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A B S T R A C T

This thesis develops an Artificial Intelligence (AI) approach intended for accurate

patient stratification and precise diagnostics/prognostics in clinical and preclinical

applications. The rapid advance in high throughput technologies and bioinformat-

ics tools is still far from linking precisely the genome-phenotype interactions with

the biological mechanisms that underlie pathophysiological conditions. In practice,

the incomplete knowledge on individual heterogeneity in complex diseases keeps

forcing clinicians to settle for surrogate endpoints and therapies based on a generic

one-size-fits-all approach. The working hypothesis is that AI can add new tools to

elaborate and integrate together in new features or structures the rich information

now available from high-throughput omics and bioimaging data, and that such re-

structured information can be applied through predictive models for the precision

medicine paradigm, thus favoring the creation of safer tailored treatments for spe-

cific patient subgroups. The computational techniques in this thesis are based on the

combination of dimensionality reduction methods with Deep Learning (DL) archi-

tectures to learn meaningful transformations between the input and the predictive

endpoint space. The rationale is that such transformations can introduce intermedi-

ate spaces offering more succinct representations, where data from different sources

are summarized. The research goal was attacked at increasing levels of complexity,

starting from single input modalities (omics and bioimaging of different types and

scales), to their multimodal integration. The approach also deals with the key chal-

lenges for machine learning (ML) on biomedical data, i.e. reproducibility, stability,

and interpretability of the models. Along this path, the thesis contribution is thus

the development of a set of specialized AI models and a core framework of three

tools of general applicability:

i. A Data Analysis Plan (DAP) for model selection and evaluation of classifiers

on omics and imaging data to avoid selection bias.



ii. The histolab Python package that standardizes the reproducible pre-processing

of Whole Slide Images (WSIs), supported by automated testing and easily inte-

grable in DL pipelines for Digital Pathology.

iii. Unsupervised and dimensionality reduction techniques based on the UMAP

and TDA frameworks for patient subtyping.

The framework has been successfully applied on public as well as original data in

precision oncology and predictive toxicology. In the clinical setting, this thesis has

developed1:

1. (DAPPER) A deep learning framework for evaluation of predictive models in

Digital Pathology that controls for selection bias through properly designed

data partitioning schemes.

2. (RADLER) A unified deep learning framework that combines radiomics fea-

tures and imaging on PET-CT images for prognostic biomarker development in

head and neck squamous cell carcinoma. The mixed deep learning/radiomics

approach is more accurate than using only one feature type.

3. An ML framework for automated quantification tumor infiltrating lymphocytes

(TILs) in onco-immunology, validated on original pathology Neuroblastoma

data of the Bambino Gesu’ Children’s Hospital, with high agreement with

trained pathologists. The network-based INF pipeline, which applies machine

learning models over the combination of multiple omics layers, also providing

compact biomarker signatures. INF was validated on three TCGA oncogenomic

datasets.

In the preclinical setting the framework has been applied for:

1. Deep and machine learning algorithms to predict DILI status from gene expres-

sion (GE) data derived from cancer cell lines on the CMap Drug Safety dataset.

2. (ML4TOX) Deep Learning and Support Vector Machine models to predict po-

tential endocrine disruption of environmental chemicals on the CERAPP dataset.

1 See Table of Acronyms for definitions of Acronyms in this section and in the thesis.



3. (PathologAI) A deep learning pipeline combining generative and convolutional

models for preclinical digital pathology. Developed as an internal project within

the FDA/NCTR AIRForce initiative and applied to predict necrosis on im-

ages from the TG-GATEs project, PathologAI aims to improve accuracy and

reduce labor in the identification of lesions in predictive toxicology. Further-

more, GE microarray data were integrated with histology features in a unified

multi-modal scheme combining imaging and omics data.

The solutions were developed in collaboration with domain experts and consid-

ered promising for application.
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Part I

I N T R O D U C T I O N

Chapters 1 and 2 introduce the required background and the research top-

ics addressed in this PhD project. The �rst chapter introduces the preci-

sion medicine paradigm and its implications in the clinical and preclinical

setting. In particular, the landscape of current high-throughput technolo-

gies for biomarker development on Omics and Imaging data is described.

Chapter 2 outlines AI approaches for biomarker discovery and patient

strati�cation, with a focus on Radiology, Digital Pathology, and Toxicol-

ogy. Further, the technical challenges hindering the deployment of AI in

clinical practice are detailed, including data preprocessing, model repro-

ducibility and interpretability, and multi-omics integration. The aims and

the overall structure of this thesis are summarized in Chapter 3.



Chapter1
B A C K G R O U N D

Highlights

� Precision Medicine aims at patient
strati�cation to improve targeted
healthcare and reduce medical mal-
practice.

� As measurable indicators of phys-
iological and pathological mecha-
nisms, biomarkers are the bases of
precision medicine.

� High-throughput technologies
have accelerated biomarker discov-
ery through the rapid acquisition
of massive data from molecular
and imaging sources.

� Radiomics and Digital Pathology
are rapidly emerging to improve
clinical practice and extract quanti-
tative features from high-resolution
medical images.

� Speci�c endpoints of the thesis.
Develop AI/ML tools for repro-
ducible strati�cation over omics, ra-
diology and pathology and their
combination. Test in clinical and
preclinical applications.

1.1 Precision medicine and why we need it

The COVID-19 outbreak drew worldwide attention to the challenges faced by the

healthcare system in dealing with diseases relying on complex biological mecha-

nisms and presenting diverse phenotypes among the affected population. More than

60 subtypes have been proposed for the SARS-CoV-2 patients in 2020, including

subgroups based on disease vulnerability (e.g., age, respiratory comorbidities), and

response to therapies (due, for example, to genetic variants), to identify more precise

biomarkers or at least gain a broader understanding of disease progress, spread, and

prognosis [117, 534]. Nonetheless, the plethora of COVID- 19 symptoms and mani-

festations, even among patients with otherwise similar phenotypes, makes it dif�cult
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to predict individual risks or to determine candidates for targeted treatments.

1.1.0.1 The precision medicine paradigm for targeted healthcare

The frailty of the one-size-�ts-allapproach is not a surprise; the evidence that indi-

vidual factors, such as environmental, biological, or genetic conditions drastically

affect how patients suffering the same disease would bene�t from the same treat-

ment or dosage goes back centuries [490]. The more complex the disease, the more

likely the medical intervention based on the average patient population is to fail,

resulting in inef�cient care. For example, cancer chemotherapy has been reported

effective for only 25% of oncology patients [ 431], and drug ineffectiveness was found

as the most frequent Adverse Drug Reaction (ADR) in the US Food and Drug Admin-

istration ( FDA) Adverse Event Reporting System (FAERS), accounting for 6.4% of all

reports [323]. Remarkably, the clinical responsiveness of the top ten selling drugs for

widespread disorders in the US, including schizophrenia, heartburn, and arthritis,

was estimated at around 25% [351], corresponding to more than 17 million patients

with no expected bene�t from the prescribed treatment [ 401].

In contrast, the precision medicine paradigm seeks to improve targeted healthcare

by exploiting individual variability to design tailored treatments and increase drug

safety (Figure 1). Thus, precision medicine represents an evolution from reactionto

disease progression, side effects, andADR , to prevention, early intervention, and early

detection of disease onset [101]. Other than decreasing trial-and-error prescriptions

and directing target therapies, this new treatment strategy has the potential to reduce

surgical diagnostic procedures in favour of less invasive techniques ( e.g., imaging

tests, liquid biopsies), avoiding associated complications and risks.

2
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Figure 1: Precision medicine . Biomarker extraction from Omics and Imaging data can allow
for patient strati�cation to deliver precise diagnosis/prognosis and avoid drug ad-
verse reactions.1

1.1.0.2 Controlling the economic waste of medical malpractice

The adoption of precision medicine in clinical practice can also reduce healthcare

costs and stem the economic waste resulting from mistaken, excessive diagnoses and

failed tests. The concern for overuse in clinical medicine, i.e., the adoption of unnec-

essary and potentially dangerous procedures [ 83], is increasing worldwide [ 55]. In

2012, an analysis of the wasteful spending in the US healthcare system determined

that 21% of total expenditures can be categorized as unnecessary, primarily due to

overused tests for relatively harmless conditions [ 39]; an update on these estimates

yielded an increase in the evaluated wasteful expenses to 25% in 2019 [423], corre-

sponding to more than $ 800billion per year, exceeding the budget of the US federal

defense department and almost 15 times higher than the cost of education [ 38, 144].

Moreover, each pivot trial established by the US FDA to assess the ef�cacy and safety

of novel therapeutic agents requires on average a $19 million investment nearly dou-

bles if the design includes the comparison between placebo and an active drug [ 328].

The picture is not much more encouraging in Europe, where 10% of hospital ex-

penses is used to amend preventable medical mistakes and treat hospital-acquired

infections [344]. For example, in Italy, the estimated cost of medical malpractice for

1 Original image created with Keynote software.

3
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a single hospital has increased from   2.5 in 2012to   3.5 million in 2019, with 35% of

adverse events are caused by therapeutic or diagnostic errors [302].

Notably, a signi�cant portion of misdiagnosis in clinical practice is due to human

cognitive bias [168], as doctors are in�uenced by their clinical experience and per-

sonal biases (e.g.racial prejudice [ 44, 216]). In particular, one of the leading causes of

diagnostic errors is caused by physicians' overcon�dence, whether it is unconscious

(therapeutic illusion[77]) or intentional [ 258], which results in poor decision-making,

distorted evaluations, non-compliance with guidelines, and decreased the adoption

of additional tests or decision-supporting resources [ 78, 258, 285].

Precision medicine is thus expected to have a critical impact on the whole health-

care system by (i) increasing the clinical responsiveness of drugs and the patient

safety, (ii) containing the overall cost of health, (iii) improving the diagnostic process

and reducing the adoption of surrogate endpoints [ 369], and ultimately promoting

patient-centered care through ef�cient use of physicians' time [ 340].

1.2 Biomarkers for patient strati�cation

To ful�ll the promises of precision medicine, it is clear that a more comprehensive

picture at the molecular and cellular level of disease and human heterogeneity is

the conditio sine qua nonfor an highly accurate and precise medical practice [ 135].

Speci�cally, the foundation of precision medicine is the discovery and development

of novel biomarkers, which can be used to stratify patients into subgroups according

to disease susceptibility, pathogenesis, and response to treatment [482].

Biomarker - FDA-NIH Biomarker Working Group de�nition

A biomarker is a characteristic that is an indicator of normal biological pro-

cesses, pathogenic processes, or responses to an exposure or intervention, in-

cluding therapeutic interventions [ 171].

Biomarkers can be derived from different sources of measurement ( e.g.genome,

proteins, microbiome, imaging) and serve to varying stages of patient care, includ-

4
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ing diagnostic evaluation (diagnostic biomarkers), assessment of disease progression

or relapse (prognostic biomarkers), and planning of therapeutic strategies (predictive

biomarkers) [50]. Although such measurable indicators have always been adopted in

standard clinical and preclinical practice, the investigation of potential biomarkers

has exploded in the last few decades [417], with more than 65 000papers published

each year [507]. Because cancer is one of the utmost complex and heterogeneous

diseases with many factors affecting the outcome of patients, starting with early

detection [110], the hunt for the ideal biomarker has been especially fruitful in pre-

cision oncology. For example, 1582potential molecular biomarkers, both diagnostic

and prognostic, are currently proposed to assess treatment effectiveness and patient

survival in Breast Cancer (BC) (MarkerDB database [507]). This rapid evolution of

biomarkers for patient and disease strati�cation has been enabled by technological

breakthroughs transforming nearly every aspect of patient care, from diagnostic test-

ing to drug development.

1.2.1 Omics data

Two key milestones have paved the way for a digital revolution in healthcare in the

genomic �eld, the Human Genome Project ( HGP) and the International Haplotype

map (HapMap ) project (1990–2003), which have led to the �rst successful Genome

Wide Association Studies (GWAS) in 2005promoting a new data-driven, hypothesis-

free approach in medicine [ 470]. However, the prohibitive time and costs of the �rst

sequencing techniques (around $ 3 billion for a single strand of the human genome)

initially resulted in a limited number of studies, hindering the excitement for the

potential of genome-related analysis [ 176].

1.2.1.1 NGS technologies

The following advent of high-throughput technologies, in particular Next Generation

Sequencing (NGS), has allowed for the simultaneously reading of hundreds of thou-

5



background

sands of nucleotide sequence reads, slashing the cost of sequencing to less than $

1000in twenty years [ 231], and thus making genomic sequencing within everyone's

reach. The �ourishing of NGS led to an unprecedented number of novel discover-

ies regarding the correlation of DNA with complex traits, con�rming the hetero-

geneity that characterizes individuals and human disease [ 469]. The increasing ev-

idence in the potential of genetic �ndings demanded a simultaneous improvement

in high-throughput technologies; the standard sequencing approaches estimate the

average signal produced by a multitude of different cells (also called bulk sequenc-

ing), thus ignoring information about cellular diversity. Single-cell Sequencing ( SCS)

has enabled the analysis of the genome at cell resolution, needed to identify rare

sub-populations of cells or new species, understand their relationship within tissues

and organs, or unveil their development and differentiation paths [ 318]. Single-cell

methods have been applied to model organisms and address key medical questions

in physiology, pathogenesis and disease progression [452]. In precision oncology, SCS

applications include: resolving intratumor heterogeneity, studying invasion during

cancer progression, pro�ling of Circulating Tumor Cells, tracing metastatic dissemi-

nation, and investigating adaptive or acquired resistance in chemotherapy [ 335].

1.2.1.2 NGS for Precision Medicine

The rapid progress of NGS technologies has advanced biomarker discovery and its

translation in the routine clinical practice; more than 75000genetic tests are available

on the market for a wide range of medical domains [ 361], with an increasing num-

ber of tests being developed for non-invasive prenatal screening [ 261], and diagno-

sis of rare pediatric diseases [136]. Beyond genomics, high-throughput technologies

have led to novel insights in other omics �elds, including proteomics, metabolomics,

epigenomics, and transcriptomics [ 50, 373]. In particular, the analysis of RNA tran-

script levels to explore the physiology, activity, and state of cells can complement

the purely genetic investigations in providing more accurate biomarkers [ 298]. NGS

techniques for RNA sequencing (RNA-seq) are used to detect and quantify multiple

sub-populations of the transcriptome that have different roles in physiological and

pathological conditions, such as mRNA sequencing (mRNA-seq) to identify genetic

6
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variations [ 223] and alternative splicing [ 530, 532], or miRNA-seq to study small

molecules of highly-conserved non-coding RNA (microRNAs or miRNAs) that have

a fundamental function in the regulation of targeted genes [ 67]. RNA-seq is thus in-

strumental to understand the interconnection between the transcriptome and the phe-

notype in healthy tissues [ 289] and organisms [181], as well as biological mechanisms

involved in disease occurrence and progression [84, 421, 435, 522]. Transcriptomics is

progressively harnessed in cancer research to study tumor heterogeneity and estab-

lish biomarkers and therapeutic targets [ 207]; in particular, SCStechniques for RNA-

seq (scRNA-seq) provide a detailed picture of the tumor microenvironment [ 16, 528]

that can help in understanding the role of its immune component in suppressing ( e.g.

Tumor In�ltrating Lymphocytes ( TILs)) or promoting tumorigenesis [ 510].

1.2.1.3 NGS for toxicology

In preclinical research, the high-throughput analysis of the transcriptome has en-

abled the evaluation of toxicity and ADR resulting from the exposure to xenobi-

otics [226]. That drugs and environmental chemicals can alter gene expression pro�l-

ing in target organs through epigenetic mechanisms is well known in toxicology [ 21,

257, 292]. Several studies have demonstrated the suitability of transcriptomics to

detect sensitive biomarkers for early detection of toxicity based on differentially ex-

pressed genes [7, 389]. As the liver plays a major role in drug metabolism [ 477], it

is crucial to understand mechanisms of hepatotoxicity of drugs that affect the liver

as primary target; a particular class of ADR is Drug-induced liver injury ( DILI ), en-

compassing ADRs that cause liver damage. The liver is the most common target of

ADR , because of its crucial role in the metabolism of endogenous and exogenous com-

pounds [ 273]. Predictive markers of DILI able to identify susceptible patients would

give an enormous advantage to accelerate safe drug development and to prevent se-

vere reactions after approval [ 157, 403]. DILI is indeed one of the major concerns in

drug development and acute liver failure, accounting for 40% of liver transplants [ 82],

and 32% of drug withdrawals [ 158]. However, DILI prediction poses particular chal-

lenges, as pre-clinical testing for side effects in animals does not automatically trans-

fer to clinical trials and then to post-marketing treatment in the population. Indeed,

7
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individual susceptibility may arise in patients different from those enrolled in tri-

als, or range from clinically serious to worse as a function of interaction with other

factors [36].

Further, evaluation of idiosyncratic DILI is one of the most challenging tasks in

toxicity evaluation, due to the wide range of manifestations and the lack of speci�c

diagnostic tests [82]. Although animal testing remains the standard way to assess

drug safety in DILI studies, there is a constant effort to develop alternative assays

that are cheap and non-animal based [226]; as an example, the analysis of global

miRNA expression pro�ling through NGS uncovered four potential biomarkers for

DILI prediction associated to a common antifungal medication [ 268].

The digital revolution in medicine does not only refer to NGS technologies for

omics data, but encompasses a broader transformation that includes the advent of

high-resolution bioimaging techniques [ 470]. Modern bioimaging tools are used in

research and clinical practice to extract morphological information that results from

underlying biological mechanisms, thus linking the molecular nature of a disease

with its phenotypic manifestation [ 196]. Bioimaging biomarkers are a key component

of the precision medicine paradigm, with the role of increasing diagnostic accuracy,

guiding interventions, and monitoring response to treatments [ 163].

1.2.2 Radiology

Among radiology imaging techniques, Positron Emission Tomography ( PET) and

Computed Tomography ( CT) scans, often combined together, have a great impact

on cancer management and they are now an important part of both oncology clini-

cal practice as well as translational cancer research [142]. PET and CT supply useful

and complementary clinical information: PET can recognize functional malignancies,

undetectable on CT alone, while CT offers peculiar anatomical information, but can

normally identify abnormalities only after structural alterations have occurred. Local-

izing the exact position of a site of malignant disease often has a signi�cant impact

on decisions affecting the diagnosis, prognosis, staging, treatment, and overall pa-
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tient management. However, precise localization is dif�cult in PET �rst because the

spatial resolution with this technique is of some mm (with modern technologies for

clinical equipment it is of the order of 4 mm). Second, PET is characterized by poor

identi�cation of anatomical structures, since the radiopharmaceuticals are function-

ally speci�c and are absorbed differently only in target or target-like tissue; other

tissues are not shown in PET image. Although PET has the advantage of being able to

sensitively interrogate speci�c and varied abnormalities in tumor biology, its poorer

resolution and variable noise (e.g. time of image acquisition after injection, voxel di-

mension, respiratory motion or reconstruction algorithm) pose additional technical

limitations. Moreover, patho-physiological mechanisms can lead to potentially false-

positive and false-negative assessments [372]. In radiology, technological advances

have enhanced image reconstruction and scan speed, improving image interpreta-

tion and reducing procedure-associated risks such as radiation exposure from CT

and PET acquisitions [35].

1.2.2.1 Radiomics

Figure 2: Radiomics pipeline . 1) Radiology scan acquisition; 2) lesion segmentation; 3) fea-
ture extraction; 4) model building. 2

The diffusion of high-throughput scanners and the parallel development of computa-

tional tools has implicated the translation of the standard visual assessment of radi-

ology scans into quantitative features ( e.g.tissue intensity, shape, or texture) that can

serve as imaging biomarkers [164]. In particular, the extraction of minable data from

radiology images and their subsequent analysis in terms of computer-vision features,

2 Original image created with Keynote software. The sample CT scan is from the TCIA Head-Neck-
PET-CT repository.
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known as Radiomics, aims at providing objective, reproducible measures of a disease

evolution and response to treatment [ 260, 305]. A conventional radiomics pipeline

consists of four main tasks: (1) image acquisition/reconstruction; ( 2) image segmen-

tation; (3) feature extraction and quanti�cation; ( 4) statistical analysis and model

building (Figure 2). Radiomics is rapidly emerging in oncology as a non-invasive

way to improve tumor staging, metastasis detection, and prediction of clinical out-

comes [425], especially when integrated with genomic pro�les (radiogenomics) that

complement the pathophysiology description of a tumor [ 49, 424]. For example, sev-

eral radiomics and radiogenomics approaches have been adopted to identify imaging

biomarkers for diagnostic and prognostic endpoints in Head-and-Neck Squamous

Cell Carcinoma (HNSCC), including patient strati�cation into low or high survival,

and toxicity of oncologic therapies [ 57].

1.2.3 Digital Pathology

Figure 3: Digital Pathology work�ow. Glass slides result from several steps to prepare tis-
sue specimens for histopathology assessment; in traditional histopathology, slides
are evaluated by pathologists under a microscope. Digital Pathology translates the
acquisition and analysis of tissue slides into a digital environment. 3

10
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Although technological breakthroughs certainly speed innovation in radiology, pos-

sibly the major transformation brought by the digital revolution in medical imaging

is occurring in the pathology �eld. While the use of digitized radiological scans is a

long-standing clinical procedure, the histopathology examination of tissue samples

has been traditionally performed manually through a sequence of laborious steps:

�rst, organs and tissue fragments are collected during surgery or via biopsy; samples

are then processed with chemical substances to prevent damages and putrefaction

(�xation ); samples are cut into thin slices (around 5�m ), stored on glass supports, and

colored with histochemical stains ( e.g.Hematoxylin and Eosin ( HE)) to provide con-

trast; glass slides are �nally evaluated by pathologists under optical microscopes. The

whole pipeline, from the sample extraction to the delivery of the pathology report,

can require up to 10 days [500], and tissue slides of each patient must be stored for

10-20 years after analysis [442]. The morphological characterization of structures and

patterns on tissue slides is pivotal to deliver a diagnosis and inform in real time physi-

cians on potential treatment options. In oncology, histopathology is often referred to

as the gold standard for tumor diagnosis and grading [ 220, Chapter 35]. Therefore,

the replacement of a centuries-old manual routine [ 473] with a digital work�ow in

pathology, namely Digital Pathology ( DP) (Figure 3), has initially raised quality and

ef�ciency concerns, slowing down its translation into clinical practice [ 170].

1.2.3.1 Advantages in clinical and preclinical practice

The current availability of high-resolution scanners that ef�ciently replicate glass

slides in a digital multi-resolution format, named Whole Slide Image ( WSI), have es-

tablished the advantages of DP in tracking, automation, and interoperability over the

standard manual procedure [ 349]. In particular, the adoption of a digital environment

can facilitate the diagnostic process, allowing pathologists to review the whole tissue

section rather than small Region of Interest (ROI)s, and improving the ergonomics

of traditional settings [ 493]. Moreover, the use of WSI can help reducing laboratory

errors or issues resulting from the management and storage of glass slides, such

3 Original image created with Keynote software. Lab images credits: https://bit.ly/3s7mbYm (tis-
sue specimen and glass slide),https://bit.ly/3G5frPu (sectioning), https://bit.ly/3rXJdk5 (scan-
ning), and https://bit.ly/3o9GD9I (microscope).
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as sample mislabelling [333] or stain deterioration [ 321]. Finally, DP provides an ef-

fective and cost-ef�cient method for remote consultation (telepathology), promoting

collaboration and peer-reviewed evaluation among pathologists [ 415].

In the preclinical space, pathology is a central component in toxicity evaluation

and regulatory assessment with animal studies [ 183]; however, it is a laborious pro-

cess that requires extensive training; histopathology evaluation is often affected by

subjectivity and, unfortunately, discrepancies among pathologists are not uncommon.

Ethical aspects are also signi�cant, because intensive use of animal testing is costly

and hard to justify in terms of reproducibility and translation from model to hu-

man [169]. DP can open the door to the development of alternative assays that have

a lesser impact on animals or possibly being non-animal based.

1.2.3.2 Computational pathology

The advent of DP represented a paradigm shift in clinical and preclinical pathology,

crowned in 2017 by the FDA approval of the �rst WSI-based device (Philips Intel-

liSite Pathology Solution) for primary diagnosis of surgical slides. WSI are currently

used in clinical practice and research, and serve as building blocks for computa-

tional approaches that can enhance image analysis, assist clinical decision, and lead

to the identi�cation of sub-visual morphological features [ 1, 284]. Computational

Pathology (CPATH ) techniques have been used to automate and re�ne routine tasks in

pathology including nuclei segmentation and count, staining estimation, and metas-

tasis detection as well as to provide new perspective on complex biological mecha-

nisms, such as cell interactions in tumor microenvironment [ 149, 336].
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Chapter2
A I A N D B I O M A R K E R D I S C O V E RY

Highlights

� Deep learning (DL) techniques
adopt a data-driven learning pro-
cess that abstract complex relation-
ships in the input.

� The increasing availability of mas-
sive public datasets is boosting the
applications of Deep and Machine
Learning models in the biomedical
domain.

� In Radiology, DL can be combined
with Radiomics to develop accurate
imaging biomarkers.

� In Digital Pathology, DL is ap-
plied to automate clinical/preclin-

ical tasks and identify sub-visual
histological patterns.

� In toxicology, DL is improving the
detection of adverse drug reactions,
such as drug-induced hepatotoxic-
ity.

� General endpoints of the thesis.
Development of (i) a bias free Data
Analysis Plan for model develop-
ment, (ii) standardized procedures
for data preprocessing, and (iii) ro-
bust mathematical procedures for
model development to overcome
technical issues in the deployment
of medical AI.

2.1 Deep Learning

The �ood of outputs generated by the new high-throughput technologies has offered

new options for computational tools that can manage the massive amount of data

to extract valuable information [ 1, 60]. Based on an increasing list of success sto-

ries, Deep Learning (DL) techniques are already to represent a major breakthrough

in diagnosis, therapy decision, prognosis and treatment evaluation [ 393]. DL refers

to a class of machine learning methods that model high-level abstractions in data

through the use of modular architectures, typically composed by multiple nonlinear
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transformations estimated by data-driven training procedures. DL is now surpassing

pattern recognition methods in the most complex medical images challenges such

as the ones endorsed by the Medical Image Computing and Computer Assisted In-

tervention (MICCAI), and it is comparable to expert accuracy in the diagnosis of

skin lesions [138], classi�cation of colon polyps [ 245, 248], ophthalmology [ 115], ra-

diomics [ 98] and other areas [275]. In general, deep learning architectures based on

Convolutional Neural Network ( CNN )s hold state-of-the-art accuracy in numerous

image classi�cation tasks without prior feature selection. Further, intermediate steps

in the pipeline of transformations implemented by CNN s or other DL architectures

can provide a mapping ( embedding) from the original feature space into a deep feature

space (Figure 4). Of interest for medical diagnosis, deep features can be used for

interpretation of the model and can be directly employed as inputs to other Machine

Learning (ML ) strategies.

Figure 4: Example of a Convolutional Neural Network (CNN) model for image recognition,
composed of �ve convolutional blocks, and three fully connected layers. A similar
CNN is implemented in Chapter 12.1

1 Original image created with PlotNeuralNet : https://bit.ly/3Hna1AE
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