsic meaning
of these features that, arising from cell-density maps, are associated with
a higher scale level than cellular/intranuclear features and are supposed
to be closer to the macro-scale of radiomic features. In addition, it should
be also highlighted that, among these significant results involving features
from cell density maps, most of them involved features at lower resolutions
(100pm, 150pm and 200 pm per pixel), that are supposed to be closer to
the macro-scale of radiomic features with respect to those from 50pm res-
olution maps. On the other side, any of delaunay triangulation features,
that describe inter-nuclear characteristics, showed significant correlations
with radiomics. Given the promising results involving features and factors
associated with original images, we considered it appropriate to perform
supplementary analyses by extracting the first and second order features
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following application of wavelet and local binary pattern (LBP) filters to
the images. Supplementary analysis results followed the trend of results
obtained in the main analyses, with more significant results involving ADC
than T1C pipeline and most of correlations involving features and factors
mainly associated with features from cell-density maps. Of note, several
wavelet and LBP features appeared in significant results both in correla-
tion and factor analysis. Of note, we opted for investigating these two
higher-order feature groups due to the wavelet and LBP features ability to
decipher textural information from different scales [305, 60] and their power
for texture analysis and classification [245]. Moreover, these features have
also been used for analyzing histopathological images [308, 222]. To our
knowledge, this is the first study aiming at investigating radiopathomic as-
sociations between radiomic features extracted from ADC maps and T1C
images and handcrafted pathomic features arising both from cell segmenta-
tions and cell density maps at different resolutions. Only a few works have
similarly correlated radiology and histopathology information, and efforts
have been rather limited to establishing qualitative clinical correlation. In
the context of brain tumors, Rathore et al. [252] aimed to assess the power
of radiomic and pathomic features, both in comparison and in combina-
tion, for the prediction of survival in GBM patients from TCIA. They found
that performances of machine learning models based on the combination
of radiomic and pathomic features lead to better results than those based
on radiomics and pathomic features taken separately. However, they have
conducted any analysis to assess relationships between radiomic and path-
omic features. Moreover, radiomic features from ADC were not evaluated.
Bobholz et al. [64] examined the localized relationship between MR-based
radiomic features from T1, T1C, FLAIR and ADC and their corresponding
histomics features in patients with brain tumors. They found several sig-
nificant radiopathomic associations (p > 0.2) and suggested that radiomic
features were able to capture underlying histopathology. However, a direct
comparison with our results was not possible due to differences in extracted
features, statistical analyses, and study setting (e.g., pathomic features ex-
tracted from autopsy samples, non-specificity on GBM patients). In the
context of other cancer types, Shao et al. [273] found that the combination
of radiomics and pathomics features was helpful in terms of pretreatment
prediction of pathological response in patients with rectal cancer. Interest-
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ingly, they also investigated on the correlation between extracted radiomic
and pathomic features before the construction of the predictive signatures.
Alvarez-Jimenez et al. [38| identified significant cross-scale associations
between CT radiomic features and pathomic features that independently
showed discriminative power for differentiating between non-small cell lung
cancer subtypes. It is worth noting that, similarly to what we did in our
study, they examined pathomic features extracted from cell density maps
at different resolutions. Of note, Lu et al. [198] performed a brief review on
fusion of pathomics, radiomics and genomics, also providing an overview
of research works combining radiomic and pathomics in the specific field
of cancer prognosis. Despite some promising results emerging in our pre-
liminary study, there are still many limitations to overcome. First, despite
utilizing a large public database, our final cohort size was still limited.
However, we ensured our analysis was conducted as rigorously as possi-
ble. We attempted to account for these limited numbers by appropriately
adjusting the FDR threshold. Another important limitation affecting our
work concerns the missing information on the exact localization and ori-
entation of the surgical sample. This certainly constitute a bias related to
the lack of MRI-histology correspondence, but at the same time it could
be an advantage as regards the generalizability of the approach developed
in a clinical context since the dataset investigated could be representative
of real-world data acquired in clinical practice. However, further studies
performed on radiomics and pathomics data arising from colocalized MRI-
pathology images are needed, although care should be taken concerning
issues that can introduce bias when studying correlations between imag-
ing and histological data. In particular, differences in orientation between
the MRI scan planes and the surgical sample can determine a significant
mismatch, the tissue deformation occurring when the histological sample
is placed outside its anatomical background can determine important and
locally nonlinear alignment inconsistencies, and the different spatial res-
olution of the two methods (1-5mm for MR and 3-5um, for histology)
does not allow accurate co-localization [48]|. However, we attempted to
account for the missing MRI-histology co-localization bias as best as pos-
sible by proceeding to accurately avoid necrotic/cystic zones and large
vessels in both macroscopic VOIs on MRI and microscopic segmentations
on WSI images, in order to allow for multiscale quantification providing
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complementary information contributing to the understanding of tumor
characteristics [300]. In addition, we could not investigate the associa-
tion between pathomic features and features deriving from quantitative
parameters associated with perfusion (e.g. Ktrans, Kep, Ve, CBV) due to
the non-availability of DCE/DSC images for almost all included patients
[339]. Furthermore, as previously mentioned, the features associated with
cell density and intranuclear ones are not directly associable (regarding the
functional meaning) to those of T1C. It would have been interesting to con-
duct preliminary analyses on microvessel cell density (MVD) to evaluate
the associations between more advanced features associated with MVD seg-
mentations and radiomic features from T1C [307, 331]. Moreover, we have
not carried out survival analyses since the information on treatments that
the patients have carried out were missing. Of note, we opted for evaluat-
ing a limited number of features in this study in order to be able to directly
translate descriptors from one scale to the next as done in our pathomic-
radiomic analysis experiments. An essential criterion for having examined
these hand-crafted features is that they are easier to interpret with re-
spect to features obtained from neural networks [298, 237]. However, our
framework may be used to study associations between an expanded suite
of radiomic and pathomic measurements, as well as extended to character-
izing other cancers. Another critical limitation affecting our study concern
the well-known lack of shared reference standards concerning data storage,
the missing agreement on analysis procedures, and the feature reliabil-
ity and reproducibility limitations affecting both radiomics and pathomics
[304]. In particular, the existing lack of standardization in terms of image
acquisition, processes, segmentation methods, and radiomics/pathomics
analysis tools, could lead to discrepancies in feature measurements that
are not due to underlying biological variations [234, 332]. For example,
differences in scanners and image acquisition parameters between consid-
ered patients may have affected radiomics results [80]. In particular, it
should be highlighted that MR images were acquired at different magnetic
field strengths, and this represented a confounding factor, mainly for T1
and T2 images [43], and exacerbated the potential for batch effects. Batch
effects, arising from technical variations such as differences in image ac-
quisition parameters or equipment, can introduce systematic biases in the
data and confound the interpretation of results. These effects are particu-
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larly relevant in multi-center studies or when data is collected over an ex-
tended period, as variations in imaging protocols or equipment calibration
can significantly impact feature measurements [80]. While the stability
of ADC radiomics features was found to be unaffected by differences in
magnetic field strength (matching the field-independent nature of ADC)
[241], efforts were made to mitigate potential batch effects. For instance,
normalization techniques were applied to T1C raw images to account for
the varying intensity ranges of MRI data and improve the robustness of
radiomics features, as indicated by the IBSI guidelines [342]. Moreover, we
proceeded to report in detail all steps of radiomic and pathomic workflow
performed in our study since it is essential to develop this emerging field
in terms of clinical translation and to improve the reproducibility of study
outcomes [181, 303]. Although our findings require careful interpretation
due to the limitations mentioned above, the implemented radiopathomic
approach revealed interesting cross-scale relationships between radiology
and pathology in patients with GBM and may represent a starting point
for future research on GBM. Our results strengthen the role of radiomics
approach and its validation in clinical practice as “virtual biopsy”, intro-
ducing new insights for omics integration toward a personalized medicine
approach. Further prospective and retrospective studies involving larger
groups of patients are essential to validate obtained results, perform in-
depth analyses and extend this approach to other cancer types.

3.2 Towards clinical practice: Leveraging Path-
omics to support Cancer Diagnosis

This section focuses on the power of pathomics in bridging the gap
between research and clinical practice, highlighting two distinct lines of
research that harness pathomic approaches for clinical applications in the
field of oncology. The focus will be on pathomic features since they can pro-
vide additional information concerning the underlying biological processes
compared to the WSI visual interpretation, also potentially providing a
tangible and interpretable representation of patterns and structures within
pathological images, aiding clinicians and researchers in understanding the
underlying characteristics of tissues. Moreover, pathomic analyses often re-
quire less data than DL methods while still capturing relevant information.
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The pivotal role of pathomics in shaping the future of cancer diagnosis and
treatment will be emphasized. In exploring this field, two distinct stud-
ies were spotlighted to exemplify the potential of pathomic approaches to
bridge the gap between research endeavors and tangible clinical applica-
tions in oncology. Each study represents a unique exploration, leveraging
pathomic features to address for specific challenges in breast cancer and
prostate cancer diagnosis, offering a glimpse into the transformative pos-
sibilities that such approaches bring to the forefront of clinical practice.

The first study tackles the challenge of quantifying tumor-infiltrating lym-
phocytes (TILs) in breast cancer (BC) since traditional methods reliant on
visual assessments of histopathological WSIs often result in non-standardized
and time-consuming processes. This study pioneers a pathomic approach,
employing high-throughput image feature extraction techniques to analyze
microscopic patterns in BC WSIs. The proposed approach introduces a
potential breakthrough, offering a more standardized and efficient assess-
ment of TILs in BC—a crucial factor in decision-making support for BC
treatment strategies.

The second study addresses the complexities of Gleason grading in prostate
cancer (PCa) given due to the well-known subjectivity and labor-intensive
nature of the traditional manual assignment of Gleason Scores (GS). In
response to these challenges, this study introduces a multiscale, pathomic-
based approach for PCa Gleason Score classification from H&E-stained
digital pathology images. Leveraging pathomic features extracted at dif-
ferent magnification scales, the proposed approach sets the stage for a
more efficient and consistent Gleason grading process. The study hints at
a potential shift in the clinical landscape, envisioning a future where tech-
nology enhances the precision and reliability of PCa diagnosis. Through
these investigations, the aim of this section is to navigate the path from
research innovation to real-world impact, envisioning a landscape where
pathomics becomes an integral tool for enhancing diagnostic precision and
treatment strategies in cancer care.
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3.2.1 A pathomic approach for tumor-infiltrating lympho-
cytes classification on breast cancer digital pathology
images

3.2.1.1 Introduction

The treatment of BC is largely determined by the biology of the tumor.
It is becoming more evident that the patient’s immunity can be an impor-
tant indicator of what treatment is needed and how their own immune
system can significantly contribute to their chances of long-term survival
[264]. In recent years, the role of the tumor microenvironment (TME) has
received increasing attention in the immuno-oncology scientific commu-
nity, focusing on the interaction between tumor cells and the host immune
system|[187]. TILs, namely lymphocytes and plasma cells that have invaded
the tumor tissue, are proving to be an important biomarker in cancer pa-
tients as they can play a role in killing tumor cells, particularly in some
types of BC. In recent years, several studies have shown the predictive and
prognostic value of visually scored TILs in triple-negative BC (TNBC) and
human epidermal growth factor receptor 2 (HER2+) BC, making TILs a
powerful clinical biomarker [110, 178|. Therefore, accurate identification
and measurement of TILs can support less aggressive target treatments,
particularly immunotherapy, reducing the need for more invasive options
like chemotherapy. Currently, the degree of TILs infiltration is assessed by
simple visual evaluation of H&E-stained WSIs of tumor sections, following
recommendations from the International TILs Working Group (TILs-WG)
[265, 42]. According to TILs-WG guidelines, the boundaries of the inva-
sive tumor must be identified, and only TILs inside those boundaries were
evaluated. In particular, the TILs-WG suggests only considering stromal
TILs (sTILs), which are defined as mononuclear hosts immune cells (pre-
dominantly lymphocytes) present within the tumor margin and located
within the stroma among carcinoma cells without directly contacting or
infiltrating tumor cell nests (Figure 3.4(A-C)).
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Figure 3.4. Identifying stromal Tumor Infiltrating Lymphocyte (TIL) regions
in a H&E-stained WSI of breast cancer. (A) H&E-stained WSI of breast
cancer. (B) Example of a region of tissue. (C) Example of stromal TILs
(green solid arrow) and cells that are no TILs (red dotted arrow). The image
shows how it can be challenging to visually differentiate TILs from other cells.

This is because sTILs are more prevalent, more variable in amount
and have been demonstrated to be more reproducibly assessed when com-
pared to intratumoral TILS (iTILs), defined as lymphocytes within nests of
carcinoma characterized by cell-to-cell contact with no presence of stroma
among them [172]. sTILs are then reported as a percentage, which refers to
the percentage of stromal area occupied by mononuclear inflammatory cells
over the total within-tumor stromal area [172]|. Specifically, the TIL score
is manually estimated as the percentage of total tumor-associated stromal
area occupied by TILs, where areas of necrosis, ductal and lobular carci-
noma in situ (DCIS/LCIS), and normal breast tissue are excluded|265].
However, despite these successful standardization efforts and the rising
amounts of evidence concerning the association of TILs with favorable
prognosis [249], manual quantification of TILs has several drawbacks: is
time-consuming, limited in precision, requires extensive training by pathol-
ogists, inter-observer variability will likely remain an issue given the dif-
ficulty in quantitatively evaluating histological properties, and lacks the
ability to evaluate more complex properties such as TIL distribution pat-
terns or features associated with tissue phenotype. Therefore, this lack of
standardized, objective, and effective TILs quantification strategies make
TILs marker still not considered robust enough for being used in clinical
practice [265]. In several TIL studies, pathologists count by eye the quan-
tity of lymphocytes within a limited area, an obviously very error-prone
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and time-consuming task [110]. To favor the reporting of TILs in BC it
is therefore necessary to provide the pathologists with automated image
analysis tools. The availability of a computerized image analysis scheme
for automated quantification of TILs will enable the development of an in-
expensive image-based system for predicting disease survival and outcome.
In particular, computational image analysis approaches are crucial for im-
proving TILs quantification accuracy, saving time, enabling the analysis
of more complex spatial patterns, and providing standardized metrics for
validation by expert pathologists and regulatory agencies [163, 26, 280].

Over the last decade, the rapidly increasing technical advancements
in the field of digital pathology enabled the development of increasingly
advanced computerized image analysis approaches for automating manual
tasks such as TILs quantification and addressing their associated limi-
tations. Different automated TILs quantification approaches have been
proposed, ranging from those based on classical image processing meth-
ods, where cell boundaries are identified and the resulting objects clas-
sified according to certain properties, to deep learning (DL)-based ap-
proaches that directly classify cells without the need for explicit segmen-
tation [163, 93, 199, 184]. Although the most common strategies proposed
to quantify TILs are those exploiting DL supervised techniques, achieving
high quality results with this group of methods requires large scale dataset
for training with precisely annotated masks accurately representing the
cell borders (in case of semantic segmentation approaches such as the U-
Net [259]) or the exact locations (in case of object-detection approaches
such as Fast R-CNN [128] and YOLO [255]) of TILs in training images.
Moreover, DL-based approaches are mostly neither interpretable nor easily
explainable [132, 262|, and fail to aid pathologists with novel insights on
the tissue since they lack in providing a structured representation of the
input image data.

The emerging and rapidly expanding field of pathomics aims to ap-
ply high-throughput image feature extraction techniques to interrogate
the microscopic patterns in pathologic data, especially from H&E-stained
sections[134]. The founding hypothesis in support of the use of pathomics
in medical care is that quantitative features derived from digital pathology
images could give additional information in relation to the underlying bi-
ological processes compared to the visual interpretation of the image as a
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picture, which is the traditional way of interpreting images. In this context,
features extracted from pathomic analysis could be a promising tool for
automatically identifying TILs in BC H&E images since they may contain
information helping to discover novel biological associations that could be
useful for TILs detection [134]. Moreover, they provide more easily in-
terpretable and explainable results than those obtained using DL-based
approaches for TILs detection [132, 287, 295|. Only a few previous studies
aimed at detecting TILs using quantitative features from H&E images of
different cancer types|93, 53, 39|, while most studies aimed at developing
DL-based computational TIL assessment methods broadly following some
or all steps of visual TILs-WG guidelines [287, 295, 41, 267|. However,
automated TILs quantification methods are still far from reaching clini-
cal practice for many reasons (e.g., requirement of more rigorous design,
greater sample size, more standardized survival analyses, high demand for
powerful infrastructures for training data etc.) and studies contributing to
achieving a quantitative, automatic, interpretable, and as simple as possi-
ble (both considering the implementation and the hardware requirements)
are needed. In light of this, this study aims to develop an approach based
on a comprehensive set of hand-crafted pathomic features to automatically
classify TILs in H&E-stained WSI of BC sections. It is worth remarking
that pathomic features are explicit, therefore easy to interpret, as opposed
to the DL approach. Several predictive models built using these features
will be evaluated to study how different classifiers influence the results.

3.2.1.2 Materials and Methods

In this section, data used in this study as well as the preprocessing
methods and the algorithm for nuclei segmentation are introduced. More-
over, the extraction of pathomic features, feature selection and classifier
modeling are described in detail. Finally, the metrics used for the evalu-
ation are provided. The overall methodological workflow of this study is
shown in Figure 3.5(A-D).
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Figure 3.5. Workflow of the approach developed in the study. Starting
from H&E images from HER2+ and TN breast cancer, the approach starts
with the segmentation of nuclei within tumor-associated stroma (A). Pathomic
features were then extracted from cell segmentation within tumor-associated
stroma (B). After the feature selection step, five classification models were
trained (C) and their performance evaluated (D).

3.2.1.2.1 Dataset A public dataset of diagnosed TNBC and HER2+
BC patients was used https://tiger.grand-challenge.org/. In particular,
for the development of the pipeline the ‘WSIROIS’ dataset was employed.
This dataset consists of 195 WSIs of core-needle biopsies and surgical re-
sections of BC patients with annotated tissue compartments and TILs,
combining cases from three sources:

e TCGA: TNBC cases from TCGA-BRCA [86] archive (n = 151). The
annotations provided for this dataset were generated by adapting the
publicly available BCSS (https://besegmentation.grand-challenge.org
and NuCLS (https://nucls.grand-challenge. org/, [39])datasets.

e RUMC: 26 cases of TNBC and HER2+ cases from Radboud Univer-
sity Medical Center (Netherlands), with annotations by a panel of
board-certified breast pathologists

e JB: 18 cases of TNBC and HER2+ cases from Jules Bordet Institute
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(Belgium). Annotations for these were made by a panel of board-
certified breast pathologists.

All data were provided at 20x magnification (resolution of 0.5 micron-
per-pixel) for processing. All images have ROI-level annotation masks for
use in processing. Concerning annotations corresponding to tissue com-
partments, each image had ROI-level annotations of the following tissue
classes: invasive tumor, tumor-associated stroma, in-situ tumor, healthy
glands, necrosis not in-situ, inflamed stroma and other. ROIs of tissue com-
partments were manually annotated using polygons. TILs were manually
annotated using point annotations and then squared bounding boxes of 8x8
nm were constructed centered on the point annotation [290]|. Five breast
pathologists independently performed tissue and TILs annotations and
any disagreement was solved by consensus. The classes ‘tumor-associated
stroma’ and ‘inflamed stroma’ were merged to form a ‘stroma’ class. Then,
all other classes were set to zero. In this way, masks only consisted of
background and stroma, and TILs. ROIs without stromal tissue annota-
tion were excluded. For further information on the employed dataset refer
to B.1.2.

3.2.1.2.2 Preprocessing Stain normalization was performed in the
preprocessing step to each image using the method proposed by Vahadane
et al. [309]. For each image, this method involves a stain separation
by sparse non-negative matrix factorization, in which the image is de-
composed into sparse and non-negative stain density maps, followed by a
structure-preserving color normalization step aimed at altering only the
image color appearances while preserving the structure [309]. Nuclear
segmentation was performed on H&E-stained slides to recognize objects
through a watershed-based cell detection method. Of note, nuclear seg-
mentation is a crucial but challenging task in pathology image analysis, and
the search for a robust, practically usable nucleus segmentation module is
still ongoing [268, 150, 195]. Various different approaches have been pro-
posed, ranging from relatively simple thresholding techniques (e.g. Otsu
[232], watershed [207]) to more advanced methods, such as, for instance,
those based on deep learning [268]. In this study, a watershed-based
method was used for its documented advantages, namely simplicity, speed
and the ease with which parameters can be adjusted and fine-tuned. This
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method applies a set of mathematical operations (fast radial symmetry
transform and regional minima) at different scales to identify candidate
locations for nuclei [207] and is part of the most widely used nuclear seg-
mentation methods among pathologists due to its implementation within
the most popular digital pathology tools (e.g. Cell Profiler [216], Qupath
[267], ImageJ [271], OpenCV [11]). The cell detection function from the
analysis module of QuPath was used to perform watershed-based nuclei
segmentation within tumor-associated stroma [207, 96, 317, 51|. The setup
parameter was set as hematoxylin OD for the detection image, with a pixel
size of 0.5 pm. Nucleus parameters were set as follows: background radius:
8 pm; median filter radius: 0 pm; o: 1.5 pm; minimum cell area: 10 pm?;
maximum cell area: 400 pm? [27]. For intensity parameters, the threshold
was set to 0.1, and the maximum background intensity was set to 2. An
expert microscopist verified the accuracy of the automatic cell detection.

3.2.1.2.3 Feature extraction and selection 71 pathomic features
were extracted using the open-source HistomicsTK package https://github.
com/DigitalSlideArchive/HistomicsTK/ from each segmented nucleus.
The extracted radiomics features were categorized into five groups: 6
Fourier Shape Descriptors (FSD) features, 8 gradient features, 26 Har-
alick features, 12 intensity-based features, 19 morphometry features. The
computing algorithms can be found at https://digitalslidearchive.
github.io/HistomicsTK/histomicstk.features.html. Features selec-
tion was performed using a correlation filter based on the absolute values
of pairwise Spearman’s correlation (p) coefficient to reduce feature redun-
dancy and prevent model overfitting (To reduce the dimension of features
and solve the overfitting problem). The threshold for ¢ was set to 0.9.
Briefly, if two features had p > 0.9, the function looks at the mean abso-
lute correlation of each variable, and the variable with the largest mean
absolute correlation is removed. A further feature reduction through a
univariate analysis using a nonparametric Wilcoxon rank-sum test was
performed to investigate their statistical significance with respect to the
outcome (TIL/noTIL). The significantly different features (p < 0.05) were
then selected. The optimal feature set from the remaining features was se-
lected using the least absolute shrinkage and selection operator (LASSO)
algorithm method, which was used to identify the most outcome-related
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features. The LASSO is a regularization technique used to minimize the
number of non-zero elements and make the solution unique. In the LASSO
algorithm, the shrinkage parameter lambda was identified when the mis-
classification error was smallest in 5-fold cross-validation [297, 256]. The
surviving features were used to build pathomic-based prediction models.
Feature selection procedures were implemented in R studio software, ver-
sion 4.0.2 (downloadable from http://www.R-project.org).

3.2.1.2.4 Data Processing To avoid the predominance of features
with the largest scale in the analysis, z normalization was performed on
the training set prior model training and applied to the test set. According
to z normalization, each feature was normalized as (x-x’)/s where x, x’,
and s are the feature, the mean, and the standard deviation, respectively.

3.2.1.2.5 Model Building and Performance Evaluation Before
data processing, data were randomly split into training (70%) and testing
sets (30%) but stratified to ensure that the ratio of positive samples to
negative samples was the same between the training and test set. Five
different models were used to evaluate the discrimination power of path-
omic features: Linear Discriminant Analysis (LDA), K-Nearest Neighbors
(KNN), Decision Tree (DT), Random Forest (RF), Multi-layer Percep-
tron (MLP). Five common classifiers from different families were chosen
to see which of them provides the best classification performance. K-Fold
cross-validation (CV) with K = 5 was applied to the training data set for
model selection (hyperparameter tuning). Concerning model parameters,
the number of neighbors k in k-NN was selected from [5,7,9]; the number of
trees to grow and the number of variables randomly sampled as candidates
at each split was set to ntree = 500 and mitry = /numberofpredictors,
respectively; the confidence factor for DT was chosen from cp € [0.1,0.5];
the number of hidden layers in MLP was selected from hl € [1, 5] no tuning
parameters were needed for LDA. Additionally, to overcome the imbalance
in the distribution of the TILs condition, models were also trained us-
ing both downsampling and a synthetic minority oversampling technique
(SMOTE) procedure on the training dataset to achieve balanced classes.
The downsampling technique is a resampling method that decreases the
size of the majority class to be the same or closer to the minority class
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size by just taking out a random sample. On the other hand, SMOTE
is a hybrid resampling method that downsamples the majority class, and
artificially generates new examples of the minority class using the near-
est neighbors of these cases. Furthermore, the majority class examples
are also under-sampled, leading to a more balanced dataset [82|. Receiver
operating characteristic (ROC) curve analysis was applied to evaluate the
predictive performance of the classification models (in all three settings:
not resampled, downsampled, and SMOTE-sampled training set), and the
area under the curve (AUC) was calculated. Accuracy (Eq. (3.1)), sensi-
tivity or recall (Eq. (3.1)), specificity (Eq. (3.3)), precision (Eq. (3.4)),
and Fl-score (Eq. (3.5)) were employed to evaluate the diagnostic perfor-
mance of resulting models in the hold-out test set. The associated formulas
are listed below:

Accuracy = 75 +(1Tvi i JZZJ\Dr)jL FN (3.1)
Sensitivity = TPSJ:I—P;’N (3.2)
Speci ficity = 1% (3.3)

Precision = TPS];—PI)TP (3.4)
Fl— (precision x recall) (3.5)

precision + recall

where TP = True Positive, TN = True Negative, FP = False Positive,
FN = False Negative. The AUC-ROCs were statistically compared be-
tween different classifiers and between different resampled strategies using
DeLong test with Bonferroni correction. P values less than 0.05 were
considered significant. Models building and evaluation were implemented
using Caret package in R studio software, version 4.0.2, downloadable from
http://www.R-project.org.
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3.2.1.3 Results

A total of 1037 ROIs with tissues compartments and TILs annotated
were considered. Nuclei segmentation resulted in 92141 nuclei, of which
20111 TILs. Selection of pathomic features returned 21 features, of which
2 from FSD group, 2 from gradient group, 9 from Haralick group, 3 from
morphometry group and 5 from intensity group (Figure 3.6). Table 3.4
and 3.5 reported the predictions of the five built machine learning models.
Moreover, Figure 3.7 shows the ROC curves representing performances of
each classifier on the test set, both in the original setting, in the down-
sampled setting and the SMOTE-sampled setting. The performance of
RF were the best according to AUC and the DelLong test, with or with-
out applying resampling techniques, both in the training (AUCROCRrp =
0.857-0.858) and the test set (AUCROCRF = 0.855-0.857). DeLong test
revealed that all except 9 AUC comparisons were significant. It can be
observed that the use of resample technique did not significantly affect
MLP and RF prediction performances. In addition, performances of KNN
with downsampling were not significantly different from those of KNN with
smote resampling. The same behavior was observed for LDA. In addition,
classification performances of KNN with downsampling were not signifi-
cantly different from those of LDA without resampling. Refer to figure 3.8
for an overview of DeLong test results. Of note, although the sensitivity of
models with SMOTE or down resampling in training and validation sets
declined, the specificity improved greatly. However, RF produced the best
classification performances, suggesting that these models could potentially
be employed to discriminate TILs from noTILs. Comparing the AUCROC
for SMOTE, downsampling, and the original data, applying resampling
does not improve performances (Refer to Table 3.5).
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Figure 3.6. Selected pathomic features (n = 21) after the three steps of
feature selection. Surviving features were reported in bold. Abbreviations:
FSD = Fourier Shape Descriptor; MAD = Median Absolute Deviation; IDM
= Inverse Difference Moment; IMC = Information Measure of Correlation.
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Figure 3.7. Receiver Operating Characteristic (ROC) curves of prediction
models without resampling (A), with SMOTE-resampling (B) and with down-
sampling (C). Abbreviations: LDA = Linear Discriminant Analysis; KNN =
K-Nearest Neighbour; DT = Decision Tree; RF = Random Forest; MLP =

Multi-layer Perceptron.
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Table 3.4. Average prediction performance of different pathomic models
for classifying TILs from noTILs in the training set with 5-fold CV. Bold
indicates best performing models. Abbreviations: AUCROC = Area Under
the Receiver Operating Characteristic curve; SMOTE = synthetic minority
oversampling technique; LDA = Linear Discriminant Analysis; KNN = K-
Nearest Neighbour; DT = Decision Tree; RF = Random Forest; MLP = Multi-
layer Perceptron.

Models | Resample | AUCROC Accuracy Sensitivity (Recall) | Specificity Precision F1l-score
None 0.8576 £ 0.0029 | 0.8306 + 0.0024 | 0.9398 + 0.0025 0.4386 + 0.0036 | 0.8572 £ 0.0009 | 0.8966 £ 0.0015
RF SMOTE | 0.8541 £ 0.0027 | 0.8162 £ 0.0034 | 0.8744 F 0.0033 0.6077 & 0.0083 | 0.8888 + 0.0022 | 0.8815 £ 0.0023
Down 0.8572 & 0.003 | 0.7617 & 0.0025 | 0.7486 + 0.0029 0.8086 + 0.0073 | 0.9335 £ 0.0023 | 0.8309 £ 0.0019
None 0.7383 £ 0.0046 0.8085 £ 0.0018 0.9413 £ 0.0133 13322 £ 0.0556 0.8351 & 0.0096 0.8849 + 0.0006
DT SMOTE 0.7712 £ 0.0165 0.7162 & 0.01 0.7013 £ 0.0216 . 76¢ 0.9164 = 0.008 0.7943 = 0.0106
Down 0.7702 £ 0.021 0.7012 £ 0.0113 0.6763 £ 0.0203 7905 £ 0.02 0.9207 = 0.0075 0.7796 = 0.0115
None 0.8365 + 0.0019 0.813 + 0.0016 0.9467 + 0.003 0.3332 £ 0.0069 0.8359 =+ 0.0011 0.8878 £ 0.0011
LDA SMOTE 0.8395 + 0.0024 0.725 + 0.003 0.6949 + 0.005 0.833 + 0.0069 0.9372 £ 0.0021 0.798 + 0.0029
Down 0.8392 + 0.0024 0.7237 + 0.0026 0.693 + 0.0037 0.8335 £ 0.0065 0.9372 £ 0.0022 0.7968 £ 0.0023
None 0.8232 + 0.0036 0.817 + 0.0022 0.9176 + 0.002 0.4563 + 0.0067 0.8582 + 0.0015 0.8869 + 0.0014
KNN SMOTE 0.8151 £ 0.0025 0.7159 £ 0.0039 0.6905 £ 0.0048 0.8069 £ 0.0079 0.9277 £ 0.0027 0.7917 £ 0.0033
Down 0.8335 £ 0.0032 0.7385 £ 0.0056 0.7208 £ 0.0061 0.8017 £ 0.0044 0.9288 + 0.002 0.8117 £ 0.0046
None 0 + 0.0035 0.8253 £ 0.0034 0.9279 £ 0.0093 0.4569 = 0.0313 0.8598 = 0.0059 0.8925 = 0.0024
MLP SMOTE 0.8518 + 0.0024 0.7628 + 0.0254 0.7568 + 0.0461 0.7844 £ 0.0492 0.9271 £ 0.0117 0.8324 £ 0.0235
Down 0.8534 £ 0.0029 0.7559 + 0.0196 0.743 & 0.0344 0.8023 £ 0.0341 0.9313 £ 0.0085 0.826 + 0.0186
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Figure 3.8. Comparison of AUCROCSs between different classification mod-
els and different resampling techniques. Abbreviations: SMOTE = synthetic
minority oversampling technique; LDA = Linear Discriminant Analysis; KNN
= K-Nearest Neighbour; DT = Decision Tree; RF = Random Forest; MLP =
Multi-layer Perceptron.
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Table 3.5. Average prediction performance of different pathomic models for
classifying TILs from noTILs in the test set. Bold indicates best performing

models.

Abbreviations: AUCROC = Area Under the Receiver Operating

Characteristic curve; CI = Confidence Interval; SMOTE = synthetic minority
oversampling technique; LDA = Linear Discriminant Analysis; KNN = K-
Nearest Neighbour; DT = Decision Tree; RF = Random Forest; MLP = Multi-
layer Perceptron

AUCROC Accuracy Sensitivity
Models | Classifier Specificity | Precision | F1-score
(95% CI) (95% CI) (Recall)
0.8567 0.8296
None 0.9395 0.4373 0.8563 0.8960
RF (0.8518, 0.8567) | (0.8251, 0.834)
0.8552 0.8158
SMOTE 0.8733 0.6107 0.8890 0.8811
(0.8503, 0.8552) | (0.8112, 0.8204)
0.8569 0.7617
Down 0.7475 0.8125 0.9344 0.8305
(0.8521, 0.8569) | (0.7567, 0.7667)
0.8182 0.8003
None 0.9107 0.4062 0.8455 0.8769
DT (0.8124, 0.8182) (0.7955, 0.805)
0.7751 0.7037
SMOTE 0.6796 0.7896 0.9202 0.7818
(0.7693, 0.7751) (0.6983, 0.7091)
0.8284 0.6825
Down 0.6438 0.8206 0.9276 0.7601
(0.823, 0.8284) (0.677, 0.688)
0.834 0.8134
None 0.9467 0.3376 0.8361 0.8880
LDA (0.8286, 0.834) (0.8087, 0.818)
0.8372 0.7225
SMOTE 0.6906 0.8365 0.9378 0.7954
(0.8319, 0.8372) (0.7172, 0.7278)
0.8367 0.722
Down 0.6903 0.8352 0.9373 0.7950
(0.8314, 0.8367) (0.7166, 0.7272)
0.8182 0.8136
None 0.9159 0.4487 0.8557 0.8848
KNN (0.8124, 0.8182) (0.809, 0.8182)
0.8097 0.7125
SMOTE 0.6883 0.7991 0.9244 0.7891
(0.8039, 0.8097) (0.7072, 0.7179)
0.8284 0.7362
Down 0.7189 0.7977 0.9269 0.8098
(0.823, 0.8284) (0.7309, 0.7413)
0.8491 0.823
None 0.9476 0.3782 0.8447 0.8932
MLP (0.8439, 0.8491) (0.8185, 0.8275)
0.8481 0.7662
SMOTE 0.7632 0.7768 0.9243 0.7632
(0.8431, 0.8481) (0.7612, 0.7712)
0.8503 0.7476
Down 0.7290 0.8140 0.9333 0.8186
(0.8453, 0.8503) (0.7424, 0.7527)
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3.2.1.4 Discussion

Growing evidence has revealed that TILs are an important prognostic
positive biomarker in BC patients [110]. Despite standardization efforts,
the quantification of TILs is still based on a visual assessment, thus being
time-consuming, labor-intensive, requiring large experience and expertise,
prone to the inter-pathologist discrepancy, and associated with a mere
qualitative evaluation of histological properties [265|. Therefore, the TILs
marker is still not considered robust enough to be used in clinical prac-
tice, mainly because there are no standardized, objective, and effective
TILs quantification strategies. Despite efforts from many researchers, the
pathologist does not regularly assess the TIL infiltration due to a lack
of automatic image analysis tools. Automatic detection of TILs using
computational image analysis approaches could contribute to developing
objective and precise mechanisms to measure the infiltration grade of BC,
with a look towards the possibility of reaching a standardized TILs as-
sessment that pathologists could then use in clinical practice for decision-
making and treatment planning. Most current literature on automated
TILs quantification relies on DL-based methods, which could be highly
effective for the task, but due to their not immediate interpretability, fail
to aid pathologists with novel insights on the tissue. Given the need for
studies contributing to achieving a quantitative, automatic, interpretable,
and as simple as possible TILs evaluation, a pathomic-based approach for
classifying TILs on BC digital pathology images was proposed, exhibiting
several types of interpretable features for automatic TILs classification.
Results showed that some specific pathomic features extracted from nuclei
in tumor-associated stromal regions of H&E images of BC could classify
if nuclei were TILs or not. In particular, several machine learning mod-
els with selected pathomic features that could classify sTILs with high
prediction performances after a feature selection process were developed.
Considering the prediction performances of ML models, RF revealed the
highest predictive value among different classifiers, with AUCs reaching
86%. Downsampling and SMOTE sub-sampling techniques were applied
to tackle the unbalanced data problem and showed improvement in speci-
ficity. Machine learning algorithms tend to sacrifice the minority group for
an unbalanced dataset to achieve higher accuracy [57]. Although both two
subsampling methods improved specificity, SMOTE was able to enhance
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AUC in a balanced way: while maintaining high sensitivity, it was also
able to increase specificity significantly. In addition, SMOTE has been
shown to be robust to the variation of unbalanced ratios with various clas-
sifiers [82]. Previous studies aimed at detecting TILs using visual features
from H&E images of different cancer types [53, 39, 267|. Basavanhally et
al. [53| developed an approach combining a region-growing algorithm and
Markov random fields to identify lymphocytes in HER2+ BC images. Kuo
et al. [177], in a study aiming at lymphocytes infiltration for BC patients
ante-lymphadenectomy, obtained AUCs up to 0.87 using a SIF'T algorithm
for classifying lymphocytes from non-lymphocytes. However, these studies
involved smaller datasets and used different segmentation approaches and
features with respect to this study. Moreover, they were published before
the development of TILs-WG guidelines. Corredor et al. [93] performed a
study aiming at detecting TILs on lung cancer H&E images using shape,
texture, and color features. They also automatically detected nuclei with
a watershed approach and obtained 89%, 83% and 86% in precision, recall
and F1 score for TILs detection. Of note, these studies developed the clas-
sification approaches training SVM classifiers. In this study, for exploring
the behaviour of machine learning models that were suitable in case of
training data much larger than the number of features, thus not exploring
models that perform better with a low amount of training data and large
features [62]. Moreover, differently from the above-mentioned studies, this
work was focused on sTILs, according to the recommendations of TILs-WG
[265]. Other studies aimed at developing DL-based computational TIL as-
sessment methods broadly following some or all steps of visual TILs-WG
guidelines [287, 295, 39]. Lu et al. [199] developed a U-Net model for
lymphocyte detection showing 0.9536, 0.901, 0.9266 of recall, F1-score and
precision, and strong association with immune response of outcomes. Le et
al. [184], in a study aiming at exploring the correlation between tils distri-
bution and invasive tumor through CNNs, obtained AUCs up to 0.950 for
TILs. Sun et al. [287] developed a deep learning-based tool for an auto-
matic til score assessment and achieved a F1-score of 0.856 for nuclei (also
including TILs) classification. Similar approaches were also developed for
detecting TILs in other cancer types [280, 47, 328, 272|. Although the
promising results achieved by DL-based approaches, a hand-crafted path-
omics approach was preferred rather than a fully automated DL one as
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this could give better control over the initial data analysis and subsequent
ML model construction and a better understanding of the whole pipeline.
In fact, although the majority of DL-based methods have strong predic-
tive performance and are comparable to the traditional hand-crafted ap-
proaches, these methods have limited ability to explain the deep features
with neither a set of diagnostic plans nor an insight into the results. In
particular, it was considered appropriate and constructive to explore hand-
crafted pathomic features since pathomic and in general digital pathology
is a recently explored field and, given the additional information related
to the underlying biological processes that pathomics could provide, this
study may add value in this direction. In this regard, while it might be
difficult to demonstrate a causal relationship between pathomic features
and underlying biological processes, it is possible to hypothesize about
their underlying connections. It is worth noting that among features that
passed the feature selection step and thus constitute ML models, there are
features associated with shape (e.g. circularity, FSD) and intensity (mean,
median absolute deviation and energy), and this could be related to the
well-known properties of TILs of having a regular shape, clearer margins
and higher peak intensity than other cells. Moreover, the contribution of
features associated with gradient (mean, kurtosis) and Haralick features
could be attributable to the more homogeneous enhancement and different
textural distribution pattern of TILs than other cells [94]. Of note, Har-
alick features from nuclear were shown to be prognostic among different
cancer types [334]. Despite some promising results emerging in this prelimi-
nary study, there are still many limitations which have to be acknowledged.
The first concerns the unbalanced nature of the dataset, which has been
tried to account for by applying SMOTE and downsampling techniques
that have demonstrated their value in the setting of medical imaging ML
analysis [82]. Moreover, although the dataset was very large given the high
number of nuclei used for training and test models, the number of corre-
sponding WSIs is from a limited number of patients. On a positive note,
the study has the advantage of involving patients from different institu-
tions. Another issue concerns the prerequisite of pixel level annotation for
individual nuclei segmentation within tumor-associated stroma, thus im-
plying that any segmentation errors can have a direct impact on the final
performance. Although the choice of an automatic and well-established




114 CHAPTER 3. SUPERVISED ANALYSIS OF MULTISCALE DATA

approach guarantees robustness and reproducibility, the lack of a segmen-
tation ground truth does not allow to quantitatively evaluate and control
the segmentation error (e.g. through Dice index or Fl-score [341, 180])
and also to test more advanced segmentation methods (e.g. training neural
networks), also by making comparisons (as done in previous studies) with
other existing nuclear segmentation algorithms implemented in different
software/studies [269, 176, 171|. It must be emphasized, however, that the
problem of segmentation is inherent in hand-crafted approaches that aim
to extract quantitative descriptors from regions of interest (e.g. radiomics,
pathomics), and embraces all the advantages and disadvantages associated
with the different segmentation techniques (manual, semi-automatic, auto-
matic) [29]. It is worth noting that the implemented segmentation has the
advantage of being fully automatic, and so not prone to inter- and intra-
observer variability, replicable and not time-consuming for the pathologist
[138]. As previously highlighted, a limited number of features was explored
in this study to be able to interpret them directly and give a physical mean-
ing as reliable as possible. An essential criterion for having examined these
features is that they are easy to interpret, as opposed to features obtained
from neural networks [132, 287, 295|. However, this framework could be
used in future studies evaluating an expanded suite of pathomic measure-
ments, as well as extended to characterizing TILs in other cancer types. For
example, it might have been interesting to explore nuclear architectural in-
formation and local cell cluster graph-based measurements that have been
reported to be of prognostic value in non-small cell lung cancer [94]. How-
ever, this is related to another issue concerning the missing information on
both diagnostic and prognostic outcomes associated with patients (e.g., it
is only known that the patients had HER2+ or TNBC immunophenotype,
but the distribution was not specified; moreover, no prognostic outcomes
were provided), which prevented us from performing diagnostic/prognostic
predictions using the TIL assessment obtained using the developed classi-
fication method. Moreover, also based on previous studies tried to assess
TILs using immunohistochemistry (IHC) images [49, 335, 333|, it could
be interesting to investigate pathomic features from ITHC to add value to
the developed approach. While TIL scoring in conventional H&E sections
has the advantage that no additional stains are required, lymphocyte sub-
typing into cytotoxic, helper, regulatory, and other T cells not possible
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in H&E may become clinically relevant in the future. Therefore, in addi-
tion to TIL detection through morphological (H&E) features, subtyping
of TILs through IHC could be relevant [163]. Another critical limitation
affecting the study concerns the well-known lack of shared reference stan-
dards concerning data storage, the missing agreement on analysis proce-
dures, and the feature reliability and reproducibility limitations affecting
pathomics [186, 100]. In particular, the existing lack of standardization in
image acquisition, preprocessing, segmentation methods, and pathomics
analysis tools, could lead to discrepancies in feature measurements that
are not due to underlying biological variations [134, 226]. However, all
steps of pathomic workflow performed in this study were reported in de-
tail since it is essential to develop this emerging field in terms of clinical
translation and to improve the reproducibility of study outcomes [324]. It
is worth noting that the proposed approach has followed a fragment of
the TIL-WG guideline, by leveraging on annotations of tumor-associated
stroma in which sTILs were annotated. In particular, having worked on
the tumor-associated stroma annotations masked some intrinsic pitfalls as-
sociated with the identification of stromal regions (e.g. the exclusion of
areas of necrosis, ductal and lobular carcinoma in situ (DCIS/LCIS), and
normal breast tissue) [172]. Studies trying to address all the concepts of
stromal and intratumoral TILs and accounting for confounding morpholo-
gies specific to different tumor sites, subtypes, and histologic patterns as
envisioned by the TIL-WG are required [295]. In addition, it should also
be highlighted that a general limitation of an automated approach for
TIL evaluation concern whether its performance should be measured i) as
the concordance between manual and automated sTIL score (namely the
agreement between automatic TIL score and TIL score visually evaluated
by pathologist or ii) according to the clinical outcome of the patient (e.g.,
the ability to predict survival or response to treatment, or a mix of both
[184, 287]. Although findings of this study require careful interpretation
due to the limitations mentioned above, the proposed hand-crafted path-
omic approach revealed interesting results that may represent a starting
point for future research aiming at developing a quantitative, standard-
ized, interpretable, automatic and as simple as possible method for TIL
assessment. In the future, the generalizability of the proposed method
should be validated on more datasets with larger WSI, incorporating it
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into a more complex pipeline that includes all the steps of the TIL-WG
guidelines, also exploring the impact of different intermediate processing
steps (e.g. nuclear segmentation, stain normalization) on the TILs classi-
fication performance.

3.2.1.5 Conclusions

The proposed pathomic approach accurately classified sTILs on H&E
images of HER2+ and TNBC. This study brought to attention several
types of quantitative features that are potentially easier to interpret and
linked to underlying biological processes that can assist pathologists in
improving diagnosis by increasing their understanding of the pathology.
Compared with the state-of-the-art DL approaches, the proposed method
is therefore an important step towards quantitative, reproducible, inter-
pretable, and rater-independent TILs quantification analysis in BC histopathol-
ogy and is also easily applicable to new datasets and domains.

3.2.2 An automated pathomic-based approach for the esti-
mation of prostate cancer grade on digital pathology
images

3.2.2.1 Introduction

As highlighted in the previous sections, Al is rapidly reshaping the
landscape of medical pathology, particularly in the oncologic field, where
the computational analysis of digital pathology images, known as path-
omics, is garnering substantial interest for a wide range of applications.
Pathomics converts digitized WSIs into mineable datasets based on AT al-
gorithms and links these extracted and quantified pathological features to
clinically related indicators. This innovative approach has the potential to
facilitate tasks such as cancer classification with notable advantages, in-
cluding improved workflow, efficiency, reproducibility, reduced costs, and
enhanced training opportunities. In pathomic approaches, a computer is
“trained” using a data set of sample images of tumors that have been
annotated and/or classified by pathologists. Machine learning-based tech-
niques extract a set of predefined hand-crafted features from WSIs patches
(smaller images in which WSIs are often divided due to their considerable
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size) or regions of interest, and the computer uses the classification in-
formation to develop its own pattern-recognition criteria with which to
perform the classification task. The computed features are then fed into
a standard classifier such as support vector machines, random forests, or
Bayesian classifiers to perform the classification. Another class of methods
that have become popular in recent years are based on Deep Learning, an
advanced subfield of machine learning characterized by the use of artificial
neural networks featuring multiple, hidden layers. These methods are not
limited to the hand-crafted features and avoid the feature engineering step
by performing the feature learning and classification in a single framework.
Given sufficient training data and proper training, these should be able to
discover better discriminative visual patterns and lead to superior results,
but in the medical domain, especially in digital pathology, these are chal-
lenged by a scarcity of labeled training data. The accurate identification of
PCa on a WSI and its grading represents one of the most important open
challenges in the field of digital pathology. This because PCa, other than
being one of the most common cancers worldwide, accounting for a large
proportion of all cancer-related deaths [59], is also characterized by an
extremely high heterogeneity, both within and between individuals. The
Gleason grade is the well-established histological parameter used to assess
the aggressiveness of PCa based on gland structures identified in biopsy or
radical prostatectomy specimens and, along with other clinical variables,
is commonly used to stratify the risk for managing PCa patients. In par-
ticular, PCa is graded according to a Gleason pattern scale and assigned
a score corresponding to the Gleason grades of the two most predominant
patterns, which are then used to classify patients into five grade groups
that predict prognosis [112, 113, 193|. In more datail, the Gleason grading
system classifies histological patterns of prostate tumors into five levels,
ranging from least aggressive (grade 1) to most aggressive (grade 5), based
on gland structures observed in the tumor biopsy. Typically, tumors ex-
hibit two patterns, and the original Gleason score is determined by adding
the two most prevalent patterns, resulting in scores from 2 to 10. How-
ever, the current application of the Gleason grading system has undergone
changes from its original version. Presently, pathologists primarily assign
Gleason scores of 6-10 based on the two dominant tumor patterns, as as-
signing scores of 2-5 has shown poor reproducibility and weak correlation
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with radical prostatectomy grades. For instance, patients with a Gleason
score of 6 or below are typically considered low risk, those with a score of 7
fall into the intermediate-risk category, and patients with a Gleason score
of 8 or higher are classified as high risk. Figure 3.9 displays examples of
prostatic tumor regions with different Gleason patterns and benign pro-
static tissues. As observed in Figure 1, the textural appearance of prostate
cancers varies between grades due to abnormal changes in gland structures.

Figure 3.9. Examples of prostatic cancerous and benign tissue regions: (A)
well-formed glands (G3); (B) poorly formed glands (G4); (C) poorly formed
glands and single cells (G5); (D) Normal tissue; (E) Stroma.

Gleason grading of tumor biopsies remains one of the most powerful
prognostic predictors in prostate cancer and its accuracy is crucial to deter-
mine the appropriate treatment. However, this process is time-consuming,
labor-intensive and prone to inter- and intra-observer variability due to
the extreme PCa biological heterogeneity and its characteristic variable
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molecular alterations, thus posing risks of misdiagnosis and over-diagnosis
[277]. Therefore, the ability to automatically diagnose PCa and identify

Gleason patterns to assign Gleason scores from diagnostic pathology slides
would have significant impacts on clinical decision making, and is required
to improve the efficiency, accuracy, and consistency of Gleason grading.
Recent advances in histology scanning technology, Artificial Intelligence
(AI) and computer vision offer great opportunities to improve the PCa di-
agnosis and the fidelity of Gleason grading. Several published studies on
digital pathology have addressed the automatic diagnosis and grading of
PCa [329, 143]. Among the early studies in automated PCa grading, gland-
nuclei-based approaches sought to leverage the distinctive characteristics
of glandular structures and nuclei within tissue samples [228|. However,
these methods encountered notable challenges when confronted with the
task of effectively classifying regions of high-grade carcinoma where some of
the tissue structures (e.g. as glands) cannot be differentiated. In contrast,
texture-based have the ability to operate at the tissue level, alleviating
the need for intricate cellular or glandular segmentations, thus simplify-
ing the computational process and allowing to broaden the applicability of
texture-based methods across diverse prostate cancer presentations. Tex-
tural features can translate intricate textural patterns within WSIs into
meaningful insights, representing a paradigm of interpretability with di-
rect implications into the decision-making process [221]|. In recent years,
the advent of DL has heralded a new era in PCa computational pathology.
Harnessing the power of neural networks, deep learning methods exhibit
an unparalleled capacity to discern complex patterns within PCa pathol-
ogy images [299]. Despite their potency, these approaches grapple with a
critical trade-off associated with the lack of interpretability. The intricate
layers of abstraction achieved by deep learning models often render them
as ’black boxes,” hindering our ability to understand the underlying ra-
tionales for specific classifications. Moreover, their voracious appetite for
data, particularly large annotated datasets, poses a logistical challenge,
limiting their accessibility and applicability in settings where such exten-
sive datasets may be unavailable [250]. Subsequent breakthroughs in the
applicability of DL models toward reproducible prostate cancer Al diag-
nostic tools started in 2019 with the introduction of models trained and
tested on very large cohorts |78, 225, 76]. One of these approaches 78|
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has also led to the first FDA-approved Al-based pathology product for
in vitro diagnostics. Although all these efforts have been made in im-
proving the utility of digital pathology within the realm of PCa, several
advancements are still required before massive scaling and adoption of
these models should occur in the clinical realm. In navigating the complex
ground of PCa diagnosis and grading, it becomes evident that each ap-
proach brings its unique strengths and limitations to the fore. The quest
for a comprehensive and reliable solution requires a deep understanding of
the interplay between these methodologies and a keen exploration of in-
novative pathways that synergize their advantages while mitigating their
respective shortcomings. Of note, the inability to interpret the extracted
signatures and the predictions made by the model is considered to be one
of the major issues that limit the acceptance of AI models in medicine.
In particular, although many pathomic models have been developed and
achieved good results, pathologists are often hesitant to adopt such mod-
els due to the unclear internal mechanisms or unexplained features [330].
In other words, interpretability largely hinders the general application of
the pathomic model. In this study, the focus has been placed on ad-
dressing well-established issues such as PCa diagnosis and grading, which
are actively being tackled by the scientific community. PCa classification
tasks are being utilized to explore pathomic features and their classifica-
tion performance. In particular, we explored multiscale, multi-channel
pathomic-based classification tasks for PCa diagnosis and Gleason Score
classification from H&E-stained digital pathology images. The study de-
sign encompasses not only a thorough evaluation of the efficacy of the
developed models in distinguishing malignant from non-malignant tissue
and classifying different Gleason patterns, but aims to detect which are the
most discriminant features for automated diagnosis and gleason grade esti-
mation. By delving into an extensive range of features, the aim is to aspire
to offer novel pathomic insights into PCa diagnosis and grading. In par-
ticular, unlike conventional methods that predominantly operate within
a specific magnification range, multiple magnification scales will be ex-
plored, capturing the intricate details of prostate cancer pathology at both
20x, 10x and 5x magnifications, aligning with the commonly employed
diagnostic practices of pathologists. Texture-based pathomic features were
opted for exploration since they can provide a tangible and interpretable
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representation of patterns and structures within pathological images, aid-
ing clinicians and researchers in understanding the underlying character-
istics of tissues. Moreover, texture-based analyses often require less data
than DL methods while still capturing relevant information. Unlike the
majority of studies that are traditionally limited to specific feature subsets
such as wavelet, color, or local binary patterns (LBP) [243, 60, 293|, this
study explores an expansive feature space, integrating multiple channels
alongside the commonly used grayscale-converted RGB images. This ex-
pansive feature exploration broadens the diagnostic spectrum, capturing a
more comprehensive understanding of PCa heterogeneity. Through rigor-
ous evaluation of predictive models, as well as a deep analysis of variable
importance across models and resolutions, an attempt will be made to un-
ravel the intricate dynamics between pathomic features and PCa clinical
and histopathological outcomes, aiming to provide insights on PCa path-
omics.

3.2.2.2 Materials and Methods

In this section, data used in this study, as well as the preprocessing,
feature extraction and selection methods are introduced. Moreover, the
classifier modeling and metrics used for the evaluation are provided. The
overall methodologic workflow is shown in Figure 3.10
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Figure 3.10. Workflow of the pathomic approach implemented in the study.
Starting from H&E prostatectomy WSIs, the approach starts with the WSI
tiling at three different magnification scales (5%, 10x and 20x). Pathomic
features were then extracted from each tile and selected to train classification
models.

3.2.2.2.1 Dataset A public dataset of H&E-stained whole slide image

dataset of prostatectomy specimens was used (https://aggc22.grand-challenge.
org/AGGC22/). The dataset examined in the study consists of 187 H&E-

stained WSIs dataset of prostatectomy with annotations performed by ex-
perienced pathologists. The WSIs were acquired with brightfield imaging

at 0.5num x 0.5um per pixel resolution (20x magnification). Class labels of

the annotations include Gleason pattern 3 (G3), Gleason pattern 4 (G4),
Gleason pattern 5 (G5), normal prostetic tissue, and stroma tissue. For

further information on the employed dataset refer to B.1.3.

3.2.2.2.2 Preprocessing Because of different storage time, proce-
dures and stains of biopsy slides, the digitized histological images gener-
ally have different color appearances. To suppress the influence of staining
variations on textural feature computations, a color deconvolution based
method [203] was applied to normalize dermis pixels. For each image,
we first adaptively determine the H&FE stain vectors by using a singu-
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lar value decomposition method [203]. The color deconvolution is then
performed to normalize the image into standard color appearance based
on pre-determined H&E stain vectors. The feature extraction step imple-
mented in this study is based on patches that are cropped from the digitized
slide images. As suggested in Doyle et al. [103], histological features may
be meaningful at different resolutions. Thus, we process image patches at
different magnification scales. On the one hand, the larger the patches are,
and the lower the scale is, the less localized are the features. On the other
hand, smaller patches in higher scales may not contain enough information
to allow extraction of descriptive features. Also, the smaller the sampling
rate of the patches is, the more repetitive the data set is, and the more
computation time is required. Thus, the patch size, scales and sampling
rate were selected such that most histologic structures (e.g., glands) are
captured, while maintaining enough data samples for a fine representation
of the annotated labels. Three magnification levels, 5x, 20x and 20x,
were investigated, and a patch size of 512x512 pixels for tiling without
overlap (thus, the scales correspond to 1024x1024pm?, 512x512pm? and
256x256pm?; respectively). The patches are cropped from the native 20 x
resolution of the core image, and lower scales (10x and 5x) are downsam-
pled into patches of size 512x512 pixels (3.11). The tiling algorithm that
developed selects tiles from the images while obeying the following rules:
at least 90% overlap with tissue annotations and tile overlap of 0%. ROIs
that were too small to extract 5 tiles from were excluded.

Figure 3.11. Example of 512x512 tiles of a Gleason pattern 3 mask at 5x
(A), 10x (B), 20x (C) magnification at 5x, 10x, 20x magnification.
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3.2.2.2.3 Feature extraction To describe the characteristics of his-
tological images we investigated four sets of descriptors: histogram, texture
features computed in terms of co-occurrence (GLCM), wavelet and LBP.
All these features were extracted from the provided images (that are na-
tive red/green/blue (RGB) images) converted to grayscale and also from
the RGB and HSV color spaces, as well as for H and E stains separated
applying color deconvolution. Tiles were processed using a custom, in-
house MATLAB function to extract pathological features. The gray level
histogram of a given image was used to construct a histogram feature sets
containing 18 features: Minimum, Maximum, Mean, Median, Standard-
Deviation, Variance, Skewness, Kurtosis, Tenth Percentile, Ninetieth Per-
centile, Energy, Entropy, Mean Absolute Deviation, Robust Mean Absolute
Deviation, Range, Interquartile Range, Root Mean Squared, Uniformity.
The second feature set was based on GLCM features. In particular, we
calculated 14 Haralick features according to Haralick et al. [137]: Angular
Second Moment, Energy, Contrast, Correlation, Variance Inverse Differ-
ent Moment, Sum Average, SumVariance, Sum Entropy, Entropy Differ-
ence Variance, Difference Entropy, Information Measure Of Correlation I,
Information Measure Of Correlation II, Maximal Correlation Coefficient.
The third feature set consists of LBP uniform features, that were obtained
using MATLAB’s extractLBPFeatures function. LBP consists of com-
puting the distribution of binary patterns in the circular neighbourhood
of each pixel. The neighbourhood is characterized by a radius R and a
number of neighbours P. The principle is to threshold neighbouring pixels
compared to the central pixel. The value 1 is assigned to each of the P
neighbours if the current pixel intensity is superior or equal to the central
pixel intensity. Otherwise, the value 0 is assigned. Thus, for each pixel, a
binary pattern is obtained from the neighbourhood. The number of neigh-
bours P was set as 8, and 59 features were obtained. The fourth feature
set included wavelet features. In particular, a discrete wavelet transform
(DWT) was performed on each pathology image using the Haar wavelet
function. During the two-dimensional wavelet transform process, a digital
image is decomposed into four images (hereafter called LL, HL, LH, and
HH). Here, ‘H’ stands for high-pass filter, ‘L.” stands for low-pass filter,
and ‘HL’ means a high-pass filter corresponding along the row direction of
the input image and a low-pass filter following along the column direction.
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The same nomenclature applies to the LH, HH, and LL images. Then, the
histogram and GLCM features were calculated to extract texture features
from the wavelet-transformed images, thus obtaining 128 wavelet features
for each image. Overall, 219 features were extracted from 9 images, namely
the rgb-to-grayscale conversion image, Red (R), Green (G), Blue (B), Hue
(Hu), Saturation (S), Value (V), H stain (H), E stain (E), for a total of
1971 features for each tile, regardless of the associated resolution (5x, 10x,
20x).

3.2.2.2.4 Feature selection Features selection was performed using
a correlation filter based on the absolute values of pairwise Spearman’s cor-
relation (p) coefficient to reduce feature redundancy (also considering the
inter-channel correlations [278|) and prevent model overfitting. The thresh-
old for p was set to 0.9. Briefly, if two features had ¢ > 0.9, the function
looks at the mean absolute correlation of each variable, and the variable
with the largest mean absolute correlation is removed. A further feature
reduction through a univariate analysis using a nonparametric Wilcoxon
rank-sum test was performed to investigate their statistical significance
with respect to the binary outcome, depending on the investigated clas-
sification task. The significantly different features (p < 0.05) were then
selected. The optimal feature set from the remaining features was se-
lected using the least absolute shrinkage and selection operator (LASSO)
algorithm method, which was used to identify the most outcome-related
features. The LASSO is a regularization technique used to minimize the
number of non-zero elements and make the solution unique. In the LASSO
algorithm, the shrinkage parameter lambda was identified when the mis-
classification error was smallest in 5-fold cross-validation. The surviving
features were used to build pathomic-based prediction models. Feature
selection procedures were implemented in R studio software, version 4.0.2
(downloadable from http://www.R-project.org).

3.2.2.2.5 Data processing To avoid the predominance of features
with the largest scale in the analysis, z normalization was performed on
the training set prior model training and applied to the test set. According
to z normalization, each feature was normalized as (x-x’)/s where x, x’,
and s are the feature, the mean, and the standard deviation, respectively.
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For binary classification, we further grouped the G3, G4, and G5 tissue
as “Malignant”, whereas normal and stroma tissue comprise the “Non-
malignant” group. Then, the following four classification tasks were in-
vestigated: Malignant vs. Non-malignant, G3 vs. Non-malignant, G4+G5
vs. Non-malignant, G3 vs. G4+G5, for each magnification, for a total of
12 classification tasks.

3.2.2.2.6 Model building and performance evaluation Before
data processing, data were randomly split into training (80%) and test-
ing sets (20%) but stratified to ensure that the ratio of positive samples
to negative samples was the same between the training and test set. This
strategy maintained the proportional distribution of classes (positive or
negative) in both the training and testing sets, ensuring an accurate rep-
resentation of the various sample categories. Additionally, in order to
preserve the individuality of each patient in the training and testing data,
an additional step was taken for balancing. While each patient may con-
tribute multiple tiles to the overall dataset, it was ensured that patient IDs
did not appear simultaneously in both the training and testing sets. This
approach was implemented to prevent any potential loss of model gener-
alization due to the simultaneous presence of the same patients in both
sets, thus ensuring a fair and balanced representation of data diversity
in the model training and evaluation process. Five different models were
used to evaluate the discrimination power of pathomic features: Gradient
Boosting Machine (GBM), Linear Discriminant Analysis (LDA), Random
Forest (RF), Multi-layer Perceptron (MLP), eXtreme Gradient Boosting
(XGB). The Random forests were constructed using the ranger R package
[325]. K-Fold cross-validation (CV) with K = 5 was applied to the train-
ing data set for model selection (hyperparameter tuning). Additionally,
to overcome the imbalance in the distribution of the positive vs negative
condition, models were also trained using downsampling, namely a resam-
pling method that decreases the size of the majority class to be the same
or closer to the minority class size by just taking out a random sample.
ROC curve analysis was applied to evaluate the predictive performance of
the classification models, both without resampled and downsampled. The
AUC-ROC was calculated and accuracy, sensitivity or recall, specificity,
precision, F'l-score, balanced accuracy, and G-score were employed to eval-
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uate the diagnostic performance of resulting models in the hold-out test set.
The AUC-ROCs were statistically compared between different classifiers
and between different resampled strategies using DeLong test with Bonfer-
roni correction. P values less than 0.05 were considered significant. Models
building and evaluation were implemented using Caret package in R studio
software, version 4.0.2, downloadable from http://www.R-project.org.

3.2.2.3 Results

The total number of tiles according to tissue compartments and mag-
nification scales are shown in Table 3.6.

Table 3.6. Number of tiles according to tissue compartments and magnifica-
tion scale. Abbreviation: G3 = Gleason pattern 3; G4 = Gleason Pattern 4;
G5 = Gleason pattern 5.

Magnification

5% 10 % 20x
G3 2755 14341 68296
G4 4863 24234 112662
G5 195 1391 7843
Normal 1462 9140 46994
Stroma 1989 9750 43411

Results of the selection of pathomic features according to the classi-
fication tasks are shown in Appendix B (B.1-B.12). In summary, for the
classification task between Malignant and Non-malignant tiles, selection
of pathomic features returned 53, 41, and 38 features, respectively for 5x,
10x and 20x magnification. For the classification task between G3 and
Non-malignant tiles, selection of pathomic features returned 58, 51, and 47
features, respectively for 5x, 10x and 20x magnification. 57, 44 and 44
features were selected for the classification task between G4 + G5 and Non-
malignant tiles, respectively for 5x, 10x and 20x magnification. Finally,
the feature selection process returned 59, 53, and 51 pathomic features
for the classification task between low grade and high grade, respectively
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for 5x, 10x and 20x magnification. Tables from 3.7 to 3.18 reported the
predictions of the five built classification models, both in the original set-
ting, as well as in the downsampled setting, respectively for 5x, 10x and
20x magnification. Moreover, Figures 3.12,3.13, and 3.14 show the ROC
curves representing performances of each classifier on the test set, both in
the original setting and in the downsampled setting, at each magnification.

Table 3.7: Average prediction performance of different pathomic models for the "Malignant vs Non-malignant" clas-

sification task in the test set at 5X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI Confidence Interval; Sens Sensitivity; Spec Specificity; Prec
Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA = Linear
Discriminant Analysis; MLP Multi-layer Perceptron; RF Random Forest; XGB eXtreme Gradient
Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CTI) (95%CI)

GBM 0.967 0.905 0.869 0.921 0.824 0.869 0.846 0.895 0.895
(d) (0.961,0.973) (0.894,0.916)
GBM 0.967 0.916 0.799 0.966 0.909 0.799 0.85 0.882 0.878
(n) (0.961,0.974) (0.905,0.926)
LDA 0.97 0.92 0.901 0.928 0.842 0.901 0.87 0.914 0.914
(d) (0.963,0.976) (0.909,0.93)
LDA 0.971 0.92 0.833 0.957 0.892 0.833 0.862 0.895 0.893
(n) (0.964,0.977) (0.909,0.93)
MLP 0.979 0.939 0.917 0.948 0.883 0.917 0.899 0.932 0.932
(d) (0.974,0.984) (0.929,0.948)
MLP 0.978 0.943 0.899 0.961 0.908 0.899 0.904 0.93 0.93
(n) (0.972,0.984) (0.933,0.951)
RF 0.965 0.894 0.866 0.906 0.798 0.866 0.831 0.886 0.886
(d) (0.959,0.972) (0.882,0.906)
RF 0.965 0.907 0.79 0.957 0.887 0.79 0.836 0.874 0.87
(n) (0.959,0.971) (0.896,0.918)
XGB 0.972 0.92 0.888 0.933 0.85 0.888 0.869 0.911 0.91
(d) (0.966,0.978) (0.909,0.93)
XGB 0.977 0.938 0.864 0.97 0.924 0.864 0.893 0.917 0.915
(n) (0.972,0.983) (0.928,0.947)

Table 3.8: Average prediction performance of different pathomic models for the "Malignant vs Non-malignant" clas-

sification task in the test set at 10X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI Confidence Interval; Sens Sensitivity; Spec Specificity; Prec
Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA = Linear
Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme Gradient
Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CTI) (95%CI)
GBM 0.999 0.987 0.983 0.99 0.982 0.983 0.982 0.986 0.986
(d) (0.998,0.999) (0.985,0.989)
GBM 0.998 0.985 0.968 0.994 0.989 0.968 0.978 0.981 0.981
(n) (0.998,0.999) (0.982,0.987)
LDA 0.992 0.967 0.927 0.989 0.979 0.927 0.952 0.958 0.957
(d) (0.99,0.994) (0.963,0.969)
LDA 0.992 0.96 0.899 0.994 0.989 0.899 0.942 0.947 0.945
(n) (0.99,0.994) (0.956,0.963)
MLP 0.998 0.989 0.984 0.992 0.985 0.984 0.985 0.988 0.988
(d) (0.998,0.999) (0.987,0.991)
MLP 0.999 0.99 0.978 0.996 0.993 0.978 0.985 0.987 0.987
(n) (0.998,0.999) (0.988,0.991)
RF 0.999 0.988 0.984 0.99 0.982 0.984 0.983 0.987 0.987
(d) (0.999,0.999) (0.986,0.989)

Continued on next page
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Table 3.8: Average prediction performance of different pathomic models for the "Malignant vs Non-malignant" clas-
sification task in the test set at 10X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec =
Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA = Linear
Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme Gradient
Boosting. (Continued)

RF 0.999 0.987 0.972 0.995 0.991 0.972 0.982 0.984 0.983
(n) (0.999,0.999) (0.985,0.989)
XGB 0.999 0.99 0.988 0.992 0.985 0.988 0.986 0.99 0.99
() (0.999,0.999) (0.988,0.992)
XGB 0.999 0.991 0.986 0.994 0.989 0.986 0.988 0.99 0.99
(n) (0.999,0.999) (0.99,0.993)

Table 3.9: Average prediction performance of different pathomic models for the "Malignant vs Non-malignant" clas-
sification task in the test set at 20X magnification level. Abbreviations: AUC = Area Under the Receive
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec =
Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA = Linea:
Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme Gradient

Boosting.
Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)
GBM 0.995 0.973 0.97 0.974 0.945 0.97 0.957 0.972 0.972
(d) (0.995,0.996) (0.972,0.974)
GBM 0.996 0.976 0.959 0.985 0.966 0.959 0.962 0.972 0.971
(n) (0.995,0.996) (0.975,0.978)
LDA 0.986 0.951 0.92 0.965 0.923 0.92 0.922 0.943 0.942
(d) (0.985,0.987) (0.949,0.953)
LDA 0.988 0.95 0.885 0.98 0.954 0.885 0.918 0.932 0.931
(n) (0.987,0.989) (0.948,0.952)
MLP 0.997 0.974 0.974 0.974 0.944 0.974 0.959 0.974 0.974
(d) (0.996,0.997) (0.972,0.975)
MLP 0.996 0.976 0.973 0.978 0.953 0.973 0.963 0.975 0.975
(n) (0.996,0.997) (0.975,0.978)
RF 0.997 0.972 0.969 0.974 0.944 0.969 0.956 0.971 0.971
(d) (0.997,0.997) (0.971,0.974)
RF 0.997 0.978 0.963 0.985 0.968 0.963 0.965 0.974 0.974
(n) (0.997,0.998) (0.977,0.979)
XGB 0.998 0.982 0.981 0.983 0.963 0.981 0.972 0.982 0.982
(d) (0.998,0.998) (0.981,0.983)
XGB 0.999 0.986 0.979 0.989 0.976 0.979 0.978 0.984 0.984
(n) (0.998,0.999) (0.985,0.987)

Table 3.10: Average prediction performance of different pathomic models for the "Gleason 3 vs Non-malignant" clas-
sification task in the test set at 5X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens — Sensitivity; Spec — Specificity; Prec
— Precision; BAce — Balanced Accuracy; GSc — G-Score; GBM = Gradient Boosting Machine; LDA —
Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)

GBM 0.951 0.883 0.931 0.798 0.892 0.931 0.911 0.865 0.862

(d) (0.94,0.962) (0.865,0.901)

GBM 0.944 0.87 0.919 0.782 0.883 0.919 0.901 0.851 0.848

(n) (0.932,0.956) (0.85,0.888)

LDA 0.948 0.898 0.936 0.831 0.908 0.936 0.922 0.883 0.882

(d) (0.935,0.961) (0.88,0.914)

LDA 0.947 0.896 0.939 0.82 0.903 0.939 0.921 0.879 0.877

(n) (0.934,0.96) (0.878,0.912)

MLP 0.957 0.917 0.961 0.837 0.914 0.961 0.937 0.899 0.897

(d) (0.944,0.97) (0.9,0.931)

MLP 0.958 0.897 0.939 0.822 0.904 0.939 0.921 0.88 0.878

(n) (0.947,0.969) (0.879,0.913)

Continued on next page
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Table 3.10: Average prediction performance of different pathomic models for the "Gleason 3 vs Non-malignant" clas-

sification task in the test set at 5X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec
= Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA =
Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting. (Continued)

RF 0.935 0.857 0.92 0.743 0.865 0.92 0.892 0.832 0.827
(d) (0.922,0.947) (0.836,0.876)
RF 0.937 0.857 0.926 0.732 0.861 0.926 0.892 0.829 0.823
(n) (0.925,0.949) (0.836,0.876)
XGB 0.958 0.89 0.933 0.813 0.899 0.933 0.916 0.873 0.871
(d) (0.948,0.968) (0.871,0.906)
XGB 0.96 0.893 0.942 0.804 0.896 0.942 0.919 0.873 0.871
(n) (0.95,0.97) (0.875,0.909)

Table 3.11: Average prediction performance of different pathomic models for the "Gleason 3 vs Non-malignant" clas-
sification task in the test set at 10X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec
= Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA =
Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)
GBM 1 0.989 0.984 0.996 0.998 0.984 0.991 0.99 0.99
(d) (0.999,1) (0.986,0.991)
GBM 0.999 0.99 0.988 0.994 0.996 0.988 0.992 0.991 0.991
(n) (0.998,0.999) (0.988,0.992)
LDA 0.992 0.963 0.946 0.99 0.993 0.946 0.969 0.968 0.968
(d) (0.989,0.994) (0.959,0.967)
LDA 0.991 0.964 0.948 0.988 0.992 0.948 0.97 0.968 0.968
(n) (0.989,0.994) (0.96,0.968)
MLP 0.998 0.986 0.98 0.996 0.997 0.98 0.989 0.988 0.988
(d) (0.997,0.999) (0.984,0.989)
MLP 0.999 0.988 0.985 0.994 0.996 0.985 0.99 0.989 0.989
(n) (0.998,0.999) (0.986,0.99)
RF 0.999 0.988 0.985 0.992 0.995 0.985 0.99 0.988 0.988
(d) (0.998,0.999) (0.985,0.99)
RF 0.999 0.989 0.988 0.991 0.994 0.988 0.991 0.99 0.99
(n) (0.999,0.999) (0.987,0.991)
XGB 0.999 0.992 0.99 0.996 0.997 0.99 0.994 0.993 0.993
(d) (0.999,0.999) (0.99,0.994)
XGB 0.999 0.993 0.993 0.994 0.996 0.993 0.995 0.994 0.994
(n) (0.999,0.999) (0.991,0.995)

Table 3.12: Average prediction performance of different pathomic models for the "Gleason 3 vs Non-malignant" clas-
sification task in the test set at 20X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec
= Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA =
Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CTI) (95%CI)
GBM 0.999 0.977 0.969 0.993 0.996 0.969 0.982 0.981 0.981
(d) (0.998,0.999) (0.976,0.979)
GBM 0.999 0.98 0.973 0.994 0.997 0.973 0.985 0.983 0.983
(n) (0.999,0.999) (0.979,0.982)
LDA 0.997 0.966 0.948 0.997 0.998 0.948 0.973 0.973 0.972
(d) (0.996,0.998) (0.964,0.968)
LDA 0.997 0.97 0.955 0.996 0.998 0.955 0.976 0.975 0.975
(n) (0.996,0.997) (0.968,0.972)
MLP 0.999 0.991 0.989 0.995 0.997 0.989 0.993 0.992 0.992
(d) (0.998,0.999) (0.99,0.992)

Continued on next page
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Table 3.12: Average prediction performance of different pathomic models for the "Gleason 3 vs Non-malignant" clas-
sification task in the test set at 20X magnification level. Abbreviations: AUC = Area Under the Receiver
Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity; Prec
— Precision; BAcc — Balanced Accuracy; GSc — G-Score; GBM = Gradient Boosting Machine; LDA —
Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting. (Continued)

MLP 0.999 0.994 0.993 0.997 0.998 0.993 0.996 0.995 0.995
(n) (0.998,0.999) (0.993,0.995)
RF 0.999 0.979 0.969 0.998 0.999 0.969 0.984 0.984 0.983
(d) (0.999,0.999) (0.978,0.981)
RF 0.999 0.981 0.972 0.997 0.998 0.972 0.985 0.984 0.984
(n) (0.999,0.999) (0.979,0.982)
XGB 0.999 0.987 0.981 0.996 0.998 0.981 0.989 0.989 0.989
(d) (0.999,0.999) (0.985,0.988)
XGB 0.999 0.986 0.981 0.996 0.998 0.981 0.989 0.988 0.988
(n) (0.999,0.999) (0.985,0.988)

Table 3.13: Average prediction performance of different pathomic models for the "Gleason 4 4 Gleason 5 vs Gleason
3" classification task in the test set at 5X magnification level. Abbreviation UC = Area Under the
Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity;
Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA
= Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)

GBM 0.646 0.625 0.55 0.659 0.422 0.55 0.478 0.605 0.602

(d) (0.62,0.672) (0.603,0.647)

GBM 0.648 0.654 0.37 0.783 0.435 0.37 0.4 0.576 0.538

(n) (0.622,0.674) (0.633,0.676)

LDA 0.732 0.683 0.638 0.703 0.493 0.638 0.556 0.671 0.67

(d) (0.708,0.756) (0.662,0.704)

LDA 0.726 0.711 0.538 0.789 0.536 0.538 0.537 0.664 0.652

(n) (0.701,0.75) (0.69,0.731)

MLP 0.729 0.689 0.61 0.725 0.501 0.61 0.55 0.667 0.665

(d) (0.703,0.754) (0.668,0.71)

MLP 0.714 0.689 0.55 0.751 0.5 0.55 0.524 0.651 0.643

(n) (0.689,0.739) (0.667,0.709)

RF 0.626 0.62 0.547 0.653 0.416 0.547 0.472 0.6 0.597

(d) (0.598,0.653) (0.598,0.641)

RF 0.63 0.672 0.293 0.843 0.457 0.293 0.357 0.568 0.497

(n) (0.603,0.658) (0.65,0.692)

XGB 0.662 0.639 0.557 0.676 0.437 0.557 0.49 0.616 0.613

(d) (0.636,0.688) (0.617,0.66)

XGB 0.715 0.706 0.5 0.799 0.529 0.5 0.514 0.649 0.632

(n) (0.69,0.739) (0.685,0.726)

Table 3.14: Average prediction performance of different pathomic models for the "Gleason 4 4+ Gleason 5 vs Gleason
3" classification task in the test set at 10X magnification level. Abbreviations: AUC = Area Under the
Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity;
Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA
= Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)

GBM 0.696 0.646 0.681 0.618 0.589 0.681 0.632 0.65 0.649
(d) (0.684,0.708) (0.635,0.657)

GBM 0.69 0.654 0.46 0.81 0.66 0.46 0.542 0.635 0.61

(n) (0.678,0.702) (0.643,0.664)

LDA 0.723 0.664 0.696 0.638 0.607 0.696 0.649 0.667 0.666
(d) (0.712,0.734) (0.653,0.674)

LDA 0.718 0.676 0.503 0.816 0.688 0.503 0.581 0.659 0.641
(n) (0.707,0.73) (0.666,0.687)

Continued on next page
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Table 3.14: Average prediction performance of different pathomic models for the "Gleason 4 4 Gleason 5 vs Gleason

3" classification task in the test set at 10X magnification level. Abbreviations: AUC = Area Under the
Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity;
Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA
= Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting. (Continued)

MLP 0.698 0.641 0.724 0.575 0.578 0.724 0.643 0.649 0.645
(d) (0.686,0.709) (0.631,0.652)
MLP 0.734 0.689 0.575 0.78 0.678 0.575 0.622 0.678 0.67
(n) (0.723,0.745) (0.678,0.699)
RF 0.681 0.641 0.642 0.64 0.59 0.642 0.615 0.641 0.641
(d) (0.67,0.693) (0.63,0.652)
RF 0.686 0.631 0.317 0.883 0.686 0.317 0.434 0.6 0.529
(n) (0.675,0.698) (0.62,0.641)
XGB 0.717 0.657 0.683 0.636 0.602 0.683 0.64 0.659 0.659
(d) (0.705,0.728) (0.646,0.667)
XGB 0.712 0.665 0.533 0.772 0.653 0.533 0.587 0.652 0.641
(n) (0.701,0.723) (0.655,0.676)
Table 3.15: Average prediction performance of different pathomic models for the "Gleason 4 4 Gleason 5 vs Gleason
3" classification task in the test set at 20X magnification level. Abbreviations: AUC = Area Under the
Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec = Specificity;
Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting Machine; LDA
= Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest; XGB = eXtreme
Gradient Boosting.
Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CTI) (95%CI)
GBM 0.688 0.611 0.711 0.557 0.468 0.711 0.564 0.634 0.629
(d) (0.683,0.694) (0.606,0.616)
GBM 0.684 0.664 0.44 0.786 0.53 0.44 0.481 0.613 0.588
(n) (0.679,0.69) (0.659,0.669)
LDA 0.711 0.621 0.715 0.569 0.476 0.715 0.572 0.642 0.638
(d) (0.706,0.717) (0.616,0.626)
LDA 0.708 0.687 0.487 0.797 0.567 0.487 0.524 0.642 0.623
(n) (0.703,0.714) (0.682,0.692)
MLP 0.711 0.621 0.742 0.554 0.477 0.742 0.58 0.648 0.641
(d) (0.706,0.717) (0.616,0.625)
MLP 0.696 0.657 0.488 0.75 0.516 0.488 0.502 0.619 0.605
(n) (0.69,0.701) (0.652,0.662)
RF 0.672 0.614 0.664 0.588 0.468 0.664 0.549 0.626 0.624
(d) (0.666,0.677) (0.609,0.619)
RF 0.665 0.66 0.334 0.838 0.53 0.334 0.41 0.586 0.529
(n) (0.66,0.671) (0.655,0.665)
XGB 0.681 0.618 0.678 0.584 0.472 0.678 0.556 0.631 0.629
(d) (0.676,0.687) (0.613,0.622)
XGB 0.674 0.647 0.484 0.736 0.501 0.484 0.493 0.61 0.597
(n) (0.668,0.679) (0.642,0.652)
Table 3.16: Average prediction performance of different pathomic models for the "Gleason 4 + Gleason 5 vs Non—
malignant" classification task in the test set at 5X magnification level. Abbreviations: AUC = Area
Under the Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec
Specificity; Prec Precision; BAcc Balanced Accuracy; GSc G-Score; GBM Gradient Boosting
Machine; LDA = Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest;
XGB eXtreme Gradient Boosting.
Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CTI) (95%CI)
GBM 0.986 0.903 0.863 0.972 0.982 0.863 0.918 0.918 0.916
(d) (0.981,0.991) (0.885,0.919)
GBM 0.985 0.876 0.817 0.979 0.985 0.817 0.893 0.898 0.894
(n) (0.98,0.99) (0.857,0.894)
LDA 0.991 0.938 0.913 0.981 0.988 0.913 0.949 0.947 0.946
(d) (0.986,0.995) (0.923,0.95)

Continued on next page
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Table 3.16: Average prediction performance of different pathomic models for the "Gleason 4 + Gleason 5 vs Non—
malignant" classification task in the test set at 5X magnification level. Abbreviations: AUC = Area
Under the Receiver Operating Characteristic curve; CI — Confidence Interval; Sens — Sensitivity; Spec
— Specificity; Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting
Machine; LDA = Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest;
XGB = eXtreme Gradient Boosting. (Continued)

LDA 0.991 0.915 0.874 0.987 0.992 0.874 0.929 0.93 0.929
(n) (0.986,0.995) (0.899,0.93)

MLP 0.985 0.933 0.907 0.979 0.987 0.907 0.945 0.943 0.942
(d) (0.98,0.99) (0.918,0.946)

MLP 0.99 0.925 0.89 0.987 0.992 0.89 0.938 0.938 0.937
(n) (0.986,0.994) (0.91,0.939)

RF 0.984 0.907 0.871 0.968 0.979 0.871 0.922 0.92 0.918
(d) (0.978,0.989) (0.89,0.922)

RF 0.984 0.883 0.827 0.981 0.987 0.827 0.9 0.904 0.901
(n) (0.979,0.989) (0.865,0.9)

XGB 0.989 0.925 0.891 0.983 0.989 0.891 0.937 0.937 0.936
(d) (0.985,0.993) (0.909,0.938)

XGB 0.99 0.908 0.861 0.987 0.992 0.861 0.922 0.924 0.922
(n) (0.986,0.994) (0.89,0.923)

Table 3.17: Average prediction performance of different pathomic models for the "Gleason 4 4+ Gleason 5 vs Non—
malignant" classification task in the test set at 10X magnification level. Abbreviations: AUC = Area
Under the Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec
— Specificity; Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting
Machine; LDA Linear Discriminant Analysis; MLP Multi-layer Perceptron; RF Random Forest;
XGB = eXtreme Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)

GBM 0.998 0.984 0.981 0.987 0.985 0.981 0.983 0.984 0.984

(d) (0.998,0.999) (0.981,0.986)

GBM 0.998 0.983 0.976 0.989 0.988 0.976 0.982 0.982 0.982

(n) (0.998,0.999) (0.98,0.985)

LDA 0.991 0.96 0.939 0.98 0.977 0.939 0.958 0.959 0.959

(d) (0.989,0.992) (0.956,0.964)

LDA 0.992 0.959 0.93 0.986 0.984 0.93 0.956 0.958 0.958

(n) (0.99,0.993) (0.955,0.963)

MLP 0.999 0.99 0.986 0.994 0.994 0.986 0.99 0.99 0.99

(d) (0.998,0.999) (0.988,0.992)

MLP 0.998 0.987 0.98 0.993 0.992 0.98 0.986 0.986 0.986

(n) (0.997,0.998) (0.984,0.989)

RF 0.999 0.984 0.982 0.987 0.986 0.982 0.984 0.984 0.984

(d) (0.999,0.999) (0.982,0.987)

RF 0.999 0.985 0.978 0.992 0.991 0.978 0.984 0.985 0.985

(n) (0.999,0.999) (0.983,0.987)

XGB 0.999 0.987 0.983 0.991 0.991 0.983 0.987 0.987 0.987

(d) (0.999,0.999) (0.985,0.989)

XGB 0.999 0.991 0.988 0.994 0.993 0.988 0.991 0.991 0.991

(n) (0.999,0.999) (0.989,0.993)

Table 3.18: Average prediction performarme of different pathomic models for the "Gleason 4 + Gleason 5 vs Non—
malignant" classification task in the test set at 20X magnification level. Abbreviations: AUC = Area
Under the Receiver Operating Characteristic curve; CI Confidence Interval; Sens Sensitiv:ty. Spec
— Specificity; Prec — Precision; BAcc — Balanced Accuracy; GSc — G-Score; GBM — Gradient Boosting
Macl’nue LDA Linear D]:.crlmmant Analysis; MLP Multi-layer Perceptron; RF Random Forest;
B — eXtreme Gradient Boosting.

Mdl AUC Accuracy Sens Spec Prec Recall F1 BAcc GSc
(95%CI) (95%CI)

GBM 0.995 0.975 0.964 0.984 0.981 0.964 0.972 0.974 0.974

(d) (0.994,0.996) (0.973,0.977)

GBM 0.996 0.974 0.957 0.987 0.985 0.957 0.971 0.972 0.972

(n) (0.995,0.996) (0.972,0.975)

Continued on next page
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Table 3.18: Average prediction performance of different pathomic models for the "Gleason 4 + Gleason 5 vs Non—

malignant" classification task in the test set at 20X magnification level. Abbreviations: AUC = Area
Under the Receiver Operating Characteristic curve; CI = Confidence Interval; Sens = Sensitivity; Spec
= Specificity; Prec = Precision; BAcc = Balanced Accuracy; GSc = G-Score; GBM = Gradient Boosting
Machine; LDA = Linear Discriminant Analysis; MLP = Multi-layer Perceptron; RF = Random Forest;
XGB = eXtreme Gradient Boosting. (Continued)

LDA 0.989 0.955 0.928 0.977 0.971 0.928 0.949 0.952 .952

(d) (0.988,0.99) (0.953,0.957)

LDA 0.989 0.951 0.914 0.981 0.976 0.914 0.944 0.948 .947

(n) (0.988,0.99) (0.949,0.953)

MLP 0.997 0.978 0.968 0.987 0.984 0.968 0.976 0.977 977

(d) (0.997,0.998) (0.976,0.979)

MLP 0.998 0.984 0.975 0.992 0.991 0.975 0.983 0.984 .983

(n) (0.997,0.998) (0.983,0.985)

RF 0.997 0.979 0.967 0.989 0.987 0.967 0.977 0.978 978

(d) (0.997,0.997) (0.978,0.981)

RF 0.997 0.979 0.963 0.993 0.991 0.963 0.977 0.978 .978

(n) (0.997,0.997) (0.978,0.981)

XGB 0.993 0.984 0.973 0.993 0.991 0.973 0.982 0.983 .983

(d) (0.992,0.994) (0.982,0.985)

XGB 0.992 0.984 0.971 0.994 0.993 0.971 0.982 0.983 .983

(n) (0.991,0.993) (0.982,0.985)
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Figure 3.12. Receiver Operating Characteristic (ROC) curves of prediction
models without resampling (first column) and with downsampling (second
column for each classification task (shown on the rows), at 5x magnification.
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Figure 3.13. Receiver Operating Characteristic (ROC) curves of prediction
models without resampling (first column) and with downsampling (second
column for each classification task (shown on the rows), at 10x magnification.
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Figure 3.14.

Receiver Operating Characteristic (ROC) curves of prediction
models without resampling (first column) and with downsampling (second
column for each classification task (shown on the rows), at 20x magnification.
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3.2.2.4 Discussion

The study presents a multiscale, multi-channel, pathomic-based ap-
proach for estimating PCa grade on digital pathology images, addressing
critical challenges in the current Gleason grading system. In particular, the
existing manual PCa grading process suffers from reproducibility issues,
subjectivity, and time constraints, thus necessitating technology-driven so-
lutions that could contribute to develop accurate methods to assess PCa
grade. Automatic PCa grading using computational image analysis ap-
proaches could contribute in this direction, with a look towards the pos-
sibility to support and improve clinical decision making. In this context,
the aim was to develop a quantitative, automatic, interpretable, and as
simple as possible Gleason Grading approach. Although most recent lit-
erature on automatic Gleason Grading is based on DL approaches, the
intention of the work was to use a pathomic based approach to exploit
the potential immediate interpretability of hand-crafted features, that can
aid pathologists with novel insights on the examined tissue. This choice
was motivated not only by the interpretability of hand-crafted features but
also by the consideration that DL-based methods often require extensive
datasets to reach accurate performance. This strategic decision aligns with
our goal of developing a method that not only enhances interpretability
but also proves effective in scenarios where obtaining large datasets may
be impractical or challenging. Of note, the use of texture-based methods
at tissue level was preferred due to their ability to alleviating the need for
intricate cellular or glandular segmentations. This characteristic not only
simplifies the computational process but also broadens the applicability of
texture-based methods across diverse prostate cancer presentations. The
investigated tissues involved stroma, normal tissue, and Gleason patterns
3, 4, and 5. Tiling was performed at multiple magnification scales (5x,
10x, and 20x ), extracting an extensive set of pathomic features from each
tile. The investigation of first-order, GLCM, LBP, and wavelet features
stems from their extensive use in literature for a wide range of appli-
cations and their potential to capture crucial aspects of prostate cancer
pathology. Histogram-based features are first-order statistics describing
the distribution of intensity values in an image. They measure the degree
of dispersion of the grey values, the presence/absence of outliers and other
properties which reflect the overall structure of the texture. Local texture
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descriptors such as GLCM and LBP, as second-order statistics, consider
the joint variability of grey levels in pairs or groups of pixels. Widely
employed in various applications, these descriptors prove effective in pro-
viding detailed insights. GLCM, quantifying spatial relationships, provides
insights into glandular structures. LBP, capturing local texture variations,
reveals detailed information, and wavelet features ensure a comprehensive
understanding by addressing the multifaceted nature of prostate cancer
pathology. The main rationale for using wavelets features is their abil-
ity to decipher textural information from different scales, which has been
shown to significantly improve image classification [258, 60, 158|. The
incorporation of explicit texture-based pathomic features prioritizes inter-
pretability, demystifying the decision-making process for clinicians. Unlike
the black-box nature associated with deep learning models, the presented
approach emphasizes transparency, aligning with clinical interpretability
requirements and empowering practitioners with actionable insights. The
decision to utilize multiple resolutions aligns with the diverse diagnostic
practices of pathologists. Choosing 5x, 10x, and 20x magnifications is
based on a thoughtful consideration of what can be perceived at each
level. This aligns with routine practices, ensuring a holistic understand-
ing of tissue architecture without overwhelming complexity [35]. WSIs are
characterized by a pyramidal structure consisting of the same image stored
at different spatial resolutions. Most of the studies in digital pathology (ei-
ther ML- or DL-based) use one fixed magnification level to perform the
analysis. These models do not take advantage of the multi-scale nature
of this type of data. Different magnification levels are usually required
to recognize different features at a macroscopic scale such as the organ to
which the image belongs and at a microscopic scale such as tumor-related
information. Pathologists generally conduct their analysis under a micro-
scope combining different scales: they start looking at the tissue at low
magnification levels for macroscopic features and then they zoom in into
the region of interest to examine the microscopic features at high magni-
fication. For example, at middle magnification levels (such as 5-10x) it
is possible to distinguish between glands, while at the highest ones (such
as 20—40x) it is possible to better resolve cells [35]. The pathologists’
approach highlights the importance of combining macroscopic and micro-
scopic information obtained from different scales. Of note, some few ap-
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proaches to integrate multiple magnification levels have recently been ex-
plored |78, 99]. This departure from focusing on specific scales enriches the
diagnostic landscape, providing enhanced granularity crucial for nuanced
Gleason grading. Unlike traditional studies that often rely on singular or
paired features, this preliminary work embraces a diverse feature space,
exploring eight channels alongside grayscale-converted RGB images. This
comprehensive feature exploration can capture a spectrum of information
essential for nuanced Gleason grading. The deliberate choice of incorpo-
rating color features aligns with the perceived characteristics of the human
eye since color channels provide a richer representation of visual informa-
tion, acknowledging and leveraging the importance of color information
in pathology assessment. At present, grayscale texture analysis technol-
ogy has witnessed significant advancements, and many gray-level texture
descriptors have been developed and successfully employed in numerous
domains for image classification. However, texture classification is per-
formed on grayscale images, thus discarding color information, which is an
important cue for visual perception. Therefore, the exclusion of color in-
formation can be limiting in capturing the full complexity of pathological
features, also because the pathological assessment is done based on color
images. However, it should be considered that the use of color features en-
counters challenges arising from the correlation among various color chan-
nels [278]. The color channels in images tend to exhibit high levels of
correlation, meaning that values in one channel are good predictors of the
values in other channels. However, the correlation filter used in the feature
selection process was used to mitigate the limitations associated with the
dependence and correlation among different color channels, ensuring our
approach remains innovative and clinically robust. Obtained preliminary
results showed that some specific pathomic features could classify prostatic
tissue compartments. In particular, several machine learning models with
selected pathomic features able to classify prostatic tissues with high pre-
diction performances after a feature selection process were developed. The
presented results demonstrate very high classification performances across
the various classification tasks investigated. As expected, G3, G4, and
G5 could be easily distinguished from benign tissues. In fact, very high
AUC values were reached for PCa diagnosis tasks (e.g. Malignant vs Non-
Malignant, G3 vs Non-Malignant, and G4 + G5 vs Non-Malignant classifi-
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cation tasks). Lower AUC values for tasks involving the low- vs high-grade
classification, with maximum AUC values between 0.72 and 0.73 reached
for MLP and LDA models, both for 5x, 10x and 20x magnification scale.
These results were in line with those obtained by Bhattacharjee et al. [60]
who examined wavelet-based and color features to train MLP model to
perform different classification tasks . Their results also revealed lower
classification performance for the low-grade vs high-grade classification
task with respect to classification tasks involving benign tiles versus ma-
lignant tiles. Similar results were found by Alexandratou et al. [37], who
compared the performance of 16 supervised machine learning algorithms
for prostate cancer diagnosis and Gleason grading, also addressing the clas-
sification tasks tumour vs. non-tumour, low vs. high grade and finding
and accuracy of 97.9% for diagnosis (tumour-non-tumour) and a lower ac-
curacy of 80.8% for low-high grade discrimination. Kim et al. performed
texture analysis using GLCM method and carried out classification using
SVM and KNN models for multiple tasks. The highest accuracy of 90%
was achieved for benign vs grade 4 and 5 [2]. Hongming et al. [329] also
presented an automatic approach for PCa grading based on LBP features
descriptors integrated together across WSIs, thus obtaining a patient-level
representation. Nevertheless, these results were not directly comparable
with these this studies as their WSI preprocessing, feature extraction meth-
ods and features types were different. Moreover, the change in prediction
performances depends on the features being extracted as well as the type
of classification methods being used for detecting prostate carcinomas in
histological sections. The strengths of the study lie in its holistic and ex-
plicit approach, encompassing multiple magnification scales and channels
for feature extraction. The transparent emphasis on interpretability ad-
dresses a critical concern in Al-based pathology grading. The inclusion of
an extensive feature space enhances the versatility of the proposed method-
ology. Looking ahead, there are still several intriguing future perspectives
to explore. First, understanding the fusion of information across scales by
simulating the practices of pathologists who scroll through the microscope
at varying resolutions, ranging from low (e.g., 5x) to high (e.g., 20x), could
provide valuable insights. Additionally, it could be interesting to investi-
gate how the individual groups of features perform in PCa grading [158].
Of note, a limited number of features was evaluated in this study in order
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to be able to interpret descriptors. An essential criterion for having exam-
ined these hand-crafted features is that they are easier to interpret with
respect to features obtained from neural networks. However, the proposed
framework may be used to study associations between an expanded suite of
radiomic and pathomic measurements, as well as extended to characteriz-
ing other cancers. Furthermore, an intriguing avenue for future exploration
involves comparing the developed approach with deep learning methods.
While the study already allows for a comparison of results with similar
tasks in the existing literature, a particularly interesting dimension would
be to employ the same settings for a comprehensive hand-crafted versus
deep learning-based features comparison. This comparative analysis has
the potential to contribute not only to the ongoing refinement of our ap-
proach but also to the broader understanding of the optimal methodologies
for PCa Gleason Score classification. It is noteworthy to emphasize that
the primary objective was focused on investigating hand-crafted features.
While the prospect of comparing the obtained results with DL methods is
indeed compelling, it is essential to clarify that our current study primarily
aims to delve into the intricacies of hand-crafted features. It was intend
to reserve the exploration and comparison with DL-based features for fu-
ture research endeavors. By prioritizing the examination of hand-crafted
features, the aim was to establish a solid foundation and comprehensive
understanding of their effectiveness in the context of PCa Gleason Score
classification. This deliberate choice allows to thoroughly explore the nu-
ances and intricacies of the features before extending our investigation to
the realm of DL-based approaches in subsequent studies. This strategic ap-
proach aligns with the goal of providing a detailed and nuanced analysis of
PCa Gleason Score classification, laying the groundwork for more compre-
hensive and insightful future comparisons and eventually integration with
DL techniques [142, 301]. In conclusion, the preliminary results intro-
duced a promising multiscale, pathomic-based approach for PCa Gleason
Score classification, offering a potential paradigm shift in Gleason grading.
The study opens avenues for future research, emphasizing the need for
ongoing refinement, validation on diverse datasets, and collaboration with
pathologists for real-world applicability. Moreover, by increasing the di-
mensionality of the dataset, deep learning approaches can be reconsidered.
However, the proposed technology-driven solution holds significant promise
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in revolutionizing Gleason grading, contributing to more informed clinical
decision-making, and ultimately improving patient outcomes in prostate
cancer diagnosis.

Main contributions of the chapter

e The correlation between radiomic and pathomic features in Glioblas-
toma multiforme was preliminarly explored, revealing significant
cross-scale relationships and advancing tumor heterogeneity under-
standing for diagnostic, prognostic, and therapeutic considerations.

e Pathomics applications in cancer diagnosis were investigated, in par-
ticular:

— A pathomic approach to quantifying tumor-infiltrating lympho-
cytes in breast cancer was developed, addressing traditional vi-
sual assessments’ limitations. Results indicated potential for
TIL classification using specific pathomic features, introducing
a standardized, interpretable, automatic, and simple method
crucial for breast cancer decision-making.

— A multiscale, multi-channel, pathomic-based approach for Glea-
son Score classification in PCa was proposed. Texture-based
pathomic features distinguished malignant from non-malignant
prostatic tissue and classified different Gleason patterns, en-
hancing PCa diagnosis precision and reliability.







Chapter

Conclusions

In the era of precision medicine, integrating information across multiple
scales is crucial for anticipating and steering cancer diagnosis and progno-
sis. Modern diagnostic techniques and computational analysis methods are
generating a huge amount of heterogeneous data, yet their integration re-
mains limited. CDSS utilizing Machine Learning, and data analytics have
immense potential to aggregate, structure, and understand these data to
support clinical decision. The presented PhD thesis focuses on two key ob-
jectives to advance precision medicine in oncology. The first objective con-
cerns the integration and organization of heterogeneous data from the most
advanced diagnostic domains for cancer management, namely diagnostic
imaging, histopathology, and genetics. Building upon these foundational
considerations, the second objective of the thesis involves the supervised
computational analysis of biomedical images at various scales. This has
been achieved through the implementation of processing pipelines designed
for the extraction of radiomics and pathomics features.

4.1 Main Findings

The key findings obtained in this thesis are listed below:

e Given the urgency of organizing complex biomedical data belong-
ing to different diagnostic domains, digital biobanks were identified
as a multifactorial solution capable of containing curated and stan-
dardized data from the most advanced diagnostic domains in the
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field of oncology (clinical imaging, pathology, and NGS). An integra-
tive standardization /harmonization approach was proposed, aiming
to incorporate existing standards and procedures already employed
in common practice.

The correlation between radiomic and pathomic features was prelim-
inarly explored in the context of Glioblastoma Multiforme. Findings
revealed significant cross-scale relationships, offering a better under-
standing of tumor heterogeneity and impacting diagnostic, prognos-
tic, and therapeutic considerations.

The applications of pathomics in cancer diagnosis were explored,
highlighting its potential to support clinical decision-making. In par-
ticular:

— A pathomic approach to quantifying tumor-infiltrating lympho-
cytes in breast cancer was developed to overcome the limita-
tions of the traditional visual assessments. Results showed that
some selected specific pathomic features extracted from nuclei
in tumor-associated stromal regions of H&E images of breast
cancer could classify TILs. The proposed approach introduces a
quantitative, standardized, interpretable, automatic and simple
method for TIL assessment, crucial for decision-making support
in breast cancer treatment strategies.

— To address the complexities of Gleason grading in PCa, a mul-
tiscale, multi-channel, pathomic-based approach for Gleason
Score classification was proposed. Texture-based pathomic fea-
tures distinguishing malignant from non-malignant prostatic
tissue and classifying between different Gleason patterns. This
approach offered an efficient and consistent Gleason grading
process, potentially enhancing the precision and reliability of
PCa diagnosis.

4.2 Summary and Discussion of Results

Concerning the first objective, Chapter 2 emphasized the urgent need
to make the huge amount of heterogeneous information belonging to differ-
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ent diagnostic domains available and suitable to promote scientific research
and technological development. In particular, this increasing volume of
heterogeneous and complex biomedical data, driven by advancements in
acquisition and computational methods, led us to consider developing a
comprehensive approach for organizing and making this information ac-
cessible for scientific research and technological advancement, with direct
implication for support decision making. Digital biobanks were framed as
a strategic multifactorial solution capable of containing curated and stan-
dardized imaging data, along with clinical, molecular, and pathologic data.
This because the effective organization of biomedical data in biobanking
infrastructures is crucial to enable a comprehensive approach to clinical
studies, as well as the development of Al tools supporting decision mak-
ing in medicine. We firstly highlighted that digital biobanks must ensure
that data and information are standardized, reproducible and integrated,
following regulatory and bioethical guidelines and adhering to ISO stan-
dards and SOPs, as well as considering that the stewardship and manage-
ment of scientific data needs to adhere to the FAIR principles. This will
contribute to the success of the digital biobank model to achieve its full
potential as scientific resource. Based on this foundation, an integrative
standardization /harmonization approach was proposed, aiming to incor-
porate existing standards and procedures already employed in common
practice. We focused on the most advanced diagnostic domains in the
field of oncology, namely clinical imaging, pathology, and NGS. We con-
sidered both the integration of these domains, as well as the generation of
numerical descriptors associated with each single domain through robust
data curation and data processing procedures. Our approach involved the
use of MIABIS, DICOM and FASTQ as they are established standards in
the common practice to describe raw and derived data from the chosen
domains. MIABIS was used to storage and exchange of data elements that
describe the collection of biological samples. DICOM was established for
the acquisition, reporting, and curation (annotation and clinical outcomes
definition) of both radiologic and WSI images. Since the JSON format na-
tively suits the hierarchical format of DICOM metadata, we proposed to
use JSON format to store and interchange domain-specific numerical de-
scriptors. Furthermore, it is the preferred format for encoding the output
of AT algorithms, is widely supported by major programming languages,
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and can be linked to formal ontologies. This study provides new models
of standardization and integration among multidisciplinary domains, also
incorporating robust data curation and processing pipelines to obtain re-
producible numerical descriptors associated with each diagnostic domain.
Standardized procedures and data not only foster advancements in -omics
studies (e.g., radiomics, pathomics, genomics) but also open avenues to ex-
plore connections between quantitative -omics data and clinical outcomes
in specific diseases. The aim of the work was limited to framing poten-
tial functional solutions for implementing a digital biobank, addressing
challenges in standardization, reproducibility, and integration. The de-
velopment of an IT infrastructure for data sharing is reserved for future
research. The proposed comprehensive digital biobank model could im-
prove the management, standardization and sharing of data in adherence
with ethical norms. This work serves as an encouragement for the scientific
community to develop tools supporting effective multi-domain integration
in biobanking.

Findings and considerations raised in Chapter 2 on integration of data
from different diagnostic domains, as well as the generation of numerical
descriptors associated with each single domain, paved the way for inves-
tigations outlined in Chapter 3. Chapter 3 unfolds the development of
computational and statistical tools designed for analyzing and integrating
data across different scales of biomedical images. The first part of the
chapter emphasizes the significance of understanding the correlation be-
tween radiomic and pathomic features to enhance the comprehension of
tumor heterogeneity at different scales. Cancer, manifesting its diversity
at both cellular and radiological levels, requires bridging these scales for
a full understanding of the disease. The information achieved through
the exploration of associations between radiomic and pathomic features
provides a holistic view of cancer from microscopic details to larger-scale
images and can offer clinicians a more comprehensive understanding of
tumors, contributing to a detailed and accurate characterization. The
correlation across imaging scales in the context of Glioblastoma Multi-
forme, where the intricate interplay between the microscopic and radio-
logical features is known to be highly complex, was explored. The aim
was to identify cross-scale associations between quantitative descriptors
from radiology and pathology images of patients with glioblastoma. The
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radiopathomic approach investigated, although preliminary, revealed inter-
esting cross-scale relationships between radiomic features from functional
magnetic resonance images and pathomic features from digital pathology
images of patients with GBM. This, in turn, directly impacts the clinical
decision-making process, covering diagnostic, prognostic, and therapeu-
tic considerations. In summary, this study on Glioblastoma Multiforme,
although an initial example paving the way for future radiopathomic stud-
ies, underscores the crucial role of integrating radiomics and pathomics
for addressing the need to evaluate tumor heterogeneity. This combined
approach not only enhances our understanding of the complex interplay
between microscopic and radiological features but also provides a valuable
way to validate the practical use of radiomics. "Virtual biopsy" captures
the essence of this concept. The idea of a "virtual biopsy" marks a sig-
nificant shift in diagnostic methods. Unlike traditional invasive biopsies,
it relies on advanced analyses of radiological images. Bringing together
radiopathomic data in this approach offers a comprehensive view of the tu-
mor’s structure and composition, giving crucial insights without the need
for invasive procedures. This progressive method represents a significant
step forward in both confirming and applying the information obtained
through radiomics, offering a detailed yet non-invasive perspective for in-
formed clinical decision-making.

Additionally, in Chapter 3 the applications of pathomics in cancer diag-
nosis were explored, highlighting its potential to support clinical decision-
making and contribute to CDSS. The integration of pathomic informa-
tion into the diagnostic workflow is seen as a promising avenue for re-
fining tumor characterization and improving the accuracy of diagnoses.
Two distinct studies were presented in this part to exemplify the power of
pathomics in addressing specific challenges in breast cancer and prostate
cancer diagnosis, that are both the second most common cancers in men
and women respectively. This thesis section marked a pivotal shift to-
wards practical clinical applications. The first study pioneers a path-
omic approach to quantifying tumor-infiltrating lymphocytes in breast can-
cer, overcoming the limitations of traditional visual assessments. Results
showed that some selected specific pathomic features extracted from nu-
clei in tumor-associated stromal regions of H&E images of breast cancer
could classify if nuclei were TILs or not. In particular, several machine
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learning models with selected pathomic features that could classify sTILs
with high prediction performances after a feature selection process were
developed. The proposed approach introduces a standardized and efficient
assessment of TILs, crucial for decision-making support in BC treatment
strategies. The second study addresses the complexities of Gleason grad-
ing in PCa, introducing a multiscale, pathomic-based approach for Glea-
son Score classification. This approach, leveraging pathomic features at
different magnification scales, offers a more efficient and consistent Glea-
son grading process, potentially enhancing the precision and reliability
of PCa diagnosis. Together, these investigations navigate the path from
research innovation to real-world impact, envisioning a landscape where
pathomics becomes an integral tool for enhancing diagnostic precision and
treatment strategies in cancer care. The results of these studies under-
score the transformative potential of pathomics in bringing about positive
changes in clinical practice, positioning it as a key player in the future of
oncology. The dual focus of Chapter 3 on exploring correlations across
imaging scales and studying potential applications of pathomics in CDSS
reflects a holistic approach to cancer diagnosis and decision support. By
acknowledging the intricate interplay of diverse data sources, the research
aims to contribute to improved patient outcomes in oncology.

4.3 Methodological Choices

This section delves into the methodological decisions underpinning the
research.

It is worth drawing attention to the decision to choice to rely on hand-
crafted features, that is grounded in the pragmatic consideration of data
availability and interpretability.

One primary consideration that guided the choice of feature extraction
methods is the dimensionality of the available data. Deep learning meth-
ods, particularly CNNs, has ushered in a paradigm shift in computational
image analysis, particularly in the domains of radiomics and pathomics.
Although these methods are becoming increasingly popular because of
their remarkable classification performance, they inherently require a large
and diverse datasets samples representing real-world data to achieve the
optimal performances [192, 201|]. Moreover, although their advantage
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of automated feature extraction and superior performance in capturing
complex patterns, they may pose challenges in interpretability, requiring
mechanisms for explaining model decisions. Meanwhile, handcrafted fea-
tures have been implemented for decades and still serve as a powerful tool
when combined with machine learning classifiers. Supervised learning al-
gorithms, i.e., learning a mapping from input data to output (labels) from
a set of training examples, are widely used in medical image data anal-
ysis [102]. Traditional supervised learning algorithms, such as RF, SVM
and KNN, require prespecified hand-crafted features, while CNNs learn
image features from the inputs to classify labels. However, CNNs typi-
cally require large numbers of training examples, which can be difficult
to obtain in the medical imaging space, due to confidentiality constraints,
financial limitations and time required for expert annotations [254]. Thus,
traditional methods using hand-crafted features remain useful in dealing
with limited samples of medical imaging data. Therefore, the decision to
start with hand-crafted approach in 3 stems primarily from the pragmatic
recognition of data limitations, encompassing both the aspect of patho-
logical image data and annotation availability. In particular, the number
of patients involved in the three studies investigated was relatively small,
namely 48 for the study investigating radiopathomic correlations in pa-
tients with GBM [70], 195 in the study aiming at classifying TILs in BC
[314], and 187 in that on Gleason Score classification for PCa patients.
The limited sample size is directly linked with the mentioned challenges
associated with the digitization of WSIs, a crucial prerequisite for the
effective application of deep learning methodologies. Unlike radiological
images, for which the transition to digital formats has been widespread
and transformative, WSI technology in pathology is viewed more as an
augmentation rather than a substitution for conventional practices, with
WSI integrated alongside traditional microscopy rather than completely
replacing it. Pathologists still routinely examine glass slides under a mi-
croscope, and the adoption of WSI is often supplemental. This coexistence
stems from the intricacies and nuances of pathological analysis, where the
fine details of cellular structures and tissue morphology are crucial for ac-
curate diagnoses. Moreover, pathology images require a more complex
acquisition process, may be subject to resource and cost limitations, and
poses logistical and technical challenges. Therefore, while WSI technology
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offers advantages in terms of remote access, sharing, and archiving, it has
not fully replaced traditional microscopy due to the necessity of retaining
the tactile and detailed aspects of glass slide examination [46]. This sit-
uation presents a practical barrier to the use of deep learning approaches
that rely on significant volumes of digitized data, especially in the field of
digital pathology.

Another aspect to be considered is that, although the limited number of
patients included in the studies, a substantial volume of items were ana-
lyzed in the studies. For instance, the study on TILs classifications involves
around 90,000 segmented cells, and the prostate study deals also with tens
of thousands of mosaic tiles for classifications at 20x magnification. Ma-
chine learning and deep learning pipelines tailored for histopathological
data often necessitate the partitioning of WSIs into multiple patches or
tiles to enhance the original training data and accommodate GPU mem-
ory constraints. This partitioning strategy is crucial for handling large
images, as a single WSI can be divided into numerous tiles, each serving
as a distinct training input. These tiles are randomly selected and sub-
jected to verification processes to ensure the preservation of sufficient tissue
information. Additionally, data augmentation techniques, such as random
rotation, flipping, or affine transformation, are applied to these tiles to
mitigate the risk of overfitting. However, this approach comes with its
challenges, notably the increased likelihood of data leakage [77]. The mul-
tiple subimages originating from the same histological specimen, despite
being processed independently, are still intrinsically linked to the source.
This interdependence raises concerns about the potential for models to
inadvertently learn from the same specimen across different tiles, compro-
mising the generalizability and reliability of the trained model. Therefore,
while the augmented dataset addresses the challenge of limited patient
numbers, the risk of data leakage necessitates careful consideration. The
balance between enhancing dataset size through augmentation and main-
taining the integrity of the training process is crucial for ensuring the ro-
bustness and validity of deep learning models applied to histopathological
data [77]. Since data leakage affect both hand-crafted approaches and DL-
approah, the advantage of explainability in traditional machine learning,
including the use of hand-crafted features, becomes especially pertinent
when addressing challenges related to data leakage. In traditional ma-
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chine learning models, the manual or transparent selection of features pro-
vides a clearer understanding of which features are driving model predic-
tions. This transparency facilitates the identification of potential sources
of data leakage and aids in crafting effective mitigation strategies. The
incorporation of hand-crafted features enhances interpretability, enabling
a more detailed examination of the features contributing to the model’s
decisions. This heightened interpretability becomes an asset in pinpointing
whether manually selected features inadvertently contribute to unwanted
influences on the model, shedding light on potential areas of data leak-
age. The clarity offered by hand-crafted features empowers researchers to
navigate the model’s decision-making process more effectively. Conversely,
the black-box nature of deep learning models poses challenges in terms of
interpretability. The intricate relationships learned by hidden layers in
deep neural networks make it challenging to comprehend why a specific
decision was made, making the detection and management of data leakage
more complex.

Another critical issue related to data limitations is the annotation avail-
ability. Given the large datasets required to obtain high DL performance,
also a large number of annotations are required. The availability of high-
quality annotations is pivotal for training accurate and robust deep learn-
ing models. In the realm of medical imaging, especially digital pathology,
obtaining annotations involves meticulous outlining and labeling of struc-
tures, cells, or regions of interest within images. The sheer volume of an-
notations needed to achieve high performance in deep learning exacerbates
the challenge, often necessitating substantial resources and time [118, 220].
The scarcity of annotations is a significant obstacle that demands atten-
tion alongside the challenge of obtaining sufficient raw data, regardless of
the medical imaging scale. Both challenges are intricately interconnected
and represent critical hurdles in the realm of medical imaging. To address
this, approaches like transfer learning, active learning, and semi-supervised
learning emerge as potential strategies [318, 153]. These techniques can
leverage knowledge from pre-existing annotated datasets, focus on acquir-
ing annotations for the most informative examples, and utilize both an-
notated and unlabeled data, respectively. It’s crucial to note that while
these approaches can partially mitigate the annotation challenge, they are
not comprehensive solutions. Annotations form the bedrock of learning
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and, notably, model validation. In the absence of ample annotated exam-
ples, these techniques may enhance the utilization of available annotations
but cannot replace the need for sufficient annotated data. In the spe-
cific studies investigated this issue was highlighted. For example, when
investigating on TILs classification task, the issue concerning the prereq-
uisite of pixel level annotation for individual nuclei segmentation within
tumor-associated stroma emerged, thus implying that any segmentation
errors can have a direct impact on the final performance. Although the
choice of an automatic and well-established approach guarantees robust-
ness and reproducibility, the lack of a segmentation ground truth does not
allow to quantitatively evaluate and control the segmentation error (e.g.
through Dice index or F1-score) and also to test more advanced segmenta-
tion methods (e.g. training neural networks), also by making comparisons
with other existing nuclear segmentation algorithms implemented in differ-
ent software/studies. In the investigation of Gleason Score classification,
the dataset comprises 187 H&E-stained WSIs of prostatectomy specimens,
each meticulously annotated by experienced pathologists. The challenge
of obtaining comprehensive annotations in medical imaging, as highlighted
earlier, is particularly pronounced in intricate tasks like Gleason Score
classification. In this context, leveraging texture-based methods becomes
pivotal. The unique advantage of these methods lies in their capability to
classify high-grade prostatic tumors, characterized by minimal glandular
differentiation. Importantly, these methods operate at the tissue level, al-
leviating the need for intricate cellular or glandular segmentations, which
are often labor-intensive and prone to annotation challenges. This charac-
teristic not only simplifies the computational process but also aligns with
the broader challenges discussed earlier, emphasizing the importance of in-
novative approaches to address annotation scarcity and avoiding extremely
difficult or time-consuming annotation tasks. The theoretical foundation
for this ambition lies in the potential to construct a robust model that
does not heavily rely on complex segmentations, such as those involving
glands or nuclei, which can be time-consuming compared to annotations
focusing on tissue zones. Unlike the study on TILs classifications, where
the segmentation of individual cells is fundamental, the Gleason Score clas-
sification study envisions a more streamlined approach. The intention is
to develop a model that, once well-trained on a wealth of annotations re-
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flecting real-world data, could transition to a whole-slide approach for new
data. In this envisioned scenario, the need for segmentations diminishes,
as the model could efficiently process WSIs directly. These WSIs would
be partitioned into tiles, allowing the model to identify and categorize re-
gions without the need for elaborate cellular or glandular segmentations. It
underscores a forward-looking strategy, acknowledging the potential evo-
lution of the model from a training phase heavily reliant on annotations
to a deployment phase where the focus shifts towards the efficiency and
applicability of whole-slide analysis in real-world scenarios.

Another pivotal aspect in the decision-making process is the explainability
of features. Hand-crafted features, being explicitly designed and defined,
offer a level of interpretability that deep learning models often lack. In the
context of medical diagnostics, where transparency and interpretability
are paramount, the use of hand-crafted features allows for a more compre-
hensible understanding of the features driving the analysis. Handcrafted
features, defined by transparent mathematical formulas, offer a level of
interpretability distinct from deep learning models. While the complexity
of deep features may hinder straightforward interpretation, handcrafted
features provide clear insights into the specific information they represent.
However, it’s essential to recognize that interpreting the nuances of hand-
crafted features may still require domain expertise. The radiomic and
pathomic features extracted manually hold clinical significance, and their
interpretability can directly contribute to the clinical decision-making pro-
cess. The transparency of these features is invaluable, providing clinicians
with insights into the characteristics of oncological pathologies that influ-
ence the derived numerical descriptors.
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Highlights

Data availability and Interpretability: The decision to rely on hand-
crafted features was driven by pragmatic considerations regarding data
availability and interpretability. This choice acknowledges the challenges
associated with deep learning methods, particularly in the context of lim-
ited sample sizes and annotation availability.

Dimensionality of available data: The choice of feature extraction
methods is influenced by the dimensionality of the available data. While
deep learning methods offer remarkable performance, they necessitate large
and diverse datasets, posing challenges in data acquisition, particularly in
medical imaging.

Potential power of handcrafted features: Hand-crafted features, de-
spite being manually specified, remain a powerful tool when combined with
machine learning classifiers, especially in scenarios with limited sample
sizes or annotation availability, as commonly encountered in medical imag-
ing datasets.

Challenges of deep learning approaches: Although deep learning
methods excel in automated feature extraction and capturing complex
patterns, their black-box nature can hinder interpretability, complicating
model explanations and management of data leakage.

Pragmatic Constraints and Data Leakage Risk: Practical chal-
lenges, such as limited sample sizes and the complexities of WSI technology
in pathology, present barriers to the widespread adoption of deep learning
approaches that rely on extensive digitized data. While data augmenta-
tion techniques enhance dataset size, they also introduce the risk of data
leakage, underscoring the importance of maintaining the integrity of the
training process.

Annotation Scarcity: The scarcity of annotations in medical imaging
datasets poses a significant challenge, necessitating innovative approaches
such as transfer learning, active learning, and semi-supervised learning to
leverage available data effectively.

Clinical Significance of Features: The interpretability of hand-crafted
features holds clinical significance, providing clinicians with valuable in-
sights into oncological pathologies and contributing directly to the clinical
decision-making process.




4.4. FuTurRE DIRECTIONS 157

4.4 Future Directions

As the research progresses, there emerges an opportunity to delve into
the realm of deep learning. The ongoing work on Gleason score classifica-
tion, as mentioned, involves a more substantial dataset. This provides a
logical segue into exploring the potential benefits of deep learning, consid-
ering the availability of data that aligns more closely with the requirements
of deep neural networks. The identified need for larger, more representa-
tive datasets acknowledges the evolution of the research strategy. With a
growing repository of diverse and voluminous data, the exploration of deep
learning becomes a logical progression, ensuring that the models trained
can generalize well to real-world scenarios. In conclusion, the decision
to employ hand-crafted features in the initial stages of the research is a
judicious one, considering data limitations and the imperative for inter-
pretability in medical contexts. As the research advances and datasets ex-
pand, the inclusion of deep learning methodologies and the exploration of
deep features in comparison to handcrafted descriptors becomes a strategic
next step, paving the way for enhanced predictive modeling and nuanced
insights into complex oncological data. This adaptive approach ensures
a thoughtful integration of both traditional and cutting-edge techniques,
aligning the research with the evolving landscape of data availability and
computational methodologies in the field of oncological data analysis. As
the thesis progresses into future work, the discussion on the transition to
deep learning methodologies becomes even more pertinent. The acknowl-
edgment of data limitations and the imperative for interpretability has
steered the initial focus towards hand-crafted features. However, with the
growing datasets, particularly in the ongoing Gleason score classification
study, there arises a strategic opportunity to delve into the capabilities of
deep learning, paving the way for more nuanced insights and predictive
modeling in oncological data analysis. In essence, the decision to utilize
hand-crafted features in Chapter 3 is part of a strategic narrative that en-
compasses the interpretability, clinical relevance, and real-world impact of
the presented research [192]. As the journey continues, the integration of
deep learning methodologies into the evolving research paradigm positions
the work on a trajectory that combines the best of traditional and cutting-
edge approaches, ultimately contributing to improved patient outcomes in
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oncology.

4.5 Concluding Remarks

Overall, the thesis presents a comprehensive framework that addresses
the challenges posed by the vast amount of heterogeneous biomedical data.
The proposed integrative approach and the development of computational
tools pave the way for a better understanding of cancer, supporting the
transition towards personalized and precise clinical decision-making in on-
cology. Concerning the first objective, the effort made was to address issues
concerning data organization and integration. The proposed approach pro-
vides a framework that overcomes challenges in standardizing and harmo-
nizing data across diagnostic imaging, histopathology, and genetics. This
initiative aligns with the broader goal of collecting numerical descriptors
from patients with oncological diseases and organizing this wealth of in-
formation within a digital biobanking infrastructure. The biobanking sys-
tem is designed to curate and standardize imaging data alongside clinical,
molecular, and pathologic data, facilitating a comprehensive approach to
cancer disease. Simultaneously, the second objective delved into supervised
analysis at different imaging scales, with efforts addressing cross-scale inte-
gration challenges and explore the potential of these integrated datasets in
supporting clinical decision-making. A concerted effort was made to adhere
to standardized procedures, exemplified by the use of IBSI for radiomics;
however, it is noted that there is still progress to be made in achieving
comparable standards for pathomics. The studies conducted within this
framework underscored deficiencies in data and procedure standardization
and harmonization, which were diligently addressed in preceding chapters.
In summary, the thesis strives to contribute to the fields of data science
and medical informatics by proposing methodologies for data integration
and organization, as well as advancing the supervised analysis of multiscale
data. The ultimate goal is to enhance our understanding of oncological dis-
eases and provide valuable support for clinical decision-making through the
integration of data at different imaging scales, also considering genomics,
and clinical data.




Appendix

Preliminaries and basic
concepts

This chapter introduces briefly the main domains related to this dis-
sertation by clarifying some basic concepts.

A.1 Oncology

A.1.1 Defining a tumor

A tumor is an abnormal mass of tissue within the body, primarily aris-
ing from uncontrolled cell growth caused by mutated or damaged DNA
(deoxyribonucleic acid). This DNA damage disrupts the normal cell cycle,
inhibiting programmed cell death and promoting unregulated replication,
resulting in the formation of a tumor mass. Broadly, tumors can be cate-
gorized as malignant or benign. Malignant tumors are cancerous, invading
new areas of the body, while benign tumors are non-cancerous and pose
no risk of spreading. Tumor metastasis, the spread of cancer cells to other
parts of the body, is a major contributor to cancer-related deaths. Accu-
rate characterization of tumor types is crucial for effective patient care.

A.1.2 Diagnosis and Staging

Cancer diagnosis involves a comprehensive evaluation of disease pro-
gression in a patient through a combination of clinical and pathological
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observations. Typically, this process includes medical imaging and biopsy
procedures to confirm the cancer type. Cancer staging aims to categorize
patients based on similar tumor characteristics obtained from these pro-
cedures, along with their prognostic outlook or chance of survival. The
widely adopted clinical staging system is Tumor Node Metastasis (TNM),
developed by the American Joint Committee on Cancer (AJCC) in collab-
oration with the Union for International Cancer Control (UICC). In sum-
mary, the T component assesses primary tumor aspects such as size and
contiguous growth into surrounding tissue, the N component defines the
extent of cancer in regional lymph nodes, and the M component indicates
the absence or presence of distant metastases. TNM characterization is
specific to each cancer site, with values rising (e.g., T0-T4, N0-N3, M0-M1)
corresponding to increased cancer extent and severity. As part of staging,
cancer receives a histologic grade through a biopsy, evaluating tumor cell
differentiation on a scale of 1-4. Grade 1 indicates well-differentiated cells
resembling the surrounding tissue, while grades 3-4 denote poorly or un-
differentiated cells, making it difficult to identify the biopsy’s origin. The
combination of T, N, and M components assigns patients to an overall
prognostic group identified with Roman numerals (I-1V), further subdi-
vided with characters (e.g., A-C). Higher stage groups and TNM stages
correlate with poorer prognosis and increased disease severity. Accurate
staging is crucial for treatment planning, as different stages warrant dis-
tinct treatment approaches, including invasive (e.g., surgical), non-invasive
(e.g., radiotherapy), or combined strategies.

A.1.3 Conventional Treatments

There are many treatment options available for cancer management,each
with varying applications and success rates contingent upon the current
extent of the disease. Treatments are administered with either curative or
palliative intent, and clinicians endeavor to choose the most suitable tech-
niques based on various patient factors, such as staging and age, drawing
insights from prior clinical outcomes. Before a treatment methodology
gains widespread adoption, its efficacy is typically evaluated through clin-
ical trials, wherein different treatments are compared across distinct arms
of the trial—an ongoing process in the exploration of novel treatment op-
portunities. Frequently, treatments involve carefully managed rounds at
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multiple time-points, and combinations may be utilized. For instance,
neoadjuvant therapy precedes the primary treatment modality, as seen in
neoadjuvant radiotherapy administered before surgery. Conversely, adju-
vant therapy follows the primary treatment, as exemplified by adjuvant
chemotherapy scheduled after primary radiotherapy to reduce the risk of
relapse. Terminology is often integrated, such as chemoradiotherapy, sig-
nifying the concurrent delivery of radiotherapy and chemotherapy within
a treatment plan. Traditional treatments are typically administered based
on how an "average" patient with similar symptoms would respond. How-
ever, cancer has proven to be a dynamic and heterogeneous disease, with
each patient representing a unique combination of genetic and environ-
mental factors. This diversity becomes evident in clinical settings, as
patients with the same cancer type and staging often exhibit varied re-
sponses to identical treatments. Over the past few decades, this realization
has sparked a movement away from a one-size-fits-all treatment paradigm,
ushering in a new era of tailored strategies that leverage extensive data
from each individual. This data-driven approach forms the foundation of
the National Health Service (NHS) initiative to enhance patient outcomes,
known as Personalized Medicine, also commonly referred to as Precision
Medicine.

A.1.4 Personalized medicine in Oncology

The hope of personalized or precision medicine in oncology is to lever-
age various personal data from a patient, primarily focusing on tumor
biology, to carefully choose the most effective treatment strategy. Preci-
sion medicine suggests that by identifying and clinically quantifying the
critical biological characteristics at each stage of a disease, targeting and
eliminating these crucial steps could be a successful treatment approach.
Equally important, this method has the potential to pinpoint treatments
that may offer limited benefit. The goal is to administer the optimal ther-
apy from the available options initially, steering clear of "trial and error"
treatment approaches and more effectively managing undesirable and un-
necessary treatment side effects. It’s crucial to note that utilizing tumor
data to inform clinical decisions is not a new concept; tissue biopsy and
blood analysis have been common data points for decades in attempts to
enhance the diagnosis and treatment of patient cancers. The recent ad-
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vancements in high-throughput omics analysis hold the promise of provid-
ing further insights and introducing new therapeutic strategies. However,
Precision Medicine faces a significant challenge posed by one of the limita-
tions of omics strategies, which rely on single tumor biopsies: intratumoral
heterogeneity, a topic explored in the following section.

A.1.5 Tumor Heterogeneity

Heterogeneity and homogeneity represent opposite aspects of the same
observation: a description of either high dissimilarity or high similarity,
respectively. The presence of diverse cell types within a tumor, known
as tumor heterogeneity, poses a significant challenge in clinical treatment.
Typically, cancerous tumors become more diverse as they grow, exhibiting
both differences between patients with the same type of cancer and varia-
tions within the subgroups of cells within a single tumor mass. Variations
within the subpopulations of cells arise from their distinct characteristics.
For instance, differences in the genetic capabilities of subpopulations to me-
tabolize or create vascular structures can result in necrotic regions—areas
with dead cells—within a tumor. As previously mentioned, this thesis ex-
plores the potential identification of these differences in medical imaging
as a useful quantitative measure. Intra-tumor heterogeneity is considered
a primary mechanism for tumors adapting to targeted therapies, follow-
ing Darwinian principles of selection that foster drug resistance. In highly
heterogeneous tumors, therapies directed at a specific mutation identified
from a single biopsy may only succeed in creating an environment where
cancer cells lacking that mutation can thrive. Consequently, the entire
tumor survives and becomes resistant to the treatment. Growing evidence
suggests that patients with high intra-tumor heterogeneity experience a
diminished response to treatment and inferior outcomes.

A.2 Machine learning

Machine learning is a field that focuses on the construction of algo-
rithms to make predictions based on training data. A machine learning
task aims to identify (to learn) a function f that maps the input domain X
(of data) onto output domain Y (of possible predictions). Functions f are
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chosen from different function classes, dependent on the type of learning
algorithm that is being used. Mitchell defines "learning" as follows: "A
computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks
in T, as measured by P, improves with experience E". The performance
measure P tells the researchers quantitatively how well a certain machine
learning algorithm is performing. For a classification task, the accuracy
of the system is usually chosen as the performance measure, where accu-
racy is defined as the proportion for which the system correctly produces
the output. Experience E that machine learning algorithms undergo are
datasets. These datasets contain a set of examples that are used to train
and test these algorithms. Machine learning can be accomplished using ei-
ther a supervised or an unsupervised approach. In supervised learning, the
system receives a dataset with different example parameter values and de-
cisions/classification, from which it infers a mathematical function, which
automatically maps an input signal to an output signal. In supervised
learning, the aim of the model is to estimate a hypothesis function h that
approximates the real and true function f, given a dataset of N training
samples. The values of the training set may be of any value, and can
range from images, binary values to regression values. The performance
of the supervised algorithm can be evaluated by applying the hypothesis
function h on a test data set, which only contains the x values. Where the
hypothesis is considered to generalise good if it is able to correctly predict
a large portion of y values. In supervised learning there are two primary
types of problems, classification and regression. A problem is defined as a
classification problem if the value of the output y belongs to a class. This
thesis will focus on binary classification, where the output y either has the
value 1 (true) or 0 (false). A regression problem is when the model aims
to predict y as either a discrete or continuous number. The supervised
learning method was used in all the studies mentioned in this disserta-
tion. Unsupervised learning, on the other hand, means that the system
acts and observes the consequences of its actions, without referring to any
predefined type cases other than those previously observed. This is pure
"learning by doing’ or trial-and-error. In unsupervised learning the aim is
similar to that of a supervised model. For the unsupervised case the model
also aims to estimate a hypothesis function h. In unsupervised learning the
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model aims to learn the pattern of the input data x0, x1, ...,xN, without
receiving feedback of what prediction is correct. Unsupervised algorithms
are most commonly used for clustering, association and dimensionality re-
duction problems. However, unsupervised algorithms can also be useful for
classification problems, as these algorithms are able to discover the hidden
structure of data. Compared to supervised learning, unsupervised meth-
ods typically perform poorly in the beginning, when they are untuned,
but as they tune themselves, performance increases. It can be argued
that using unsupervised learning, a classifying system should be able to
set up hypotheses that no human can figure out, due to their complexity.
To evaluate classifier performance given by a machine learning scheme,
either a special testing dataset or a cross validation technique may be em-
ployed. A test dataset contains pre-classified data different to those in the
training dataset, and is used only for evaluation, not for training. If data
are scarce, it is sensible to use cross-validation in order not to waste any
data, which could be useful to enhance classifier performance; all data are
used both for training the classifier and for testing its performance. More
data do not necessarily mean better classifier performance. Even though
the classifier becomes better on the training set it could actually perform
worse on the testing data. This is due to the overfitting of the classifier
transfer function, so that it fits too tightly to the training data and the
border between classes is jagged rather than smooth, unlike how it usually
should be. Although a large number of machine learning classifiers have
been developed and are currently available, some of the most commonly
used machine learning algorithms or classifiers were used in this thesis.
The basic learning concept and characteristics of these machine learning
classifiers are described briefly in the next subparagraphs.

A.2.1 Random Forest

Random forest is a common type of supervised ML algorithm first pro-
posed by Leo Breiman in the paper Random Forests. Randomforest is a
tree-based ensemble method consisting of multiple decision tree classifiers.
A decision tree make sdecisions by posing questions about each feature
contained in the dataset. Each question is connected to a node in the
tree, and every internal node is connected to a child node, where the child
node represents an answer. Each question thereby forms a tree like struc-
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ture, for binary classification every answer is either a true or a false. In
random forest, each decision tree is used to make predictions about the
input dataset, the final decision is made by aggregating the result from
all trees through voting. It is desired that each decision tree is uncorre-
lated since this provides better and more consistent predictions and avoids
overfitting. The random forest algorithm does this by utilising bootstrap
aggregation(bagging) and feature randomness. In bootstrap aggregation,
each decision tree is created using a random selection from the training
dataset with out replacement. The algorithm behind random forest is suc-
cessful for most prediction tasks since decision tree is uncorrelated which
allow for errors to occur without affecting the outcome. In addition, ran-
dom forest is widely used since it has a fast convergence rate and has a
high prediction accuracy.

A.2.2 Support Vector Machines

Support Vector Machines (SVMs) are one of the most popular classi-
fication algorithms to perform supervised classification over the dataset.
The aim of SVM is to find the most optimal classification function that
differentiates between units of classes in training data. With a linearly
separable dataset, the most optimal classification function can be decided
by constructing a hyperplane which maximizes the margin between two
datasets and thus creates the largest possible distance between datasets.
The idea behind SVMs is that by finding the maximum margin, which rep-
resents the most optimal hyperplane and has the best generalization ability
that it can reach. This results in the best classification performance for
both the training data as well as future data. Thus, a Support Vector
Machine is strictly not a machine, but a simple and powerful algorithm.

A.2.3 K Nearest Neighbor

k-Nearest-Neighbor classification, or kNN, is another popular machine
learning algorithm that localizes a group of k objects in a training case that
has the closest proximity or similarity to the test object, and then assigns a
label derived from the prevalence of a class in the closest proximity. Three
important components are needed for this algorithm: a group of labeled
objects; a proximity metric; and the number k of nearest neighbors. A
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popular proximity metric that is used for kNN classification is "Euclidian
Distance". Other metrics exist for defining the distance between instances.
of a dataset. Examples include the Minkowsky, Camberra or Chebychev
metrics although often weighing strategies are used that alter the voting
influence for more accurate results.

A.2.4 Decision Tree

Decision Tree is a powerful and highly adaptable machine learning
method. The method is based on multiple decisions made in a tree-like
structure, as the name suggests. Starting with a main problem of dividing
a set of data points into two or more classes and correctly doing so by going
through a series of judgements or decisions. The decisions in question are
made from testing the different features in the data set. Each decision
in the process either leads to the final conclusion or another test with
the previous decision kept as a condition. The Decision Tree is generated
recursively, following the divide-and-conquer method. Starting from a root
node, the Decision Tree is further made up of internal nodes and leaf nodes,
where the leaf nodes correspond to the decision results and all other nodes
correspond to the feature testing. The recursion is stopped if all samples
in the current node belongs to the same class, if the current feature set is
empty or if the current node is emptied of samples. An important part of
the Decision Tree algorithm is selecting the splitting procedure. Reviewing
Information Gain, the Gain Ratio or the Gini Index are all frequently used
for this purpose. Information Gain is based on measuring the purity of
each node via evaluation of the information entropy, where lower entropy
means higher purity of the node. The purity of a node is a measurement of
how many samples in the node belongs to a single class. Taking the varying
number of samples in different nodes into account, the Information Gain
of splitting the data can be evaluated for each feature, where the highest
Information Gain indicates which feature to use as the splitting feature.
A downside of the Information Gain procedure is that it proves biased to
features with many possible values. This problem is handled by instead
using the Gain Ratio which also accounts for the intrinsic value of each
feature which is related to the number of possible values. However, the
Gain Ratio is instead biased towards the features with few possible values.
A third splitting procedure, the Gini index, uses the Gini value which
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represents the probability that two randomly selected samples from the
data set belongs to different classes.

A.2.5 Multilayer Perceptron

The MLP is a type of feed-forward Neural Network commonly used
in binary classification, recognition, approximation and problems that are
not linearly separable. The MLP consists of three types of layers; an input
layer, hidden layers and an output layer, as shown in Figure 3.1. The
input layer receives the signal to be processed and passes it to the rest
of the network. The number of hidden layers is arbitrary to the task of
the network, and these layers perform the computations critical to the
function of the classification or regression. The output layer performs
the classification and prediction based on the output of the hidden layers.
As an MLP is a type of feed—forward network the data is passed from
the input layer to the output layer in a forward direction. However, the
neurons are trained with the back propagation learning algorithm. The
back propagation algorithm allows for the network to repeatedly adjust the
weights of the connections between the neurons, the goal of the algorithm
is to minimise the difference between the networks output vector and the
desired output vector. Thus, back propagation allows for the network to
learn hidden patterns in the input or output.

A.2.6 Linear Discriminant Analysis

The Linear Discriminant Analysis (LDA), is a linear classification and
dimensionality reduction technique suitable for both binary and multi-class
classification problems. The main idea of LDA is to project data from a
higher dimensional feature space to a lower dimensional space to separate
classes and minimize the variability within the classes. LDA is based on
the statistical properties variance or covariance and the mean values of the
data of interest for each class. Besides being highly relevant for comparison
with other linear algorithms, such as Logistic Regression, LDA also address
some weak points and limitations of other algorithms. LDA is more suited
for the multi-class classification problems in comparison with other linear
algorithms. Furthermore, an algorithm such as Logistic Regression can
become unstable when classes are well separated or when too few examples
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are used to estimate the parameters. These instabilities are also considered
when using LDA.

A.2.7 Gradient Boosting Machines

Gradient boosting came from the AdaBoost that weak learner can be
modified to become stronger, decision trees with a single split. Weak
learner is defined as a classifier that is slightly correlated to true classifica-
tion, but slightly better than random probability. According to Friedman,
each step consists weighted minimization and recomputation of classifier
and weight. Generalization of AdaBoost then becomes gradient boosting.
According to Friedman’s gradient boosting algorithm, on each iteration,
the gradient descent is first computed in order to fit a new base learner
function. Once the best gradient descent step size is found, the function
estimation is updated. Here is the formula of gradient descent:

Ont1 = On — L' (0n)

where 7 is the step size or learning rate, and L'(6,,) is the gradient. The
new model is fitted using information of errors from the previous model.
The resulting predictors are the combination of all models. GBMs build
trees at the same time, and new trees help to correct errors made by pre-
vious trees. Typically, number of trees, depth of trees and learning rate
are the most important parameters. The recommendation is to choose
smaller trees rather than larger ones. Other regularization method includes
stochastic gradient boosting which is the boosting with sub sampling per
split, and regularized gradient boosting which is the boosting with L1 or
L2 regularization. At each iteration, the data are sampled into without
replacement and the tree is built only using the sample of data. Compared
to random forest, GBM tends to have overfitting, but at the same time, if
the hyperparameter setting is correct, GBM can have strong prediction to
the data.

A.2.8 EXtreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is a sophisticated machine learn-
ing algorithm celebrated for its remarkable performance across various su-
pervised learning domains. Founded on the principles of gradient boosting,
XGBoost introduces several innovations aimed at enhancing both com-
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putational efficiency and predictive accuracy. At its essence, XGBoost
operates through iterative optimization of a base learner, typically a de-
cision tree, to progressively refine the predictive model’s efficacy. The
algorithm initiates with an initial approximation of the target function,
with subsequent iterations focusing on minimizing the ensemble’s errors
by incorporating new decision trees trained to rectify the residual errors of
preceding ones. A pivotal advancement of XGBoost lies in its adoption of
a more efficient and scalable algorithm for tree construction. By leverag-
ing gradient-based optimization techniques, XGBoost facilitates expedited
convergence and mitigates computational complexity, rendering it partic-
ularly adept for handling extensive datasets and high-dimensional feature
spaces. Furthermore, XGBoost integrates regularization strategies like L1
and L2 regularization, alongside tree pruning and column subsampling, to
forestall overfitting and amplify model generalization. These regulariza-
tion mechanisms effectively manage model complexity, thereby enhancing
performance on unseen data instances. Moreover, XGBoost showcases
versatility in accommodating diverse data types and objective functions.
Whether tasked with classification, regression, ranking, or other super-
vised learning objectives, XGBoost offers customizable functionalities to
adapt the model’s behavior to specific task requirements. XGBoost learns
by building an ensemble of decision trees iteratively, minimizing an objec-
tive function composed of the training loss and regularization terms. It
leverages gradient descent to find the optimal trees, employing first and
second-order derivatives of the loss function. XGBoost utilizes hyperpa-
rameters such as maximum depth, regularization parameters, and sub-
sampling strategies for features and instances to prevent overfitting and
improve computational efficiency. It is worth noting that subsampling, in
particular, introduces randomness and diversity to the model, reducing the
chances of overfitting and speeding up the training process by processing
fewer data points during each iteration.







Appendix

Additional Materials

B.1 Datasets

B.1.1 The Clinical Proteomic Tumor Analysis Consortium
Glioblastoma Multiforme Collection (CPTAC-GBM)

This subsection describes data employed in the subsection 3.1.1. The
information presented in the paragraph is sourced from https://wiki.
cancerimagingarchive.net/pages/viewpage.action?pageId=30671232#
30671232cd1f5cd3cd8441738857b6174ceald35. The investigated collec-
tion includes subjects from the National Cancer Institute’s Clinical Pro-
teomic Tumor Analysis Consortium Glioblastoma Multiforme (CPTAC-
GBM) cohort. CPTAC is a national effort to accelerate the understanding
of the molecular basis of cancer through the application of large-scale pro-
teome and genome analysis, or proteogenomics. Radiology and pathology
images from CPTAC patients are being collected and made publicly avail-
able by The Cancer Imaging Archive to enable researchers to investigate
cancer phenotypes which may correlate to corresponding proteomic, ge-
nomic and clinical data. Radiology imaging is collected from standard of
care imaging performed on patients immediately before the pathological
diagnosis, and from follow-up scans where available. Pathology imaging is
collected as part of the CPTAC qualification workflow. Table B.1 reports
the detailed description of the Radiology and Pathology images. For the

development of the study described in subsection 3.1.1, proteomic and ge-
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Table B.1. Characteristics of Clinical Proteomic Tumor Analysis Consortium
Glioblastoma Multiforme (CPTAC-GBM) Radiology and Pathology images

Radiology Image Pathology Image
Statistics Statistics

Modalities CT, MR Pathology

Number of

Participants 66 178
Number of Studies 148 N/A
Number of Series 1,752 N/A
Number of Images 156,259 462
Images Size (GB) 39.4 86

nomic data were not considered since the study was imaging-oriented. 48
patients were selected according to the following inclusion criteria: avail-
ability of pretreatment T1C images and ADC maps, availability of corre-
sponding digital pathology WSI, WSI slides with at least 70% of tumor
nuclei and at most 20% necrosis. Moreover, patients were excluded in case
of 1) insufficient quality of MRI to perform imaging analysis and/or ob-
tain measurements, ii) insufficient quality of WSI that did not meet the
requirements for diagnosis (e.g., tissue folds, torn tissue) and iii) images
with a positive value of Clinical Trial Time Point ID (corresponding to the
number of days from the date the patient was initially diagnosed patho-
logically with the disease to the date of the scan).

B.1.2 Tumor Infiltrating lymphocytes in breast cancER
(TIGER)

This subsection describes data employed in the subsection 3.2.1. The
information presented in the paragraph is sourced from https://tiger.
grand-challenge.org/Home/. The dataset was released by the TIGER
Challenge that is the first challenge on fully automated assessment of
tumor-infiltrating lymphocytes (TILs) in H&E breast cancer slides. It was
organized by the Diagnostic Image Analysis Group (DIAG) of the Radboud
University Medical Center (Radboudumc) in Nijmegen (The Netherlands),
in close collaboration with the International Immuno-Oncology Biomarker



https://tiger.grand-challenge.org/Home/
https://tiger.grand-challenge.org/Home/

B.1. DATASETS 173

working Group (www.tilsinbreastcancer.org). The challenge was ideated to
evaluate new computer algorithms for the automated assessment of TILs
in HER2 positive (HER2+) and Triple Negative (TNBC) breast cancer
histopathology slides. The organizers of the TIGER challenge publicly re-
leased training data containing digital pathology images of HER2+ and
TNBC breast cancer whole-slide images, together with manual annota-
tions. Training data comes from multiple sources. A subset of Her2+
and TNBC cases was provided by the Radboud University Medical Cen-
ter (RUMC) (Nijmegen, Netherlands). A second subset of HER2+ and
TNBC cases was provided by the Jules Bordet Institut (JB) (Bruxelles,
Belgium). A third subset of TNBC cases only was derived from the TCGA-
BRCA archive obtained from the Genomic Data Commons Data Portal.
Training data were released in the format of three datasets, which they
called WSIROIS (used in this thesis), WSIBULK,and WSITILS, that are
described in the following subsections. All data, both at WSI and at ROI
level, is released at a spacing (pixel size) of approximately 0.5 um/px.

B.1.2.1 WSIROIS: Whole-slide images with manual annotations
in regions of interest

This set was used in this thesis. In this set, the TIGER Challenge
organizers released n=195 whole-slide images of breast cancer, both (core-
needle) biopsies, and surgical resections, with regions of interest selected
and manually annotated. This dataset contains images and annotations
from multiple sources:

e TCGA: n=151 WSIs of TNBC cases from the TGCA-BRCA archive.
Annotations are extracted and adapted from the publicly available
BCSS [40]and NuCLS [39] datasets.

e RUMC: n=26 WSIs of TNBC and HER2+ cases from Radboud
University Medical Center (Netherlands). Annotations were made
by a panel of board-certified breast pathologists.

e JB: n=18 WSIs of TNBC and HER2+ cases from Jules Bordet
Institute (Belgium). Annotations were made by a panel of board-
certified breast pathologists.
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In each WSI, ROIs are manually annotated with both polygons indicat-
ing different tissue compartments, and with point annotations indicating
lymphocytes and plasma cells. In each ROI, the following regions are an-
notated, with the corresponding labels:

e invasive tumor: this class contains regions of the invasive tumor,
including several morphological subtypes, such as invasive ductal car-
cinoma and invasive lobular carcinoma;

e tumor-associated stroma: this class contains regions of stroma
(i.e., connective tissue) that are associated with the tumor. This
means stromal regions contained within the main bulk of the tumor
and in its close surrounding; in some cases, the tumor-associated
stroma might resemble the "healthy" stroma, typically found outside
of the tumor bulk;

e in-situ tumor: this class contains regions of in-situ malignant le-
sions, such as ductal carcinoma in situ (DCIS) or lobular carcinoma
in situ (LCIS).

e healthy glands: this class contains regions of glands with healthy
epithelial cells;

e necrosis not in-situ: this class contains regions of necrotic tissue
that are not part of in-situ tumor; for example, ductal carcinoma in
situ (DCIS) often presents a typical necrotic pattern, which can be
considered as part of the lesion itself, such a necrotic region is not
annotated as "necrosis" but as "in-situ tumor";

e inflamed stroma: this class contains tumor-associated stroma that
has a high density of lymphocytes (i.e., it is "inflamed"). When it
comes to assessing the TILs, inflamed stroma and tumor-associated
stroma can be considered together, but were annotated separately to
take into account for differences in their visual patterns;

e rest: this class contains regions of several tissue compartments that
are not specifically annotated in the other categories; examples are
healthy stroma, erythrocytes, adipose tissue, skin, nipple, etc.
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Additionally, most ROIs contain annotations of lymphocytes and plasma
cells in the form of bounding boxes. Cells were annotated using point
annotations and then squared bounding boxes of 8x8 microns were con-
structed centered on the point annotation.

B.1.2.2 WSIBULK: Whole-slide images with coarse manual an-
notation of the tumor bulk

A set of n=93 WSIs of both biopsies and surgical resections of TNBC
and HER2+ breast cancer tissue from RUMC and JB was also released.
For each WSI, coarse annotations of the "tumor bulk" were provided,
specifically including a coarse manual annotation of one or more regions in
the slide that contain invasive tumor cells. The organizers made sure that
all cancer cells belonging to the invasive part of the tumor are confined
within the manually annotated regions and that all tissue outside of these
annotations does not contain tumor cells belonging to the invasive part of
the tumor.

B.1.2.3 WSITILS: Whole-slide images with visual estimation of
the TILs at slide level

An additional set of n=82 WSIs of both biopsies and surgical resections
of TNBC and HER2+ breast cancer tissue from RUMC and JB where the
visual assessment of the TILs has been done at WSI level was provided. In
this dataset, no manual annotations are provided, but a list of TIL values,
one per slide, was released. TILs in this set of cases have been assessed
by a board-certified breast pathologist, following the recommendation of
the TILs working group [265]. Several cases contain comments indicating
potential pitfalls in either visual TILs scoring or machine-based TILs scor-
ing, some of which were addressed in [172].

For the development of the pipeline described in subsection 3.2.1, the
‘WSIROIS’ dataset was employed. This dataset consists of 195 WSIs of
core-needle biopsies and surgical resections of BC patients with annotated
tissue compartments and TILs. The classes ‘tumor-associated stroma’ and
‘inflamed stroma’ were merged to form a ‘stroma’ class. Then, all other
classes were set to zero. In this way, masks only consisted of background
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and stroma, and TILs. ROIs without stromal tissue annotation were ex-
cluded. There are plans to use the remaining part of the dataset released
by the organizers of the TIGER challenge to develop future studies incor-
porating it into a more complex pipeline that includes all the steps of the
TIL-WG guidelines (e.g. background removal, identification of invasive tu-
mor and stroma tissue), also exploring the impact of different intermediate
processing steps (e.g. nuclear segmentation, stain normalization) on the
TILs classification performance.

B.1.3 Automated Gleason Grading Challenge 2022 (AGGC22)

This subsection describes data employed in the subsection 3.2.2. The
information presented in the paragraph is sourced from https://aggc22.
grand-challenge.org/. The dataset was released by the organizers of
the Automated Gleason Grading Challenge (AGGC) 2022. This chal-
lenge was organized with the aim to help drive forward research and in-
novation for Automated Gleason Grading in computational pathology .
The challenge required researchers to develop algorithms that identify dis-
tinct Gleason Patterns within the H&E-stained whole slide image dataset.
The published dataset included H&E-stained whole slide images of prosta-
tectomy and biopsy specimens with annotations performed by experienced
pathologists. Additionally, a set of images scanned by multiple scanners
was also provided with the aim to assess the algorithm performance of
handling variations caused by image digitalization. The dataset for this
challenge is obtained from National University Hospital, Singapore. Below
are listed and detailed the released data cohorts:

e Subset 1: Whole mount images scanned by a Akoya Biosciences
scanner, including 150 cases, of which 105 cases for training set and
45 for test set.

e Subset 2: Biopsy images scanned by a Akoya Biosciences scanner,
including 53 cases, of which 37 for training set and 16 for test set.

e Subset 3: Whole mount images scanned by multiple scanners. The
training set was composed of WSIs scanned by multiple scanners
(Akoya Biosciences, Olympus, Zeiss, Leica, KFBio, Philips). Each
scanner scanned 26 cases except 25 for Olympus and 15 for Zeiss. In
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total, 144 cases were released. Same procedures were performed to
obtain the test set, for which each scanner scanned 12 cases except
7 for Zeiss. In total, 67 cases were released.

In training set, each image comes with a set of binary masks of annotations
("Gleason Pattern3", "Gleason Patternd", "Gleason Pattern5", "Normal",
"Stroma'") performed by pathologists. The number of binary masks varies
from case to case and maximum is 5. The size of the pixel is 0.5 pm/pixel
(20x) for images and annotations. All H&E images are converted from its
original formats to " .tiff" using MATLAB. Manual annotations are per-
formed on images scanned by Akoya Biosciences only. For subset 3, images
scanned by different scanners are not aligned with ones scanned by Akoya
Biosciences. Therefore, we performed the image registration to transform
the original masks to match with images scanned by other scanners. Con-

sidering that prostatectomy specimens are much larger and thus contain
more information than biopsies, the annotations in prostatectomy WSIs
were used in this thesis to train and test the models developed in 3.2.2.
The 187 radical prostatectomy WSIs scanned by a Akoya Biosciences (train
and test of Subset 1 + train and test of subset 3) scanner were selected.
Preprocessing steps described in the 3.2.2 were applied to these 187 slides.
There are plans to use the remaining part of the dataset released by the
organizers of the AGGC22 challenge to develop future studies to evaluate
the models developed both on WSI images derived from biopsies obtained
from the same scanner (Subset 2) and on images obtained from differ-
ent scanners. In addition, there are plans to study the reproducibility of
features extracted from images of the same slides obtained from different
scanners (Subset 3).

B.2 The relationship between radiomics and path-
omics in Glioblastoma patients: Preliminary
results from a cross-association study

B.2.1 Extracted radiomic and pathomic features

This subsection shows the complete list of radiomic and pathomic fea-
tures extracted in the paragraphs 3.1.1.2.4 and 3.1.1.2.5.
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B.2.1.1 Radiomic features

Below are listed the extracted radiomic features from ADC and T1+C
images: First-order features including 18 intensity statistics; 73 multi-
dimensional texture features including 23 Gray Level Co-occurrence Matrix
(GLCM), 16 Gray Level Size Zone Matrix (GLSZM), 16 Gray Level Run
Length Matrix (GLRLM), 14 Gray Level Dependence Matrix (GLDM)
and 5 Neighboring Gray Tone Difference Matrix (NGTDM) Features. All
the mathematical formulations of the computed features can be found at
https://pyradiomics.readthedocs.io/en/latest/features.html.

First-order features (n = 18)

firstorder InterquartileRange
firstorder Median

firstorder Uniformity

firstorder Range

firstorder Entropy

firstorder Minimum

firstorder Kurtosis

firstorder RootMeanSquared
firstorder 90Percentile

firstorder Energy

firstorder Skewness

firstorder Mean

firstorder Variance

firstorder RobustMeanAbsoluteDeviation
firstorder MeanAbsoluteDeviation
firstorder Maximum

firstorder 10Percentile

Second-order texture features (n = 73)

glrlm RunLengthNonUniformity

glrlm GrayLevelNonUniformityNormalized
glrlm LongRunLowGrayLevelEmphasis
glrlm HighGrayLevel RunEmphasis

glrlm RunVariance

glrlm RunLengthNonUniformityNormalized
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glrlm ShortRunEmphasis
glrlm LongRunEmphasis

glrlm LongRunHighGrayLevelEmphasis
glrlm GrayLevelNonUniformity

glrlm ShortRunHighGrayLevelEmphasis
glrlm ShortRunLowGrayLevelEmphasis

glrlm RunPercentage
glrlm GrayLevelVariance
glrlm RunEntropy

glrlm LowGrayLevel RunEmphasis

ngtdm Coarseness
ngtdm Complexity
ngtdm Busyness
ngtdm Strength

ngtdm Contrast

glem JointEntropy
glem ClusterShade
glem ClusterProminence
glem Autocorrelation
glem SumSquares

glem SumEntropy
glem DifferenceVariance
glem Idmn

glem Imc2

glem Imcl

glem DifferenceAverage
glem Joint Average
glem InverseVariance
glem DifferenceEntropy
glem Idm

glem Idn

glem Correlation

glem MCC

glem ClusterTendency
glem Contrast

glem Id
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glem MaximumProbability

glem JointEnergy

gldm SmallDependenceHighGrayLevelEmphasis
gldm LargeDependenceLowGrayLevelEmphasis
gldm DependenceNonUniformity

gldm LargeDependenceHighGrayLevelEmphasis
gldm DependenceNonUniformityNormalized
gldm LowGrayLevelEmphasis

gldm LargeDependenceEmphasis

gldm SmallDependenceEmphasis

gldm DependenceEntropy

gldm DependenceVariance

gldm SmallDependenceLowGrayLevelEmphasis
gldm GrayLevelNonUniformity

gldm HighGrayLevelEmphasis

gldm GrayLevelVariance

glszm GrayLevelNonUniformityNormalized
glszm SmallAreaHighGrayLevelEmphasis
glszm GrayLevelVariance

glszm LargeAreaEmphasis

glszm SizeZoneNonUniformity

glszm LargeAreaLowGrayLevelEmphasis

glszm HighGrayLevelZoneEmphasis

glszm ZonePercentage

glszm ZoneVariance

glszm GrayLevelNonUniformity

glszm LargeAreaHighGrayLevelEmphasis
glszm SizeZoneNonUniformityNormalized
glszm SmallAreaEmphasis

glszm ZoneEntropy

glszm SmallAreaLowGrayLevelEmphasis

glszm LowGrayLevelZoneEmphasis

B.2.1.2 Pathomic features

Below are listed the extracted pathomic features from detection mea-

surements (shape characteristics, intranuclear Haralick texture features,
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Delaunay triangulation) and cell-density maps features including 18 firstorder
intensity statistics and 73 multi-dimensional texture features including 23
Gray Level Co-occurrence Matrix (GLCM), 16 Gray Level Size Zone Ma-
trix (GLSZM), 16 Gray Level Run Length Matrix (GLRLM), 14 Gray
Level Dependence Matrix (GLDM) and 5 Neighboring Gray Tone Differ-
ence Matrix (NGTDM) Features. All the mathematical formulations of the
computed features can be found at https://qupath.readthedocs.io/en/
stable/docs/intro/index.html and https://pyradiomics.readthedocs.
io/en/latest/features.html

Detection measurements

MEAN Nucleus Area

MEAN Nucleus Perimeter

MEAN Nucleus Circularity

MEAN Nucleus MaxCaliper

MEAN Nucleus MinCaliper

MEAN Nucleus Eccentricity

MEAN Nucleus HematoxylinODMean
MEAN Nucleus HematoxylinODSum
MEAN Nucleus HematoxylinODStdDev
MEAN Nucleus HematoxylinODMax
MEAN Nucleus HematoxylinODMin
MEAN Nucleus HematoxylinODRange
MEAN Nucleus EosinODMean
MEAN Nucleus EosinODSum

MEAN Nucleus EosinODStdDev
MEAN Nucleus EosinODMax

MEAN Nucleus EosinODMin

MEAN Nucleus EosinODRange
MEAN Cell Area

MEAN Cell Perimeter

MEAN Cell Circularity

MEAN Cell MaxCaliper

MEAN Cell MinCaliper

MEAN Cell Eccentricity

MEAN Cell HematoxylinODMean
MEAN Cell HematoxylinODStdDev
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MEAN Cell HematoxylinODMax

MEAN Cell HematoxylinODMin

MEAN Cell EosinODMean

MEAN Cell EosinODStdDev

MEAN Cell EosinODMax

MEAN Cell EosinODMin

MEAN Cytoplasm HematoxylinODMean
MEAN Cytoplasm HematoxylinODStdDev
MEAN Cytoplasm HematoxylinODMax
MEAN Cytoplasm HematoxylinODMin
MEAN Cytoplasm EosinODMean

MEAN Cytoplasm EosinODStdDev
MEAN Cytoplasm EosinODMax

MEAN Cytoplasm EosinODMin

MEAN Nucleus CellAreaRatio

MEAN Delaunay MeanDistance

MEAN Delaunay MedianDistance

MEAN Delaunay MaxDistance

MEAN Delaunay MinDistance

MEAN Delaunay MeanTriangleArea
MEAN Delaunay MaxTriangleArea
MEAN ODSum Mean

MEAN ODSum Std dev

MEAN ODSum Min

MEAN ODSum Max

MEAN ODSum Median

MEAN ODSum Haralick AngularSecondMoment F0
MEAN ODSum HaralickContrast F1
MEAN ODSum HaralickCorrelation F2
MEAN ODSum HaralickSumOfSquares F3
MEAN ODSum HaralickInverseDifferenceMomen
MEAN ODSum HaralickSumAverage F5
MEAN ODSum HaralickSumVariance F6
MEAN ODSum HaralickSumEntropy F7
MEAN ODSum HaralickEntropy F8
MEAN ODSum HaralickDifferenceVariance F9
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e MEAN ODSum HaralickDifferenceEntropy F10

e MEAN ODSum HaralickInformationMeasureOfCorrelation 1 F11
o MEAN ODSum HaralickInformationMeasureOfCorrelation 2 F12

Cell-density map-based (first-order features)

firstorder InterquartileRange
firstorder Median

firstorder Uniformity

firstorder Range

firstorder Entropy

firstorder Minimum

firstorder Kurtosis

firstorder RootMeanSquared
firstorder 90Percentile

firstorder Energy

firstorder Skewness

firstorder Mean

firstorder Variance

firstorder RobustMeanAbsoluteDeviation
firstorder MeanAbsoluteDeviation
firstorder Maximum

firstorder 10Percentile

Cell-density map-based second-order texture features (n = 73)

glrlm RunLengthNonUniformity

glrlm GrayLevelNonUniformityNormalized
glrlm LongRunLowGrayLevelEmphasis
glrlm HighGrayLevelRunEmphasis

glrlm RunVariance

glrlm RunLengthNonUniformityNormalized
glrlm ShortRunEmphasis

glrlm LongRunEmphasis

glrlm LongRunHighGrayLevelEmphasis
glrlm GrayLevelNonUniformity

glrlm ShortRunHighGrayLevelEmphasis
glrlm ShortRunLowGrayLevelEmphasis




184

APPENDIX B. ADDITIONAL MATERIALS

glrlm RunPercentage
glrlm GrayLevel Variance
glrlm RunEntropy

glrlm LowGrayLevel RunEmphasis
ngtdm Coarseness
ngtdm Complexity
ngtdm Busyness

ngtdm Strength

ngtdm Contrast

glem JointEntropy

glem ClusterShade

glem ClusterProminence
glem Autocorrelation
glem SumSquares

glem SumEntropy

glem DifferenceVariance
glem Idmn

glem Imc2

glem Imcl

glem DifferenceAverage
glem Joint Average

glem InverseVariance
glem DifferenceEntropy
glem Idm

glem Idn

glem Correlation

glem MCC

glem ClusterTendency
glem Contrast

glem Id

glem MaximumProbability
glem JointEnergy

gldm SmallDependenceHighGrayLevelEmphasis
gldm LargeDependenceLowGrayLevelEmphasis

gldm DependenceNonUniformity

gldm LargeDependenceHighGrayLevelEmphasis
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gldm DependenceNonUniformityNormalized
gldm LowGrayLevelEmphasis

gldm LargeDependenceEmphasis

gldm SmallDependenceEmphasis

gldm DependenceEntropy

gldm DependenceVariance

gldm SmallDependenceLowGrayLevel Emphasis
gldm GrayLevelNonUniformity

gldm HighGrayLevelEmphasis

gldm GrayLevelVariance

glszm GrayLevelNonUniformityNormalized
glszm SmallAreaHighGrayLevelEmphasis
glszm GrayLevel Variance

glszm LargeAreaEmphasis

glszm SizeZoneNonUniformity

glszm LargeArealowGrayLevel Emphasis
glszm HighGrayLevelZoneEmphasis

glszm ZonePercentage

glszm ZoneVariance

glszm GrayLevelNonUniformity

glszm LargeAreaHighGrayLevelEmphasis
glszm SizeZoneNonUniformityNormalized
glszm SmallAreaEmphasis

glszm ZoneEntropy

glszm SmallArealLowGrayLevelEmphasis
glszm LowGrayLevelZoneEmphasis

B.2.2 Summary of the significantly moderately correlated

radiomic-pathomic features

Table B.2: Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features

extracted from ADC. Abbreviations: CD = Cellular Density; ADC = Apparent Diffusion Coefficient;
LALGLE = Large Area Low Gray Level Emphasis; IMOC = Information Measure Of Correlation; ASM
= Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Emphasis; LDHGLE = Large
Dependence High Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; LALGLE
— Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem = gray
level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray Level Size Zone Matrix;
ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix.

Radiomic feature Pathomic e FDR q BF
Name (ADC) Feature name

Continued on next page
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Table B.2:

LALGLE = Large Area Low Gray Level Emphasis; IMOC

CD = Cellular Density;

Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
extracted from ADC. Abbreviations:

ADC = Apparent Diffusion Coefficient;

= Information Measure Of Correlation; ASM

— Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Emphasis; LDHGLE — Large
Dependence High Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; LALGLE
= Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem = gray
level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray Level Size Zone Matrix;
ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

glem ClusterShade MEAN Haralick ASM F0 0.589 1.66x1073 1.73x103
glem Ime2 CD100pm glrlm LRE -0.589 1.67x1073 1.68x103
firstorder Maximum CD200pm ngtdm Strength 0.588 1.71x1073 1.62x103
firstorder 90Percentile MEAN Haralick IMOC F12 -0.586 1.83x1073 1.49x103
glem DifferenceAverage MEAN Haralick ASM FO 0.585 1.84x1073 1.46x103
glem DifferenceVariance CD100pm ngtdm Strength 0.584 1.88x1073 1.40%x103
glem InverseVariance CD150pm glszm LALGLE 0.582 1.99%x1073 1.31x103
firstorder 90Percentile CD100pm ngtdm Strength 0.579 2.26x10°3 1.14x103
gldm DependenceVariance CD100pm glrlm LRE 0.578 2.34x10°3 1.09%x103
gldm SDLGLE MEAN Haralick IMOC F12 -0.577 2.42x1073 1.04x103
glem ClusterProminence CD200pm ngtdm Strength 0.573 2.72x10°3 9.15%x102
ngtdm Complexity CD150pm glem Contrast 0.573 2.76x1073 8.89%102
ngtdm Complexity CD50pm glem DV 0.572 2.82x10°3 8.56x102
gldm SDLGLE CD200pm ngtdm Strength 0.57 2.91x10°3 8.19%102
firstorder TotalEnergy CD50pm glem DV 0.564 3.67x10°3 6.50%x102
glrlm RunVariance CD100pm glrlm LRE 0.563 3.73x10°3 6.30%102
firstorder 10Percentile CD150pm ngtdm Strength 0.558 4.55x1073 5.15x102
glem ClusterProminence CD50pm glem DV 0.546 7.04x1073 3.37x102
ngtdm Strength MEAN Haralick ASM F0 0.543 7.74%10°3 3.01x102
firstorder Median CD150pm ngtdm Strength 0.543 7.74%1073 3.00%102
firstorder Minimum CD150pm ngtdm Strength 0.542 7.88x1073 2.92%102
glszm GLNUN CD100pm glrlm LRE 0.541 7.93x1073 2.83x102
firstorder TotalEnergy CD150pm glem Contrast 0.541 7.93x1073 2.82x102
glem InverseVariance CD100pm glrlm LRE 0.539 8.34x1073 2.66x102
ngtdm Complexity CD50pm ngtdm Complexity 0.539 8.45x1073 2.59x102
firstorder Mean CD150pm ngtdm Strength 0.535 9.40%x10°3 2.32x102
glem ClusterTendency CD50pm ngtdm Complexity 0.531 1.07x1072 2.02x102
glem ClusterProminence CD50pm glem Contrast 0.531 1.07x1072 2.00x102
firstorder Range CD50pm ngtdm Complexity 0.53 1.09%x1072 1.95x102
firstorder TotalEnergy CD50pm glem DA 0.53 1.09%x1072 1.92x102
firstorder Maximum MEAN Haralick IMOC2 F12 -0.525 1.27x1072 1.65x102
glem DifferenceAverage CD200pm ngtdm Strength 0.524 1.28x1072 1.61x102
glem ClusterTendency CD50pm glem Contrast 0.524 1.30x1072 1.57x102
glem ClusterTendency CD50pm glem DV 0.523 1.32x1072 1.53x102
glem ClusterProminence MEAN Haralick IMOC2 F12 -0.522 1.35x1072 1.48x102
glem ClusterTendency MEAN Haralick ASM FO 0.521 1.37x1072 1.45x102
glem ClusterShade CD200pm ngtdm Strength 0.519 1.44x1072 1.37x102
ngtdm Contrast MEAN HaralickDV F9 0.519 1.46x1072 1.34x102
glem ClusterProminence CD100pm ngtdm Strength 0.518 1.46x1072 1.32x102
ngtdm Strength CD50pm ngtdm Complexity 0.518 1.48x1072 1.29x102
ngtdm Complexity CD50pm glem DA 0.517 1.49%1072 1.28x102

Continued on next page
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Table B.2: Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
ADC = Apparent Diffusion Coefficient;

extracted from ADC. Abbreviations:
LALGLE = Large Area Low Gray Level Emphasis; IMOC

CD = Cellular Density;

= Information Measure Of Correlation; ASM

— Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Emphasis; LDHGLE = Large
Dependence High Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; LALGLE
= Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem = gray
level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray Level Size Zone Matrix;
ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

firstorder Maximum CD100pm ngtdm Strength 0.516 1.52x1072 1.23x102
glem MaximumProbability CD150pm glszm LALGLE 0.516 1.52x1072 1.22x102
glem MaximumProbability CD100pm glrlm RunVariance 0.515 1.53x1072 1.20x102
firstorder MAD CD50pm ngtdm Complexity 0.515 1.53x1072 1.19x102
firstorder IR CD50pm ngtdm Complexity 0.515 1.53x1072 1.18x102
glem ClusterShade MEAN Haralick IMOC2 F12 -0.514 1.57x1072 1.14x102
ngtdm Coarseness CD200pm glem JointEnergy 0.512 1.62x1072 1.10x102
firstorder Range CD50pm glem Contrast 0.511 1.66x1072 1.07x102
ngtdm Complexity CD100pm glem Contrast 0.51 1.70x1072 1.03x102
firstorder TotalEnergy CD100pm glem Contrast 0.51 1.70x1072 1.02x102
firstorder Minimum MEAN HaralickDV F9 0.51 1.71x1072 1.01x102
glem DifferenceVariance MEAN HaralickDV F9 0.509 1.73x1072 9.89x101
glem DifferenceAverage MEAN Haralick IMOC2 F12 -0.508 1.73x1072 9.72x101
gldm SDLGLE MEAN Haralick ASM FO 0.508 1.73x1072 9.71x101
firstorder MAD MEAN Haralick ASM FO 0.508 1.75x1072 9.50x101
glem ClusterShade CD50pm glem DV 0.507 1.76x1072 9.30x 101
firstorder 90Percentile CD150pm ngtdm Strength 0.507 1.76x1072 9.28x101
ngtdm Contrast CD150pm ngtdm Strength 0.507 1.77x1072 9.17x101
ngtdm Complexity CD150pm glem DA 0.502 2.02x10°2 8.05x101
firstorder Maximum CD50pm glem DV 0.501 2.06x10°2 7.84x10%
glszm ZoneVariance CD200pm glrlm RunVariance 0.5 2.13)(10'2 7.54x10%
firstorder 10Percentile MEAN HaralickDV F9 0.5 2.13x10°2 7.47x10%
ngtdm Contrast CD200pm glem ClusterShade 0.498 2.23x10°2 7.09x101
gldm LDLGLE CD200pm glrlm RunVariance 0.497 2.25x10°2 6.94x101
firstorder Minimum MEAN HaralickEntropy F8 -0.497 2.25x10°2 6.90x 101
firstorder 10Percentile MEAN HaralickEntropy F8 -0.497 2.25x10°2 6.84x101
glszm LALGLE CD200pm glrlm RunVariance 0.497 2.25x10°2 6.81x101
firstorder Median MEAN HaralickEntropy F8 -0.497 2.25x10°2 6.76x101
ngtdm Busyness CD200pm glrlm RunVariance 0.496 2.29%x10°2 6.59%x 101
glem ClusterShade CD50pm ngtdm Complexity 0.495 2.31x10°2 6.50x101
glem ClusterShade CD50pm glem Contrast 0.494 2.38x10°2 6.28x101
glem DifferenceVariance CD150pm ngtdm Strength 0.494 2.38x10°2 6.22x101
glem ClusterProminence CD150pm glem DV 0.492 2.49)(10'2 5.92x101
firstorder Mean MEAN HaralickEntropy F8 -0.492 2.50x1072 5.85%x101
glem DifferenceVariance MEAN HaralickEntropy F8 -0.491 2.55%1072 5.71x101
glem ClusterProminence CD150pm glem Contrast 0.49 2.56x1072 5.64%x101
firstorder Median MEAN HaralickDV F9 0.49 2.57x10°2 5.59%x101
firstorder TotalEnergy CD150pm glem DA 0.489 2.64x10°2 5.40x 101
ngtdm Coarseness CD150pm glem JointEnergy 0.488 2.67x10°2 5.31x101
firstorder Mean MEAN HaralickDV F9 0.488 2.69x10°2 5.25x101
firstorder IR CD50pm glem Contrast 0.487 2.71x10°2 5.12x101

Continued on next page
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Table B.2:

Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
extracted from ADC. Abbreviations: CD = Cellular Density; ADC = Apparent Diffusion Coefficient;
LALGLE = Large Area Low Gray Level Emphasis; IMOC = Information Measure Of Correlation; ASM
— Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Emphasis; LDHGLE — Large
Dependence High Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; LALGLE
— Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem — gray
level co-occurrence matrix; gldm — Gray Level Dependence Matrix; glszm — Gray Level Size Zone Matrix;
ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

gldm DependenceVariance CD200pm glrlm RunVariance 0.487 2.71x10°2 5.10x101
firstorder Maximum CD50pm glem Contrast 0.487 2.71x10°2 5.10x101
glem ClusterProminence MEAN HaralickEntropy F8 -0.486 2.73%x10°2 5.03x101
glem DifferenceVariance CD200pm glem ClusterShade 0.486 2.76x1072 4.95x101
firstorder Range CD50pm glem DV 0.485 2.80x10°2 4.84x101
firstorder IR CD50pm glem DV 0.484 2.83%x10°2 4.76x101
ngtdm Complexity CD100pm glem DV 0.484 2.85%x1072 4.70x101
firstorder TotalEnergy CD50pm ngtdm Complexity 0.482 3.03x1072 4.42x101
glem ClusterProminence CD150pm ngtdm Strength 0.481 3.08x10°2 4.29%x101
glem Tmc2 CD200pm glrlm RunVariance -0.481 3.08x1072 4.29x101
firstorder TR MEAN Haralick ASM F0 0.48 3.11x10°2 4.22x101
firstorder MAD CD50pm glem DV 0.48 3.12x10°2 4.19%x1071
firstorder MAD CD50pm glem Contrast 0.479 3.16x10°2 4.11x101
firstorder 90Percentile MEAN HaralickEntropy F8 -0.478 3.25%1072 3.98x101
firstorder 90Percentile CD50pm glem DV 0.475 3.54%1072 3.66x101
firstorder 90Percentile MEAN HaralickDV F9 0.475 3.55%1072 3.62x101
firstorder Median CD50pm glem DV 0.474 3.60x1072 3.56x101
firstorder TotalEnergy CD100pm glem DV 0.474 3.62x1072 3.51x10%
gldm LDHGLE CD50pm glem Contrast 0.473 3.65x1072 3.47x10%
firstorder Mean CD50pm glem DV 0.472 3.81><10'2 3.31x1071
firstorder 10Percentile CD200pm glem ClusterShade 0.47 3.94><10'2 3.19%x101
ngtdm Contrast MEAN HaralickEntropy F8 -0.47 3.97x1072 3.15x101
ngtdm Complexity CD150pm glem DV 0.468 4.09x1072 3.05x101
glem DifferenceAverage CD50pm glem DV 0.468 4.12x1072 3.01x101
ngtdm Strength MEAN Haralick IMOC2 F12 -0.467 4.15%1072 2.95x101
glem ClusterProminence CD50pm ngtdm Complexity 0.467 4.15x1072 2.95%x1071
firstorder 10Percentile CD50pm ngtdm Strength 0.467 4.15%1072 2.93x101
glem ClusterShade CD100pm ngtdm Strength 0.467 4.15x1072 2.92x101
gldm LDHGLE CD200pm ngtdm Strength 0.466 4.24x1072 2.85x101
firstorder Mean CD200pm glem ClusterShade 0.465 4.35%1072 2.75% 101
glem DifferenceAverage CD50pm ngtdm Complexity 0.465 4.35x1072 2.75%x101
glem ClusterProminence CD100pm glem DV 0.464 4.35x1072 2.73%x101
firstorder Range CD50pm glem DA 0.463 4.44x1072 2.65%101
glrlm RunVariance CD200pm glrlm RunVariance 0.463 4.44x1072 2.65%101
gldm LDHGLE MEAN Haralick ASM F0 0.463 4.44x1072 2.63x101
firstorder 90Percentile CD200pm glem ClusterShade 0.463 4.44x1072 2.62x101
firstorder Median CD200pm glem ClusterShade 0.463 4.45x1072 2.60x101
firstorder TotalEnergy CD100pm glem DA 0.462 4.56x1072 2.53x10%
glem DifferenceAverage CD100pm ngtdm Strength 0.461 4.67x1072 2.46x101
ngtdm Coarseness CD50pm glem Idmn -0.459 4.78x1072 2.39x10%
glem JointAverage CD50um glem Contrast 0.459 4.78><10'2 2.36x1071
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Table B.2:

Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
extracted from ADC. Abbreviations: CD = Cellular Density; ADC = Apparent Diffusion Coefficient;
LALGLE = Large Area Low Gray Level Emphasis; IMOC = Information Measure Of Correlation; ASM
— Angular Second Moment; LDLGLE = Large Dependence Low Gray Level Emphasis; LDHGLE — Large
Dependence High Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; LALGLE
— Large Area Low Gray Level Emphasis; GLNUN = Gray level non uniformity normalized; glem = gray
level co-occurrence matrix; gldm — Gray Level Dependence Matrix; glszm — Gray Level Size Zone Matrix;
ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run Length Matrix. (Continued)

ngtdm Complexity MEAN Cytoplasm EosinODMin 0.459 4.78%x10°2 2.36x101
firstorder 10Percentile MEAN HaralickSumEntropy F7 -0.458 4.78x1072 2.33x101
glem ClusterShade MEAN HaralickEntropy F8 -0.458 4.78x1072 2.33x101
glem MaximumProbability MEAN Haralick IMOC2 F12 -0.458 4.78x1072 2.33x101
firstorder Median MEAN HaralickSumEntropy F7 -0.458 4.78x1072 2.32x101
glem SumEntropy MEAN Haralick IMOC2 F12 0.458 4.78x1072 2.31x101
firstorder Minimum MEAN HaralickSumEntropy F7 -0.458 4.79%x10°2 2.29x101
firstorder Maximum CD150pm ngtdm Strength 0.457 4.81x1072 2.27x101
firstorder Minimum CD50pm ngtdm Strength 0.457 4.81x10°2 2.27x101
glem DifferenceAverage CD50pm glem Contrast 0.457 4.85x1072 2.24x101
glem ClusterProminence MEAN HaralickDV F9 0.456 4.94x10°2 2.17x101
firstorder Maximum CD50pm ngtdm Complexity 0.456 4.94x10°2 2.17x101
glem ClusterShade MEAN HaralickDV F9 0.456 4.94x10°2 2.17x101

Table B.3:

Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
extracted from T1C. Abbreviations: DNU = Dependence non uniformity; GLNU = gray-level non-unifor-
mity; IMOC = Information Measure Of Correlation; ASM = Angular Second Moment; SRLGLE = Short
Run Low Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; T1C = post
contrast T1; SALGLE = Small Area Low Gray Level Emphasis; LALGLE = Large Area Low Gray Level
Emphasis; glcm = gray level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray
Level Size Zone Matrix; ngtdm — Neighbouring Gray Tone Difference Matrix; glrlm — Gray Level Run

Length Matrix.

Radiomic feature Pathomic e FDR q BF
Name (T1C) feature name

glszm SALGLE CD200pm ngtdm Strength 0.599 4.44x1073 2.59%103
glem JointEnergy MEAN Haralick ASM FO 0.597 4.66x1073 2.33x103
firstorder RootMeanSquared CD150pm gldm DNU -0.594 4.91x1073 2.11x103
glszm SALGLE MEAN Haralick IMOC2 F12 -0.591 5.27x1073 1.86x103
glem MaximumProbability MEAN Haralick IMOC2 F12 -0.59 5.27x1073 1.78x103
glszm SALGLE MEAN Haralick ASM FO 0.586 5.63x1073 1.54x103
firstorder 10Percentile CD150pm gldm DNU -0.586 5.63x1073 1.53x103
firstorder 90Percentile CD150pm glem Ime2 0.578 7.49%x10°3 1.11x103
firstorder 10Percentile CD200pm glem Tmc2 0.577 7.49x1073 1.05x103
gldm SDLGLE MEAN Haralick IMOC2 F12 -0.576 7.49%1073 1.03x103
gldm SDLGLE MEAN Haralick ASM FO 0.576 7.49x1073 9.98x102
glem MaximumProbability CD200pm ngtdm Strength 0.572 8.45x1073 8.59x102
glrlm SRLGLE CD200pm ngtdm Strength 0.57 8.52x1073 8.15x102
firstorder 10Percentile CD100pm ngtdm Busyness -0.57 8.52x10°3 7.97x102
firstorder RootMeanSquared CD100pm ngtdm Busyness -0.569 8.56x10°3 7.69%102
firstorder 10Percentile CD150pum glem Imc2 0.562 1.01x1072 6.00%x102
firstorder 90Percentile CD150pm gldm DNU -0.562 1.01x1072 5.96x102
glrlm SRLGLE MEAN Haralick IMOC2 F12 -0.561 1.01x1072 5.78x102
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Table B.3:

Summary of the significantly moderately correlated radiomic-pathomic features, with radiomic features
extracted from T1C. Abbreviations: DNU = Dependence non uniformity; GLNU = gray-level non-unifor-
mity; IMOC = Information Measure Of Correlation; ASM = Angular Second Moment; SRLGLE = Short
Run Low Gray Level Emphasis; SDLGLE = Small Dependence Low Gray Level Emphasis; T1C = post—
contrast T1; SALGLE = Small Area Low Gray Level Emphasis; LALGLE = Large Area Low Gray Level
Emphasis; glem = gray level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray
Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run
Length Matrix. (Continued)

firstorder 10Percentile CD200pm ngtdm Strength 0.561 1.01x1072 5.78%x102
firstorder Minimum CD200pm ngtdm Strength 0.561 1.01x1072 5.70x102
glrlm SRLGLE MEAN Haralick ASM FO 0.554 1.26x1072 4.49%102
glem MaximumProbability MEAN Haralick ASM FO 0.545 1.76x1072 3.20%x102
firstorder Kurtosis CD150pm gldm DNU 0.539 2.09%1072 2.66x102
ngtdm Coarseness CD100pm ngtdm Strength 0.537 2.21x1072 2.42x102
glem Idn CD200pm ngtdm Strength -0.536 2.21x10°2 2.40%102
firstorder RootMeanSquared CD200pm firstorder TE -0.533 2.40x 102 2.14x102
firstorder 10Percentile CD200pm firstorder TE -0.533 2.40x 102 2.13x102
glszm SALGLE CD100pm ngtdm Strength 0.531 2.50x1072 2.00x102
gldm SDLGLE CD100pm ngtdm Strength 0.529 2.62x1072 1.87x102
glszm LALGLE CD200pm glem Tmc2 -0.525 2.91x1072 1.67x102
firstorder 90Percentile CD100pm ngtdm Busyness -0.523 3.09%10°2 1.54x102
glem InverseVariance CD150pm glszm GLNU 0.522 3.10x10°2 1.48%102
glem InverseVariance CD200pm glem Imc2 -0.522 3.10x10°2 1.48%102
firstorder Kurtosis CD150pm glszm GLNU 0.516 3.64x1072 1.25x102
glem JointEnergy CD100pm ngtdm Strength 0.514 3.87x1072 1.16x102
glem InverseVariance CD50pm ngtdm Busyness 0.51 4.32x1072 1.03x102
glszm LALGLE CD150pm glem Imc2 -0.508 4.59%1072 9.51x101
gldm DependenceVariance CD150pm glszm GLNU 0.506 4.70x1072 9.13x101

B.2.3 Factor analysis

Table B.4: ADC factor loadings for the five ADC factors. A darker grey in the column cell correspond to a higher load-

ings measuring the association between features and factors.

Abbreviations:

ADC = Apparent Diffusion

Coefficient; LALGLE = Large Area Low Gray Level Emphasis; LDLGLE = Large Dependence Low Gray
Level Emphasis; LDHGLE = Large Dependence High Gray Level Emphasis; SDLGLE = Small Dependence
Low Gray Level Emphasis; LALGLE = Large Area Low Gray Level Emphasis; GLNUN = Gray level non
uniformity normalized; SZNU = Size Zone Non-Uniformity; glem = gray level co-occurrence matrix; gldm
— Gray Level Dependence Matrix; glszm = Gray Level Size Zone Matrix; ngtdm = Neighbouring Gray
Tone Difference Matrix; glrlm = Gray Level Run Length Matrix; F = Factor.

Radiomic feature ADC_F1 ADC_F2 ADC_F3 ADC_F4 ADC_F5
name (ADC)

firstorder MAD 0.857 -0.106 -0.114 0.241 -0.016
firstorder Maximum 0.902 -0.088 -0.029 -0.004 0.002
firstorder Minimum 0.814 -0.03 -0.137 -0.309 -0.068
firstorder Kurtosis -0.027 -0.006 0.48 -0.09 0.057
firstorder 10Percentile 0.86 -0.057 -0.065 -0.251 -0.051
firstorder IR 0.836 -0.112 -0.144 0.286 0.013
firstorder Median 0.876 -0.068 -0.076 -0.184 -0.027
firstorder 90Percentile 0.892 -0.076 -0.085 -0.102 -0.046
firstorder Skewness 0.121 0.09 0.243 0.141 -0.116
firstorder Range 0.82 -0.13 0.083 0.307 0.073
firstorder Mean 0.881 -0.069 -0.076 -0.17 -0.035
firstorder TotalEnergy 0.554 -0.042 0.194 0.331 0.491
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Table B.4:

ADC factor loadings for the five ADC factors. A darker grey in the column cell correspond to a higher load-

ings measuring the association between features and factors. Abbreviations: ADC = Apparent Diffusion

Coefficient; LALGLE = Large Area Low Gray Level Emphasis; LDLGLE = Large Dependence Low Gray

Level Emphas

Low Gray Level Emphasi

s; LDHGLE = Large Dependence High Gray Level Emphasis; SDLGLE = Small Dependence
LALGLE = Large Area Low Gray Level Emphasis; GLNU

N = Gray level non

uniformity normalized; SZNU = Size Zone Non-Uniformity; glem = gray level co-occurrence matrix; gldm
= Gray Level Dependence Matrix; glszm = Gray Level Size Zone Matrix; ngtdm = Neighbouring Gray
Tone Difference Matrix; glrlm = Gray Level Run Length Matrix; F = Factor. (Continued)

gldm LDLGLE -0.002 0.898 -0.099 -0.012 -0.034
gldm DepEntropy -0.008 -0.217 0.49 0.721 0.068
gldm GLNU -0.148 0.637 0.559 -0.135 -0.024
gldm LDHGLE 0.814 -0.066 0.089 0.131 0.103
gldm DV -0.16 0.867 0.11 -0.079 -0.006
gldm SDLGLE 0.501 0.202 -0.497 -0.424 -0.16
ngtdm Busyness -0.043 0.899 -0.054 -0.033 -0.027
ngtdm Strength 0.845 -0.068 -0.184 0.161 0.015
ngtdm Coarseness -0.263 -0.027 -0.677 -0.292 0.157
ngtdm Complexity 0.588 -0.022 -0.034 0.393 0.559
ngtdm Contrast 0.777 -0.007 -0.087 -0.369 -0.273
glrlm RLNU -0.038 -0.025 0.835 0.178 -0.058
glrlm RunVariance -0.206 0.853 0.107 -0.135 0.025
glem Imc2 0.041 -0.901 -0.021 0.028 0.017
glem DiffVar 0.873 -0.019 -0.109 -0.184 -0.113
glem InvVar -0.324 0.783 0.031 -0.269 0.083
glem Imcl -0.382 0.346 0.678 -0.236 0.03
glem JointEntropy -0.198 -0.2 0.774 0.355 0.029
glem ClusterShade 0.874 -0.014 -0.074 0.039 0.138
glem Correlation -0.402 0.056 0.327 0.297 0.089
glem DiffEntropy 0.136 -0.451 0.198 0.729 0.068
glem SumEntropy -0.084 -0.338 0.491 0.65 0.066
glem ClusterTendency 0.859 -0.038 -0.104 0.192 0.165
glem JointAverage 0.71 -0.157 0.112 0.326 0.088
glem MaxProbability 0.25 0.629 -0.453 -0.344 -0.081
glem ClusterProminence 0.878 -0.009 -0.089 -0.03 0.2
glem Idn -0.241 -0.016 0.757 0.106 0.078
glem DiffAverage 0.882 -0.092 -0.145 0.095 -0.049
glem Idmn -0.387 -0.01 0.71 0.128 0.161
glszm ZoneVariance -0.061 0.905 -0.006 -0.014 -0.019
glszm ZoneEntropy 0.038 -0.302 0.413 0.74 0.067
glszm LALGLE -0.006 0.899 -0.092 -0.005 -0.033
glszm GLNUN -0.046 0.806 -0.161 -0.364 0.027
glszm SZNU 0.015 -0.116 0.774 0.294 -0.048

Table B.5: T1C factor loadings for the 8 T1C factors. A darker grey in the column cell correspond to a higher loading

measuring the association between features and factors.

Factor; glem

Length Matrix.

gray level co-occurrence matrix;
Level Size Zone Matrix; ngtdm = Neighbouring

gldm

Abbreviations:

T1C = post-contrast T1;
Gray Level Dependence Matrix; glszm

F =
Gray

Gray Tone Difference Matrix; glrlm = Gray Level Run

Radiomic feature Ti1C F1 Ti1C F2| TiC F3| TiC F4| TiC F5 TiC Fé| TiC F7| TiC F8
name (T1C) - - - - - - - -
glrlm 0.432 -0.104 -0.241 -0.747 0.158 -0.166 -0.251 -0.069
RunPercentage

glrlm GLNU -0.25 0.226 0.746 0.481 -0.093 0.071 -0.06 0.056
glrlm RLNU 0.044 0.29 0.897 0.204 -0.045 0.004 -0.004 0.053
glrlm RunEntropy 0.776 0.522 0.079 -0.166 0.015 -0.148 -0.01 -0.009
glrlm SRLGLE -0.171 -0.856 -0.291 0.026 0.061 -0.148 0.11 -0.184

Continued on
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Table B.5: T1C factor loadings for the 8 T1C factors. A darker grey in the column cell correspond to a higher loading
T1C = post-contrast T1; F —
gldm = Gray Level Dependence Matrix; glszm = Gray
Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run
Length Matrix. (Continued)

measuring the association between features and factors.
Factor; glem = gray level co-occurrence matrix;

Abbreviations:

gldm SmallDLGLE -0.102 -0.87 -0.287 -0.07 0.073 -0.17 0.028 -0.13
gldm 0.327 0.704 0.416 0.275 -0.094 0.002 0.262 0.041
DependenceEntropy

gldm SmallDHGLE 0.825 0.19 0.157 -0.239 0.145 0.073 -0.085 0.264
gldm DNU 0.278 0.289 0.875 -0.088 -0.004 0.044 -0.045 0.011
gldm LargeDLGLE -0.322 -0.356 -0.138 0.673 -0.134 0.045 0.269 -0.268
gldm LargeDHGLE 0.285 0.354 0.544 0.185 0.028 -0.087 0.156 0.588
gldm -0.385 0.087 0.183 0.781 -0.154 0.208 0.215 0.055
DependenceVariance

glem SumSquares 0.936 0.156 -0.09 -0.118 0.049 -0.045 0.046 -0.009
glem JointAverage 0.675 0.336 0.296 -0.254 0.122 -0.067 -0.079 0.43
glem Idn -0.044 0.569 0.454 0.248 -0.203 0.434 0.206 0.149
glem Imc2 0.402 -0.166 -0.673 -0.376 0.077 -0.044 -0.027 -0.071
glem ClusterShade 0.551 0.03 0.033 -0.056 -0.031 0.497 -0.04 -0.044
glem Correlation 0.081 0.495 0.173 0.336 -0.202 -0.005 0.456 0.021
glem Imcl -0.251 0.479 0.684 0.213 -0.055 0.113 0.257 0.061
glem 0.917 0.172 -0.053 -0.078 0.034 -0.061 0.152 0
ClusterTendency

glem -0.599 -0.04 0.147 0.57 -0.182 0.275 0.32 0.041
InverseVariance

glem SumEntropy 0.649 0.655 0.191 -0.122 -0.018 -0.103 0.13 -0.033
glem 0.902 0.063 0.022 0.009 0.066 0.155 0.163 0.039
ClusterProminence

glem -0.299 -0.858 -0.253 0.136 0.025 0.047 -0.022 0.067
MaximumProbability

glem 0.87 0.114 -0.118 -0.17 0.035 0.083 -0.166 -0.02
DifferenceVariance

glem JointEnergy -0.207 -0.912 -0.181 0.06 0.076 0.005 -0.025 0.055
glem 0.745 0.37 -0.035 -0.391 0.105 -0.147 -0.193 -0.039
DifferenceEntropy

glem JointEntropy 0.385 0.657 0.542 -0.058 0.001 -0.045 0.179 0.024
firstorder RMS 0.428 -0.048 0.021 -0.282 0.797 -0.19 -0.045 0.091
firstorder Kurtosis -0.128 0.091 0.148 0.131 -0.161 0.793 0.013 0.131
firstorder Maximum 0.757 0.163 0.143 -0.282 0.419 0.169 -0.08 -0.017
firstorder 0.111 -0.151 0.081 -0.234 0.902 -0.105 -0.065 0.11
10Percentile

firstorder Skewness 0.186 0.16 -0.098 0.12 -0.231 0.689 0.015 -0.212
firstorder Range 0.784 0.331 0.247 -0.224 0.01 0.257 -0.087 0.106
firstorder IR 0.84 0.235 -0.163 -0.201 0.022 -0.289 0.059 -0.018
firstorder 0.61 0.024 -0.018 -0.288 0.663 -0.205 -0.044 0.056
90Percentile

firstorder Minimum -0.117 -0.354 -0.223 -0.093 0.799 -0.188 0.022 -0.253
firstorder 0.169 0.299 0.855 0.101 0.201 -0.03 0.069 0.11
TotalEnergy

ngtdm Complexity 0.879 0.137 0.142 -0.122 0.07 0.212 -0.03 0.044
ngtdm Strength 0.551 -0.223 -0.598 -0.167 -0.055 0.014 -0.171 0.04
ngtdm Coarseness -0.095 -0.899 -0.282 -0.06 0.075 -0.115 0.002 0.046
ngtdm Busyness -0.445 0.195 0.539 0.535 -0.088 -0.012 0.019 -0.231
ngtdm Contrast 0.555 -0.193 -0.511 -0.228 0.092 -0.314 -0.262 -0.069
glszm ZoneVariance -0.173 0.057 0.141 0.889 -0.153 0.017 -0.17 0.007
glszm SZNU 0.323 0.28 0.845 -0.175 0.007 0.049 -0.045 0.002
glszm SALGLE -0.134 -0.879 -0.258 -0.022 0.05 -0.152 0.071 -0.116
glszm ZoneEntropy 0.407 0.715 0.397 0.218 -0.088 -0.01 0.176 0.053
glszm LALGLE -0.252 -0.181 -0.008 0.852 -0.172 0.046 -0.003 -0.122
glszm GLNUN -0.691 -0.566 -0.008 0.237 -0.009 0.214 0.133 0.022
glszm LAHGLE 0.012 0.215 0.397 0.759 -0.065 -0.063 -0.104 0.3

Continued on next page
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Table B.5: T1C factor loadings for the 8 T1C factors. A darker grey in the column cell correspond to a higher loading
measuring the association between features and factors. Abbreviations: T1C = post-contrast T1; F =
Factor; glem = gray level co-occurrence matrix; gldm = Gray Level Dependence Matrix; glszm = Gray
Level Size Zone Matrix; ngtdm = Neighbouring Gray Tone Difference Matrix; glrlm = Gray Level Run
Length Matrix. (Continued)

glszm GLV 0.939 0.178 -0.052 -0.11 0.065 -0.016 0.021 0.032
glszm GLNU -0.149 0.276 0.899 0.1 -0.066 0.066 -0.024 0.031
glszm SZNUN 0.507 -0.177 -0.325 -0.552 0.17 -0.095 -0.404 -0.116

B.3 An automated pathomic-based approach for
the estimation of prostate cancer grade on
digital pathology images

Table B.6. Selected features for the "Malignant vs Non-Malignant" classifi-
cation task at 20x magnification level.

Malignant vs Non-Malignant

R firstorder Maximum

R firstorder Median

R wav LL firstorder StandardDeviation
R wav HH firstorder IR

R wav HH glem Correlation

R wav HH glem IMCII

R 1bpU histfunc Varb8

G wav HH firstorder Minimum

G wav HH firstorder Maximum
G wav HH firstorder RootMeanSquared
B firstorder NinetiethPercentile
B wav LL firstorder IR

B 1IbpU histfunc Var50

B lIbpU histfunc Var52

H wav HL glem IMCII

E wav LL firstorder Skewness
E wav LH glem IMCII

E wav HL glem IMCII

E lIbpU histfunc Varb4

E 1bpU histfunc Var56

E IbpU histfunc Varb8
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E lIbpU histfunc Var59

Hu firstorder NinetiethPercentile
Hu glem AngularSecondMoment Energy
Hu glem Correlation

Hu glem Variance glem

Hu wav HH glem SumVariance
Hu 1bpU histfunc Var2

Hu 1bpU histfunc Varb

S firstorder NinetiethPercentile
S wav LL firstorder Skewness

S wav HH firstorder Kurtosis

S 1bpU histfunc Var52

S 1bpU histfunc Varb4

S 1bpU histfunc Varb6

V wav LL firstorder Maximum
V wav HL firstorder Range

V lbpU histfunc Var34

Table B.7. Selected features for the "Gleason 3 vs Non-Malignant" classifi-
cation task at 20x magnification level. G3 = Gleason 3.

G3 vs Non-Malignant

R firstorder Maximum

R firstorder Median

R wav LL firstorder StandardDeviation
R wav HH firstorder IR

R wav HL glem MCC

R wav HH glem IMCII

R 1bpU histfunc Varl9

R 1bpU histfunc Var25

R 1bpU histfunc Varb8

G wav LL firstorder Range

G wav HH firstorder RootMeanSquared
G wav HL glem SumEntropy
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G IbpU histfunc Var3

G lbpU histfunc Var9

B firstorder Maximum

B glem MCC

B wav LL firstorder Maximum

B wav LL firstorder IR

B 1bpU histfunc Var9

B lIbpU histfunc Var50

B lIbpU histfunc Var52

H glem IMCII

H wav HL glem IMCII

E wav LL firstorder Skewness

E wav LH glem IMCII

E wav HL glem IMCII

E lIbpU histfunc Varb4

E lIbpU histfunc Var56

E lIbpU histfunc Var59

Hu firstorder NinetiethPercentile

Hu glem AngularSecondMoment Energy

Hu glem Correlation

Hu glem Variance glem

Hu glem IMCI

Hu wav HH glem SumVariance

Hu 1bpU histfunc Varb

Hu 1bpU histfunc Var40

S firstorder NinetiethPercentile

S wav LL glem MCC

S wav HH glem DifferenceVariance

S 1bpU histfunc Varb4

S 1bpU histfunc Varb6

V firstorder Maximum

V wav LL firstorder Maximum

V wav HL firstorder Maximum

V wav HL firstorder Range
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’ V IbpU histfunc Var34

Table B.8. Selected features for the "Gleason 4 + Gleason 5 vs Gleason 3"
at 20x magnification level. G3 = Gleason 3; G4 = Gleason 4; G5 = Gleason
5.

G4-+G5 vs G3
Gray lbpU histfunc Varb2
Gray lbpU histfunc Var56

R wav HL firstorder Minimum

R wav HL firstorder Maximum

R wav HL glcm DifferenceEntropy
R wav HL glem MCC

R 1bpU histfunc Var36

G wav HL firstorder Maximum

G lbpU histfunc Var7

G IbpU histfunc Var9

G lbpU histfunc Var52

B firstorder NinetiethPercentile

B wav LL firstorder TenthPercentile
B wav LH firstorder Minimum

B wav LH firstorder Maximum

B wav HL firstorder Minimum

B wav HH firstorder Variance

H glem AngularSecondMoment Energy
H wav LL firstorder Median

H wav LL firstorder Skewness

H wav LL firstorder IR

H wav LL glem MCC

H wav LH glem MCC

H wav HL glem DifferenceVariance
H wav HL glem IMCII

E wav LL firstorder Skewness

E wav LL glem IMCII
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E wav LH glcm Variance glem
E wav HL glem IMCII

E 1bpU histfunc Var50

Hu firstorder Range

Hu glem SumVariance

Hu glem DifferenceEntropy

Hu wav LH firstorder Minimum
Hu wav LH firstorder Maximum
Hu wav HL firstorder Minimum
Hu wav HH firstorder Minimum

Hu wav HH firstorder Maximum
Hu wav HH firstorder Kurtosis
Hu lbpU histfunc Var3

Hu lbpU histfunc Var10

Hu 1bpU histfunc Var34

S wav LL firstorder Uniformity
S wav LL glem SumEntropy

S wav LL glem DifferenceVariance
S wav LH glem IMCII

S wav HL glem DifferenceVariance
S wav HL glem IMCII

S IbpU histfunc Var30

V wav LL firstorder Variance

V wav HH firstorder Variance

Table B.9. Selected features for the "Gleason 4 + Gleason 5 vs Non-
Malignant" classification task at 20x magnification level. G4 = Gleason 4;
G5 = Gleason 5.

G4+ G5 vs Non-Malignant
R firstorder Maximum

R firstorder Median

R glem Correlation

R wav HH firstorder IR
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R wav HH glem IMCII

R 1bpU histfunc Varl9

R 1bpU histfunc Var25

R 1bpU histfunc Var58

G wav HH firstorder Minimum

G wav HH firstorder Maximum

G 1bpU histfunc Var9

B glem MCC

B wav LL firstorder TenthPercentile
B wav LL firstorder IR

B wav HL firstorder IR

B wav HL firstorder RootMeanSquared
B 1bpU histfunc Var9

B 1bpU histfunc Varl6

H wav LL firstorder IR

H wav LH firstorder Uniformity

H wav LH glem IMCII

H wav HL glem IMCII

E wav LL firstorder Maximum

E wav LL firstorder Skewness

E wav LH glem IMCII

E wav HL glem IMCII

E 1bpU histfunc Var54

E 1IbpU histfunc Var56

E 1IbpU histfunc Var59

Hu firstorder NinetiethPercentile
Hu firstorder Entropy

Hu glem AngularSecondMoment Energy

Hu glem Correlation

Hu glem Variance glem

Hu IbpU histfunc Varb

S firstorder NinetiethPercentile
S wav LL firstorder Range

S wav LL firstorder Uniformity
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S wav LH glem IMCII

S 1bpU histfunc Varb4

S 1bpU histfunc Varb6

V wav LL firstorder Maximum

V wav LL firstorder Variance

V wav HL firstorder Range

Table B.10. Selected features for the "Malignant vs Non-Malignant" classi-

fication task at 10x magnification level.

Malignant vs Non-Malignant

Gray firstorder Kurtosis

Gray wav LH firstorder Minimum

Gray wav HL firstorder Minimum

Gray wav HL firstorder Maximum

R firstorder Median

R wav LL firstorder StandardDeviation

R wav HL glem SumVariance

R wav HH glem IMCI

G wav HH firstorder Range

B glem MCC

B wav LL firstorder InterquartileRange

B wav HL glem SumEntropy

B wav HH glem SumEntropy

H firstorder Median

H wav LH glem SumVariance

H wav HL glem DifferenceVariance

H wav HL glem IMCII

H wav HH glcm DifferenceVariance

E wav LL firstorder Maximum

E wav LH glem Variance glem

E wav LH glem IMCII

E lIbpU histfunc Var56

Hu firstorder Median
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Hu firstorder NinetiethPercentile

Hu glem Correlation

Hu glem Variance glem

Hu glem Entropy glem

Hu wav HH glem SumVariance

Hu 1bpU histfunc Varl

Hu 1bpU histfunc Var24

Hu 1bpU histfunc Var34

S firstorder NinetiethPercentile

S wav HL firstorder Kurtosis

S wav HH firstorder Variance

S wav HH firstorder Kurtosis

S wav LH glem IMCII

S wav HL glem MCC

V glem IMCI

V wav HH firstorder Minimum

V wav HH firstorder Maximum

V IbpU histfunc Var26

Table B.11. Selected features for the "Gleason 3 vs Non-Malignant" classi-
fication task at 10x magnification level. G3 = Gleason 3.

G3 vs Non-Malignant

Gray wav LH firstorder Minimum

Gray wav HL firstorder Minimum

Gray wav HL firstorder Maximum

Gray wav HH firstorder Kurtosis

R firstorder Median

R wav LL firstorder StandardDeviation

R wav LH firstorder InterquartileRange

R wav LH glem SumVariance

R wav HH glem IMCI

G firstorder Range

G wav HH firstorder Skewness
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G lbpU histfunc Var58

B firstorder InterquartileRange

B glem MCC

B wav HL glem Correlation

B wav HL glem SumEntropy

B wav HH glem SumEntropy

H glem IMCI

H wav LL firstorder Minimum

H wav LH glem SumVariance

H wav HL glem DifferenceVariance

H wav HL glem IMCII

H wav HH glcm DifferenceVariance

E wav LL firstorder Maximum

E wav LL glem DifferenceVariance

E wav LH glem Variance glem

E wav LH glem SumVariance

E wav LH glem IMCII

E wav HH glem DifferenceVariance

E lIbpU histfunc Var50

Hu firstorder Median

Hu firstorder NinetiethPercentile

Hu glem AngularSecondMoment Energy

Hu glem Correlation

Hu glem Variance glem

Hu wav HH glem SumVariance

Hu 1bpU histfunc Var7

Hu 1bpU histfunc Var9

Hu 1bpU histfunc Varl8

Hu IbpU histfunc Var24

S firstorder NinetiethPercentile

S wav HH firstorder Variance

S wav HH firstorder Kurtosis

S wav HH firstorder Range

S wav LH glem IMCII
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V glem IMCI

V wav HH firstorder Minimum

V wav HH firstorder Maximum

V wav LH glem MCC

V IbpU histfunc Varl

V 1bpU histfunc Var26

Table B.12. Selected features for the "Gleason 4 + Gleason 5 vs Gleason 3"
classification task at 10x magnification level. G3 = Gleason 3; G4 = Gleason

4; G5 = Gleason 5.

G4+G5 vs G3

Gray wav LH firstorder Skewness

R wav LH firstorder Minimum

R wav HL firstorder Minimum

R wav HL firstorder Maximum

R wav LH glem SumEntropy

R wav HL glem MCC

R wav HH glem IMCI

G wav HL firstorder Minimum

G wav HL firstorder Maximum

G lbpU histfunc Var3

G lbpU histfunc Var9

G IbpU histfunc Var22

B firstorder Entropy

B glem Variance glem

B wav LL firstorder TenthPercentile

B wav HL glem MCC

B IbpU histfunc Varb6

H firstorder Median

H glem MCC

H wav LL firstorder InterquartileRange

H wav HL firstorder Minimum

H wav LH glem SumVariance
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H wav HL glem SumVariance

H wav HL glem DifferenceVariance

E firstorder StandardDeviation

E firstorder NinetiethPercentile

E wav LL firstorder Maximum

E wav LL firstorder Entropy

E wav LL glem MCC

E wav LH glem MCC

E lIbpU histfunc Var26

E lIbpU histfunc Var27

E IbpU histfunc Var42

Hu glem Variance glem

Hu glem Entropy glem

Hu wav LH firstorder Minimum

Hu wav HL firstorder Maximum

Hu 1bpU histfunc Var34

Hu 1bpU histfunc Var38

Hu IbpU histfunc Var44

Hu 1bpU histfunc Var50

Hu 1bpU histfunc Varb2

S wav LL firstorder NinetiethPercentile

S wav LH firstorder Maximum

S wav HL firstorder Minimum

S wav LH glem Variance glem

S wav HL: glem DifferenceVariance

V wav LH firstorder Skewness

V wav LL glem MCC

V wav HH glcm InverseDifferent Moment

V IbpU histfunc Var34

V IbpU histfunc Var36

V IbpU histfunc Var4l
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Table B.13. Selected features for the "Gleason 4 + Gleason 5 vs Non-
malignant" classification task at 10x magnification level.

G4+ G5 vs Non-Malignant
Gray wav LH firstorder Minimum
Gray wav HL firstorder Minimum
Gray wav HL firstorder Maximum
R firstorder Median

R wav LL firstorder StandardDeviation
R wav HL glem SumVariance

G wav HH firstorder Skewness

G wav HL glem IMCI

G lbpU histfunc Var58

B firstorder NinetiethPercentile

B firstorder InterquartileRange

B glem MCC

H wav LL firstorder Minimum

H wav LH glem SumVariance

H wav HL glecm DifferenceVariance
H wav HL glem IMCII

H wav HH glcm DifferenceVariance
E firstorder MeanAbsoluteDeviation
E wav LL firstorder Maximum

E wav LL glem MCC

E wav LH glem IMCII

E wav LH glem MCC

E wav HH glem DifferenceVariance
E lbpU histfunc Var56

E lIbpU histfunc Var58

Hu firstorder Median

Hu firstorder NinetiethPercentile
Hu glem AngularSecondMoment Energy
Hu glem Correlation

Hu wav HH glem SumVariance

Hu 1bpU histfunc Var34

S firstorder NinetiethPercentile
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S wav LL firstorder Skewness

S wav HL firstorder Kurtosis

S wav HH firstorder Variance

S wav HH firstorder Kurtosis

S wav LH glem IMCII

S wav HL: glem DifferenceVariance

V glem IMCI

V wav LL firstorder Maximum

V wav HH firstorder Minimum

V wav HH firstorder Maximum

V wav LH glem IMCII

V 1bpU histfunc Varb8

Table B.14. Selected features for the "Malignant vs Non-malignant" classi-

fication task at 5x magnification level.

Malignant vs Non-Malignant

Gray glem MCC

Gray wav LL firstorder Range

Gray wav LH firstorder Minimum

Gray wav LH firstorder Maximum

R firstorder Median

R firstorder Skewness

R wav LL firstorder StandardDeviation

R wav LH firstorder Minimum

R wav HL firstorder Minimum

R wav HH firstorder Minimum

R wav HH glem SumVariance

G wav HH firstorder Range

G wav LH glem DifferenceEntropy

G lbpU histfunc Var58

B glem SumEntropy

B glem MCC

B wav LL firstorder TenthPercentile
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B IbpU histfunc Varb0

B IbpU histfunc Varb2

H wav LL glem IMCI

H wav HH glem Correlation

E wav LL firstorder Skewness

E wav LL firstorder Entropy

E wav LL glem DifferenceVariance

E wav LH glem Variance glem

E wav HL glem DifferenceVariance

E wav HH glem DifferenceVariance

E lIbpU histfunc Varl

Hu firstorder Median

Hu firstorder NinetiethPercentile

Hu firstorder Uniformity

Hu glem AngularSecondMoment Energy
Hu glem MCC

Hu wav LL firstorder Minimum

Hu wav LL firstorder Maximum
Hu wav LH glem IMCII

Hu wav HL glem IMCII

Hu wav HH glem IMCII

S firstorder NinetiethPercentile

S glem AngularSecondMoment Energy
S wav LL firstorder Minimum

S wav LH firstorder Minimum

S wav LH firstorder Skewness

S wav HH firstorder Kurtosis

S wav HL glem DifferenceVariance

V firstorder Maximum

V wav LL firstorder Maximum

V wav LL firstorder Uniformity
V wav LH glem Variance glem

V wav LH glem IMCII

V 1bpU histfunc Var37
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V IbpU histfunc Var54

V 1bpU histfunc Varb6

Table B.15. Selected features for the "Gleason 3 vs Non-malignant" classifi-
cation task at 5x magnification level. G3 = Gleason 3.

G3 vs Non-Malignant

Gray glem MCC

Gray wav LH firstorder Maximum

Gray wav HL firstorder Minimum

Gray lbpU histfunc Varb54

R firstorder Maximum

R wav LL firstorder Minimum

R wav LH firstorder Minimum

R wav LH firstorder Maximum

R wav HL firstorder Minimum

R wav HL firstorder Maximum

R wav HH firstorder Minimum

R wav LH glem SumVariance

G wav LL firstorder Maximum

G wav HH firstorder Minimum

G wav HH firstorder Range

G IbpU histfunc Varb8

B firstorder Kurtosis

B glem MCC

B wav LL firstorder Median

B wav LL firstorder TenthPercentile

B wav LL firstorder Range

B wav HL firstorder Minimum

B wav HL firstorder Maximum

B wav HH firstorder Maximum

B wav HH firstorder Skewness

B IbpU histfunc Varb0

H wav LL glem IMCI
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H wav LL glem MCC
H wav HL glem DifferenceVariance

H wav HH glem Correlation

E wav HH firstorder Skewness

E wav LL glem DifferenceVariance
E wav HL glem DifferenceVariance
E wav HH glem DifferenceVariance
E lbpU histfunc Varl

Hu firstorder NinetiethPercentile
Hu glem AngularSecondMoment Energy
Hu glem Variance glem

Hu glem MCC

Hu wav LL firstorder Minimum
Hu wav LH glem AngularSecondMoment Energy
Hu wav LH glem IMCII

Hu wav LH glem MCC

Hu wav HL glem IMCII

Hu 1bpU histfunc Var32

Hu 1bpU histfunc Var36

Hu IbpU histfunc Var4l

S firstorder NinetiethPercentile

S glem SumEntropy

S wav LL firstorder Minimum

S wav LH firstorder Minimum

S wav LH glem IMCII

V wav LL firstorder Maximum

V wav LH glcm Variance glem
V wav LH glem IMCII
V IbpU histfunc Var22
V IbpU histfunc Var37
V IbpU histfunc Varb54
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Table B.16. Selected features for "Gleason 4 + Gleason 5 vs Gleason 3"
classification task at 5x magnification level. G3 = Gleason 3; G4 = Gleason
4; G5 = Gleason 5.

G4+-G5 vs G3
Gray wav HH glem AngularSecondMoment Energy

R wav LH firstorder Maximum

R wav HH firstorder Range

R wav HL glem IMCI

R 1bpU histfunc Varb9

G wav LL firstorder Range

G wav LH firstorder Maximum

G wav LH firstorder Range

G wav HL firstorder Maximum

G IbpU histfunc Var42

G IbpU histfunc Var45

B firstorder Maximum

B firstorder Median

B firstorder Range

B glem AngularSecondMoment Energy

B glem MCC

H wav LL firstorder MeanAbsoluteDeviation
H wav LL glem AngularSecondMoment Energy

H wav LH glem Correlation

H wav LH glem IMCII

H wav HL glem SumVariance
H wav HH glem IMCI

E firstorder Range

E wav LL firstorder Maximum
E wav LL firstorder Range

E wav HH firstorder Minimum
E wav LH glem IMCII

E wav LH glem MCC

E 1bpU histfunc Var25

E 1bpU histfunc Var52

Hu firstorder TenthPercentile




210

APPENDIX B. ADDITIONAL MATERIALS

Hu glem IMCII

Hu wav LL firstorder Maximum

Hu wav HL firstorder Kurtosis

Hu wav LH glem MCC

Hu wav HL glem SumVariance

Hu wav HH glem SumVariance

Hu wav HH glem MCC

Hu IbpU histfunc Varb

Hu 1bpU histfunc Varl8

Hu 1bpU histfunc Var23

Hu 1bpU histfunc Var28

Hu IbpU histfunc Var34

S wav LL firstorder Skewness

S wav LL firstorder NinetiethPercentile

S wav LL firstorder Entropy

S wav LH firstorder Range

S wav HL firstorder Minimum

S wav HL firstorder Range

S wav HH firstorder Kurtosis

S wav LL glem SumEntropy

S wav LH glem Variance glem

S 1bpU histfunc Var24

S 1bpU histfunc Varb4

V firstorder Maximum

V wav LL firstorder Minimum

V wav LL firstorder Variance

V wav LH firstorder Skewness

V wav HH glcm DifferenceVariance

Table B.17.

Selected features for the "Gleason 4 + Gleason 5 vs Non-

malignant" at 5x magnification level. G4 = Gleason 4; G5 = Gleason 5.

G4+ G5 vs Non-Malignant

Gray wav LL firstorder Range
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Gray wav LH firstorder Minimum

Gray wav LH firstorder Maximum

Gray wav LH firstorder Skewness

Gray wav HL firstorder Maximum

R firstorder Maximum

R firstorder Median

R wav LH firstorder Minimum

R wav HL firstorder Minimum

R wav HH firstorder Minimum

R wav LH glem SumVariance

R wav HH glem SumVariance

G wav LH glem DifferenceEntropy

G IbpU histfunc Var43

G IbpU histfunc Var44

G lbpU histfunc Var58

B glem MCC

B wav LL firstorder TenthPercentile

B wav HH firstorder Range

B lIbpU histfunc Var50

B IbpU histfunc Var52

H wav LL glem IMCI

H wav LH glem Correlation

H wav HH glcm Correlation

H 1bpU histfunc Var59

E wav LL glem DifferenceVariance

E wav LH glem SumVariance

E wav HL glem SumVariance

E wav HL glem DifferenceVariance

E IbpU histfunc Varl

Hu firstorder Median

Hu firstorder NinetiethPercentile

Hu firstorder Uniformity

Hu glem AngularSecondMoment Energy

Hu glem SumVariance
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Hu glem MCC

Hu wav LH firstorder NinetiethPercentile
Hu wav LH glem IMCII

Hu wav HL glem SumVariance

Hu wav HL glem IMCII

Hu wav HH glem IMCII

Hu 1bpU histfunc Var36

S firstorder NinetiethPercentile

S glem SumEntropy

S wav LL firstorder Minimum

S wav LL firstorder Skewness

S wav LH firstorder Minimum

S wav LH glem IMCII

S wav HL glem DifferenceVariance
V firstorder Maximum

V firstorder Variance

V wav LL firstorder Maximum

V wav LL firstorder Uniformity
V wav LH glcm Variance glem
V IbpU histfunc Var3s

V lbpU histfunc Var36

V lbpU histfunc Varb4
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