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ABSTRACT

Artificial intelligence is transforming healthcare, particularly the field of medical imaging,
providing powerful tools to process very high dimensional data, discover novel patterns, and
assist clinicians in their work. The wide adoption of these tools is currently hindered by
challenges related to the data (standardization, interoperability, privacy), the algorithms
(robustness, transparency, fairness, reproducibility), and the lack of rigorous clinical validation
(limited large-scale, prospective, and multi-center evaluations). Addressing these barriers is
essential to ensure that artificial intelligence systems are trustworthy and broadly applicable
across diverse clinical settings.

This thesis is focused on enhancing computed tomography-based diagnostic systems with deep
learning techniques. The first part presents the foundations of deep learning for computer
vision applications, the fundamentals of physics in medical imaging, together with current
challenges and limitations to the clinical adoption of artificial intelligence. Guidelines are
proposed to promote standardization, reproducibility and fairness, in addition to increasing
awareness among developers, researchers and healthcare professionals. The second part
explores specific applications of deep learning, first, in intracranial hemorrhage prognosis and,
subsequently, in lung cancer early diagnosis.

The work on intracranial hemorrhage prognosis leverages prior knowledge on clinical and
demographic variables highly correlated with prognosis to enhance the robustness of image
models through a multitask learning approach. The project on early lung cancer diagnosis
presents a mnovel multimodal dataset integrating annotated screening low-dose computed
tomography scans and plasma proteomics data generated by proximity extension assay. This
dataset is a highly valuable research tool to develop or validate individualized risk prediction
models that could significantly advance early lung cancer detection and intervention strategies.
In addition to its planned public release to support open research, the curated dataset is used
to assess the generalizability of deep learning models to predict the risk of malignancy in
pulmonary mnodules. Furthermore, a multimodal joint fusion approach integrating deep
learning features extracted from the scans and protein biomarkers is proposed to enhance
early lung cancer diagnosis using this novel screening dataset.

The contributions of this thesis highlight the inherent interdisciplinary nature of artificial
intelligence in healthcare, and the potential of prior knowledge to enhance the robustness of
deep learning algorithms. While artificial intelligence systems can process vast amounts of
data, it is the clinical context, provided by healthcare professionals, that gives this information
meaning and relevance. Close collaboration between clinicians, physicists, biologists and
developers is essential to identify real clinical needs, harness the potential of artificial
intelligence for personalized medicine, in addition to ensuring safe and reliable clinical
translation.






RESUMEN

La inteligencia artificial estda transformando la atencién sanitaria, en particular el area de
imagen médica, al  proporcionar potentes herramientas para  procesar datos
multidimensionales, descubrir nuevos patrones y ayudar a los profesionales clinicos en su
trabajo. En la actualidad, la adopcién generalizada de estas herramientas se ve limitada por
problemas relacionados con los datos (estandarizacion, interoperabilidad, privacidad), los
algoritmos (robustez, transparencia, equidad, reproducibilidad) y la falta de validacion clinica
rigurosa (escasas evaluaciones a gran escala, prospectivas y multicéntricas). Abordar estos
obstéculos es esencial para garantizar que los sistemas de inteligencia artificial sean fiables y
ampliamente aplicables en diversos entornos clinicos.

Esta tesis se centra en la mejora de los sistemas de diagnéstico basados en tomografia
computarizada con técnicas de aprendizaje profundo. En la primera parte se presentan los
fundamentos del aprendizaje profundo para aplicaciones de vision artificial, los principios
fisicos de las imagenes médicas, junto con los retos y las limitaciones actuales para la adopciéon
clinica de la inteligencia artificial. Se proponen gufas para promover la estandarizacion,
reproducibilidad y equidad, adem&as de aumentar la concienciacién entre desarrolladores,
investigadores y profesionales sanitarios. La segunda parte investiga aplicaciones concretas del
aprendizaje profundo, primero, en el prondstico de hemorragias intracraneales 'y,
posteriormente, en el diagnéstico precoz del cancer de pulmon.

El trabajo en prondstico de hemorragia intracraneal aprovecha la informaciéon complementaria
de variables clinicas y demogréficas altamente correlacionadas con el pronéstico para mejorar
la robustez de los modelos de imagen mediante un enfoque de aprendizaje multitarea. El
proyecto en diagnoéstico precoz de cancer de pulmén presenta un novedoso dataset multimodal
que integra tomografia computarizada de baja dosis y datos proteémicos medidos en plasma
generados por un ensayo de extensiéon de proximidad. Este conjunto de datos es una
herramienta de investigaciéon muy valiosa para desarrollar o validar modelos individualizados
de prediccién del riesgo, que podrian suponer un avance significativo en las estrategias de
deteccion precoz e intervencion del cancer de pulmén. Ademés de su proxima publicacién para
apoyar la investigacién en abierto, el conjunto de datos se utiliza para evaluar la capacidad de
generalizacién de modelos de aprendizaje profundo en la predicciéon del riesgo de malignidad en
nodulos pulmonares. Asimismo, se presenta una estrategia de fusion multimodal que integra
caracteristicas de aprendizaje profundo extraidas de las imagenes y biomarcadores proteicos
para mejorar el diagnostico precoz del cdncer de pulmoén utilizando este novedoso dataset.

Entre las contribuciones de esta tesis destacan la naturaleza interdisciplinar inherente a la
inteligencia artificial en la atencion sanitaria, y el potencial del conocimiento a priori para
mejorar la robustez de los algoritmos de aprendizaje profundo. Aunque los sistemas de
inteligencia artificial pueden procesar grandes cantidades de datos, es el contexto clinico,
proporcionado por los profesionales sanitarios, el que da sentido y relevancia a esta
informacién. La estrecha colaboraciéon entre clinicos, fisicos, bidlogos y desarrolladores es
esencial para identificar necesidades clinicas reales, aprovechar el potencial de la inteligencia
artificial para la medicina personalizada, ademés de asegurar una traslacién clinica segura y
fiable.
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Glossary

The following glossary defines terms and acronyms used throughout this thesis:

Adam
AdamW
Al
ANN
AUC
BINN
CAD
CapsNet
CIMA
CNN
CSF

CT
CUN
(0AY
DECT
DenseNet
DICOM
DL
DMP
DNN
DSC
DTC
EIBALL
ELISA
EM

EU
FAIR
FBP

FC

FDA
FM

FP

FPR

Adaptive Moment Estimation (optimizer)

Adaptive Moment Estimation decoupling Weight decay regularization (optimizer)

Artificial Intelligence

Artificial Neural Network

Area Under the Curve

Biologically Informed Neural Network
Computer-aided diagnosis

Capsule network

Center of Applied Medical Research, Navarra, Spain
Convolutional Neural Network

Cerebrospinal Fluid

Computed Tomography

Clinica Universitaria de Navarra, Navarra, Spain
Cross-validation

Dual-Energy Computed Tomography

Densely Connected Convolutional Network
Digital Imaging and Communications in Medicine
Deep Learning

Data Management Plan

Dense Neural Network

Dice Similarity Coefficient

Decision Tree Classifier

European Imaging Biomarker ALLiance
Enzyme-Linked ImmunoSorbent Assay (immunological test)
Electromagnetic

Furopean Union

Findable, Accessible, Interoperable, Reusable (principles for data sharing)
Filtered Back Projection

Fully Connected

U.S. Food and Drug Administration
Foundational Models

False Positive

False Positive Rate

FUTURE-AI Fairness, Universality, Traceability, Usability, Robustness, and Explainability
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GAN
GCS

GDPR
gLMs
GNN
GPU
Grad-CAM
HU
HUCA
HUMV
IBSI
ICH

1D
INTEGRAL
IPN
IQR

IR
KEGG
LASSO
LC
LDCT
LEON
LLM
LLP
LR
Lung-RADS
MAE
Mayo-PET
ML
MRI
MT
NIfTI
NLP
NLST
NOS
NPV
NPX
NRRD
NRs
ocT
ODE
PCCT
PCR
PDE
PEA

(structured framework for trustworthy and ethical Al in healthcare)
Generative Adversarial Network

Glasgow Coma Scale (clinical variable that describes the extent of impaired
consciousness in all types of acute medical and trauma patients)
General Data Protection Regulation

genome Language Models

Graph Neural Network

Graphics Processing Unit

Gradient-weighted Class Activation Mapping

Hounsfield Unit

Hospital Universitario Central de Asturias, Asturias, Spain
Hospital Universitario Marqués de Valdecilla, Cantabria, Spain
Image Biomarker Standardization Initiative

Intracranial Hemorrhage

Identifier

Integrative Analysis of Cancer Risk and Etiology (research consortium program)

Indeterminate risk Pulmonary Nodule

Interquartile Range

Interventional Radiology

Kyoto Encyclopedia of Genes and Genomes

Least Absolute Shrinkage and Selection Operator
Lung Cancer

Low-Dose Computed Tomography

Complejo Asistencial Universitario de Leon, Leén, Spain
Large Language Model

Liverpool Lung cancer Project

Logistic Regression

Lung imaging Reporting and Data System

Mean Absolute Error

Mayo risk model incorporating Positron Emission Tomography
Machine Learning

Magnetic Resonance Imaging

Multitask (referred to a multitask predictive model)
Neuroimaging Informatics Technology Initiative (file format)
Natural Language Processing

National Lung Screening Trial

Not Otherwise Specified

Negative Predictive Value

Normalized Protein eXpression

Nearly Raw Raster Data (file format)
Neuroradiologists

Optical Coherence Tomography

Ordinary Differential Equation

Photon-Counting Computed Tomography
Polymerase Chain Reaction

Partial Differential Equation

Proximity Extension Assay
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P-ELCAP Pamplona-Early Lung Cancer Action Program screening cohort
PET Positron Emission Tomography

PIML Physics-Informed Machine Learning

PINN Physics-Informed Neural Network

P5 medicine Predictive, preventive, personalized, participatory, psycho-cognitive medicine
PM Personalized /Precision medicine

PNG Portable Network Graphics (file format)

PPV Positive Predictive Value

pre-LC Lung cancer participants in previous years to lung cancer diagnosis
QA Quality Assurance

QC Quality Control

QIBA Quantitative Imaging Biomarkers Alliance

QIN Quantitative Imaging Network of the National Institute of Health, U.S.
qgMRI quantitative MRI

QWK Quadratic Weighted Cohen Kappa score

ReLU Rectified Linear Unit

ResNet Residual Network

RF Random Forest

RMSE Root Mean Squared Error

ROC Receiver Operating Characteristic

ROI Region Of Interest

RSF Random Survival Forest

SD Standard Deviation

SHAP SHapley Additive exPlanations

SNR Signal-to-Noise Ratio

SOTA State-of-the-art

SPECT Single-photon Emission Computed Tomography

T Tesla (unit used to measure the strength of a magnetic field)

TE Echo Time (in magnetic resonance imaging)

TNM Tumor (T), Node (N), and Metastasis (M) (staging system for cancer)
TPR True Positive Rate

TR Repetition Time (in magnetic resonance imaging)

t-SNE T-distributed Stochastic Neighbor Embedding

UMAP Uniform Manifold Approximation and Projection

UuocC Uniform Ordinal Classification index

US Ultrasound

ViT Vision Transformer

WSI Whole-Slide Imaging

XAI Explainable artificial intelligence

YI Youden’s index
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Chapter 1

Introduction

1.1 Context and motivation

The development of artificial intelligence (AI) applications in healthcare has experienced
unprecedented expansion in the last few decades. Computer-aided diagnostic (CAD) systems
have demonstrated significant potential in automating and supporting the workflow of medical
professionals, particularly in disease diagnosis and staging. Their growing impact is evident in
digital imaging specialties such as radiology, where CAD systems enhance the interpretation of
medical images, while reducing radiologists’ workload and inter-reader variability. This thesis
focuses on enhancing deep learning (DL) techniques for computed tomography (CT), which
plays a crucial role in clinical decision-making. In particular, this research has explored the
fields of oncology, pulmonology and neurology.

A key principle of translational medicine is the integration of diverse data sources, such as
molecular biology, genetics, and medical imaging, to enhance disease diagnosis and treatment
strategies. Personalized medicine (PM) leverages this multimodal approach to tailor treatments
based on individual biomarkers. However, the complexity of patient data demands advanced
techniques capable of processing different sources of data, i.e., machine learning (ML) and
DL algorithms, to increase diagnostic accuracy by identifying meaningful data relationships.
This multimodal strategy is essential for improving early detection, optimizing treatments, and
driving better patient outcomes. In particular, this thesis focuses on lung cancer, which is
one of the most commonly diagnosed cancers, and a leading cause of cancer-related mortality
worldwide. The high prevalence on both men and women underscores the urgent need for
improved diagnostic strategies to enhance patient survival. The integration of conventional
screening low-dose computed tomography (LDCT) scans and detailed profiling of the blood
proteome in novel multimodal Al algorithms can provide deeper insights into disease mechanisms
in lung cancer screening population, facilitating early detection and individual risk assessment.
Although lung cancer is the primary focus, this thesis also explores and contributes to a broader
understanding of the challenges that exist for the full development of trustworthy Al algorithms
in healthcare. Additionally, the work on this thesis describes a method to enhance the robustness
and interpretability of image-based DL techniques in intracranial hemorrhage prognosis.



1.2

Objectives and document structure

The goal of this thesis is to study and develop robust machine learning and computer vision
techniques to enhance radiological clinical decision making, and complement current
image-based methods with explainable AI techniques, medical prior knowledge and
multimodal approaches.

This document presents the main contributions related to the previous goals, and is divided
into the following chapters:

Chapter 2: provides an overview of deep learning focused on image analysis, with a
particular emphasis on convolutional neural networks, transformers, and capsule
networks, which are discussed and compared as state-of-the-art approaches in computer
vision.

Chapter 3: presents the fundamentals of physics in medical imaging for the main
modalities in the clinics, and includes an overview of physics-informed machine learning
methods.

Chapter 4: delves into deep learning in medical imaging, first introducing conventional
hand-crafted radiomics.  Subsequently, the main limitations of both conventional
radiomics and deep learning systems are explained. Next, guidelines are proposed to
standardize medical imaging workflows. Finally, the chapter concludes with the concepts
of explainability and trustworthy Al

Chapter 5: focuses on the specific challenges regarding clinical informatics data
preparation and preprocessing, together with their impact on reproducibility and data
leakage. To address current limitations, recommendations and guidelines are given to
standardize reporting on data preparation stages in clinical informatics.

Chapter 6: presents a multi-task learning approach to enhance intracranial hemorrhage
prognosis. The method leverages prior knowledge on clinical and demographic variables
highly correlated with prognosis to introduce them in a multi-task CT image-based deep
learning model. Interpretability saliency maps are clinically assessed by a neuroradiologist.

Chapter 7: describes a multimodal dataset for personalized LDCT-based lung cancer
screening research collected and curated as part of this thesis. This dataset will be released
in Zenodo to support research on lung cancer screening cohorts and advance the field of
personalized medicine through Al-driven multimodal models in the context of LDCT-
based lung cancer screening.

Chapter 8: explores the generalizability of state-of-the-art 2D and 3D deep learning models
within a medical informed framework for lung nodule malignancy risk assessment.

Chapter 9: presents a novel multimodal approach to enhance early lung cancer diagnosis
combining image-based lung nodule risk assessment with plasma proteomics biomarkers.
Performance is compared with existing lung cancer risk prediction tools.

Conclusions: summarizes the overall contributions, evaluates the extent to which the
proposed objectives have been achieved, and outlines directions for future research.



1.3 Research outcomes

1.3.1 Research papers

The work of this PhD thesis has culminated in several papers published in high impact journals
and proceedings of international conferences, as detailed in Table 1.1.

Table 1.1: Details of published papers.

Article Impact Cites
Factor

Cobo, Miriam, et al. “Multi-task Learning Approach for Intracranial - -
Hemorrhage Prognosis.” International Workshop on Machine Learning

in Medical Imaging. Cham: Springer Nature Switzerland, 2024. p. 12-

21.

Fernandez-Miranda, P. M., Fraguela, E. M., de Linera-Alperi, M. &81.9 4
A., Cobo, Miriam, et al. “A retrospective study of deep learning
generalization across two centers and multiple models of X-ray devices

using COVID-19 chest-X rays.” Sci Rep 14, 14657 (2024).

Cobo, Miriam, et al. “Enhancing radiomics and Deep Learning 88.4 43
systems through the standardization of medical imaging workflows.” Sci
Data 10, 732 (2023).

Cobo, Miriam, et al. “Novel deep learning method for coronary artery 81.7 1
tortuosity detection through coronary angiography.” Sci Rep 13, 11137
(2023).

There are also a few papers under revision or planned to be submitted to high impact journals
and proceedings of international conferences, as detailed in Table 1.2.

In addition, one dissemination book was published: Miriam Cobo Cano and Lara Lloret Iglesias.
Inteligencia artificial y medicina. Editorial CSIC, 2023 (ISBN-10: 8413527252).

1.3.2 Conferences and workshops

The author of this thesis has co-organized the tutorial Think your deep learning model works?
Think again! with Pietro Vischia (University of Oviedo) and Lara Lloret Iglesias, accepted at
the European Conference on Artificial Intelligence (ECAI 2025). The author was also invited
as a speaker in the Workshop Artificial Intelligence in Biology celebrated in the National
Centre for Biotechnology (CNB-CSIC) in Madrid on February 14th, 2025. The talk was
entitled Trustworthy Artificial Intelligence for Multimodal Medical Data. Additionally, the
poster from the author Reliable machine learning algorithms for medical imaging presented at
“X Jornadas Doctorales del G-9 y V Jornadas de Divulgacién” in June 2023 organized by
“Grupo 9 de Universidades (G-9)” received the Jury’s Prize for the best poster in the Science
area.



Table 1.2: Details of current papers under review or planned to be submitted.

Article

Status

Cobo, Miriam, et al. “Physical foundations for
trustworthy medical imaging: a survey for artificial
intelligence researchers.”

Cobo, Miriam, et al. “Applying the FAIR principles
in clinical informatics data preprocessing for artificial
intelligence algorithms.”

Cobo, Miriam, et al. “A novel open access
multimodal dataset of nodule imaging and circulating
proteome from a lung cancer screening cohort.”

Cobo, Miriam, et al “Validating a medical
informed deep learning ordinal approach for lung
nodule assessment.”

Artificial

Under review in
Intelligence in Medicine.

Planned to be submitted to Sci
Data.

Planned to be submitted to
Radiology: Artificial Intelligence.

Planned to be submitted to
IEEE International Symposium on
Biomedical Imaging 2026.

1.4 Collaborations

Research in AT for medical applications is highly interdisciplinary, thus, collaborations are crucial
to have access to high quality annotated datasets, understand the characteristics of the data
from different modalities, and consequently design AI algorithms that adapt to their unique
features. In addition, clinical validation and feedback are essential to build trustworthy Al
systems. The work presented in this thesis is the result of several research collaborations with
researchers and clinicians from other institutions.

1.4.1 Clinica Universitaria de Navarra and Center of Applied Medical
Research

The main work of this thesis has been done in collaboration with Clinica Universitaria de
Navarra (CUN) and Center of Applied Medical Research (CIMA), which provided the dataset
P-ELCAP aimed at enhancing early lung cancer diagnosis in a screening population from a
multimodal perspective. Among many others, the following researchers led or were particularly
involved in the project:

e Prof. Luis Montuenga Badia, who was awarded the first Lung Ambition Alliance Prize
for Research on Lung Cancer Early Detection (01/11/2021) as Principal Investigator. He
has supervised the work since the beginning, from the dataset collection at CUN to
contacting external institutions for external validation datasets, and supporting the
research at all stages. He has provided translational research, clinical background
supervision and feedback for all results, articles and applications we developed.

e Prof. Gorka Bastarrika Alemarn, who has supervised the LDCT collection and provided
clinical feedback from the radiological point of view.

e Dr. Diego Serrano Tejero, who has collaborated particularly in the proteomics analysis,
and provided clinical feedback for all results, articles and applications we developed.



1.4.2 Utrecht University and Netherlands Cancer Institute

The author of this thesis performed research stays at Utrecht University and the Netherlands
Cancer Institute. The following researchers contributed to the progress made during this
doctoral thesis:

e Prof. Wilson Silva, who co-supervised this thesis, providing technical supervision and
feedback for all results, articles and applications we developed. The biweekly group
meetings with external speakers fostered valuable discussions and the exchange of novel
ideas among the group members, who actively participated and engaged in the meetings.

e Prof. Sanne Abeln, who leads the AI Technology for Life group at Utrecht University. The
weekly group meetings provided very insightful discussions that enhanced the knowledge
of Al in life sciences and multi-omics, while also encouraging innovative ideas. This was
possible thanks to the active participation of fellow researchers, creating a welcoming,
stimulating and supportive research environment.

1.4.3 Liverpool University

As part of this thesis, a validation dataset for lung cancer early diagnosis was obtained through a
collaboration with Liverpool University. The following researchers were instrumental in enabling
this data sharing agreement:

e Prof. John Field, who leads the Liverpool Lung cancer Project (LLP) and authorized the
use of LLP as an external validation cohort.

e Dr. Michael Davies, who has supported the preparation of the LLP cohort and the
establishment of the institutional agreement.

The LLP cohort is a lung cancer screening population that supports external validation under
blinded conditions.

1.4.4 University hospitals and other institutions

Several radiologists contributed to this thesis by collecting datasets, annotating medical
images, providing extensive clinical feedback, and participating in the research articles: Dr.
Amaia Pérez del Barrio (Hospital Reina Sofia, Tudela, Spain), Dr. Pablo Menéndez Fernandez
Miranda (Hospital Universitario Rey Juan Carlos, Mostoles, Spain), Dr. Pablo Sanz Bellon
(Hospital Universitario Marqués de Valdecilla, Santander, Spain), and M.D. David Corral
Fontecha (Complejo Asistencial Universitario de Leon).

Additionally, a project proposal was submitted to the United States National Cancer Institute
to obtain access to the National Lung Screening Trial (NLST) dataset, which was subsequently
approved for use in the lung cancer project.

1.5 Funding

This work was funded by the Ministry of Education of Spain through the FPU (Training
programme for Academic Staff) grant with reference FPU21-04458, and the FPU grant for
research stays EST24/00533, as well as the project AI4EOSC “Artificial Intelligence for the
Furopean Open Science Cloud”, that has received funding from the European Union’s Horizon



Europe research and innovation programme under grant agreement number 101058593.
Funding for the collaboration with CIMA-CUN has also been allocated from the Lung
Ambition  Alliance  Prize for Research on Lung Cancer Early Detection
(01/11/2021-01/11/2024).



Chapter 2

Overview of deep learning in image
analysis

2.1 Introduction

The idea of using machines to replicate intelligent behavior and reasoning was first proposed
by Alan Turing in 1950. In his seminal work “Computing Machinery and Intelligence”, Turing
introduced what would later be called the Turing Test, a method to measure the ability of a
machine to exhibit intelligent behavior indistinguishable from that of a human [7]. In this test,
a human evaluates natural language conversations with a real human and a machine, without
knowing which is which, and has to determine which participant is the machine based solely
on its responses. If the machine can convincingly mimic human replies, it is considered to have
passed the test.

The term artificial intelligence (Al) was introduced during the Dartmouth Summer Workshop
in 1956, where it was broadly referred to as thinking machines [8]. Al can be defined as the
ability of a machine or computational model to recognize or learn patterns and relationships
from representative data (training data), and apply this knowledge to make informed decisions
on new, previously unseen inputs (test data) [8, 9]. Since the 1950s, AI has undergone significant
growth, evolving over the past decades into increasingly complex algorithms, and creating new
opportunities in many domains. This thesis focuses on one of the most promising areas of
application: healthcare, with a particular emphasis on medical imaging and multimodal Al
From a broader perspective, Al can be divided into two main approaches: symbolic Al and
machine learning (ML) [10], which will be defined throughout the next section.

In this chapter, we provide an overview on the main developments of Al since the beginnings
until today, focusing on deep learning (DL), the branch within ML that has enabled many of
the recent advances in computer vision and image analysis applied to medical imaging.

2.2 Learning paradigms

In the early beginnings, symbolic or rule-based Al was the dominant paradigm, encoding
expert knowledge into explicit if-then rules and decomposing complex tasks into manually
crafted subroutines. This approach consists in incorporating human knowledge and rules of



behavior, acquired through experience, into computer programs, so-called expert systems [9].
The objective task is divided into smaller, simpler tasks and these are programmed manually.
This paradigm was very successful in solving problems where the rules were very clear. In
medical diagnosis, MYCIN was one of the earliest and most influential systems [11].
Developed in the 1970s, MYCIN is a computer-based expert system which leveraged a
knowledge base of bacterial-infection rules to assist physicians in antibiotic treatment. In the
field of medical imaging, pioneering computer-aided detection tools applied rule-based logic to
mammograms to support radiologists, culminating in the 1998 FDA clearance of the first
commercial CAD system, ImageChecker M1000 [12]. This system detects microcalcifications
by analyzing their brightness and size, and identifies larger masses by examining patterns of
dense regions. The aforementioned achievements highlighted the strengths of explicit
knowledge representation, but also revealed a critical limitation: rigid rule sets struggled to
adapt to unforeseen scenarios. Such inflexibility paved the way for statistical ML and,
subsequently, DL approaches, which offered more scalable, data-driven solutions for complex
pattern recognition in medical imaging. Nevertheless, rule-based systems are still used today
in certain medical imaging applications, particularly in the field known as radiomics, which
will be explained in Section 4.2.

The revolution came with digitalization and the increase in computational power, in particular
high-performance graphical processing units (GPUs) and distributed computing, which
facilitated the processing of complex algorithms and large-scale data [13]. The MP-neuron,
introduced by McCulloch and Pitts in 1943, represented one of the earliest models of artificial
neurons and was used to simulate logic gates in early computational systems [14]. Their work
served as a starting point for subsequent developments in neural network research in the
following years. Backpropagation was first introduced in the 1970s, although it did not
become widely known until a few years later, in the work published by Rumelhart, Hinton,
and Williams in 1986 [15, 16]. This work laid the foundations of ML, especially regarding
neural networks and supervised learning. In the ML paradigm, a computer system or model
learns or improves its predictive performance by detecting patterns and correlations within
the data and iteratively refining its internal representations based on feedback from previous
iterations [9]. ML techniques can be categorized into three main groups: supervised learning
(models learn from labeled data to predict outcomes, e.g., classification, detection or
segmentation tasks), unsupervised learning (models create pseudo-labels from data to learn
representations, e.g., generative models), and reinforcement learning (agents learn optimal
actions by interacting with an environment, e.g., AlphaGo).

Within ML, the most powerful techniques and algorithms have emerged from DL, characterized
by the use of neural networks with multiple layers, which allow for the hierarchical extraction of
features from data. Its development has been driven by the growth in computational capacity,
particularly the use of GPUs, the availability of large annotated datasets, along with continuous
architectural and algorithmic improvements. Figure 2.1 shows the most relevant milestones since
the 1950s until the current state of the art in DL, with particular attention to techniques applied
to image analysis. Many of these models and architectures are explored in the next chapters of
this thesis on medical imaging applications. The following section provides a brief overview of
the main architectures and key breakthroughs in DL for computer vision and image analysis.
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Figure 2.1: Milestones in the history of artificial intelligence, deep learning and neural networks.
Adapted from Lones [4].

2.3 Deep learning in image applications

2.3.1 Convolutional neural networks

Convolutional Neural Networks (CNNs) are a hierarchical and cascade model that consists of
convolutional layers, pooling layers and fully connected layers. Within convolutional layers,
local feature maps are extracted by the convolutional operation of filters, which are then passed
to the next layers to extract higher-level features [17|. Pooling layers reduce the dimension of
the feature maps with a down-sampling operation (max, min or average pooling), enabling a
considerable reduction in the number of computations needed [14]. The fully connected layers
come after the final convolutional layer and transform the feature map into a one-dimensional
vector to give the final output. As in any neural network the activation function introduces the
non-linearity [18].

Weight sharing is an essential property of convolutional layers, allowing the same kernels to
scan across the entire image. This approach not only significantly reduces the number of
trainable parameters compared to fully connected layers, but also allows translation
equivariance. Consequently, a spatial shift in the input of a convolutional layer results in a
corresponding shift in the output feature maps, preserving the spatial structure of the input,
as the convolutional operation applies the same filters uniformly across all spatial locations [6].
Subsampling techniques in CNNs, such as max-pooling, are typically used after the
convolutional layer to reduce the spatial resolution of feature maps while preserving the most
relevant activations. As a result, the output of a pooling unit remains unchanged regardless of
the exact position of a feature within its pooling window, leading to local invariance to input
translations in the activations in the next layer [6]. While pooling operations contribute to
better generalization by discarding redundant information and reducing spatial complexity,
they also lose fine details in the image that may be critical for certain tasks [19]. The
combination of convolutional operations and pooling enables CNNs to learn hierarchical
representations, as successive layers extract increasingly abstract representations of the input,
from low-level textures and edges in the first layers to high-level semantic structures in the last
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ones.

CNNs are widely used in medical imaging for several tasks [17], such as classification [5, 20|,
segmentation [21], or detection. Transfer learning is a typically employed technique to optimize
the learning task. This approach leverages a pretrained base model and, depending on the
specific application, either retrains the entire network or freezes the initial layers while fine-
tuning the final ones to adapt to the target task. Figure 2.2 shows an example of transfer
learning in coronary artery tortuosity detection from ImageNet [22], the largest natural image
database available.

Base ImageNet model: Xception Fully Connected Layers

=

- %

SoftMax
activation
Pointwise
convolution S—
45925° et
(Spider) Depthwise Relu
convolution activation

Figure 2.2: Transfer learning in a CNN Xception architecture for coronary artery tortuosity
detection. Reproduced from Cobo et al. [5].

Numerous CNN architectures have been proposed in the literature. The primary ones used in
this thesis are presented below:

e Residual network (ResNet) introduces shortcut connections, also known as skip
connections, which allow the input of a block of layers to bypass one or more
intermediate layers and be added directly to the output of a deeper layer [23]. This
architecture addresses the vanishing/exploding gradient problems, enabling to train more
effectively deep neural networks [23]. Popular architectures (e.g., ResNet-18, ResNet-34)
with different network depths and number of parameters, pretrained on ImageNet [22] or
Med3D [24] (a medical imaging database), are available in open source frameworks like
Pytorch [25] or Monai [26], and can be selected according to specific computational or
performance needs.

e Densely connected convolutional network (DenseNet) connects each layer to all subsequent
layers in a feed-forward structure, allowing each layer to receive feature maps from all
previous layers and pass its own outputs to all the following ones. This design improves
gradient flow, enhances feature reuse, and significantly reduces the number of parameters
[27]. Similar to ResNet, popular configurations like DenseNet-121, 169, and 201, with
different network depths, are available in open source frameworks such as Pytorch [25]
or Monai [26], and can be selected depending on specific computational or performance
constraints.

e EfficientNet introduces a scaling method that uniformly scales and balances network
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depth, width and resolution to achieve better performance and efficiency [28]. The
EfficientNet family includes models from EfficientNet-B0 to EfficientNet-B7, which
combine efficient scaling of depth, width, and resolution with regularization techniques.

In the field of medical imaging, CNNs achieving expert-level performance on both skin cancer
classification [29] and diabetic retinopathy classification [30] represented two significant
milestones, demonstrating their value as diagnostic support tools in clinical practice.
Additionally, CNNs are widely used for segmentation tasks, enabling the automated
delineation of anatomical structures and pathological regions, which in medical imaging are
crucial for treatment planning, disease monitoring, etc. Although segmentation is not the
primary focus of this thesis, an important milestone in this field was the introduction of the
U-Net architecture by Ronneberger et al. [21] in 2015, specifically designed for biomedical
image segmentation.

2.3.2 Transformers

Transformers were originally proposed for natural language processing (NLP) in 2017 by
Vaswani et al. [31]. This architecture relies entirely on attention mechanisms, in contrast with
previous architectures that combined attention with recurrent and convolutional layers [31].
The attention mechanism maps a query vector and a set of key-value vector pairs to a single
output vector. The output is generated by taking a weighted sum of the value vectors, with
each weight determined by a compatibility score between the query and its corresponding key.
This process enables the model to adjust the contribution of each input element based on its
alignment with the query (what we would like to pay attention to).

The transformer architecture employs self-attention and multi-head attention [31]. Given a
sequence of elements, self-attention computes the relevance of each element to all others: based
on the query, it measures its similarity against the keys of all elements in the sequence and
returns a weighted average of the value vector for each element. This allows transformers to
capture and process relevant information in the input sequence, attending to the important
elements. The most commonly used attention functions for computing similarity are additive
attention [32| and scaled dot-product attention [31]. In the latter, attention is computed in
parallel over a set of queries, keys, and values represented as matrices (), K, and V, respectively.
The output is given by

Attention(Q, K, V') = softmax (QKT> 1% (2.1)
Y vy,

where dj is the dimension of the queries and keys, while d, is the dimension of the values.
Multi-head attention extends the self-attention mechanism by using multiple heads, i.e., sets of
different query-key-value projections on the same features, allowing the model to attend and
capture diverse aspects of the input sequence simultaneously. Positional encodings are added
to input embeddings to provide information about the position of the tokens (words or parts of
words) in the sequence [31]. Transformers considerably improved computational efficiency and
scalability compared to previous architectures in NLP. The transformer architecture laid the
foundation for the development of large language models (LLMs) [33], now widely used in NLP
tasks such as text generation, translation, summarization, and dialogue systems. LLMs are DL
systems designed to process natural language at a large scale, enabling advanced capabilities
in natural language understanding and generation [33|. In genomics, the success of LLMs
has motivated the development of genome language models (gLMs), inspired by the analogy
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between natural language and the genome’s biological code [34]. These gLMs are trained on
DNA sequences utilizing transformer-based architectures.

Pure vision transformers (ViTs) for images were introduced by Dosovitskiy et al. in 2021 [35].
Their architecture splits an image into patches, and a sequence of their linear embeddings is
used as input to a transformer, where each patch is treated the same way as tokens in NLP.
Cordonnier et al. [36] showed that multi-head self-attention is a more general operation than
convolution; given a sufficient number of heads, it can approximate any convolutional layer.
This enables fully attentional models to learn to combine local context (similar to convolution)
and global attention based on the input [36] for better representation learning. However, when
trained on insufficient amounts of data, transformers struggle to generalize due to the absence
of inductive biases inherent to CNNs [35], introduced by weight sharing and pooling operations,
such as translation equivariance and locality. Despite this limitation, the minimal inductive
bias in transformers’ design achieves competitive performance on a wide range of tasks when
combined with large-scale pretraining for NLP and vision applications.

In medical imaging, transformers are very popular in a wide range of tasks, including
segmentation, detection, classification, reconstruction, synthesis, or registration,
demonstrating similar or even superior performance compared to CNNs due to their ability to
capture global context, as surveyed by Shamshad et al. [37]. A major advantage of
transformers is that they inherently support multimodal applications by integrating
embeddings from different modalities and enabling cross-modal attention [37]. There are
highly promising applications integrating whole-slide images and bulk transcriptomics through
multimodal transformers [38], a field that has been more extensively studied due to the
availability of open-access datasets.

2.3.3 Capsule networks

Capsule networks (CapsNets) were implemented by Sabour,
Frosst, and Hinton in 2017 [39] to address an important
limitation of CNNs, which do not explicitly preserve the
spatial relationships and relative positions between features.
Pooling operations in CNNs lose valuable information about
the precise position of an object within the region [39, 40]. / x
This shortcoming requires larger amounts of training data
or the replication of feature detectors for each possible
variation of a transformation, which in CNNs translates
into an exponential increase in the number of feature
maps, thereby raising computational demands and the risk
of overfitting [39]. An alternative but inefficient way to ¥ 4 X
address this issue is through data augmentation; however,
this approach is often impractical in real-world scenarios
due to limited availability of diverse viewpoint data [6].
CapsNets were developed to improve the modeling of part-
whole hierarchical relationships, and to learn more robust,
pose-aware, and interpretable object-centric representations
[6]. As an example, a CNN may classify an image as a
face based solely on the presence of key features like eyes,
a nose, and a mouth, regardless of whether these features

Figure 2.3:  Classification of
a face depends not only on
detecting individual features but
also on preserving their spatial
configuration. Inspired by Figure
6 from De Sousa et al. [6].
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are arranged correctly (e.g., eyes above the mouth) or randomly organized 14, 6]. In contrast,
capsule networks ideally consider the spatial relationships between features, correctly identifying
an image with properly arranged facial features as a face, while rejecting a disorganized
configuration. A visual example is shown in Figure 2.3.

CNNs’ limited ability to preserve spatial relationships is associated with their difficulty in
generalizing to novel viewpoints not seen during training [6]. Convolution operations are only
equivariant to translations, therefore, CNNs struggle to handle changes in viewpoint involving
other types of transformations. This task is relatively trivial to humans and, unlike CNNs,
CapsNets attempt to capture viewpoint invariance within the network’s weights to produce
viewpoint-invariant predictions [6], as will be explained in the next paragraphs. In contrast to
CNNs, CapsNets replace scalar-output feature detectors with vector-output capsules and use
routing-by-agreement instead of max-pooling [39]. Geirhos et al. showed that CNNs tend to
focus more on textures and other local features when interpreting images [41], rather than
object shapes, more in line with humans, which makes CNNs more vulnerable against
adversarial examples, that are visually indistinguishable to humans [42].

The main components of CapsNets are capsules, capsule layers, the dynamic routing mechanism
and the capsule vector activation:

e Capsule. A capsule is a group of artificial neurons that represent different properties of
the same type of visual entity such as an object or an object part [39]. Their architecture
is inspired by evidence from neuroscience, suggesting that groups of spatially proximate
neurons (forming what is known as a hyper-column) are tightly interconnected and may
somehow function as higher-level vector-valued units, capable of transmitting not just a
single scalar value, but an entire set of coordinated values [43].

Formally, a capsule receives a set of N input signal vectors x;, each of dimension D,
and a corresponding set of transformation weight matrices W;, with dimension P x D.
The capsule processes these inputs through a dynamic routing process, which employs
a set of routing coefficients v = {v;}X,, with v; € [0,1] to adjust the contribution of
each transformed input [6]. The capsule can be described as a parameterized function
c(X;W) : RV*P 5 RP where X = {x;}, with x; € RP, and W = {W,;}¥ | with
W, € RP*P Subsequently, a non-linear activation function ¢(-) is applied to produce an
output capsule vector y € R given by [6]

N
y=¢ (Z ¥ Wi - Xi> : (2.2)

=1

This non-linear activation function is the squashing function in Sabour et al. [39]. Unlike
the artificial neuron that produces a scalar output y € R, a capsule generates a vector of
neural activities y € R”.

e Capsule vector activation. The capsule vector activation proposed by Sabour, Frosst,
and Hinton [39] is the non-linear squashing function. The goal is that the length of the
output vector y; of a capsule represents the probability that the entity is present or not
in the input, while the length remains in the range [0, 1]:

Is;|I> s;

L] (2.3)
1+ Is511> s

y;j = squash(s;) =
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where s; = Zf\il ~vi W, - x;. This function scales short vectors (low confidence) down and
long vectors (high confidence) towards unit length, preserving direction while encoding
the presence probability in the length.

Capsule layer. Each layer in a CapsNet contains many capsules where the outputs of
one layer become the inputs to the next, enabling hierarchical modeling of lower-level part
capsules and higher-level object capsules [6]. The first capsule layer, known as the primary
capsule, comes generally from the application of convolutional operations directly to the
raw input data (e.g., images, as will be discussed in Chapter 8). The outputs of these
capsules serve as part representations, which are then passed hierarchically to the next
layers. In each higher layer, the capsules act as parts for increasingly abstract entities,
continuing this hierarchical composition until the final capsule layer is reached.

Dynamic routing mechanism. The dynamic routing is the non-linear, clustering-like
process that defines how the information flows from the lower layers to the higher layers of
capsules [6], similar to transformers that employ self-attention to decide how to attend to
different parts of the input. Unlike pooling operations in CNNs, which select the strongest
activations, capsule routing operates in a dynamic, clustering-like manner. The goal is
to assign lower-level part capsules to higher-level object capsules by optimizing a set of
routing coefficients v € RV *M where 0 < vi; < 1. These coefficients represent the affinity
between each input signal x; and the corresponding output capsule [6]. Capsule routing
operates dynamically and aims to establish part-whole relationships through an iterative
agreement mechanism, defined as routing-by-agreement by Sabour et al. [39].

Initially, each part capsule i makes predictions (votes) about the pose of each object
capsule j. If multiple part capsules produce votes that agree (i.e., point in similar
directions), the corresponding routing coefficients 7;; are reinforced, while others are
suppressed. This enables the network to detect entire objects based on evidence from
their parts, evaluating whether those parts form a consistent spatial configuration, rather
than isolated feature activations like in pooling operations, as explained in Figure 2.3.

Formally, during dynamic routing, the routing logits b;; are iteratively updated according
to the level of agreement between the output y; of each higher-level capsule j and the
prediction (vote) v;; made by each lower-level capsule i [6]. This agreement is computed
as the scalar product aj; = v;j; - y; [39]. Intuitively, if both vectors y; and Vj; are unit
vectors (i.e., [[y;]| = 1 and [[v;;|| = 1), then a;; corresponds to the cosine of the angle
between them. A high value of o;; indicates strong agreement, meaning that the vote
vector and the output vector point in a similar direction. This agreement is accumulated
into the routing logit b;;, which is subsequently normalized using a softmax function to

produce the routing coefficients ;;:

__ exp(bij)
Yij Zk eXp(bik) : (2'4)
Through this iterative process, described in Algorithm 1, capsules learn to assign more
weight to those higher-level capsules whose outputs are most consistent with their
predictions. The number of routing iterations r suggested by Sabour et al. was 3 [39]. In
Chapter 8, the number of routing iterations was reduced to 2 without compromising
performance.

There are similarities between capsule routing and the self-attention mechanism in Transformers
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Algorithm 1 Dynamic routing-by-agreement algorithm

1: function ROUTING(x, W, 1)

2 for all capsule 4 in layer ¢ and capsule j in layer £ 4 1: b;; < 0

3 for all 4, j: vj; < Wy;-x; > voting
4 for r iterations do

5: Viel: v < softmax(b;) > routing weights in Equation 2.4
6 Vjel+1: Sj(-Zi"}/ijVﬂi

7 Vjel+1: y; <« squash(s;) > Equation 2.3
8 Vi, ji auj 4 Vi Y > agreement
9 Vi, j: bij — bij + ;5 > update
10: end for

11: return y;

12: end function

discussed in the previous section. Inspired by neuroscience [43], both architectures use vector-
valued units that represent entities rather than single scalar values. In CapsNets, capsules are
vector-valued units, while in Transformers self-attention mechanisms are represented by key,
value, and query vectors [6, 43].

Despite their conceptual potential, CapsNets are still in the early phases of development, as
their intended advantages remain difficult to realize in practice. The additional complexity
introduced by vector-valued neural activities, together with the computational overhead
imposed by routing algorithms result in models that are often inefficient and challenging to
train [6]. Moreover, the equivariance property that CapsNets aim to achieve is only
approximate in practice, limiting their robustness under complex transformations [6]. In
contrast, Transformers, introduced around the same time, have rapidly gained popularity and
become the dominant architecture in various domains due to their scalability and superior
performance. The effectiveness of DL architectures depends not only on their underlying
mechanisms, but also on careful network engineering and design choices, which introduce
meaningful inductive biases that play a crucial role in achieving robust performance in
real-world applications [44].

In medical imaging, CapsNets have shown promising results in various applications, including
pulmonary nodule evaluation in lung cancer imaging, as will be discussed in Chapter 8. Their
ability to preserve hierarchical pose relationships and geometrical information between object
parts has been particularly explored in medical image segmentation, demonstrating superior
performance over CNNs on small datasets [45]. For instance, in lung segmentation, Lalonde et
al. [46] introduced a novel encoder-decoder CapsNets architecture with an improved routing
mechanism, achieving higher performance than the popular U-Net for biomedical image
segmentation, while utilizing less than 5% of its parameters. In image classification tasks,
Long et al.  [47] proposed a CapsNet architecture for blood cell classification that
outperformed CNN-based methods in low resolution and small datasets. Despite their
potential, the high computational cost of CapsNets remains a limitation, suggesting the
development of hybrid designs that combine them with conventional neural networks as a
promising future research direction [45].
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2.4 Discussion and conclusions

Artificial intelligence has made substantial progress since Turing’s 1950 proposal of a test to
evaluate machine intelligence through language. The Turing Test has gained renewed relevance
in the era of LLLMs, which have demonstrated an impressive ability to produce grammatically
coherent and meaningful sentences. However, these systems continue to struggle with many basic
aspects of arithmetic, logic, causal reasoning and physical common-sense [48]. Their tendency
to produce confident but incorrect outputs (commonly referred to as hallucinations) raises
concerns about their reliability, particularly in high-stakes domains like healthcare. To address
the limitations of purely linguistic evaluation, the embodied Turing test has been proposed,
shifting the focus to how Al systems interpret and interact with the physical world [48].

This broader view of intelligence reflects the historical development of AI methods. Early
symbolic systems, which relied on manually encoded rules, were successful in structured, well-
defined domains. In medicine, expert systems like MYCIN demonstrated the potential of rule-
based reasoning, but were limited in flexibility and scalability. The emergence of ML represented
a turning point towards data-driven models capable of recognizing patterns without explicit
instructions. Yet, conventional ML methods still required hand-crafted features and struggled
to model the complexity of high-dimensional image data.

Deep learning, particularly through CNNs, addressed many of these limitations by enabling
models to learn hierarchical features directly from raw inputs. CNNs became the standard
for image-based tasks, including classification, segmentation, and detection in medical imaging
[17]. However, their architecture favors local context and may overlook global relationships or
fine spatial details, which can be critical for accurate clinical interpretation. To mitigate these
weaknesses, new architectures have emerged. On the one hand, transformers, through their
attention-based mechanisms, are capable of modeling both local and global dependencies. This
architecture is especially effective in multimodal scenarios that integrate imaging with other data
sources. CapsNets, on the other hand, aim to preserve spatial relationships between features,
providing robustness to variations in viewpoint, and potentially enabling more interpretable
object-centric representations. Each of these models addresses different limitations of traditional
CNNs, and their combined use is likely to define the next generation of Al systems for medical
applications.

When considered as a whole, these architectural paradigms offer complementary strengths.
CNNs are efficient and well-validated for local pattern detection. Transformers enable context-
aware and multimodal processing. CapsNets preserve spatial relationships and learn pose-aware
object representations. It is expected that future progress will not rely on one single model, but
rather on hybrid approaches that combine the best properties of each architecture. For instance,
recent studies explore the integration of convolutional encoders with transformer-based attention
modules for medical image segmentation [49]; or the combination of capsule layers, multi-head
attention and convolutional layers to improve generalization capabilities of CNNs for COVID-19
chest X-ray classification [50].

It is also important to emphasize that symbolic Al is not obsolete. While it may no longer
dominate Al research, its principles continue to inform the development of more transparent
and controllable systems. In medical imaging, symbolic knowledge can be integrated into DL
pipelines in several ways: through the design of loss functions, the inclusion of prior knowledge
in model architectures, or post-processing steps that align outputs with domain constraints.
These hybrid strategies can enhance performance, especially in data-scarce scenarios or when
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dealing with rare conditions where purely data-driven learning may be insufficient to capture
the clinical variability.

The goal of Al in medical imaging is not to replace human experts, but to support and extend
their capabilities. Successful Al systems must be reliable, transparent, and aligned with
clinical objectives. They must also be adaptable to the complex conditions of healthcare
environments, which often involve imperfect data, variability across institutions, and the need
for clear explanations of model outputs. As this chapter has shown, the foundations set by
decades of Al research are now converging in powerful new tools. However, the journey is
ongoing, and many open questions still remain regarding interpretability, fairness,
generalization, and integration into clinical workflows.

The next chapter introduces the fundamental concepts of physics in medical imaging and
examines how these can be incorporated into learning algorithms. In particular,
physics-informed machine learning represents a promising direction, combining the strengths
of domain knowledge with the flexibility of purely data-driven approaches. This reflects a
growing evolution in Al towards models that are not only accurate, but also interpretable,
uncertainty-aware and, overall, trustworthy, as will be described in Chapter 4.
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Chapter 3

Fundamentals of physics in medical
imaging

Main publication associated with this chapter: Cobo, Miriam, et al. “Physical foundations
for trustworthy medical imaging: a survey for artificial intelligence researchers”. Under review.

3.1 Introduction

Applications of AI in medical imaging have experienced unprecedented growth in the last
decades, driven by rapid advancements in DL, and the increasing availability of
high-performance computing. Beyond diagnostic purposes, medical imaging plays a crucial
role in treatment planning, disease progression monitoring, and real-time guided interventions,
together with research and educational purposes, such as functional imaging, and construction
of population atlases.

Crucial aspects of medical images include finding a compromise between patient safety and
image quality in the acquisition power and energy levels, together with the amount of time
required to generate the images, since patient motion compromises the acquisition of higher
resolution medical images. These elements are particularly important in those modalities that
employ ionizing radiation. Yet, in some modalities such as nuclear medicine, the acquisition
time is directly limited by physics [51]. The aforementioned factors are taken into account to
find an optimal balance in the clinics, and they are essential in medical image reconstruction.
Hence, medical images are optimized to perform the required task at the necessary image quality
that ensures accurate diagnosis [51].

There exists a gap between research in Al for medical imaging applications and clinical
translation, which is hindered by challenges in generalization, standardization, interoperability
and privacy limitations, as will be discussed in the next chapters [52|. Moreover, discrepancies
in how neural networks learn from different domains, in particular the adaptation between
medical imaging and natural images domain are often overlooked when developing Al
algorithms [53].

The existing literature tends to focus on domain-specific challenges in medical imaging. More
general reviews published recently address either Al-driven innovations in healthcare [54], or
practical and regulatory challenges in implementing Al in medical imaging [55, 56]. Varoquaux
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and Cheplygina [55] provide recommendations to avoid systematic challenges and to improve the
clinical impact of ML in medical imaging. Saw et al. [56] provide an overview of the pitfalls of
current state-of-the-art Al systems in medical imaging. However, these reviews overlook the gap
between pure ML data-driven methods and the physical foundations of medical imaging, which
hold significant potential to mitigate some of the existing limitations. This chapter addresses
that gap by examining how physics knowledge can be integrated into AI models to improve
trustworthiness and robustness in real-world data-limited medical settings.

The 2024 Nobel Prize in Physics, awarded to John J. Hopfield and Geoffrey E. Hinton for
their foundational work in machine learning (ML) with artificial neural networks, underscores
the fundamental role of physics in driving technological innovations. Physics-based methods
integrated in Al algorithms provide enhanced reliability and system safety by accurately
representing the underlying physical relationships in medical images. In this chapter, the
physical properties of the main imaging modalities in the clinics are summarized, with a
particular focus on CT images, as they represent the primary medical imaging modality
studied in this thesis. The limitations of image quality and the potential of DL and generative
AT to mitigate these challenges are further discussed. Moreover, the integration of physics
knowledge into physics-inspired ML models is explored. These algorithms leverage
physics-based constraints to enhance the learning of medical imaging features.

This chapter is structured as follows: Section 3.2 introduces the physics behind each medical
imaging modality existing in the clinics (Section 3.2.1-3.2.6), as well as image quality challenges
(Section 3.2.7). Section 3.3, presents physics-informed machine learning algorithms, detailing
existing approaches (Section 3.3.1-3.3.3), and challenges (Section 3.3.4). Finally, Section 3.4
discusses the potential of physics-informed models, future trends and conclusions.

3.2 Physics behind medical imaging by modality

Radiation is the propagation of energy through space or matter. Electromagnetic radiation,
subatomic particle radiation (nuclear imaging), and acoustic radiation (ultrasound imaging) are
the main types of radiation for medical imaging. Figure 3.1 depicts the electromagnetic radiation
spectrum for the different medical imaging modalities available (note that radiation ranges in
ionizing imaging techniques are approximate and depend on the patient’s size). Figure 3.2
shows ultrasound imaging in the acoustic spectrum. In this section we introduce all the clinical
medical imaging modalities shown in Figures 3.1 and 3.2.

Given the variety of imaging techniques and the importance of consistency in medical
diagnostics, it becomes crucial to have a standard for managing and sharing medical images.
This is where DICOM (Digital Imaging and Communications in Medicine) comes into play.
DICOM is the universal standard that defines and controls the formats for sending,
distributing, and storing medical images across different machines, manufacturers, and
imaging modalities [57]. It plays a central role in ensuring that images from various sources
can be accessed, interpreted, and analyzed consistently, regardless of the technology used.
DICOM is implemented in nearly all radiology, cardiology, and radiotherapy devices, and its
use is expanding to other medical fields such as ophthalmology and dentistry [58].
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Figure 3.1: Main medical imaging modalities in the electromagnetic radiation spectrum.
Abbreviations: CT = Computed Tomography, MRI = Magnetic Resonance Imaging, OCT
= Optical Coherence Tomography, PET = Positron Emission Tomography, SPECT = Single-
photon Emission Computed Tomography, WSI = Whole-Slide Imaging (in pathology, histology).

3.2.1 Visible spectrum images

Visible light is utilized to produce 2D images or videos in fields such as dermatology,
gastroenterology, histology and ophthalmology. In dermatology, the most widely used
technique to capture skin images is dermoscopy (a dermatoscope is simply a magnifying lens),
followed by total-body digital photography [59]. Endoscopy uses visible light to illuminate
different parts of the gastrointestinal tract, capturing images or videos of the structures of
interest. Examples of applications of endoscopy are colonoscopy or laparoscopy, yet its utility
spans a broad spectrum of medical procedures. Current trends in Al applications in endoscopy
can be found in Chahal et al. [60]. Histology frequently relies on visible light microscopy to
examine tissue and cells stained with specific dyes at different magnifications.  The
introduction of whole slide imaging (WSI) and digitalization in 1999 revolutionized pathology
by enabling high-resolution digital slides [61]. Bahadir et al. [62] review the latest trends of Al
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in histopathology.  Although light microscopy is the main diagnostic tool in histology,
Transmission Electron Microscope is performed routinely on renal biopsies. In this context,
recent work by Zhang et al. [63] applied DL techniques on electron microscopy images of renal
biopsy. In ophthalmology, color fundus photography employs a fundus camera to record color
images of the retina (fundus). Diverse applications of Al are reviewed by Grzybowski et al.
[64]. Moreover, the latest studies showed that fundus photographs can be used to monitor the
progression of neuro-degenerative disorders [64].

Optical Coherence Tomography

Optical coherence tomography (OCT) was developed in the 1990s for non-invasive cross-sectional
imaging in biological systems [65]. Since then, it is evolving from near-infrared illumination to
visible light optical coherence tomography [66], demonstrating its effectiveness in preclinical
and ophthalmic imaging. OCT holds great promise for Al applications [67], with some recent
advances in the field of neurological diseases in relation to OCT [68].

3.2.2 X-ray imaging

X-rays are most likely the best known medical imaging modality. The underlying physical
principle is simple, and yet effective: X-rays are a type of electromagnetic radiation produced
by high energy electrons. These electrons are produced due to the ionization of nitrogen and
oxygen atoms, which attract positive ions to the cathode, and therefore inject electrons that are
accelerated to the anode. The resulting X-rays can be directed to a patient, and then collected
in a detector. X-rays are absorbed and scattered to different extents by various types of tissues,
which allows to capture their interactions with the patient’s anatomy in a radiographic image.
There are four major types of interactions of photons with matter, but only three of them play a
role in diagnostic radiology and nuclear medicine (Rayleigh scattering, Compton scattering and
photoelectric effect) [51], while the last one (pair production, can only occur when the energy
of photons exceeds 1.02 MeV) has only been simulated at a theoretical level for monitoring of
radiotherapy dosing [69].
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Radiography

Radiography was the first medical imaging technology. This technique captures the attenuation
(absorption and scattering) of an homogeneous distribution of X-rays entering a patient, which
is then modified by the interactions with the different tissues, resulting in an heterogeneous
distribution emerging from the patient that is recorded in a 2D radiograph [51]. The kilovoltage,
X-ray exposure time, and beam size are adjusted according to the anatomical area under study.
As an example, in the field of dentistry, individual dental radiographs and orthopantomograms
are performed. Orthopantomograms are panoramic dental radiographs produced by rotating
the X-ray tube around the patient’s head, generating a comprehensive 2D image of the dental
and maxillofacial structures. [70]. Advances in AI have further enhanced the interpretation of
these images, as reviewed by Costa et al. [71].

Computed Tomography

Computed tomography (CT) images are 3D images generated by producing multiple X-ray
projection images across a broad angular range, typically 360°, rotating the X-ray tube and
detector around the patient [51]. Simultaneous rotation of the X-ray source and translatory
movement of the patient allow to achieve continuous data acquisition throughout the volume
of interest [72|. This geometry corresponds to an helical CT scanner, which represents the vast
majority of CT scanners in use today.

Previous to helical CT scanners, there were sequential CT scanners, which are still in use
for cranial imaging [73]. In sequential CT scanners, the patient remains stationary during
each full rotation of the X-ray tube, advancing incrementally to acquire axial slices. This
technique enhances image resolution but results in increased radiation exposure and scanning
time compared to helical CT.

The generation of the 3D image relies on advanced reconstruction algorithms, with the resulting
voxel values represented in grayscale, ranging from -1000 to 1000. The grayscale in CT is
named Hounsfield Unit (HU), after one of the main developers of this technology [51]. X-ray
CT scanners typically operate at 120 kV, however, the voltage can be optimized based on the
specific application and the patient’s size [51]. Deep learning (DL) has shown potential to
personalize optimization of imaging protocols to minimize radiation exposure while maintaining
clinical image resolution [74].

Spatial resolution depends on several factors including physics related aspects such as X-ray focal
spot size, number of projection views per rotation of the X-ray tube, detector cell size; together
with reconstruction algorithms [75]. Until 2009, the lack of computational power prevented
the clinical introduction of iterative algorithms for image reconstruction in CT, which rapidly
replaced filtered back projection (FBP). In the latter, CTs were reconstructed from projections
(sinograms) by applying a high-pass filter followed by a backward projection step [76]. The
main drawback of FBP is the significant reduction in image quality when radiation dose is
decreased, due to the increase in image noise. Recently, Al has emerged as a new promising
technique to improve CT image reconstruction, showing potential to reduce CT radiation doses
while speeding up reconstruction times [51, 76, 77, 78|. However, DL-based reconstruction
algorithms require large training datasets, and are prompt to biases in different subpopulations
if the training data significantly differs from the target population.

There are particularities of CT protocols depending on the clinical application. For lung cancer
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screening [79], low-dose computed tomography (LDCT) utilizes a lower dose of radiation to scan
the patient, which is achieved lowering the X-ray flux. However, lowering the dose of radiation
in LDCT increases image noise and, thus, reduces signal-to-noise ratio (SNR) and image quality.
Physics-/model-based data-driven methods for LDCT are surveyed by Xia et al. [80].

The incorporation of contrast agents, which facilitate the evaluation of patient hemodynamics
and the characteristic vascularization of tissues, has enabled the development of various
advanced acquisition modalities. These include perfusion imaging, which assesses blood flow
dynamics, aiding in the diagnosis of stroke and myocardial perfusion; virtual CT colonoscopy,
which generates 3D images of the colon providing a non-invasive alternative for detecting
polyps and tumors; and prospectively gated cardiac CT, which reduces motion artifacts by
synchronizing image acquisition with the cardiac cycle, enhancing coronary artery evaluation
[51, 81].

Next-generation modern CT systems have integrated dual-energy technology (DECT), wherein
X-ray spectra are captured at both low and high energy levels. This approach enables the
independent assessment of the contributions from photoelectric effect and Compton scattering.
DECT facilitates material decomposition by leveraging differences in attenuation coeflicients
at varying energy levels, thereby distinguishing materials with similar HU but differing atomic
compositions. This technology can produce various image types, such as virtual monoenergetic
images, material-specific images (e.g., iodine maps), and virtual non-contrast images,
significantly enhancing tissue characterization and lesion detection capabilities [82|. Recent
advancements in generative Al have further improved these capabilities. Jeong et al. [83]
explored the application of generative Al techniques to enhance DECT imaging, focusing on
improving image quality and diagnostic accuracy through ML methods.

Additionally, as an emerging technology with the potential to change clinical CT,
photon-counting CT (PCCT) integrates new energy-resolving X-ray detectors to count the
number of incoming photons and measure their energy, resulting in higher contrast-to-noise
ratio, improved spatial resolution, and optimized spectral imaging at a lower radiation
exposure [84]. In conventional CT, finer detector space leads to larger datasets that allow to
achieve higher resolution, increasing reconstruction time, which is not required for many
clinical tasks [51]. PCCT energy-resolving detectors eliminate electronic noise, in comparison
with the traditional energy-integrating detectors in CT. Greffier et al. [81] comprehensively
review PCCT and compare their technical innovations against conventional CT. Nevertheless,
as any innovative technology, PCCT also encounters challenges, such as detector
charge-sharing effects or Compton scattering, which may lead to errors during the
reconstruction process that degrade image quality. Yu et al. [85] proposed a mnovel
physics-guided material decomposition model for PCCT, that leverages DL and incorporates
critical physical parameters, which underlines the role of physics in building reliable DL
systems in medical imaging.

Mammography

Mammography is an optimized radiography examination specifically designed for detecting
breast cancer at an early stage. Screening mammography attempts to detect breast cancer in
the asymptomatic population, while diagnostic mammography aims to assess and delineate
lesions identified by the former [51]. AI holds significant potential for improving breast cancer
screening, current state of the art and challenges are reviewed by Diaz et al. [86].
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Modern mammography systems incorporate rotating X-ray tubes that facilitate
tomosynthesis, a technique grounded in the same physical principles as sequential CT. This
advancement enables the acquisition of more detailed and comprehensive imaging, offering
enhanced diagnostic information in appropriately selected cases. Additionally, the
introduction of contrast-enhanced mammography, combined with DL algorithms, has shown
diagnostic performance comparable to magnetic resonance imaging (MRI), especially for
evaluating dense breast tissue [87]. Furthermore, in breast imaging, ultrasound (US) is used as
a supplemental screening alternative for women with dense breast tissue [51], and recently
MRI screening has been recommended for women with extremely dense breasts [88].

Fluoroscopy

Fluoroscopy shows real-time X-ray imaging of internal anatomic structures for the placement
of medical devices, such as catheters and stents, or the observation of temporal physiological
phenomena in patients providing a dynamic display of the structure of interest [51] .
Fluoroscopy systems can operate in two modes: (1) fluoroscopy, real-time imaging for
positioning, which is usually not recorded and involves relatively low radiation exposure, and
(2) fluorography, which records clinically relevant sequences using a pulsed radiographic mode,
giving higher radiation levels, similar to radiographic imaging [51]. The use of contrast media
is critical in fluoroscopy for enhancing the visibility of internal structures and improving
diagnostic accuracy. Contrast agents, such as iodine-based compounds or barium sulfate, allow
for the differentiation of soft tissues, blood vessels, and other anatomical features that would
otherwise be indistinguishable in conventional X-ray imaging. In procedures such as
angiography, the injection of iodinated contrast highlights the vascular system, enabling
clinicians to visualize blood flow, detect blockages, and guide interventions with precision.
Similarly, in gastrointestinal studies, barium-based contrast delineates the digestive tract,
facilitating the assessment of structural and functional abnormalities [89] AI applications are
more complex for interventional radiology (IR) than for diagnostic radiology. IR encompasses
preprocedural diagnostic imaging, procedural imaging guidance, prosprocedural imaging
evaluation, and therapeutic tools, mostly relying on unstructured data, which challenges Al
applications. The potential of Al in the field of IR is reviewed by Glielmo et al. [90].

3.2.3 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) studies the magnetic properties of the nucleus of the atom
through radio-frequency (RF) waves. The atomic nucleus is composed of protons and neutrons,
which exhibit a magnetic field associated with their nuclear spin and charge distribution. In
contrast with X-ray imaging, MRI does not employ ionizing radiation, however, it is a more
expensive imaging modality compared to the former. The key components are the magnet,
magnetic field gradient coil, and RF coils. In MRI, a strong external magnetic field generated
by the magnets causes the individual nuclei to selectively absorb, and then release, energy
unique to those nuclei and their surrounding environment. This energy coupling is known as
resonance [51]. An RF coil is basically a resonant circuit, which is tuned to the resonance
frequency of proton spins for a given magnet field (similar to a radio tuned to the frequency of
a radio station) [91]. The typical magnetic field strengths for MRI systems range from 0.3 to
7.0 T, which require the electromagnet core wires to be superconductive [51|. Magnetic field
gradients are essential to localize signals generated during MRI process, as these fields interact
with the main (and much stronger) magnetic field [51].
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MRI sequences leverage the resonance to generate images with varying contrasts based on
tissue properties, in which each voxel (3D pixel representing a small unit of volume in an
image) depends on the number of protons (proton density) and magnetic properties of the
tissue in that voxel. MRI can produce high contrast images due to the distinct local magnetic
field properties of different types of tissue (fat, white and gray matter in the brain, tumor,
etc.) [51]. The two primary pulse sequences in MRI, spin echo and gradient echo, serve as the
basis for generating different types of image contrast. Among these, T1-weighted and
T2-weighted imaging provide distinct diagnostic information. T1-weighted imaging focuses on
the longitudinal relaxation of protons, using short repetition time (TR) and short echo time
(TE), where tissues with short T1 times appear bright and fluids appear dark, offering
excellent anatomical detail. In contrast, T2-weighted imaging emphasizes transverse
relaxation, employing long TR and long TE, where tissues with long T2 times and fluids
appear bright, making it particularly effective for identifying pathology, inflammation, and
edema. Additional sequences include Proton Density, which highlights proton concentration
differences using long TR and short TE; FLAIR (Fluid-Attenuated Inversion Recovery), which
suppresses cerebrospinal fluid (CSF) signals to enhance lesion detection near CSF spaces; and
Diffusion-Weighted Imaging, which assesses water molecule diffusion, and is critical for early
stroke diagnosis. [92]. MRI can also monitor blood flow in arteries (MR angiography), and
blood flow in brain (functional MR) [51].

MRI data are initially stored in the raw spatial frequency domain, the k-space matrix. The
k-space encodes spatial frequency values in a four quadrant 2D matrix of complex values, where
the origin at the center represents frequency zero, the central region contains lower spatial
frequencies, and the higher spacial frequencies are in the periphery [51]. Each point in the k-
space corresponds to a specific spatial frequency component of the final image. In a conventional
acquisition, the k-space matrix is filled one row at a time by systematically collecting data points
through the application of gradient magnetic fields, which encode spatial information by varying
the frequency and phase of the detected signals [51]. Once rows in the k-space matrix are fully
populated, image reconstruction is performed using the inverse fast Fourier transform. This
mathematical operation decodes the frequency-domain data in the k-space matrix to produce
the spatial domain representation, revealing the anatomical structures of the scanned area. The
final image is processed to represent photon density, T1, T2 and flow characteristics of the
tissues using a grayscale range, with each pixel corresponding to a voxel [51]. The organization
and density of data sampling in the k-space matrix directly influence image quality, resolution,
and the presence of artifacts.

Image reconstruction in MRI is influenced by the physical effects that are included in the
signal model [93], and presents challenges due to long acquisition times. Several research
efforts have focused on accelerating MRI, i.e., developing methods to reconstruct images from
under-sampled data [94]. Traditional reconstruction methods from under-sampled k-space
data include parallel imaging and compressed sensing, widely used in the clinics [95], although
they both encounter practical limitations [94]. DL methods have enabled transforming
under-sampled or noisy data into high quality images, mitigating artifacts and accelerating the
imaging process [94]. DL algorithms have also been used to reduce slice spacing in MRI and
reconstruct higher-resolution volumes [96]. Generative adversarial neural networks (GANs)
have been explored in MRI reconstruction to estimate missing k-space samples, and correct
artifacts in the image space [97]. In a recent proof of concept, Okoli et al. [98] proposed a
score-based diffusion model for accelerating MRI reconstruction, although they underscored
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the need for further research and clinical assessment. Furthermore, model-based methods
considering physical effects and integrating neural networks have shown potential to improve
image quality [93, 99]. Another recent study by Peng et al. [100] proposed a k-space
acquisition optimization strategy conditioned on MRI physics for accelerated MRI
reconstruction using a neural ordinary differential equation (ODE) combined with DL-based
reconstruction. These works pave the way for further research in physics-based AI algorithms.

Patient motion represents a significant challenge in MRI, where acquisition times range from
20 to 60 minutes depending on the different sequences added. Quantitative MRI (qMRI)
derives physical tissue properties from a set of qualitative images captured with different
imaging settings, facilitating consistent measurement of biomarkers, in spite of longer
acquisition times. In contrast to conventional MRI, which relies on relative signal intensities
for visual interpretation, qMRI quantifies parameters such as T1 and T2 relaxation times,
proton density, and diffusion coefficients in standardized units. This quantitative evaluation
enables reproducible comparisons across subjects, scanners, and time points, while minimizing
hardware-related variability. By employing multiple acquisitions with differing parameters,
gMRI enhances measurement precision and specificity, allowing for the detection of subtle
changes in tissue integrity and composition, such as myelin content and iron concentration
[101, 102]. Recent work by Eichhorn et al. [103] proposed physics-informed motion correction
(through a physics-informed loss) to leverage information from the MRI signal evolution to
detect and exclude motion-corrupted k-space lines from a data consistent reconstruction.

MRI also employs contrast agents to enhance the visualization of internal structures during
imaging examinations. These agents are typically administered intravenously, with
gadolinium-based contrast agents (GBCAs) being the most commonly used. GBCAs primarily
shorten the T1 relaxation time of tissues, leading to increased signal intensity on T1-weighted
images. Additionally, iron oxide-based agents, including super-paramagnetic iron oxide (SPIO)
and ultra-small super-paramagnetic iron oxide (USPIO), are utilized to reduce T2 signal
intensity, while manganese-based agents enhance T1 signal intensity. The selection of a
specific contrast agent depends on the clinical application, with some agents designed for
targeted organ imaging, such as liver-specific contrast agents [104].

3.2.4 Nuclear images

Nuclear medicine is a specialized field of medical imaging that uses radioactive isotopes,
known as radiotracers, to visualize physiological and metabolic processes within the body.
These radiotracers may be bound or unbound to other molecules and interact at the cellular
level, emitting ionizing radiation during nuclear decay. The emitted radiation consists of
subatomic particles, such as alpha particles (helium nuclei), or beta particles (electrons or
positrons), or gamma rays (photons). This radiation is detected to generate images that
reflect metabolic activity [51]. While these images offer valuable functional information, they
typically present lower anatomical resolution compared to other imaging modalities. Advances
in nuclear medicine have led to the development of two primary imaging techniques:
Single-Photon Emission Computed Tomography (SPECT) and Positron Emission Tomography
(PET), each enabling unique diagnostic capabilities. Both SPECT and PET rely on the
principle that ionizing radiation emitted by radiotracers traverses anatomical structures with
varying attenuation based on tissue density [105]. These techniques provide critical insights
into physiological and metabolic processes, playing a pivotal role in the diagnosis and
management of numerous conditions, including cardiovascular diseases, neurological disorders,
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and cancers [106]. However, nuclear medicine techniques have several limitations, including
lower spatial resolution compared to CT or MRI, which can hinder the detection of small
structures [107]. The use of ionizing radiation requires careful dose management to minimize
patient risk. Additionally, the short half-lives of radiotracers pose logistical challenges related
to their production, distribution, and timely administration, while the high cost and limited
availability of radiotracers can restrict access to imaging services [106]. Despite these
challenges, nuclear medicine remains a crucial tool in modern diagnostics due to its ability to
provide unique functional and metabolic information.

Single Photon Emission Computed Tomography

Single-Photon Emission Computed Tomography (SPECT) is a nuclear medicine imaging
technique that provides 3D functional information about biological processes within the body.
SPECT imaging relies on gamma-emitting radiotracers, such as technetium-99m (Tc-99m),
which is the most commonly used isotope due to its favorable energy characteristics and high
half-life [108]. Tc-99m decays to a more stable form, Tc-99, by emitting gamma rays (140 keV
[109]) which pass through the body interacting with tissues according to their density and the
radiation’s penetration power. High-density structures, such as bones, attenuate more
radiation than lower-density tissues, such as fat, a difference that is captured by detectors to
produce images. Gamma cameras detect these photons using collimators that allow only
photons traveling at specific angles to pass through, ensuring precise image formation [51]. By
acquiring multiple 2D projections from different angles, tomographic reconstruction algorithms
create detailed 3D images that enhance lesion localization and characterization. SPECT’s
versatility is demonstrated by its wide range of clinical applications as myocardial perfusion
imaging, cerebral blood flow, pulmonary ventilation/perfusion, tumor detection or bone
scintigraphy. Notably, SPECT bone scintigraphy plays a critical role in evaluating bone
metabolism, facilitating the identification of fractures, infections, and metastases [110, 111].

Positron Emission Tomography

Positron Emission Tomography (PET) is an advanced molecular imaging technique that
visualizes biological functions and metabolic processes with high sensitivity. PET relies on
radiotracers labeled with positron-emitting radionuclides. The most commonly used
radiotracer is fluorine-18-labeled fluorodeoxyglucose (18-FDG), which mimics glucose
metabolism. During its decay to Oxygen-18, Fluorine-18 emits a positron that annihilates with
an electron, resulting in the emission of two 511 keV gamma photons in opposite directions. In
PET scanners, rings of detectors identify these photon pairs through a process known as
coincidence detection, allowing for accurate localization of the positron-electron annihilation
event [51]. Subsequently, advanced image reconstruction algorithms generate 3D images of the
tracer distribution within the body, mapping metabolic activity at a molecular level.

PET imaging is highly versatile, utilizing a range of radiotracers tailored to specific clinical
applications. 18-FDG is primarily used in oncology for cancer detection, staging, monitoring
treatment response, and recurrence assessment [112]. In neurology, PET imaging evaluates
brain function in conditions such as dementia, epilepsy, and neurodegenerative diseases [113].
In cardiology, PET is used to assess myocardial perfusion and viability, supporting the
planning of coronary artery bypass graft procedures. Additionally, radiotracers such as
Carbon-11, Nitrogen-13, and Oxygen-15 are utilized to study specific metabolic processes,
while specialized tracers are designed for particular cancers or neurological disorders [113].
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Hagos et al. [114] underscored the potential of generative Al and LLMs to advance nuclear
medicine practices, opening new avenues for improving diagnostic accuracy and workflow
efficiency.

3.2.5 Ultrasound

Ultrasound (US) waves are mechanical high frequency sound waves that require an elastic
medium to spread over, unlike the previously described medical imaging modalities that
leverage electromagnetic (EM) waves. Sound waves are longitudinal waves, oscillating in the
direction of travel. In contrast, EM waves are transverse waves, oscillating perpendicular to
the direction of travel [115]. In the process, an ultrasound transducer, that is in direct physical
contact with the patient, generates a short-duration pulse of sound, which travels into the
tissue and is reflected by internal structures and organs in the body, such that the transducer
receives and records the amplitude and time delay of the echoes for a given direction of the
pulse [51]. The repeated application of this process over a wider region within the anatomical
area of interest enables the creation of an US image.

In modern US transducers, multiple elements can transmit and receive the pulses resulting
in a brightness mode (B-mode) ultrasound image of a planar section of tissues [51]. Apart
from the B-mode, there are also A-mode and M-mode. A-mode (amplitude) is the processed
echo amplitude as a function of time, generated as output by the receiver. It is the simplest
mode of US generation by a single transducer [51, 115]. This was the earliest application of
US in medicine, and is now almost obsolete. However, A-mode is sometimes combined with
M-mode imaging, and it is also used in ophthalmology for precise measurements of the eye, as
well as in therapeutic US applications [51, 115]. M-mode (motion), also known as T-M mode
(time-motion), is commonly used in echo-cardiography. It employs B-mode information from
a stationary US beam to track velocities of echoes generated from moving structures acting as
reflectors throughout the cardiac cycle [51, 115]. Additionally, Doppler modes are essential for
evaluating blood flow. Color Doppler displays blood flow direction and velocity, while pulse wave
and continuous wave Doppler measure the speed of blood flow or tissue movement, leveraging
the Doppler effect to detect changes in frequency due to motion [51].

Optimizing US image quality involves selecting appropriate settings for the specific anatomical
area under examination. To facilitate this process, manufacturers provide preset
configurations tailored to different target areas, simplifying image acquisition for operators
who may not have extensive knowledge of the underlying physics. Once the appropriate preset
is selected, several key parameters can be adjusted to fine-tune image quality. Brightness is
influenced by gain settings, including overall gain and time gain compensation, which
compensates for signal attenuation at different depths. Lateral gain compensation adjusts
brightness horizontally. Proper gain settings ensure that low echogenicity structures, such as
fluids, appear black, while highly echogenic structures, like bones, appear white. Other critical
parameters include depth, dynamic range, focal zone, and frequency. Higher frequencies
provide better resolution but lower penetration, while dynamic range settings influence
contrast and visibility of details [116]. To enhance image quality, tissue harmonic imaging
(THI) is employed. This technique relies on the non-linear propagation of US waves through
tissue, resulting in the generation of harmonic frequencies (multiples of the fundamental
frequency). The second harmonic frequency is typically used for image formation, as higher
harmonics are attenuated. THI improves image resolution, reduces artifacts, and enhances the
visualization of deeper structures [117].
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Building on the principles of harmonic imaging, ultrasound contrast agents (UCAs),
administered intravenously, further enhance diagnostic capabilities by improving the
visualization of blood flow and tissue perfusion. UCAs are gas-filled microbubbles, typically
1-8um in diameter, stabilized by a phospholipid or protein shell. When exposed to US waves,
these microbubbles oscillate and resonate, producing strong echoes due to their nonlinear
behavior. This resonance generates harmonic frequencies that can be selectively detected,
significantly increasing the contrast-to-tissue ratio. Techniques like harmonic imaging and
pulse inversion exploit these properties to differentiate microbubble signals from background
tissue. UCAs are employed in cardiology to define endocardial borders and assess myocardial
perfusion, as well as in radiology to characterize liver lesions [118].

In quantitative ultrasound imaging, the goal is to quantify interactions between US and
biological tissues, enhancing diagnostic capabilities [119]. Ultrasound elastography extends
these applications by evaluating tissue stiffness, aiding in differential diagnoses and
identification of biopsy targets.  This combination of modes, techniques, and image
optimization parameters makes US a versatile and indispensable tool in modern medical
imaging, complementing other diagnostic modalities [120)].

Recent work in US explored improving the quality of Al generated US images by introducing
a physics-based diffusion model specifically designed for this modality [121]. The proposed
customized noise scheduler simulated the attenuation of echoes returning to an US receiver.
This work opened the door to further refinements based on the physics of US, such as reflection
and scattering.

3.2.6 Combined imaging modalities

Combined imaging modalities integrate multiple imaging techniques to provide comprehensive
anatomical and functional information, thereby enhancing diagnostic accuracy and clinical
decision-making. Leveraging advanced computational methods and DL-based algorithms,
combined imaging modalities improve image quality, diagnostic specificity, and workflow
efficiency. These techniques also address the inherent limitations of single-modality imaging by
enabling clinicians to obtain a more holistic view of patient anatomy and physiology,
ultimately contributing to improved outcomes across various medical specialties
[122, 123, 124].  These approaches include both hardware-based hybrid systems and
software-based image fusion techniques, each offering distinct advantages and applications in
medical diagnostics.

Hardware-based combined imaging modalities

Hardware-based hybrid systems combine two imaging modalities into a single device, enabling
simultaneous or near-simultaneous image acquisition. Notable examples include PET/CT,
SPECT/CT, and PET/MRI. PET/CT merges the metabolic insights of PET with the
high-resolution anatomical detail of CT, playing a critical role in cancer detection, staging,
and treatment monitoring. SPECT/CT integrates the functional information of SPECT with
the anatomical detail of CT, enhancing attenuation correction and localization accuracy. It is
extensively used in cardiology, oncology, and neurology [107]. PET/MRI integrates PET’s
molecular imaging capabilities with MRI’s superior soft tissue contrast, providing reduced
radiation exposure and enhanced diagnostic capabilities for neuroimaging and oncology [125].
These hybrid systems minimize patient movement artifacts, improve image co-registration,
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and streamline clinical workflows, resulting in more accurate and efficient diagnoses.

Recent work by Sudarshan et al. [126] introduced a deep neural network uncertainty-framework
to predict standard-dose PET images from a combination of low-dose PET images and multi-
contrast MRI (acquired during simultaneous PET-MRI). The proposed transform-domain loss
was inspired by the physics of the image acquisition process, that modeled the underlying
sinogram-based physics of the PET imaging system. Their approach enhanced the robustness
to unseen out-of-distribution acquisitions that differed from the training set distribution, which
could arise from variations in radiotracers, anatomy, pathology, photon counts, hardware, and
reconstruction protocol [126].

Software-based combined imaging modalities

Software-based fusion techniques involve the computational combination of images obtained
separately from different modalities. Examples include dual-energy CT (DECT) fusion, where
images captured at different energy levels produce virtual monoenergetic images, material
decomposition maps, and virtual non-contrast images [122]. Al-based algorithms, such as
convolutional neural networks (CNNs), further enhance DECT fusion by improving material
differentiation and image quality [127]. Zhao et al. [128] developed a DL approach for DECT
imaging that predicts high-energy images from low-energy data, facilitating accurate virtual
non-contrast imaging and iodine quantification. Similarly, Li et al. [129] proposed an iterative
neural network incorporating CNNs for high-quality image-domain material decomposition,
demonstrating superior performance over traditional methods. These advancements
underscore the potential of Al to enhance DECT imaging, enabling more detailed and reliable
diagnostic information. MRI fusion techniques combine sequences like T1-T2 fusion for
enhanced tissue contrast and diffusion-perfusion fusion for stroke evaluation [127].
Multi-modality fusion methods, such as CT-MRI, PET-CT, and SPECT-CT, integrate
functional and anatomical data, allowing more accurate diagnosis and improved treatment
planning.  Additionally, ultrasound-MRI fusion supports real-time image guidance for
procedures like biopsies [130].

3.2.7 Image quality challenges: artifacts and technical limitations

Medical image quality is critical for the precise and reliable development of DL algorithms in
diagnostic and analytical processes. Several inherent challenges in medical imaging modalities,
such as artifacts, technical limitations, and data heterogeneity, have a substantial impact on
diagnostic outcomes, as will be explained in the next paragraphs.

Artifacts

Artifacts in medical imaging are unintended distortions or errors which can compromise image
quality and hinder accurate interpretation. They may result from various factors, including
patient movement, physical limitations of the imaging modality, hardware or software
anomalies, and image processing techniques [51]. Patient movement, such as involuntary
motion during scans, is a common source of motion artifacts, leading to blurring or ghosting
effects that degrade the quality of MRI and CT images [131]. Imaging physics constraints,
such as the differential absorption of X-ray photons by tissues of varying density, result in
beam-hardening artifacts in CT, which manifest as streaking patterns that obscure diagnostic
details [131, 51|. Hardware limitations, including imperfections in imaging systems or
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detectors and software errors during data reconstruction, can also introduce image distortions
[51, 131]. Additionally, image processing techniques, including under-sampling or compression,
can lead to aliasing artifacts in MRI, where high-frequency signals are misrepresented as lower
frequencies, complicating accurate image interpretation [51]. These diverse sources highlight
the multifactorial nature of artifacts and their significant impact on diagnostic accuracy.

The latest advances in DL and generative Al have shown potential in reducing artifacts and
enhancing image quality. CNNs, GANs and diffusion models have been successfully employed
for artifact removal, de-noising and synthetic data generation [132]. Recent novel approaches,
including StylEx [133] and Dual-Domain Optimization [134], further address challenges such as
model interpretability and edge artifacts, improving the overall reliability of diagnostic imaging.

Technical limitations

Technical limitations of imaging modalities and physical protocols are another factor that can
degrade image quality. Resolution constraints, such as limited spatial resolution, hinder the
detection of small lesions or fine anatomical structures, particularly in modalities like US or
LDCT imaging [51]|. Similarly, insufficient voxel intensity contrast between tissues complicates
the differentiation of structures with shared attributes, a common challenge in soft tissue imaging
[135]. Discrepancies among imaging protocols, including the use of intravenous contrast agents,
or sequence adjustments like acquisition time after administering contrast agents, significantly
impact image characteristics. In addition, longitudinal inconsistencies caused by technological
advancements (e.g., transitioning from 1.5T to 3T MRI systems) further exacerbate these issues
[136].

Medical image data also presents challenges related to its dimensionality and associated
metadata. Variability in voxel spacing, along with heterogeneity across imaging modalities and
protocols, leads to notable differences in resolution and comparability between different studies
[137]. Anisotropic voxels, which arise from discrepancies in slice thickness and inter-slice gaps
in CT and MRI, increase the complexity of data analysis [138]. The presence of anisotropic
voxels can distort the representation of anatomical structures, which is especially problematic
when attempting to detect subtle changes, like those observed in brain tumor studies or
vascular pathologies. Furthermore, inconsistencies in file formats, such as the original DICOM
and its conversion into alternative simpler formats, hinder data sharing and interoperability,
potentially resulting in critical misinterpretations of contextual information stored in
metadata headers [52, 139]. Medical data interoperability is crucial not only for accurate
diagnosis but also for continuity of care over time. Inconsistencies in formats can create gaps
in critical information stored in metadata, which could lead to incorrect diagnoses or delays in
patient care.

DL and generative Al algorithms have shown potential to address the aforementioned issues.
Super-resolution techniques enable the reconstruction of high-resolution images from
low-resolution inputs, facilitating the detection of small lesions and intricate anatomical
details, particularly in LDCT and MRI [140]. Image enhancement and denoising methods,
including recent algorithms that leverage autoencoders and GANs [141]|, improve tissue
differentiation and overall image quality by mitigating contrast and noise limitations [142].
Moreover, multimodal fusion techniques integrate data from multiple imaging modalities,
providing a more comprehensive representation of anatomical and pathological features [122].
Hybrid methods that incorporate physics-based constraints into DL frameworks, known as
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physics-informed machine learning (PIML), further enhance image reconstruction by
combining data-driven and theoretical approaches for improved performance [142], as will be
discussed in the next section. Furthermore, CNNs have demonstrated strong potential for
precise segmentation of 3D images, enabling more accurate identification of complex structures
like blood vessels and tumors. These techniques are beginning to revolutionize the fields of
functional MRI and CT imaging, improving surgical planning and early disease detection.

3.3 Physics-informed machine learning

Throughout the previous section several examples of physics inspired Al algorithms in different
medical imaging modalities have been presented. These algorithms leverage fundamental laws
of physics underlying medical images to enhance Al applications, bridging the gap between
natural image and medical image computer vision. The study of physics informed machine
learning (PIML) has the potential to enhance explainability, consistency, physical plausibility,
robustness and generalizability. Prior knowledge from medical images can act as a regularization
mechanism to limit the range of acceptable solutions [143]. For example, physics can be leveraged
in generative models in the form of constraints to avoid creating non-realistic images, such as
modeling echo attenuation [121], reflection and scattering in US imaging, or simulating T1
and T2 relaxation phenomena in MRI [144], among many others. Hence, research into PIML
algorithms has experienced an exponential growth in the last years, and it is expected to continue
evolving. In this section, we will focus on the main characteristics of these hybrid methods where
laws of physics are combined with AI to build more reliable algorithms.

Physics-informed learning can be defined as the process of leveraging prior knowledge derived
from observational, empirical, physical, or mathematical understanding of the world to enhance
the performance of a learning algorithm [145]. Existing approaches are grouped by their use
of physical principles to modify input data (observation bias), training losses (learning bias),
and network architectures (inductive bias), as explained in recent general reviews [146, 145|,
and a targeted review focused on medical image analysis tasks [147]. These approaches can be
combined to enhance PIML systems, resulting in more sophisticated hybrid methods.

In addition to physical modeling, certain approaches incorporate domain-specific priors derived
from empirical observations. For clarity, we distinguish between priors grounded in physical
principles and those informed by heuristic or data-driven assumptions. The following paragraphs
present a general overview of existing approaches to leverage prior knowledge in ML algorithms,
concluding with a discussion of the key challenges in the context of medical imaging. Table 3.1
summarizes the types of biases and the origin of the prior knowledge, including examples of
representative methods, particularly in medical imaging.

3.3.1 Observational biases

Observational data can implicitly encode domain knowledge, making it one of the simplest
ways to introduce biases in Al algorithms [145]. While this approach does not impose physical
laws explicitly, the training data may capture them to some extent. Deep neural networks,
when exposed to diverse and representative data, can learn to approximate the underlying
physical processes through pattern recognition [146]. The main challenge lies in acquiring
sufficiently large and high-quality datasets to reinforce these biases and produce robust
predictions. However, the success of this method relies on the availability of large, high-quality
datasets. In medical imaging, acquiring large, diverse datasets is often challenging, which has
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Table 3.1: Taxonomy of bias types relevant to machine learning algorithms, including their
associated priors, representative methods, and examples in medical imaging applications.

Type of bias Nature Representative Examples in medical
of prior methods imaging
Observational FEmpirical Data augmentation; Synthesis of additional
bias synthetic image weighted images in MRI [148].
generation (GANS, Synthetic dual-energy CT
VAEs) images generated from
single-energy CT [83].
Learning bias Physical PINNSs, regularization Physics-guided material
or terms in the loss decomposition model for PCCT
empirical function [85].
Physics-informed loss for
motion-corrected quantitative
brain MRI reconstruction [103].
Inductive bias Physical CNNs, CapsNets, Physics-based diffusion model
or Transformers; GNNs, for US image generation [121].
heuristic neural ODEs, Neural ODE for accelerated
Hamiltonian and MRI reconstruction [100].
Lagrangian NNs

led to the growing use of Al-generated synthetic data to augment training sets and reduce
dependence on real-world samples. While this empirical strategy can enhance generalization,
producing realistic and clinically meaningful synthetic images remains a challenge [149].

3.3.2 Learning biases

Learning biases are prior assumptions that implicitly embed prior knowledge in the learning
algorithm through soft penalty constraints (regularization) added in the loss function [146].
Learning biases can be expressed as integral, differential or even fractional equations to promote
convergence towards physical plausible solutions. However, the underlying laws of physics can
only be approximately satisfied [145]. Physics-informed neural networks (PINNs) incorporate
the knowledge of the physics of the process in the form of partial differential equations (PDEs)
that are embedded into the loss function using automatic differentiation to calculate differential
operators [146]. More recently, sef-adaptive PINNs (SA-PINNs) allow adaptive training of
neural networks by applying trainable weights to each training point, which enable to focus on
challenging regions of the solution space [150].

Furthermore, learning biases can also be heuristic, when based on empirical observations or
domain expert assumptions not explicitly derived from first principles. For example, medical
domain knowledge can be integrated in the form of learning biases in ML models. This medical
informed ML promotes adherence to clinical guidelines, and benefits ML models enhancing
model performance, interpretability, data efficiency and generalization, particularly in scenarios
with limited data or expert availability, medical uncertainty or poor data quality [151, 152].
Prior expert knowledge can be represented as equations, simulation results, spatial invariance,
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logic rules, knowledge graphs, probabilistic relations and human feedback [153]. The integration
of medical knowledge in ML models is further explored in Chapters 6 and 8.

3.3.3 Inductive biases

Inductive biases can be seen as a hard generalization of learning biases, such that prior
assumptions are directly forced into the architecture of the model through specific design
interventions. These are typically hard-coded and, when rooted in physical principles, ensure
that predictions inherently comply with a defined set of physical laws. Examples include
Hamiltonian and Lagrangian neural networks, Neural ODEs, and more general PINNSs,
utilizing kernels directly derived from the fundamental physical principles of the problem,
which encode conservation laws or energy-based formulations [100, 146, 145]. Alternatively,
some inductive biases are more general-purpose and data-driven in nature. For instance,
CNNs enforce translational invariance [6], while capsule networks (CapsNets) promote
translational equivariance [154], and transformers impose permutation equivariance [155], as
discussed in Chapter 2. Graph neural networks (GNNs) and kernel methods such as Gaussian
processes may also incorporate domain-specific structural knowledge, though not necessarily
grounded in physics.

In other fields such as biology, the architecture of biologically informed neural networks (BINNS)
is explicitly constrained by biological pathway ontologies, which are designed using an underlying
graph that encodes known pathway hierarchies from databases like Reactome, Gene Ontology
or Kyoto Encyclopedia of Genes and Genomes (KEGG) [156, 157]. In the network, each node
corresponds to a real-world biological entity, for instance, a gene, pathway, or biological process,
while the edges represent established relationships between these entities [156]. The application
of BINNS to circulating protein markers in a lung cancer screening cohort is detailed in Chapter
7.

3.3.4 Challenges

Introducing physics constraints into AI models to build more trustworthy medical image
applications requires finding an optimal balance between the complexity of physics-based
constraints and data-driven approaches to better capture real world dynamics and enhance
generalization [146]. Domain expertise is necessary for selecting the most suitable physics
prior to be modeled by the algorithm, and the best approach to introduce it in the model
should be carefully considered. Incorporating excessive constraints during training can lead to
over-fitting and over-regularization, therefore, ablation studies and quantitative assessments
are necessary to evaluate the influence of such constraints on the model’s performance [147].
Additionally, it is essential to consider the scalability of these systems in real-world medical
environments, as incorporating too many physical constraints could limit the model’s
adaptability across different clinical settings. Although PIML represents a promising direction
in medical imaging research, limitations remain in the explainability of these algorithms,
particularly in understanding how physical constraints interact with learned features [146];
managing uncertainty to avoid overconfident models, and dealing with incompleteness of
knowledge due to the inherent difficulties of modeling all possible phenomena.
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3.4 Conclusions

This chapter has provided an overview of the underlying physical properties in medical
imaging for AI applications. This knowledge enhances explainability, and enables more reliable
DL architectural designs, particularly for applications in image generation and reconstruction.
PIML represents a promising strategy for embedding prior knowledge into Al algorithms,
contributing to the development of more trustworthy systems while bridging the gap between
natural and medical image analysis.

This chapter has particularly focused on generative Al, which is transforming the landscape of
medical imaging. Both image reconstruction and synthetic image generation require an
understanding of the acquisition process specific to each modality. While the field of
generative Al is evolving rapidly, a strong foundation in physics remains essential for reliable
interpretation of medical images. At the same time, careful consideration is required when
introducing generative models into clinical practice, as poor generalization or unrealistic
outputs could mislead clinicians and compromise image integrity. Foundation models, that
incorporate data from multiple modalities, have emerged to enhance medical image analysis
and can further benefit from prior knowledge. These models combine different modalities
(multimodal) with various data types (text, image, video) and scales (cell, tissue, organ,
patient, population). By integrating prior domain knowledge in the form of physics, biology,
or medical expertise, foundation models can improve diagnostic accuracy and contribute to
more personalized and reliable clinical decision-making in the context of precision medicine.

The clinical translation of Al systems in healthcare relies on building trustworthy algorithms
that capture the complexity of real world data. Medical expert knowledge, physics in medical
imaging, and biology in life sciences, play a fundamental role in embedding prior knowledge
into ATl algorithms, providing complementary information to current data-driven methods with
the aim of enhancing the learning process. The properties of trustworthy AI will be presented
in the next chapter, while Chapters 6 and 8 will illustrate how the incorporation of learning
biases and inductive biases enhances the robustness and explainability of DL models in medical
imaging.



Chapter 4

Challenges of deep learning and
radiomics in medical imaging

Main publication associated with this chapter: Cobo, Miriam, et al. “Enhancing radiomics
and Deep Learning systems through the standardization of medical imaging workflows.” Sci
Data 10, 732 (2023). DOI: https://doi.org/10.1038/s41597-023-02641-x.

4.1 Introduction

Computer aided diagnosis (CAD) systems are transforming diagnostics and therapeutics in
healthcare with autonomous systems that aim to assist clinicians in their work, improve patient
care, and develop novel ways to discover new treatments and diagnostics in the laboratories
[158]. However, there are several factors that currently hinder the generalized adoption of
these systems in clinical practice, expanding from challenges in data collection to the effective
implementation of Al algorithms in medical workflows.

Significant efforts have been dedicated to advancing computer vision technologies for radiology,
an inherent digital image-based specialty, with increasing interest driven by the rising demand
for clinical imaging and the global shortage of radiologists [159]. For example, in oncology,
medical imaging is the reference to evaluate most cancers, in particular for lesion detection and
staging, which proves the need for general standards and guidelines in radiology to advance
research in CAD systems for digital diagnosis. Medical images play a key role not only in
diagnosis, but also in monitoring the progression and development of tumors, in addition to
supervising the response to therapy and risk of relapse [160, 161|. This role expands beyond
oncology to other areas of medicine, such as neurology, cardiology and pulmonology. In this
chapter, we will describe some of the existing limitations, in particular related to the lack of
standardization and interoperability, and we will introduce trustworthy Al [162, 163], which is
a multi-faceted concept grounded in several key principles, such as transparency, robustness,
fairness, and accountability. These principles are essential to build trust and ensure acceptance
in medical applications, both of which are necessary to achieve real-world clinical adoption.
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4.2 A deep look into radiomics

Radiomics is the quantitative evaluation of medical images, which enables the extraction and
analysis of predefined hand-crafted semi-quantitative (e.g., attenuation, shape, size, and
location) and/or quantitative features (e.g., wavelet decomposition, histogram, and gray-level
intensity) with the goal of developing predictive or prognostic models [164, 165]. Quantitative
image descriptors in medical imaging have emerged as noninvasive prognosis phenotypes and
predictive biomarkers [166, 167|. Particularly in oncology, these noninvasive techniques reach
the whole tumor volume [168], in contrast with pathological examinations, which require
biopsies or invasive surgeries to analyze only a limited sample of tumor tissue that may not be
representative of the whole lesion due to its heterogeneity [166]. Radiomics and radiogenomics
have shown potential to complement pathological diagnosis [169, 167, 170], yet the successful
integration of these workflows into clinical practice requires addressing several standardization
and interoperability challenges.

Conventional radiomics extracts pre-designed features from a segmented region of interest (ROI)
corresponding to the tumor [165]. This approach heavily relies on the segmentation contour,
and the image characteristics (type of scanner, acquisition protocol, etc.), which in many cases
impede generalization to new settings, as will be discussed in the next section. Additionally,
manual annotations increase the radiologists’ workload, and are subjected to inter-observer
variability [165]. Interestingly, radiomics is not exclusive to oncology, and can be applied to a
wide range of medical imaging modalities, from MRI, CT, US, PET and SPECT [171, 172, 173].
The extracted radiomics features can be analyzed with statistical methods and ML models.

In contrast with conventional radiomics, deep neural networks do not necessarily need the
segmented ROI, and the extracted features can be analyzed internally within the same model
or go through a different analyzer [165]. Thus, features can be automatically extracted in an
end-to-end process where no prior knowledge is necessary [165].

Throughout the next section, an overview of current methods in preprocessing and
harmonization of radiomics features will be presented, alongside limitations of both radiomics
and DL based CAD systems, emphasizing the need for standardized workflows in medical
imaging.

4.3 Limitations of radiomics and deep learning

The translation of computer vision advances into clinical practice is currently being delayed due
to the lack of standardization and harmonization of radiology clinical protocols and workflows
[174]. The potential of Al to revolutionize the state of the art in medical imaging requires
a paradigm shift from individual to collective standards, particularly in data collection and
preprocessing. This shift will also enable the transition of research from retrospective studies
to clinical trials and generalized adoption.

Several reviews of publications discussed by Hadjiiski et al. [175] reveal that most current ML
models are far from being ready for real-world clinical deployment. These models lack
sufficient reproducibility, rigorous validation, generalizability to external datasets, and
robustness to translate into clinical practice [163].
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4.3.1 Data acquisition and preprocessing

Regarding data collection and preprocessing, there is a wide variability between manufacturers
that implement distinct reconstruction algorithms, and institutions that utilize different
reconstruction parameters, which may also be customized for each patient [176]. Orlhac et al.
[177] showed in CT that scanner parameters such as reconstruction kernel or slide thickness
influence radiomics texture features. Moreover, Son et al. [178] revealed that similar CT
protocols and same slice gaps in data from different hospitals led to an improved performance
of ML algorithms. Rizzo et al. [176] proposed identifying and excluding radiomics features
highly influenced by the acquisition and reconstruction parameters, however, this solution may
limit the power of radiomics analyses. Image quality is another factor that impacts the
performance of radiomics systems, particularly if the equipment has become obsolete
compared to modern devices [175]. In case the images come from different sources
(manufacturers, hospitals) a similar distribution of “positive” and “negative” cases needs to be
ensured to train an Al algorithm [175]. Our research into the factors influencing internal
validation and generalization of DL neural networks in chest X-rays revealed that model
generalization is significantly impacted across devices with different types of response
functions, followed by variations in image processing and inter-institutional differences [20)].

Furthermore, preprocessing steps like filtering, resampling and morphological image processing
also have an impact on radiomics features, as illustrated in Figure 4.1. In this context, Soleymani
et al. |179] conducted a phantom study in CT to assess the reproducibility of radiomics features
across varying ROI sizes, image resolutions, and Hounsfield unit (HU) values. The authors
concluded that standardizing radiomics features is essential to ensure consistency across different
imaging conditions. Finally, for Al systems, data augmentation and synthetic data generation
should not alter the images in a way that the underlying biological or tissue properties become
implausible [149, 175].

There have been some attempts in the literature to provide guidelines to preprocess medical
images for conventional radiomics. Van Timmeren et al. [171] enumerate some of the necessary
steps before radiomic feature extraction, such as interpolation, normalization and discretization.
However, the authors highlight that many questions regarding these steps remain open. Aerts
et al. [166] performed radiomics analysis from the raw imaging data (before the images are
reconstructed), without any pre-processing or normalization, yet a strong dependence of their
radiomic signature on tumor volume was later revealed by Vallieres et al. [180].

To standardize radiomics features, ComBat harmonization is a batch-effect correction [181]
that aims to suppress batch effects by standardizing the means (location) and variances (scale)
of each feature across batches to reduce the batch effect error [182, 183|. This algorithm is
based on an empirical Bayes approach, originally developed for genomics data [184], later
applied to reducing radiomics variability in PET [185], and CT [177, 186]. There are other
variations of the algorithm, such as longComBat [182], developed for longitudinal data.
Overall, ComBat is intended to harmonize radiomics features, thereby minimizing the impact
of different acquisition protocols on radiomics feature extraction, which is particularly useful
for retrospective studies, where it would be impractical -or even impossible- to re-image
patients to a controlled imaging protocol [186]. Ligero et al. [183] applied ComBat considering
different sources of variance as batches: manufacturer-dependent convolution kernel, slice
thickness, and the combination of both. Their results showed that ComBat correction
minimized radiomics data variability regardless of differences in CT acquisition protocols [183].
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Figure 4.1: Effect of different preprocessing steps on the same nodule and the corresponding
histograms calculated for the nodule mask: (A) mediastinal window, (B) lung window (a.u.
refers to arbitrary units).

In the study by Mahon et al. [186], ComBat harmonization proved to be effective by
harmonizing radiomic features extracted from different imaging protocols, although
emphasized that its effect on imaging feature-based predictive models requires further
investigation. In fact, research is underway to analyze the power of ComBat harmonization in
multicenter studies in various imaging modalities, for example, Leithner et al. [187| studied
ComBat harmonization on PET/MRI and PET/CT for radiomics-based tissue classification.
Furthermore, ComBat is generalizable to other imaging modalities as it makes no assumptions
about the origin of the site effects [181].

The previous examples illustrate the need for general guidelines for medical image preprocessing
in computer vision tasks, and the relevance of adopting standard scanning protocols across
institutions to achieve consistency in the acquisition parameters.

4.3.2 Reproducibility and radiomics standardization initiatives

The clinical utility of an algorithm highly relies on the quality of the reference standard used
in its training and evaluation [175]. Reference standards based on radiologists’ opinion are
subjective, especially if assessed only by a single expert, and should therefore be replaced
whenever possible by objective reference standards, such as diagnostic tests and pathologic
evaluation of biopsies or excised lesions, patient survival or time-to-progression for
shorter-term reference standards [163, 175].

There are several standardization initiatives and imaging protocols investigating homogenization
of image biomarkers and radiomics features, such as the Image Biomarker Standardization
Initiative (IBSI) [188], the Quantitative Imaging Network of the National Institute of Health
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(QIN) [189], the Quantitative Imaging Biomarkers Alliance (QIBA) [190], and the European
Imaging Biomarker ALLiance (EIBALL) [191], among others. Harmonization of the extraction
and validation of robust radiomics features is essential to achieve results that are reliable and
reproducible [192, 177, 193, 194], although it does not address the systematic variations between
patient subpopulations [175]. The range of different standardization initiatives shows the need
to reach consensus among the radiomics research community on joint standards.

Radiomics signatures are intrinsically data driven, which poses several challenges as the high
number of features is susceptible to overfitting and overinterpretation of the derived models [170].
The development of radiomics signatures is significantly affected by underlying dependencies
between radiomics features, redundancies and multicollinearity, as outlined by Welch et al.
[192]. ML algorithms can be effective to identify unexpected effects, such as volume-confounding
features [193, 194]. Recently, the lack of biological meaning of current high-throughput agnostic
radiomics analyses has raised concerns. Tomaszewski et al. [170] emphasized the need of
supporting radiomics with biological validations to gain insights into the casual relationships of
the features with the outcomes.

Most published radiomics studies lack independent validations of their signatures beyond a
single external test set [170], which is insufficient for their deployment in clinical practice.
Independent validations of radiomics signatures on different cohorts and multiple institutions
are hindered by the lack of standardization in medical imaging, although Shi et al. [195] have
already proposed an approach for distributed radiomics. Therefore, to achieve generalization and
robustness of radiomics signatures, further efforts are required to homogenize image acquisition
and preprocessing [177], in addition to controlling the effect of potential confounders [194].

The previous paragraphs highlight the factors that affect the reproducibility of conventional
radiomics features. The next section focuses on the interpretability and generalizability
challenges in DL algorithms.

4.3.3 Black-box nature and lack of generalizability

A crucial aspect that compromises the translation of radiomics and Al tools into clinical practice
is the black-box nature of most current DL systems [196]. For instance, in the European Union
(EU), the General Data Protection Regulation (GDPR) establishes that individuals have the
right to receive a clear and understandable explanation of how Al is being used to make decisions
that directly affect them [197]. Explainable AI (XAI) is essential to gain the trust of physicians
and understand the reasons behind a prediction or decision [175]|. Besides, interpretability can
detect biases and problems such as unbalanced data, and explainable models are more robust
against adversarial attacks [198]. Post-hoc explanations like saliency maps are insufficient to
provide a full explanation of why and how the features are connected and weighted to identify
the target lesion. Provided explanations should align with medical knowledge or be supported
by clinical evidence [175]. XAI will be further explained in Section 4.5.

The shortage of large enough datasets to train and externally validate radiomics signatures in
prospective multi-center studies also happens for medical Al devices [199]. Several of the devices
approved by FDA for diagnostic use were trained on small datasets from a single center or from
only two centers [200]. These algorithms are prone to biases and lack of generalizability outside
the site where they were trained [20]. In general, Al tools deployed in new clinical settings
should be evaluated for their local clinical validity, and re-calibrated if necessary [163].
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Public databases provide free validation datasets to the medical imaging community, however,
as argued by Hadjiiski et al. [175], the quality assurance (QA) process for data in a public
database is often overlooked. For example, the well-known lung cancer LIDC-IDRI dataset
[201] includes the manufacturer in DICOM metadata, but not demographic information such as
patient age or gender [202], which can lead to unexpected biases when developing ML models.

As outlined by Hadjiiski et al. [175], even if a hospital could use a vendor-trained CAD-AI
tool with multi-institutional data and approved for clinical use, its performance in the local
population could not be the same as in the vendor’s specifications. Hence, the hospital would
have to evaluate the performance of this tool on their patients in an adjustment phase,
achieving a deeper understanding of the system’s performance in the local setting, while
reducing unrealistic expectations and improper use of the CAD-AT tool [163, 175].

To ensure data availability, accessibility and reusability, radiomics signatures demand stability
and reproducibility across different hospitals, scanners and acquisition protocols, that is, the
adoption of FAIR principles (findable, accessible, interoperable, reusable), as described by
Wilkinson et al. [203], in a manner that preserves patient privacy [174]. Data collection must
also conform to the ethical considerations and legal framework of the country in which the
data were obtained [175]. Standardization extends to validation and evaluation criteria,
providing guidelines and contrasted metrics to reduce bias and overly optimistic results hiding
the lack of generalization of certain models subjected to highly restrictive data conditions and
insufficient reporting [171].

The promise of CAD systems lies in their potential for noninvasive automated evaluation of
medical images. The price will be standardizing the different workflows in image acquisition,
preprocessing, annotation, anonymization, metadata, and storage processes.

4.4 Guidelines to achieve standardization

There are several public databases available with medical images, such as The Cancer Imaging
Archive [204] or Neurovault [205]. However, the lack of standardization in database formats,
i.e., limited interoperability, hinders the simultaneous integration of multiple data sources
within the same ML algorithm. [174]. Thus, the change of paradigm from visual assessment of
medical images to computer-aided evaluation demands for methodological standardization of
the workflows in medical imaging as proposed in Figure 4.2. This standardization should
implement the FAIR principles to the extent that the requirements due to the nature of
medical images (de-identification, security) allow.

Data collection is a crucial step to create computer vision models and involves different agents
within the hospital: radiologists, technicians, nurses, general practitioners, etc. Data
interoperability is vital to facilitate research and multicenter studies, therefore, all the involved
agents in data collection should become aware of methodological standards when these are
adopted. We believe radiologists will play a key role in ensuring the correct application of
standards and the effective adoption of protocols. There are two levels at which
standardization of the workflows in image analysis should be implemented: software
(consistency of technical implementation among scanners and manufacturers) and human
interaction (coherence between different observers and practitioners) [173].

At human interaction, we identify two levels at which radiological studies should be labeled:
study level (e.g. brain MRI FLAIR sequence, chest radiography AP, etc.) and pathology level
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Figure 4.2: The nine stages of reaching standardization and making medical imaging data as
FAIR as possible.

(e.g. tumor, benign nodule, etc.). The study level labeling relies on the work of technicians and
nurses, who are responsible for the correct categorization of the data according to the type of
study modality they have performed. Hence, in the study level labeling, the Series Description
parameter in DICOM should correctly include the type of study modality that was carried out.
Ultimately, the labeling at study level should be incorporated in the DICOM Study Description
and Series Description fields, according to the RadLex lexicon [206] standard. Therefore, it is
essential that this field is homogenized for each DICOM across all hospitals and scanners. In
addition, the pathology level labeling should be incorporated into the structured report [207].

Regarding software, we believe that manufacturers’ involvement in the process of
standardization is essential, as they are in charge of bringing the latest technology to the
clinic. To ensure their engagement, we propose that all leading radiological societies join forces
to request the implementation of the necessary technology from the manufacturers. In
particular, we acknowledge that standardization of MRI protocols for MRI-based radiomics is
a challenge [208], due to the inherent versatility of this imaging modality. The experience of
Sharma et al. [209] first reported a systematic inventory of MRI technology and personnel.
They proposed the creation of a committee of stakeholders (radiologists, MRI physicists,
technologists and scientists) committed to establishing and maintaining a standardized
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imaging strategy, with annual protocol reviews. In their conclusions, Sharma et al. [209]
emphasized the need for better remote connectivity to MRI systems and increased automation
in exam acquisition, including protocol selection, configuration, and parameter modification.
In other medical imaging modalities, such as radiography or CT [210, 211, 212|, the same
process as in MRI could be followed, automating exam acquisition and parameter selection
based on the patient’s characteristics.

We propose the following guidelines to improve generalization of CAD radiomics and DL systems
in radiology:

e Medical imaging datasets should always incorporate metadata information about the
manufacturer and the acquisition protocol.

e Datasets’ anonymization process should retain demographic information (e.g., age, gender,
comorbidity, ethnicity) to avoid biases, as long as the patient cohort is sufficient to ensure
patient de-identification.

e Datasets that include segmentations should provide metadata describing if the
segmentation was manually performed, otherwise information describing the automatic
or semiautomatic method that was used should be provided, including values of internal
parameters in case of fine-tuning of the algorithm.

e Reference standards should be objective as far as possible, otherwise, independent
evaluations should be secured from several experts with an assessment of the inter-reader
variability.

e Hospitals should appoint a stakeholder committee within their staff to guide and monitor
the standardization strategy, through a QA /QC process.

e All hospitals should adopt the same standards and guidelines to ensure interoperability.

e Radiomics and Al systems should include interpretable explanations in human
understandable terms, similar to medical standards, on how and why they perform
predictions or decisions to assist physicians.

e Datasets along with their metadata, and code if exists, should be made publicly available
to allow reusability and reproducibility.

Standardization of computational statistics for radiomics-based systems should consider data
balancing, sufficient patient population in size and diversity to prevent potential biases,
interpretability, biological validation (relation of radiomic signature to cell morphology,
density, distribution pattern, etc. [173]), generalization and suitability of performance metrics
to the case of use, among other aspects. Ultimately, it is critical to continuously monitor the
performance of radiomics and DL systems to ensure their efficiency does not degrade over
time, the so-called data drift [163, 213]|, as clinical practices, protocols and patient
demographics may change, with a corresponding impact on performance.

The constraints of conventional hand-crafted radiomics CAD systems, detailed in this chapter,
and originally presented in the first research paper of this thesis [52], motivated a transition in the
thesis towards DL-based approaches, with a particular emphasis on explainable Al algorithms.
The following Section 4.5 defines the terms transparent, explainable and interpretable, while
the final Section 4.6 introduces the multidimensional concept of trustworthy Al.
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4.5 Explainable artificial intelligence

Deep neural networks are very powerful mathematical algorithms with thousands or millions
of parameters. Their internal reasoning is difficult to interpret by a human, since they learn
from patterns and correlations in the data through effective feature representations. Thus, DL
algorithms have been criticized by their black-box nature [196], which hinders their widespread
adoption in high-stakes decision-making processes, such as healthcare, as described in Section
4.3.3. The results of these models are often unexplainable, unjustifiable and unaccountable [214].
In contrast, XAI has emerged to open the black-boxr and provide understandable explanations
to the decisions of DL models.

Within the literature, the terms ‘transparency’, ‘explainability’ and ‘interpretability’ are often
used interchangeably. In this thesis, they will be defined following the same criteria as Angelov
et al. [215]:

e Transparency: a model is considered transparent if, by itself, it has the potential to be
understandable (as opposed to a black-box nature).

e Interpretability: the ability to provide interpretations in terms that are comprehensible
by a human.

e Explainability: human-understandable interface between humans and the system [216]. It
comprises Al systems that are accurate and comprehensible to humans, which encompasses
summarizing the reasons for their behavior, and offering insights into the causes of their
decisions [217].

XAI models are inherently interpretable, but not all interpretable models are necessarily
explainable [217]. Both explainability and interpretability constitute concepts by themselves,
rather than binary properties, and, therefore, they are considered multidimensional concepts
[218]. In this regard, Nauta et al. identified 12 conceptual properties, a high level
decomposition of explanation quality, such as completeness, correctness, and compactness, for
a comprehensive evaluation of the quality of an explanation [218]. Given the overlapping
characteristics of explainability and interpretability, these terms will be used interchangeably
throughout this thesis [219].

Several techniques have been proposed to enhance explainability and interpretability in ML
models. These methods can be divided into two main categories:

e Post-hoc explainability: an explanation method is applied in an attempt to gain insights
into the learning process of an already trained DL model. This approach tries to provide
faithful explanations to what the original model computes. However, these explanations
cannot fully replicate the original model, since, if they could, the black-boxr model would
be unnecessary [196]. Post-hoc methods are integrated after creating and training the
model. Examples include interpretability saliency maps for images [220], or importance-
based methods and SHAP values for computing feature importance in tabular data [221].
The aforementioned methods attempt to provide insights into which features are driving
the predictions of the model [4].

e In-model explainability: the explainability is implemented by design into the DL model,
building an inherently explainable model [218]. A common misbelief is that there exists
a trade-off between accuracy and interpretability [196], however, this is merely a
consequence of most research efforts being focused on non-explainable DL models.
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Explainable by-design models introduce interpretability constraints (e.g., sparsity,
learning biases, as discussed in Chapter 3), attention mechanisms, example-based
explanations, or can be directly white-box models such as linear regression [214, 218|.

In both categories explanations can be local (referred to a single instance) and/or global (for
the whole model). There is a third less common category which are supervised explanation
methods, that train the model providing a ground-truth explanation [218].

Another useful technique for analyzing complex models is the ablation study, which involves
successively removing components of the model to assess their contribution to the final decision.
This approach can also facilitate the development of simpler models when the removal of certain
parts does not result in a significant drop in performance.

XAI is necessary in high-stakes decisions, such as healthcare applications, to allow end users
to interpret the model and its outputs, assess its strengths and limitations, and make informed
decisions on its use, including whether to rely on it or not depending on the situation [163].
Incorporating end-user considerations into the design and development process of XAI models is
essential [214]. The FUTURE-AI framework [163|, that provides guidelines for trustworthy and
ethical Al in healthcare, defines two recommendations for explainability: defining explainability
needs and evaluating explainability.

4.6 The road to trustworthy artificial intelligence

Trustworthy Al is a fundamental concept to ensure the safe use of Al algorithms in the clinics,
which involves a wide range of factors including robustness, security, transparency,
explainability, fairness, and safety (222, 162]. In 2019, the European Commission published a
guideline composed of seven key requirements that should be met for trustworthy AI [223],
which complements the GDPR on individual’s right to explanations for AI decisions [197].
The seven key requirements for trustworthy Al are:

e Human agency and oversight.

Technical robustness and safety.

Privacy and data governance.

e Transparency.

Diversity, non-discrimination and fairness.

Societal and environmental well-being.

Accountability.

The FUTURE-AI framework structured the guidelines for trustworthy healthcare AT around six
guiding principles: fairness, universality, traceability, usability, robustness, and explainability
[163]. The next chapters of this thesis focus on enhancing robustness and transparency of DL
models, which are related to two of the seven requirements for trustworthy AlI, and two of the
six guiding principles of the FUTURE-AI framework.



Chapter 5

FAIR principles in clinical
informatics data preprocessing for
artificial intelligence algorithms

Main publication associated with this chapter: Cobo, Miriam, et al. “Applying the FAIR
principles in clinical informatics data preprocessing for artificial intelligence algorithms”. To be
submitted.

5.1 Introduction

Reproducibility in medical imaging and omics data for deep learning algorithms strongly relies
on preprocessing, yet this process lacks well-defined guidelines and standardization, in contrast
with the well-known FAIR principles for research data, presented in Section 4.3.3. As datasets
are shared to enable scientific discovery, preprocessing steps before training machine learning
algorithms are crucial to ensure adaptability and reproducibility. For this purpose, it is necessary
to guarantee that researchers report preprocessing pipelines in clinical informatics following
FAIR principles. To encourage consistent and transparent FAIR reporting of data preparation
in clinical informatics, this chapter presents a set of best practices designed to establish the
minimum principles, increase awareness in this topic and foster further discussion.

5.2 Data preprocessing as the first step in machine learning
pipelines

In the context of data preparation, preprocessing refers to the pipeline that encompasses the
selection, preparation and curation of data for subsequent use in machine learning (ML)
models. This process includes different steps in clinical informatics depending on the specific
data modality, e.g., images, electronic health records, omics data, etc. The purpose is to
transform the initial data, and the corresponding labels, into a suitable format and structure
for input into the ML model [224]. Preprocessing plays a crucial role in the development of
ML algorithms, since the quality of the input data directly influences the learning process and
the output predictions. Therefore, regardless of the modality, preprocessing demands
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standardization in clinical informatics to ensure high quality data management, facilitate
reusability and reproducibility [225].

The recent FUTURE-AI framework [163], presented in Section 4.6, emphasizes the need to
systematically report preprocessing and annotation workflows to address technical and human
biases. The widely known FAIR principles were designed to enhance the value and impact
of scientific digital objects [203]. These principles have been widely adopted by researchers,
organizations, and regulatory entities, as they provide a standardized framework for improving
data collection, curation, organization, and storage [163]. The application of these principles
naturally extends to preprocessing and data preparation pipelines before training and validating
ML models. This chapter gathers a detailed list of best practices that take inspiration from the
FAIR principles, extending the general guidelines in the FUTURE-AI framework to standardize
the reporting of data preprocessing in clinical informatics.

Preprocessing is often an overlooked step in the literature, yet it plays a crucial role in the
model’s performance and generalizability, preventing data leakage and ensuring
reproducibility, two interconnected challenges in ML research [4, 224]. Using the entire dataset
for any pre-processing steps or ignoring temporal dependencies in time-series data results in
data leakage [4, 226]. For instance, steps such as normalization, imputation of missing values,
oversampling, data augmentation, dimension reduction or feature selection before data
splitting cause an imperfect separation between training and test sets [4, 224, 226], ultimately
leading to overoptimistic results and lack of generalizability and reproducibility.
Data-informed splitting requires domain-specific knowledge and additional bioinformatics tools
depending on the application [224]. Hence, a clear and standardized reporting of preprocessing
steps is necessary to ensure high quality evaluation and auditing of ML models. However, in
practice, this level of reporting is often absent or incompletely documented in the literature.
This problem is particularly prevalent in conference proceedings with space limitations, where
there is usually no dedicated section clearly detailing data preparation and preprocessing
steps, which hinders reproducibility [3, 227, 228]. Even if the code is released, this remains
suboptimal since it can be open to interpretations and, therefore, prone to errors, particularly
when reproducing an existing model on new datasets that did not follow the exact same
collection criteria as the original data. This scenario is common in clinical informatics, where
procedures continuously evolve and adapt to enhance healthcare delivery. Thus, releasing the
code is encouraged but does not guarantee reproducibility of the results [229], highlighting the
importance of documenting preprocessing in both the main text and supplementary materials.
In Chapter 4, guidelines were presented towards standardization of medical imaging workflows,
and the impact of different preprocessing steps on radiomics features was examined. It was
emphasized that medical images vary significantly depending on the selected Hounsfield Unit
(HU) window (Figure 4.1), which affects the visualization, analysis and interpretation of
anatomical structures. In this chapter, these concerns are generalized to preprocessing in
clinical informatics data, spanning from medical images to omics datasets, providing general
principles applicable to diverse data types. To facilitate understanding, visual examples are
presented primarily from medical images, as they offer a more intuitive and straight-forward
interpretation than other modalities, such as omics data. Figure 5.1 illustrates the relevance of
preprocessing in the life-cycle of an ML model.

Foundational models (FM) have attracted significant attention in healthcare in the past few
years, offering new opportunities for scalable, data-driven insights across a wide range of clinical
tasks. These models have shown potential to mitigate generalization issues in applications
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Figure 5.1: The role of preprocessing in the training, evaluation and auditing of machine learning
algorithms.

involving small or imbalanced datasets [230]. Pretraining FM for downstream tasks in healthcare
faces challenges associated with diverse data types, quality issues, inter-subject variability and
integrating heterogeneously informative modalities [231]. Addressing these limitations requires
comprehensive data preparation workflows, that will also benefit from standardized domain-
specific preprocessing.

This chapter aims to raise awareness within the scientific community on the vital role of
preprocessing in clinical informatics applications. Simple, yet effective, guidelines and best
practices are proposed to promote a FAIR reporting of all the key preprocessing steps to
prepare clinical informatics data for developing and validating ML algorithms.

5.3 An example of pitfalls in medical imaging preprocessing

Medical imaging preprocessing is a crucial step to ensure correct sizing and management of
medical images before passing them to deep learning (DL) algorithms. Effective preprocessing
enhances model performance by reducing variability, optimizing resolution and uniformity,

while preserving clinically relevant information [140]. Seoni et al. [232] review image
harmonization techniques in multi-center/device studies, emphasizing their impact on
improving model performance, generalizability, and mitigating biases. For instance,

histopathology images, characterized by their high resolution and large file sizes, require
systematic preprocessing, including resizing, normalization, and color correction to ensure
consistency, while preserving tissue morphology. Additionally, stain normalization techniques
are commonly applied to standardize variations in staining protocols across different
laboratories, improving the ability of DL models to learn meaningful patterns rather than
artifacts.  Similarly, in radiology, preprocessing can involve intensity normalization, HU
windowing in computed tomography (CT) scans, or bias field correction in magnetic resonance
imaging (MRI) to standardize contrasts and improve feature extraction, as described by
Masoudi et al. [233]. Preprocessing strategies should always be assessed with clinical
knowledge, and adapted depending on the task and type of data, since they can have an
impact on the model’s interpretation of the images [234|. Image registration, noise reduction,
and segmentation are also critical steps in preparing medical images for ML analysis. Figure
5.2 shows an example of different preprocessing techniques applied to a lung nodule in a CT
scan to illustrate the effect on how the algorithm “sees” the data. These examples are inspired
by methods described in the literature, even though preprocessing steps were not consistently
reported [3, 235]. Transparent reporting of each step performed is essential to avoid
misinterpretations, promoting reuse of existing DL models.

In medical imaging, DICOM (Digital Imaging and Communications in Medicine) is the
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Figure 5.2: Different preprocessing techniques on the same nodule in a CT scan.

universal standard that defines and controls the formats for sending, distributing, and storing
medical images across different machines, manufacturers, and imaging modalities [57]. The
transformation of original DICOM files into other medical image formats should preserve
metadata to document the steps performed during the conversion, as well as keep information
regarding the original device, acquisition parameters and, if possible due to the nature of the
data, demographic information [236, 52|. For instance, the selection of HU windowing should
always be reported when converting DICOM to PNG to ensure reproducibility and proper
interpretation. =~ However, this standard practice is often overlooked in the literature
[237, 238, 239, potentially causing inconsistencies in subsequent data analysis and limiting
reusability. It should also be noted that some preprocessing steps can be irreversible if the
dataset is released in the derived format, e.g., when performing intensity normalization the
original intensity values cannot be recovered post-normalization [240)].

This section contains examples focused on medical images, but the same process is generalizable
to omics data [241], electronic health records [242] and, in general, any clinical informatics data
modality. Overall, robust preprocessing requires the integration of domain knowledge with a
comprehensive understanding of the data and existing standards.

5.4 Towards FAIRness in data preprocessing

Data preprocessing steps are performed to optimize the ultimate objective of the ML
algorithm [233]: classification, detection, segmentation, and representation learning, including
self-supervised approaches. These preparation and curation pipelines are expensive in terms of
time, effort and resources. The data management plan (DMP) is a dynamic structured
document plan that describes how data will be handled throughout a project, from collection
and organization to quality control, documentation, and usage [243]. Additionally, it outlines
strategies for data preservation and sharing, ensuring compliance with established policies and
facilitating future accessibility. Data provenance refers to the origin, processing, movement
and storage of data [244]. This concept is key to account for the distinct versions of the
original data that can be derived from different subsequent preprocessing pipelines. Both the
DMP and the data provenance are resources to document and standardize reporting of
preprocessing pipelines. Fraga-Gonzalez et al. recently provided a series of affordable
approaches to achieve a reasonable degree of FAIRness (not to be confused with fairness in
the context of algorithms or ethics, which refers to the absence of bias or discrimination in
decision-making processes [163|), enabling data reusability after publication [245]. These
recommendations are applicable to any scientific field, and we particularly emphasize in the
next lines the relevance of FAIR reporting in clinical informatics data preprocessing.
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Findability. The dataset preprocessing and metadata should be easy to find, including
explicitly the identifier of the original raw data. We encourage researchers in clinical
informatics to integrate in their pipelines DMPs, and we suggest international conferences and
journals to enforce sharing the DMP’s link, together with code and dataset’s repository if
applicable, detailing preprocessing steps and data provenance with the public code in
persistent identifiers. This way, space limitations will not prevent authors from achieving
high-quality reporting.

Accesibility. The preprocessing and associated metadata describing all the methods, tools and
conversions should be preserved and archived in a long-term registry or repository. Whenever
possible, metadata associated with preprocessing steps should be reported in a standardized
manner. For example, in medical images, DICOM supports versatile and standardized big
data management [236], and we recommend keeping this original format and leveraging existing
software tools for reading and writing DICOM fields.

Interoperability. Preprocessing should be performed with standard tools that allow correct
versioning reporting and automation, including explicit references to these tools and their
internal parameters in the metadata.

Reusability. This principle ensures that data preprocessing pipelines are both usable (i.e.,
reproducible) and reusable, allowing them to be efficiently applied to new datasets or adapted
to different research contexts. This can be achieved with provenance recording in DMPs.

Transparent and FAIR reporting of preprocessing pipelines facilitates the identification of
potential flaws in the subsequent development of ML models. We illustrate this need with a
recent example from the literature. Vandewiele et al. [246] reported a critical metodological
flaw in electrohysterography recordings to estimate the risk on preterm birth: applying
over-sampling before partitioning the data into mutually exclusive training and testing sets.
This methodological flaw led to a large number of studies reporting near-perfect performance,
resulting in biased results that, when corrected, were in many cases not significantly better
than random guessing [246]. Such flaws could be easily detected by reviewers if authors follow
FAIR preprocessing guidelines.

Recently, international renowned conferences, such as NeurIPS, are encouraging authors to
generate a Croissant machine-readable metadata file to document their datasets [247]. This
metadata format creates a shared representation across ML tools, frameworks and platforms.
We highlight the potential of this tool and advocate for further efforts to extend its application
to preprocessing and the field of clinical informatics.

5.5 Best practices for reporting FAIR preprocessing pipelines

Data preparation and preprocessing pipelines involve multiple components and stages (including
the data itself, the associated labels, and the labeling process) that influence the input to ML
models; all these parts of the pipeline should be reported following the FAIR principles. We
propose the following best practices to ensure FAIR reporting of preprocessing steps in clinical
informatics:

1. Data splitting strategy. Separating an independent subset of the data for testing the
model at the beginning of the project [4]. This should be guided by domain knowledge,
taking into account temporal dependencies when present (e.g., time-series data,
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longitudinal records), specific experimental conditions under which the data were
generated (e.g., laboratory settings), and, in some cases, data characteristics that require
stratification (e.g., avoiding a test set with a disproportionate number of samples from
one gender, or predominantly easier cases) to prevent data leakage and shortcut learning.
Division of the data into train, test, and validation splits, should describe if any
cross-validation is performed, and include the samples identifiers to allow full
reproducibility.

. Label adaptation. Curation of the original labels should also be explained if any

transformation is performed, e.g., when there are multiple readers for the same medical
image how is the ground truth derived to train the algorithm. Uncertainty and noise in
ground truth labels, as well as labeling of edge cases should be considered and discussed,
especially when the gold label is not available (e.g., radiological visual evaluation of
malignancy in a lung nodule instead of pathological examination).

. Format conversion. Original formats and subsequent derivations should be justified,

i.e., conversion of DICOM to NRRD or PNG formats should report the HU window, as
well as changes in data types (e.g., integer to float, log-transformed values), for example,
in omics data.

. Annotation, feature selection. Data annotation and feature selection process should

be documented. For example, in medical images, steps such as skull-stripping or
segmentation (either manual, semi-automatic or fully automatic) of the relevant parts
should be described including the software and hyperparameters. A rationale should be
given for the tools and libraries employed, e.g., if Monai [26] or other typical tools were
used, an explanation of the choice should be included to facilitate understanding and
promote reproducibility. Additional relevant information on the centers where the data
was acquired, different machines or methodology should be documented if necessary.

. Feature normalization. Manipulation of the data to train an ML model should always

be clearly explained step by step, i.e., normalization/cropping/downsampling/
upsampling /padding medical images, handling missing data and outliers in omics data,
converting raw sequencing reads to gene expression matrices or normalizing proteomics
intensity values. This includes reasoning behind the choice of hyperparameters in
normalization (type of normalization used, ranges chosen, etc.). Specific choices should
be grounded on domain-specific knowledge.

. Data augmentation. Data augmentation and resampling strategies should be

documented and, if possible, including examples in the supplementary materials (e.g., for
images).

. Metadata traceability. Recording metadata changes and documenting data provenance

after pre-processing to ensure traceability. These should also be documented in the DMP.

. Auditing. In the clinical deployment of the algorithm, describing the data for auditing,

quality control tests that will be performed, together with measures to identify data and
concept drifts [248].

Authors are encouraged to briefly summarize all these steps in the main manuscript and to
present full details in supplementary or external documentation. To promote full engagement,
conferences and journals should consider enforcing these best practices through their official
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submission guidelines.  Additionally, the afore-mentioned best practices can be used in
combination with existing checklists for conducting and reporting ML-based science, such as
REFORMS [249].

As illustrated in Figure 5.3, the proposed best practices are grounded on several principles from
the FUTURE-AI [163] and FAIR frameworks [203].
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Figure 5.3: Best practices in data preprocessing associated with the corresponding key principles
from FUTURE-AI and FAIR frameworks.

5.6 Conclusion

Data preparation and preprocessing in clinical informatics workflows are key steps before the
development of ML algorithms. Transparent preprocessing pipelines foster the advancement of
scientific research, promoting reproducibility, accessibility and validity of ML results. Current
state of the art in clinical informatics tends to overlook the impact of data preprocessing and
data quality on the robustness of ML algorithms, hindering clinical translation. In this chapter,
examples are provided to emphasize the relevance of leveraging domain-knowledge in clinical
informatics to perform informed data preprocessing as a crucial step to ensure consistent results
across different research institutions.

The proposed best practices intend to support standardized, reusable, and reproducible
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application of data preparation steps. This is a fundamental requirement for developing
trustworthy Al systems in healthcare, since systematic reporting following FAIR principles is
essential to detect and prevent common reproducibility issues that threaten ML research, such
as data leakage. Promoting and enforcing these guidelines in journals and conferences will
require time, but we believe current efforts are already in this direction, and educating the ML
and bioinformatics community is essential to drive further progresses.



Chapter 6

Multitask learning to enhance
image-based intracranial hemorrhage
prognosis

Main publication associated with this chapter: Cobo, Miriam, et al. “Multi-task Learning
Approach for Intracranial Hemorrhage Prognosis.” International Workshop on Machine
Learning in Medical Imaging. Cham: Springer Nature Switzerland, 2024. p. 12-21. DOLIL
https://doi.org/10.1007/978-3-031-73290-4_2.

6.1 Introduction

Intracranial hemorrhage (ICH) is a leading cause of death and disability worldwide,
characterized by high mortality rates and significant long-term neurological impairments [250].
This condition poses a substantial burden on healthcare systems, and presents complex
challenges in terms of timely diagnosis, effective treatment, and rehabilitation strategies [251].
Computed tomography (CT) is the standard imaging modality for evaluating ICH, in which
acute hematomas appear as high-density regions [252].

The incidence of ICH is projected to rise due to aging populations and increasing prevalence
of risk factors such as hypertension, coagulopathy, and cerebral amyloid angiopathy [253]. Yet,
prognostic predictors of ICH are significantly under-explored, hindering patient stratification
by severity and the evaluation of the efficacy of emerging therapeutic interventions [254]. This
prognostic uncertainty sometimes leads to a lack of consensus among clinicians on treatment
[255]. Thus, there is an urgent need to improve the understanding of the relationship between
clinical and demographic variables with ICH imaging features, in order to gain insights into the
underlying factors in prognosis through imaging.

Deep convolutional neural networks (CNNs) are able to extract meaningful feature
representations from medical images for classification tasks [256]. Recently, multimodal fusion
models are gaining importance to exploit information across different modalities, and to build
more precise and robust models [257]. Identifying medical knowledge relevant to image
analysis tasks might be complex. While some of this knowledge can be directly learned from
the training data, other aspects are not easily captured by the DL model, making it necessary
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to promote their learning [258|. Transforming medical knowledge into valuable representations
to enhance the performance of DL image models also requires a careful understanding of the
data [258]. In this regard, ordinal learning approaches are gaining more attention in the
medical imaging field {259, 260|, since they leverage the ordinal relationships among different
stages of disease severity.

This chapter focuses on enhancing feature representation from CT scans by incorporating
clinical and demographic variables strongly associated with ICH prognosis. These variables are
introduced in the image model as learning biases (see Section 3.3.2) through soft penalty
constraints added in the loss function in a binary or ordinal approach. In this chapter,
learning biases will be based on clinical evidence, in contrast with PIML methods, which rely
on physical constraints, discussed in Chapter 3. The joint learning of a shared embedding that
incorporates prognosis and highly correlated relevant variables enhances the interpretability
and robustness of the DL image model.

6.2 Statement of the problem

The potential of clinical context for ICH prognosis has already been studied in previous works
[255, 261]. Perez et al. [255] proposed a hybrid model following a joint fusion approach to
classify patients into good and poor prognosis, using both CT images and clinical variables.
Shan et al. [261] simplified the task introducing a multimodal DL algorithm integrating both
brain CT image data and Glasgow Coma Scale (GCS) score to improve prognosis. GCS is a
clinical variable that describes the extent of impaired consciousness in all types of acute medical
and trauma patients, ranging from 3 (worst) to 15 (highest) [262]. In a related study, Ma
et al. [263] proposed a generative prognostic model for predicting ICH treatment outcomes
utilizing imaging and tabular data. They used a variational autoencoder model to generate a
low-dimensional prognostic score, and combined the multi-modality distributions into a joint
distribution. All these methods require both tabular and imaging modalities as model inputs.

Current ICH fusion models fail to explore the entanglement between clinical information and
medical images, overlooking the extent to which images alone can contribute to prognosis. In
routine practice, neuroradiologists (NRs) integrate tabular clinical variables with imaging data
to make prognostic assessments and stratify patients [251]. Hence, the exploration of how clinical
information can be inferred directly from images to enhance prognostic accuracy represents a
significant area of interest, particularly in scenarios where certain medical variables cannot be
measured due to the patient’s condition, such as in intubated ICH patients. Zhou et al. [264]
showcased the value of incorporating domain knowledge in dermatology proposing a multi-task
model to mimic dermatologists’ diagnostic procedures, achieving state-of-the-art recognition
performance.

In this chapter, we propose learning clinical information in the form of discrete binary and
ordinal variables to improve feature representation of CT scans in an end-to-end multi-task
ICH prognosis model. Multitask learning is a regularization approach that increases the
robustness of DL algorithms by simultaneously learning the main task and auxiliary tasks that
provide complementary information to the main task in a joint feature space. Our
contributions can be summarized as (1) evaluating the clinical and demographic variables with
the highest impact on ICH prognosis through machine learning (ML) tabular models, and
their best encoding for the multi-task models; (2) introducing the two primary tabular
variables driving the prognosis (GCS and age) in two multi-task prognostic image models
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(binary and ordinal); (3) performing ablations to show the predictive power of the proposed
multi-task models; (4) assessing interpretability saliency maps [220] and their alignment with
neuroradiologist’s knowledge, ultimately comparing the prognostic capabilities of the models
with four board-certified NRs.

6.3 Materials and methods

6.3.1 Data

We used a publicly available single center dataset [1] of 261 brain CT scans in NIfTI format,
demographic and clinical variables (in the form of tabular data) from the patients’ medical
history for ICH prognosis, as described in Perez et al. [255]. These variables are collected in
Table 6.1. The dataset was collected at Hospital Universitario Marqués de Valdecilla (HUMYV),
located in Santander, Spain. Ground truth classification labels are based on hospital survival:
99 patients with good prognosis (label 0), and 162 patients with poor prognosis (label 1).

Table 6.1: Categorical and numerical variables available in the dataset by Pérez et al. [1].
?Glasgow Glasgow Coma Scale is an ordinal categorical variable.

Categorical variables

Numerical variables

Sex
Smoker
Alcohol
Head trauma
Hypertension
Diabetes Mellitus
Dyslipidemia
Medical history of intracranial hemorrhage
Medical history of cardiovascular diseases
Medical history of neurologic diseases
Medical history of dementia
Medical history of cancer
Medical history of hematologic diseases
Medical history of other major diseases
Anticoagulant drugs
Antiaggregant drugs
Antihypertensive drugs
Calcium antagonist drugs
Alpha-blockers drugs
Physical exploration with neurological signs
and symptoms
Glasgow Coma Scale®

Age (years)

Systolic arterial pressure
Diastolic arterial pressure
Oxygen saturation
Temperature
Heart rate
Respiratory frequency
Fibrinogen
Glucose
Creatinine
Sodium
Potassium
White blood cells
Hemoglobin
Platelets
Mean corpuscular volume
Red blood cell distribution width
International normalized ratio
Mean platelet volume
Mean corpuscular hemoglobin
concentration
Urea

6.3.2 Method

Previous work conducted on this dataset [255] proposed a fusion model concatenating image
features extracted by a custom 3D CNN with tabular data extracted by a Dense neural network
(DNN). However, significant limitations were identified: training curves were close to random
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guess in the image model, and oversampling was performed in training, validation and test sets.
These shortcomings undermined our confidence in the reported results. Thus, we repeated the
baseline experiments in Perez et al. [255] performing 10 fold cross-validation (CV), and limited
oversampling to the training set for class balance in prognosis. The 27 CT scans from one test
fold were further labelled by four board-certified NRs with an average experience of 7 years (5,
5, 8 and 10 years) for benchmarking.

The proposed method aims to enhance the image model feature representation by learning
a shared loss regularization across the main decision-driving variables in the ICH prognosis
tabular models. To this end, the prognostic capability of the tabular variables available was
first evaluated. Subsequently, a 3D DenseNet121 model [26] was used as feature extractor, and
we designed two multi-task image models that aggregated the loss in the prognosis task with
the loss of one clinical and one demographic variable, which was back-propagated through the
image model. The method is presented in Figure 6.1, and explained below.

Sallency maps

ICH prognosis
DenseNet121
GCS
l:[ Age

Guided-Back- Guided-
propagation Grad-Cam

CT scans Preprocessing Feature extractor

Figure 6.1: Proposed multi-task image model integrating Glasgow Coma Scale (GCS) and age
as outputs to regularize the learning and enhance the prognosis task. In the saliency maps,
brighter colors mean higher importance.

Preprocessing

Following Perez et al. [255], numerical variables were normalized using min-max normalization.
In the CT scans, skull was stripped [265], and preprocessing [26] reproduced the steps in Perez
et al. |255] for the best windowing selection. CT scans were downsampled to 301 x 301 x 40
before feeding them to the models.

Tabular models

First, Perez et al. [255] DNN tabular model was reproduced using the variables in Table
6.1, then each variable’s importance was evaluated using Shapley additive explanations (SHAP
values) [266]. Subsequently, ML tabular models, including Random Forest (RF), XGBoost
(XGB), Logistic Regression (LR), and Decision Tree Classifier (DTC), were trained on the most
relevant variables to identify the prognostic decision boundaries, which were integrated into the
multi-task image models. The process is described in Figure 6.2.

Image models

For evaluation purposes, the baseline image model was replicated as described by Perez et al.
[255]. Yet, we also introduced a new baseline model based on a 3D DenseNet121 backbone
feature extractor [26], which mitigates the vanishing-gradient problem and promotes feature
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Figure 6.2: Tabular models to identify the most relevant variables driving ICH prognosis
predictions, reproduced with logistic regressor and decision tree classifier models trained on
the two main variables guiding the decisions: Glasgow Coma Scale (GCS) and age.

reuse [267]. The two key prognostic variables in the tabular models, GCS (clinical) and age
(demographic), were incorporated as outputs into the baseline model, transforming it into a
multi-task model (Figure 6.1). The aim was to regularize the model’s learning process, exploring
the shared knowledge between imaging-based prognosis, GCS, and age.

The learning of GCS and age was promoted by encoding them as discrete binary and ordinal
variables since, as demonstrated by the DTC, these variables have clear decision boundaries
that enable their discretization, which at the same time prevents unnecessary complexity in
the multi-task model. For the binary classification scenario, we followed the DTC’s decision
boundaries, i.e., GCS from 3 to 8 was set to 1, while GCS from 9 to 15 was set to 0. For the
three ordinal classes scenario, we followed Jain and Iverso [262] GCS division for a common
classification of acute traumatic brain injury. Thus, severe GCS from 3 to 8 was set to 2;
moderate GCS from 9 to 12 was set to 1; and mild GCS from 13 to 15 was set to 0. Then, we
encoded GCS to preserve ordinality (0 — [0,0], 1 — [1,0], and 2 — [1,1]). Age was binarized
according to the decision boundaries in the DTC: age below 80 was established as 0, otherwise
it was set to 1.

The first multi-task model predicted prognosis, binary GCS and binary age, hereafter referred
to as MT (bin GCS, bin age). The second multi-task model integrated prognosis, three class
ordinal GCS and binary age, hereafter referred to as MT (ord GCS, bin age). Both models used
a DenseNet121 backbone for feature extraction, and the loss was combined following Equation
6.1 to enhance the feature representation for each task:

L= )‘pmg ) ﬁprog + Aces - Laos + )\age : Acage (61)

where Lp,4 is the loss in prognosis, Lgcs is the loss in GCS, and Ly4e is the loss in age.
They are all binary cross-entropy losses, since we previously encoded three class ordinal GCS.
The hyperparameters in Equation 6.1 were empirically optimized through several experiments:
Aprog = 0.4, Ages = 0.3, and Agge = 0.3.

All image models used early stopping with a patience of 20 epochs, evaluated on Balanced
Accuracy in validation, and a dropout of 0.2 in the DenseNet121 feature extractor to prevent
overfitting. Small data augmentations applied to the training set included rotations (up to
5°), zoom (up to 10%), and Gaussian noise (mean: 0.0, standard deviation: 0.01), with a
probability of 0.5, using MONAI [26]. Models were coded in Pytorch (version 1.13.1) [268| and
trained on NVIDIA Tesla T4™ 16GB GPU, utilizing a batch size of 8, three steps of gradient
accumulation, and AdamW optimizer [269] (learning rate of 0.001, weight decay of 0.0001).
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6.3.3 Evaluation

The performance of the models was assessed on the CV test sets, for a conservative threshold of
0.5, utilizing the following classification metrics: Area Under the Curve (AUC), Accuracy (Acc.),
Balanced Accuracy (B. Acc.), Specificity (Spec.), Negative Predictive Value (NPV), Precision
(Prec.), Recall, Fl-score (F1-sc.). In the case of the three class ordinal GCS, we used: Acc.,
B. Acc., Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Uniform Ordinal
Classification index (Apyoc) [270], and quadratic weighted Cohen’s Kappa score [271, 272]. An
ablation analysis was performed to evaluate the contribution of the loss terms in Equation 6.1.

The impact of the multi-task regularization was further assessed computing interpretability
saliency maps, specifically Guided-Backpropagation and Guided-Grad-Cam [273]. To retrieve
the most relevant content, saliency maps were normalized and thresholded. One of the NRs
examined the saliency maps for the baseline and multi-task image models in the same test fold
labelled by four NRs.

Neuroradiologist criteria to evaluate the saliency maps

In relation to the prognosis of intracranial hemorrhage (ICH), Glasgow Coma Scale (GCS), age,
hematoma volume, and the presence of intraventricular and/or infratentorial hemorrhage are
factors that have been associated with poor prognosis in various studies [274].

Moreover, in recent years, several potential imaging-specific prognostic factors have been
identified. These include the irregularity of hematoma margins and internal hypodensities
[275], the spot sign (a hyperdense focus within the hematoma on contrast-enhanced scans that
correlates with an increased risk of hematoma expansion) [276], and heterogeneous density in
subdural hematomas [277]. These factors increasingly underscore the prognostic value of
imaging.

6.4 Results

6.4.1 Tabular models

Table 6.2 presents the performance of tabular models with mean and standard deviation (SD).
XGB was omitted since performance was slightly inferior to RF. SHAP values indicated that
GCS and age were the main predictors. LR trained only on GCS and age features reproduced
the DNN model by Perez et al. [255]. Hence, GCS and age were integrated in the proposed
multi-task image models.

6.4.2 Image models

A comparison of the image models’ performance with the four NRs in the specific test fold they
evaluated is shown in Table 6.3. This test fold was randomly selected. Ablation analysis on the
10-fold CV test sets is shown in Figure 6.3. Separate baseline image models were trained on
each outcome variable: prognosis, GCS (binary and ordinal), and age. Results are detailed in
Tables 6.4 and 6.5.

We evaluated the impact of GCS and age on the regularization and explainability of the MT
image models computing Guided-Backpropagation and Guided-Grad-Cam saliency maps. Four
examples of clinically relevant saliency maps selected by the neuroradiologist (who reviewed all
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Table 6.2: Tabular models 10-fold cross-validation performance for intracranial hemorrhage
prognosis (mean and standard deviation). Best results are highlighted in bold. Abbreviations:
DNN: Dense Neural Network, LR: Logistic Regressor, DTC: Decision Tree Classifier, RF:
Random Forest.

Model DNN RF LR LR DTC RF
Features All All GCS GCS & age | GCS & age | GCS & age
AUC 0.79+0.06 | 0.78+0.07 | 0.70+0.09 | 0.80£0.07 | 0.74+0.06 | 0.79 +0.05
Acc. 0.72+0.05 | 0.72+0.09 | 0.62+0.13 | 0.73 4+ 0.05 | 0.71 +0.06 | 0.73 & 0.06
B. Acc. | 0.70£0.04 | 0.71£0.09 | 0.654+0.10 | 0.74 & 0.04 | 0.69 + 0.06 0.72 £ 0.07
Spec. 0.66 £0.12 | 0.64+0.12 | 0.77+0.15 | 0.79 £+ 0.10 | 0.60 £0.11 0.71 +£0.12
NPV 0.65+0.12 | 0.66 £0.13 | 0.53+0.13 | 0.63+0.08 0.63 +0.12 0.63 +0.10
Prec. 0.794+0.05 | 0.78+0.07 | 0.79+0.12 | 0.85£0.06 | 0.76 +0.04 | 0.81 +0.06
Recall 0.75+0.14 | 0.78 £0.13 0.5+£0.2 0.70 £0.11 0.77+0.11 0.74 +0.09
F1-sc. 0.76 +0.06 | 0.77 £0.09 | 0.6+0.2 0.76 +0.06 | 0.76 £0.06 | 0.77 4= 0.06

Table 6.3: Comparison between models’ performance and neuroradiologists (NRs). For the
models, 95% confidence intervals estimated by boostrapping are shown in brackets, calculated
generating 1000 bootstrap samples from the original test set. For the NRs, mean and standard
deviation are given. Best results are highlighted in bold. Abbreviations: MT: multitask, bin:
binary, ord: ordinal, GCS: Glasgow Coma Scale.

. Baseline MT (bin MT (ord
Fold 1 | Baseline [255] DenseNet121 | GCS, bi(n age) | GCS, bgn age) NRs
Acc. 0.48(0.38-0.57) | 0.63(0.53-0.73) | 0.70(0.61-0.79) 0.66(0.57-0.75) | 0.60 &+ 0.06
B. Acc. | 0.57(0.50-0.63) | 0.52(0.47-0.58) | 0.60(0.54-0.67) 0.67(0.58-0.76) | 0.64 £0.05
Spec. 0.90(0.80-0.98) | 0.10(0.02-0.21) | 0.20(0.08-0.33) 0.70(0.53-0.84) | 0.80+0.08
NPV 0.41(0.30-0.52) | 0.50(0.11-0.88) | 1.00(1.00-1.00) 0.54(0.40-0.67) | 0.48 +0.05
Prec. 0.79(0.60-0.95) | 0.64(0.54-0.74) | 0.68(0.58-0.77) 0.79(0.67-0.89) | 0.81 £ 0.06
Recall | 0.23(0.13-0.34) | 0.94(0.88-0.99) | 1.00(1.00-1.00) 0.64(0.53-0.75) | 0.49+0.12
Fl-sc. 0.36(0.22-0.49) | 0.76(0.68-0.83) | 0.81(0.73-0.87) 0.71(0.62-0.79) | 0.60+0.10
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Figure 6.3: Ablation analysis of each component of the loss in our method.
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Table 6.4: Performance on test for the baseline image models trained on each of the outcome

variables separately for 10 fold cross-validation (mean and standard deviation).

Table 6.5: Performance on test for the baseline image model trained on three class ordinal GCS

Baseline Task | Prognosis [255] Dfrf;)egli;z:iz 1 Binary GCS | Binary age
AUC 0.62 +=0.09 0.69 &= 0.07 0.71+£0.15 0.70 £ 0.13
Acc. 0.574+0.12 0.61 £0.11 0.68 £+ 0.08 0.61 £0.15

B. Acc. 0.57 £+ 0.09 0.59 £0.10 0.66 +0.13 0.64 £0.11
Spec. 0.56 £0.19 0.5+0.3 0.71+£0.10 0.6+0.2
NPV 0.50 +0.19 0.51 £0.12 0.86 + 0.09 0.86 + 0.09
Prec. 0.68 £ 0.09 0.69 £ 0.09 0.38 £0.15 0.42+0.14
Recall 0.6 £0.3 0.7+£0.3 0.6 0.2 0.7£0.3
F1-sc. 0.60 £ 0.16 0.6 £0.2 0.45+0.16 0.50 = 0.17

model for 10 fold cross-validation (mean and standard deviation).

Baseline Task Ordinal GCS
Accuracy 0.49 +0.11
Balanced accuracy 0.44 +£0.10
MAE 0.65+0.13
RMSE 0.98 + 0.06
Apoc index 0.69 + 0.08
Cohen Kappa score (quadratic weighted) 0.19+0.18

the slices per patient) are depicted in Figure 6.4. These saliency maps were generated using
Guided Backpropagation, which provided the most informative activations. Although Figure
6.4 A is a challenging case to label focusing only on ICH imaging features (some expansivity
is shown), the neuroradiologist believes that the MT models’ ability to incorporate GCS (15)
and age (78 years) was key to recognizing it as a good prognosis. Interestingly, in Figure 6.4
B, the MT models highlight the presence of posterior fossa and intraventricular hemorrhage
component compared to the baseline model, that does not detect it. Related to Figure 6.4 C
and D, MT (ord GCS, bin age) model additionally detects the lateral component of the subdural
hematoma, and shows activations in the adjacent grooves to the subdural hematoma, that is,
in the expansivity component, while MT (bin GCS, bin age) and baseline models only detect
the medial component of the subdural hematoma. Overall, the neuroradiologist concluded that
the MT (ord GCS, bin age) model exhibited fewer arbitrary activations, and probably detected
better intraventricular hemorrhage and expansivity signs. The corresponding Guided-Grad-Cam
saliency maps are additionally presented in Figure 6.5.

Neuroradiologist assessment of relevant saliency maps

The quantity of clinically relevant Guided-Backpropagation saliency maps per patient identified
by the neuroradiologist for each model is shown in Table 6.6. Occasionally, no saliency maps
were clinically relevant, because there were also activations in the background.

Comments from the neuroradiologist on the saliency maps. The neuroradiologist
reviewed all the Guided-Backpropagation saliency maps of the three models: baseline
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DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age) DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age)

Figure 6.4: Guided-Backpropagation saliency maps (p is the output probability, p <
0.5 corresponds to good prognosis). A: Good prognosis. Correctly labelled by 4/4
neuroradiologists. B: Good prognosis. Incorrectly labelled by 4/4 neuroradiologists. C:
Poor prognosis. Incorrectly labelled by 4/4 neuroradiologists. D: Poor prognosis. Correctly
labelled by 3/4 neuroradiologists.

DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age) DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age)
p=0.31 p=0.58

Figure 6.5: Guided-Grad-Cam saliency maps (p indicates the output probability of each model).
Patient ID is indicated in brackets. A: Good prognosis (34). Correctly labelled by 4/4
neuroradiologists. B: Good prognosis (93). Incorrectly labelled by 4/4 neuroradiologists.
C: Poor prognosis (59). Incorrectly labelled by 4/4 neuroradiologists. D: Poor prognosis
(140). Correctly labelled by 3/4 neuroradiologists.

DenseNet121, MT (bin GCS, bin age), MT (ord GCS, bin age), for the 27 patients in the test
fold that was further labelled by the four neuroradiologists. Moreover, the neuroradiologist
selected an extra set of relevant saliency maps and commented on them. The most
representative slice of these saliency maps is depicted in Figure 6.6. For completeness, we
include the neuroradiologist’s comments on Figure 6.6:

e A. MT (ord GCS, bin age) does not show as many activations as baseline model, which is
compatible with a good prognosis.

e B. All models detect the intraventricular component.
e (. Baseline shows more activations, possibly arbitrary, compared to the MT models.

e D. Similar activations in all the models.
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Table 6.6: Number of clinically relevant Guided-Backpropagation saliency maps slices per
patient and model according to the evaluation criteria from the neuroradiologist. Patient ID
corresponds to the same ID as in the public dataset [1].

. . MT (bin MT (ord
Patient ID | Baseline GCs, bi(n age) | GCS, bgn age)

12 9 8 6
20 ) 8 12
34 12 14 17
51 13 15 16
56 0 6 6
59 14 7 17
71 16 14 7
90 0 16 9
92 0 11 12
93 14 17 14
106 17 18 17
116 19 19 19
128 18 17 19
137 15 19 12
140 18 16 16
152 7 6 5
170 21 15 21
187 13 14 14
197 0 10 8
203 6 8 6
214 0 6 19
245 15 15 11
251 14 12 12
258 12 0 8
265 12 13 12
268 8 0 6
292 11 13 11

Total 289 317 332

E. MT (ord GCS, bin age) detects more the midline intraventricular component compared
to the rest.

F. MT (ord GCS, bin age) highlights the highest density component of the bihemispheric
subdural hematomas present in the patient. Baseline and MT (bin GCS, bin age) show
less useful saliency maps.

G. MT (ord GCS, bin age) highlights hematoma with internal hypodensities. Baseline
shows too many activations.

H. MT (ord GCS, bin age) detects all the intraventricular hemorrhage component.
Baseline and MT (bin GCS, bin age) do not clearly detect all the intraventricular
hemorrhage component or the intraparenchymal hematoma.
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I. In addition to the hemorrhage, MT (ord GCS, bin age) also highlighted the expansiveness
over the sulci. Baseline did not detect hematoma correctly.

e J. In this case the activations in baseline are more meaningful than in the multi-task
models.

e K. MT (ord GCS, bin age) highlights the expansive effect of a second hematoma located
in the posterior fossa (not shown in this slice, but the neuroradiologist spotted it during
the revision of all the slices). Too many activations in baseline.

e L. MT models highlight more than the baseline model the intraventricular hemorrhage on
occipital right horn of the lateral ventricle, but MT (bin GCS, bin age) shows too many
activations.

6.5 Discussion and conclusion

To the best of our knowledge, this is the first time that the most relevant variables to ICH
prognosis (GCS and age) are integrated into an end-to-end multi-task prognostic model to
regularize the shared feature representation from CT scans, outperforming baseline models
[255], and four board-certified NRs. The decision boundaries of GCS and age, established
independently by a DTC and supported by the literature [251], focus the learning of the clinical
context by allowing the discretization of these variables. The ablation analysis in Figure 6.3
highlights that the MT (ord GCS, bin age) model exhibits smaller variances compared to all
other models, particularly in specificity, recall and F1-score, showing that our approach increased
the robustness of the feature representation. The metrics were set for a conservative threshold
of 0.5, but could be optimized to maximize recall at the expense of precision, as typically done
in clinical application settings [278].

The proposed multi-task models demonstrate comparable performance to tabular models, which
exhibit strong prognostic capabilities in ICH [279]. However, for reliable prognosis, imaging is
essential to evaluate parameters such as the hematoma’s volume, expansivity, and possible
presence of tumors or other pathologies, all of which contribute more significantly to prognosis
and treatment decisions than some other clinical data. Quantifying the information displayed
in the image would be more time-consuming (e.g., requiring segmentation of the hematoma
for volume quantification), subjective due to the difficulty in precisely characterizing these
parameters, and further constrained by the lack of standardization in ICH imaging. Direct
inclusion of the data in the image itself offers more exhaustive and informative insights. Thus,
our approach mimics clinical decision-making requiring only CT scans as input, and enhances
the interpretability of the image model incorporating GCS and age predictions.

The comprehensive evaluation in one of the test folds by four NRs provides additional validation
for the multi-task image models, alleviating concerns about the study’s single-center data and
limited patient sample [280]. The neuroradiologist concluded that the saliency maps across all
models are generally similar. Yet, the MT (ord GCS, bin age) model was more selective or
specific, and presented fewer random activations than the MT (bin GCS, bin age) model, and
even more so compared to the baseline model. In summary, the baseline model showed more
activations, whereas the proposed multi-task models focused more exclusively on the hematoma
(or hematomas) and its expansive effect. These findings remain qualitative. Thus, future work
could focus on quantifying the extent to which the proposed GCS and age variables contribute to
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DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age) DenseNet121 MT (bin GCS, bin age) MT (ord GCS, bin age)

Figure 6.6: Guided-Backpropagation saliency maps (p is the output probability, p < 0.5
corresponds to good prognosis). Patient ID is indicated in brackets. A: Good prognosis
(51). Correctly labelled by 4/4 neuroradiologists. B: Good prognosis (71). Correctly
labelled by 3/4 neuroradiologists. C: Good prognosis (152). Correctly labelled by 4/4
neuroradiologists. D: Good prognosis (203). Correctly labelled by 4/4 neuroradiologists.
E: Poor prognosis (12). Correctly labelled by 2/4 neuroradiologists. F: Poor prognosis
(20). Correctly labelled by 1/4 neuroradiologists. G: Poor prognosis (56). Incorrectly
labelled by 4/4 neuroradiologists. H: Poor prognosis (106). Correctly labelled by 4/4
neuroradiologists. I: Poor prognosis (128). Correctly labelled by 4/4 neuroradiologists. J:
Poor prognosis (170). Incorrectly labelled by 4/4 neuroradiologists. K: Poor prognosis
(197). Correctly labelled by 2/4 neuroradiologists. L: Poor prognosis (258). Correctly
labelled by 3/4 neuroradiologists.

image-based prognosis using ground truth segmentations, and assessing model generalizability
to new datasets.
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In conclusion, this chapter introduces a novel multi-task method for ICH prognosis leveraging
GCS and age, the two main variables driving the decisions in the tabular ICH prognosis
models. The proposed multi-task image models regularize the loss using the clinical
information embedded in GCS and age outputs, and learn more robust feature representations
than state-of-the-art approaches.

6.6 Future work

External validation of the MT (ordinal GCS, binary age) model for ICH prognosis is currently
underway using data from two additional hospitals: Complejo Asistencial Universitario de
Leon (LEON), located in Leon, Spain, and Hospital Universitario Central de Asturias
(HUCA), located in Oviedo, Spain. This will enable a more comprehensive evaluation of the
model’s generalizability across heterogeneous clinical settings, including variations in imaging
protocols and patient populations.

The data available from the new hospitals is shown in Table 6.7, including the number of patients
with good and poor prognosis, following the same criteria as in the HUMV training dataset.

Table 6.7: Data description from the new hospitals.

Hospital # Good prognosis # Poor prognosis Total patients
HUCA 59 55 114
LEON 211 140 351

The preliminary results on evaluating the generalizability of the MT (ord GCS, bin age) model to
the external hospitals (HUCA and LEON), in comparison with the performance on the internal
test subset (HUMV) are shown in Table 6.8.

Table 6.8: Comparison between MT (ord GCS, bin age) model’s performance on in-distribution
(HUMV) and out-distribution (HUCA and LEON) datasets. For the models, 95% confidence
intervals estimated by boostrapping are shown in brackets, calculated generating 1000 bootstrap
samples from the original test set.

Fold 1 HUMYV HUCA LEON

Validation set Internal External External
Acc. 0.66(0.57-0.75) | 0.71(0.63-0.80) | 0.67(0.58-0.76)
B. Acc. 0.67(0.58-0.76) | 0.71(0.63-0.80) | 0.68(0.58-0.77)
Spec. 0.70(0.53-0.84) | 0.75(0.61-0.86) | 0.64(0.51-0.76)
NPV 0.54(0.40-0.67) | 0.69(0.56-0.80) | 0.78(0.66-0.89)
Prec. 0.79(0.67-0.89) | 0.74(0.61-0.86) | 0.57(0.44-0.69)
Recall 0.64(0.53-0.75) | 0.68(0.56-0.80) | 0.72(0.58-0.86)
F1-sc. 0.71(0.62-0.79) | 0.71(0.60-0.80) | 0.63(0.51-0.74)

Results on the external datasets are consistent with the metrics obtained on the internal dataset,
indicating the MT (ord GCS, bin age) model is robust across variations in patient populations.
Future work will involve additional experiments to further quantify the model’s generalizability
and to explore the similarities and differences among the three populations. As part of this
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extension, uncertainty quantification techniques will be incorporated to assess the reliability
and robustness of the model’s predictions in external data.



Chapter 7

Design and curation of a database
from a screening cohort for
personalized lung cancer diagnosis
from a multimodal perspective

Main publication associated with this chapter: Cobo, Miriam, et al. “A novel open access
multimodal dataset of nodule imaging and circulating proteome from a lung cancer screening
cohort”. To be submitted.

7.1 Introduction

Translational research in medicine leverages insights from different fields, such as molecular
biology, genetics, and medical images, to advance disease diagnosis, prognosis, risk assessment,
prevention, and treatment in highly interdisciplinary environments. These collaborative
approaches have led to personalized medicine (PM), also referred to as precision medicine
[281], or P5 medicine (predictive, preventive, personalized, participatory, psycho-cognitive)
[282]. PM seeks to tailor medical treatments to the individual characteristics of each patient,
by utilizing biological information and biomarkers, including molecular pathways, genetic
variants, protein expression, and metabolic profiles [283, 281]. The growing complexity of
patient data, however, requires the use of advanced analytical tools. Research in both
traditional and modern AI and ML methods is increasingly contributing to the success of
translational medical research in drug discovery, imaging, and genomics [158].

This chapter focuses on PM to improve early lung cancer diagnosis, through the design,
collection, curation and future release of a new dataset from a clinical screening cohort. This
well curated dataset is a valuable research resource that will be made publicly available to
advance scientific discovery and support the development of personalized diagnostic tools. The
dataset, curated by the author of this thesis, aims to contribute specifically to the
development of personalized multimodal AI models to enhance early detection and
intervention strategies in lung cancer screening. The curation process included defining and
refining inclusion and exclusion criteria, annotating imaging data, selecting relevant clinical

69
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variables, as well as identifying and understanding the clinical questions and needs.

Low-dose computed tomography (LDCT) lung cancer screening has significantly enhanced
early detection and patient survival rates in the population at risk. Current screening
methods, that primarily rely on LDCT imaging, will very likely benefit from molecular
biomarkers to achieve a more comprehensive, accurate, personalized and non-invasive risk
assessment leveraging multimodal tools. In this chapter, we present a novel multimodal
(imaging, proteomics, clinical and demographic) dataset designed to provide an available
research resource on LDCT-based early lung cancer detection. The dataset consists of
annotated screening LDCT scans and plasma proteomics data generated by proximity
extension assay (PEA) with most of the Olink Target 96 platforms (1078 individual proteins
across 12 panels focused on a specific area of disease or biology) for a total of 211 screening
participants. There are 67 lung cancer patients, 68 controls with benign pulmonary nodules,
71 controls without nodules, matched by sex, age and time between image and sample
collection, and 5 surgically excised false positive lesions. Both radiological and molecular
signatures were collected within a six month window, providing detailed insights into disease
progression. Nodules were considered as lung cancer cases if biopsy-confirmed lung cancer was
diagnosed within 5 years after imaging, enabling the study of longitudinal biomarker evolution
and its correlation with imaging findings. To complement the dataset, clinical and
demographic data will also be available in open access, providing a detailed overview of
patient characteristics. The informed consent signed by the participants allows for
unrestricted open access for requests directly or indirectly related to lung cancer research.
Experiments were conducted to assess the technical quality and demonstrate the dataset’s
usability as a proof of concept, showing alignment with findings from previously published
studies. This comprehensive dataset aims to facilitate research towards the development of
personalized multimodal Al models, and support the investigation of the relationship between
imaging and molecular data, paving the way for more accurate understanding of early lung
cancer biology. Finally, the dataset presented in this chapter may help to develop or validate
individualized risk prediction models that could significantly advance early lung cancer
detection and intervention strategies.

7.2 Statement of the problem

Lung cancer is a leading cause of cancer death worldwide [284, 285|, and the second most
commonly diagnosed cancer in both men and women in the United States in 2023 [286]. LDCT
screening has improved early diagnosis of lung cancer, decreasing lung cancer mortality among
population at high risk [79, 287, 288]. The population at risk is defined by different risk models,
all of which include age, smoking exposure and other clinical or demographic traits. The United
States Centers for Medicare & Medicaid Services have defined their eligibility criteria for LDCT-
based lung cancer screening for beneficiaries who are 50 to 77 years old, asymptomatic, current
smokers or those who have quit within the past 15 years, and have a smoking history of at least
20 pack-years [289]. Other models include additional risk components, or different ranges of
age and smoking to further refine inclusion criteria [290]. One of the unmet clinical needs in
lung cancer screening is assessing and managing indeterminate risk pulmonary abnormalities
(nodules) found in the CT images. These indeterminate risk (neither clearly benign, nor highly
suspicious of malignancy) pulmonary nodules (IPNs) pose a challenge, since they are found in
approximately 20%—40% of screening participants [291]. A similar clinical situation may happen
outside screening, when incidental lung nodules are found as a result of CT-based diagnostic
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studies performed for other conditions [292].

The Lung CT Screening Reporting and Data System (Lung-RADS) was developed to
standardize the reporting and management of screen-detected pulmonary nodules, and
improve risk assessment [293]. LungRADS classifies lung nodules on a scale from 1 to 4X,
where 1-2 indicate benign nodules with minimal risk, 3 represents indeterminate nodules
requiring follow-up, and 4A-4X suggest a high suspicion of malignancy, warranting further
diagnostic evaluation. Highly suspicious lung nodules typically require a biopsy for definitive
diagnosis, usually through an invasive procedure. Thus, precise evaluation of risk in
pulmonary nodules found in the screening process (and also in the routine clinical detection of
incidental nodules) is crucial to improve patient survival and avoid unnecessary biopsy
procedures. Comprehensive evaluation after an IPN identification requires a close follow-up at
different time points, in order to identify differential characteristics and progression patterns
that enable monitoring risk, and eventually early detection of a malignant lesion.

Radiologist visual assessment of LDCT screening scans remains the gold standard approach
for evaluating lung nodules in the clinics. This evaluation is labor-intensive, time-consuming,
and subject to certain degree of subjectivity; variability in expertise and subtle pixel-level
differences in malignant nodules make accurate assessment a challenging task, ultimately
compromising the reliability of this approach. Several initiatives have aimed to standardize
the quantitative CT measurements of lung nodules [294, 295]. Computer-aided diagnosis
(CAD) systems, particularly those leveraging deep learning (DL) techniques, have
demonstrated strong potential for evaluating pulmonary nodule malignancy, providing
valuable support to radiologists and improving the management of IPNs [296, 297, 298|.

The majority of DL-based computer aided diagnosis (CAD) models for lung nodule risk
assessment in the literature rely on the use of the publicly available LIDC-IDRI dataset [201],
which was collected by the US National Cancer Institute in 2011, as training tool. This
database includes nodule malignancy annotations (ranging from label 1, indicating low risk, to
label 5, corresponding to high risk) provided by four independent radiologists. However, this
dataset lacks gold standard labels from pathological examination for the majority of cases,
particularly for nodules rated as highly suspicious of malignancy (labels 4 and 5). There are
few published publicly available datasets that contain gold standard labels for lung cancer
nodules. The most comprehensive in terms of data volume is the National Lung Screening
Trial (NLST) [299], a randomized controlled clinical trial of screening tests for lung cancer,
where a subset of 28 000 LDCT images can be granted access through the Cancer Data Access
System, including 623 participants with screen-detected cancer. However, nodule annotations
are not available, although some studies have obtained them for subsets of the dataset
[300, 301]. LUNGx challenge dataset [302] released a total of 83 scans in 2014, but all except
13 were contrast enhanced, which is not compatible with the usual lung cancer screening
protocol. LIDP dataset [303| was claimed to be released after an embargo period. Yet, to the
best of our knowledge, it is still not publicly available. Recently, two other CT datasets were
published: one specifically annotated with histopathology-based information [304], and the
other one was a cross spatio-temporal lung nodule dataset with pathological information for
nodule identification [305]. These two latter datasets incorporating pathological gold standard
labels constitute a step forward to improving CAD systems for lung cancer detection, but they
were not obtained in the context of LDCT lung cancer screening. Both datasets were collected
in Chinese cohorts, where existing guidelines for nodule management developed on US [79]
and European [287| cohorts have shown suboptimal performance due to variations in the
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incidence of lung cancer, specifically in what relates to non- or low dose-smoking sensitivity,
among Asian populations, particularly within the Chinese population [296, 306]. Hence, to
ensure broad generalizability to other populations [307], further evaluation across diverse
cohorts is essential, highlighting the need to expand publicly available datasets to support the
scientific community in this field. This need is especially urgent in the context of LDCT-based
lung cancer screening, where the development of Al-driven image analysis algorithms is
accelerating, and relies on broad access to robust training datasets.

Pathological examination is the gold standard to confirm the presence of tumor in highly
suspicious nodules. In contrast, benign nodules are not routinely biopsied, as the procedure is
invasive, carries a risk of complications, and is generally reserved for cases where malignancy is
suspected. As a result, there is no pathological confirmation ensuring the absence of
malignancy in nodules classified as benign. Instead, their classification is based on long-term
(at least two years) follow-up and nodule image stability over time. This follow-up process
provides a temporary evaluation of nodules, allowing for the identification of those that remain
stable and can be classified as benign, while highly suspicious cases are ultimately referred for
biopsy. Thus, in radiological clinical practice, nodules can be categorized as highly suspicious,
indeterminate (some of which may be considered suspicious in subsequent follow-ups), and
low-risk (those that remain stable over time). In a few cases, biopsy excludes lung cancer in
nodules initially deemed suspicious, revealing them as imaging false positives. Limiting
dataset annotations to only those confirmed by histopathology, as in the dataset of Jian et al.
[304, 305|, reduces the effectiveness of CAD systems, since they are trained only on nodules
that were already flagged as highly suspicious and referred to biopsy by the radiologist. This
approach hinders the clinical usefulness, since in real-world scenarios there is a high
proportion of IPNs, and they should be also used to train CAD systems. The absence of gold
standard for highly suspicious nodules, as seen in LIDC-IDRI [201], means there is no
definitive pathological confirmation, therefore, there exists the possibility of misdiagnosis [303].
This lack of gold standard introduces noise and uncertainty into CAD systems, leading to
potential increases in false positives and false negatives.

Biomarkers have been proposed as potential adjuncts for risk characterization, contributing
additional information to existing risk models to refine inclusion criteria, and as clinical tools
to support the assessment of the potential malignancy of IPNs [308, 309]. Gene
expression-based strategies have revolutionized breast cancer care by guiding treatment
decisions with greater precision [310, 311|. Similarly, current lung cancer screening research is
exploring circulating biomarkers in blood as non-invasive tools for diagnosis and risk
estimation. These biomarker approaches, and specifically the analysis of circulating
proteomics, aim to bring a higher degree of personalized care to lung cancer in line with
genomics strategies in breast cancer. The Integrative Analysis of Cancer Risk and Etiology
(INTEGRAL) research consortium program [312] comprises three projects, among them the
Risk Biomarker project aims to investigate novel prediagnostic circulating protein biomarkers
to enhance lung cancer risk estimation [313]. The objectives of the second INTEGRAL
initiative, known as the Nodule Malignancy Project, are, among others, to identify circulating
proteins that can differentiate benign versus malignant pulmonary nodules following an initial
LDCT scan. The identification and validation of protein biomarkers provides additional
information on lung cancer risk, and is a promising direction towards improving current
image-based risk prediction models [312]. The present study describes the data included in the
LDCT Pamplona-ELCAP screening cohort (P-ELCAP), collected at Clinica Universitaria de
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Navarra (CUN), as one of the four screening cohorts included in the Nodule Malignancy
project in the INTEGRAL program. The circulating proteome in prediagnostic plasma
samples collected during LDCT screening was quantified with Olink proteomics platform using
the proximity extension assay (PEA), as described in previous works [2, 312].

In this chapter, the goal is to develop and publicly release an open-access dataset, including
images and proteomics, of the novel P-ELCAP lung cancer screening cohort for which
multimodal data have been collected. The dataset incorporates the annotated LDCT image,
the relative concentration of more than 1000 blood plasma circulating proteins markers, as
well as several clinical and demographic variables. The dataset comprises data from 211
P-ELCAP LDCT-based screening participants, including 67 lung cancer cases, 68 matched
controls with benign pulmonary nodules confirmed in subsequent follow-ups, and 71 matched
controls without lung nodules. Moreover, there are 5 imaging false positives. LDCT imaging
and blood collection took place within a similar time range of + 6 months, always before
surgery in participants diagnosed with cancer. In the case of these biopsy confirmed tumors,
the image and blood were collected within 5 years prior to diagnosis. Individuals selected for
both control groups (with benign nodules and without nodules) were matched with cancer
cases for age, sex and time of sample/image collection. In total, there are 138 nodules
segmented in the dataset, 65 malignant (a few were not visible at the LDCT corresponding to
the blood collection), 68 benign and 5 corresponding to imaging false positives. The dataset
has been fully anonymized to prevent exposure of sensitive patient information.  As
aforementioned, this study is part of the P-ELCAP cohort collected at CUN (Spain) since
2000. To the best of our knowledge, this is the first pulmonary nodule dataset to incorporate
annotated LDCT images together with molecular protein biomarkers to leverage multimodal
early lung cancer diagnosis methods. We further demonstrate, through a proof-of-concept
analysis, the potential of this dataset for personalized lung cancer risk assessment, supported
by technical validation using machine learning (ML) models applied to LDCT images and
Olink circulating protein markers.

The contributions and innovative aspects of this chapter can be summarized as follows:

e We have curated and will provide open access to a novel multimodal early lung cancer
screening dataset. The dataset incorporates annotated screening LDCT scans and plasma
proteomics data measured with the Olink Target 96 platform (>1000 proteins) for a total
of 211 screening participants.

e For lung cancer cases, pathological gold standard label confirmed the presence and
subtype of tumor. There are 67 lung cancer patients (38 adenocarcinoma, 12 squamous
cell carcinoma, 9 large cell carcinoma, 4 small cell carcinoma, 2 mixed adeno-squamous
cell carcinoma and 2 other/NOS), 68 controls with benign pulmonary nodules, 71
controls without nodules and 5 surgically excised false positive lesions.

e Several experiments were conducted using ML models on the developed dataset. The
results highlight inherent challenges associated with the limited dataset size. Nevertheless,
due to its high quality and careful curation, the dataset holds significant value for external
validation in other cohorts. Consequently, this dataset is highly valuable and represents
an important step towards advancing the field of personalized medicine through Al-based
systems in the context of LDCT-based lung cancer screening.
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7.3 Materials and methods

The development and open access release of P-ELCAP dataset consisted of four steps: lung
cancer screening sub-cohort selection of three matched groups of participants plus false
positives; data acquisition and anonymization; data selection, curation and protein analysis;
data annotation, preprocessing and dataset submission to the repository, where it will be
publicly released upon acceptance of the associated paper. Furthermore, two additional steps
involve developing a multimodal nodule risk malignancy tool: implementation of baseline ML
models, and final development of a fusion module ready for validation. The fusion model
strategy integrating radiological and molecular signatures is a highly promising objective,
which will be described in Chapter 9. The six steps of the multimodal nodule risk scoring tool
development process are depicted in Figure 7.1.

1. Lung cancer 2. Data acquisition and 3. Data selection, curation and protein
screning population anonymization analysis

Screening
LDCT >

Selection of relevant
DICOM slices

& n=1078 proteins
A A_A  analyzed by Proximity
Extension Assay (Olink)

Plasma | |
sample P T

6. Fusion module 5. Machine learning models Lalebi el HIET T

preprocessing

< Image model & *_seg.nii.gz
' Circulating QC and preprocessing
Personalized lung protein markers
cancerrisk score model <=

prediagnostic
circulating protein
biomarkers
Figure 7.1: Workflow diagram.  This diagram provides an overview of the dataset
preparation and validation stages, including Lung cancer screening population, Data acquisition
and anonymization, Data selection, curation and protein analysis, Data annotation, and
preprocessing, Machine learning models and Fusion module.

7.3.1 Collection principles

To ensure precise subject selection and discard the impact of irrelevant factors, we adhered to
the following principles in our case selection process:

Inclusion criteria. Participants were selected from a lung cancer screening population
including men and women aged 40 years or older who were current or former smokers with a
minimum smoking history of 10 pack-years, and who exhibited no symptoms of lung cancer at
the time of enrollment. The specific inclusion criteria for P-ELCAP are further described in
previous works by Sanchez-Salcedo et al. [314] and Mesa-Guzman et al. [315|. Individuals
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with benign nodules were included as controls if the nodules remained stable in size during a
follow-up period of at least two years.

Exclusion criteria. Participants with a prior history of lung cancer were excluded, as well as
those diagnosed with any form of cancer within four years before or after the time of LDCT
imaging and blood collection, with the exception of non-melanoma skin cancer.

Pre-treatment imaging. LDCT scans were obtained before the administration of any relevant
treatments and surgery, ensuring that the nodule’s imaging features were not altered by prior
medical interventions.

Quality control. A comprehensive evaluation of LDCT images was conducted, discarding
those with missing or incorrect layering to preserve the integrity and completeness of the lung
nodule dataset.

7.3.2 Data collection and annotation

This cohort is part of the International Early Lung Cancer Action Program (P-ELCAP)
conducted at Clinica Universidad de Navarra, Spain. This specific P-ELCAP subcohort was
retrospectively collected, and was also included in the Integrative Analysis of Lung Cancer
Risk and Etiology (INTEGRAL) research program. Ethical approval was obtained from the
University of Navarra Research Ethics Board (ref 2020.251, January 25th 2021). Informed
consent was received from each individual participant. The dataset includes a total of 67 lung
cancer cases collected within 5 years prior to diagnosis, 68 matched controls with benign
pulmonary nodules, and 71 matched controls without lung nodules. For each case, sex, age
and plasma sample collection time with respect to LDCT imaging were used to match controls
with benign nodules and controls without nodules within 5 years. Lung cancer cases were
considered if biopsy-confirmed lung cancer was diagnosed within 5 years. Additionally, there
are b imaging false positive participants, corresponding to patients who underwent surgery to
remove a suspicious nodule and, following resection, lung cancer was conclusively excluded by
the pathologist as a diagnosis. The information available for each case was the result of
proteomics analysis performed by 12 Olink Target 96 panels (more than 1000 proteins, further
details are provided in the subsequent section), as well as LDCT imaging data, together with
clinical and demographic tabular data.

7.3.3 Data records and code

We will release the fully anonymized dataset, containing the aforementioned information for
each case, in the EU-accredited repository Zenodo [316]. The dataset is deposited under a
Creative Commons CC-BY-NC-SA license. This license enables users to distribute, remix,
adapt, and build upon the material in any medium or format for noncommercial purposes only,
and provided proper attribution is given to the creator both for the material or its modifications.
The latest version of the informed consent and patient information datasheet was approved by
the University of Navarra Research Kthics Committee on its June 2nd 2022 session. In the
informed consent, the screening participants provided permission for their data to be used
exclusively in lung cancer research. As we do not foresee any applications beyond lung cancer,
it is our view that all prospective users fall within the intended scope. Hence, a limitation in the
Zenodo web access for lung cancer research is implemented solely through a requester intention
confirmation box, without requiring a formal Declaration of Use. Thus, users will be granted
access to the dataset in Zenodo upon stating through the request process that the dataset will
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be used exclusively for lung cancer research. The dataset’s file structure is shown in Fig 7.2,
the different data modalities can be matched using the participant’s anonymized ID in the .csv
and .xlsx files.

v LDCT_data.zip x:f Olink_proteomics.xlsx
Y .Control > ID_patient
Vv . ID_patient ClinicalDemographics.csv
> LDCT.nrrd > |ID_patient
Vv . Benign_Nodules
v . ID_patient
> LDCT.nrrd
> LDCT_seg.nrrd
Vv . Lung_cancer

v . ID_patient

> LDCT.nrrd
> LDCT_seg.nrrd

v . False_Positive

Vv . ID_patient

> LDCT.nrrd
> LDCT_seg.nrrd

Figure 7.2: Structure and hierarchy of dataset files.

To ensure easy access to the code to read and process this dataset, we have made it available in a
GitHub repository https://github.com/MiriamCobo/P-ELCAP_Dataset.git. The repository
provides Python sample code demonstrating how to access and utilize the data, facilitating
understanding and reuse.

7.4 Results

7.4.1 Dataset properties

Most participants were men (171 men compared to 40 women), and the median age at blood
collection was 61 years (interquartile range [IQR], 13 years). The median time between pre-
diagnostic blood collection and diagnosis was 1.4 years (IQR 3 years, range: 0-5 years, by
design). Of the participants diagnosed with lung cancer, 31 cases occurred at baseline or within
the first year (using the date of blood and image collection as the reference baseline point).
The remaining diagnoses occurred over subsequent years: 8 after one year, 9 after two years, 10
after three years, 7 after four years, and 2 after five years. Details on the characteristics of the
P-ELCAP cohort population are described in Table 7.1. The different data modalities included
in the dataset are comprehensively documented in the following paragraphs.

Olink proteomics. Relative protein concentrations of up to 1078 individual proteins across
12 panels focused on a specific area of disease or biology (Cardiometabolic, Cardiovascular II,
Cardiovascular III, Development, Immune Response, Inflammation, Metabolism, Neurology,


https://github.com/MiriamCobo/P-ELCAP_Dataset.git

Characteristic
Sex n (%)
Female
Male
Age (years)
Median (IQR)
Follow-up time (years)
Median (IQR)
Follow-up survival time (years)
Median (IQR)
N/A% n (%)
Smoking status n (%)
Current
Former
Smoking duration (years)
Median (IQR)
Smoking pack years
Median (IQR)
Smoking quit years (former)
Median (IQR)
Emphysema n (%)
Yes
No
COPD n (%)
Yes
No
Unknown
Body Mass Index
Median (IQR)
Family history of lung cancer n (%)
Yes
No
Personal history of cancer n (%)
Yes
No
Unknown
Stage n (%)
Early stage (TNM I/II)
Advanced stage (TNM III/IV)
Histology n (%)
Adenocarcinoma
Squamous cell carcinoma
Large cell carcinoma
Small cell carcinoma
Mixed adenocarcinoma
and squamous cell carcinoma

Other/NOS

b

b

Table 7.1:

Cancer

12 (18.5%)
55 (82.1%)

61.0 (14.5)
8.0 (7.0)

2.0 (4.0)
46 (68.7%)

34 (50.7%)
33 (49.3%)

41.3 (14.4)
41.0 (36.1)
8.0 (11.8)

30 (44.8%)
37 (55.2%)

41 (61.2%)
26 (38.8%)

26.2 (6.4)

17 (25.4%)
50 (74.6%)

4 (6.0%)
63 (94.0%)

53 (79.1%)
14 (20.9%)

38 (56.7%)
12 (17.9%)
9 (13.4%)
4 (6.0%)

2 (3.0%)
2 (3.0%)

Benign nodules

13 (19.1%)
55 (80.9%)

61.5 (14.0)

7.5 (6.0)

68 (100%)

31 (45.6%)
37 (54.4%)

40.3 (15.2)
31.8 (28.1)
8.9 (16.3)

15 (22.1%)
53 (77.9%)

23 (35.4%)
42 (64.6%)
3 (4.4%)

27.7 (5.1)

9 (13.2%)
59 (86.8%)

8 (12.1%)
58 (87.9%)
2 (2.9%)

Controls

13 (18.3%)
58 (81.7%)

60.0 (12.0)

7.0 (7.5)

71 (100%)

42 (59.2%)
29 (40.8%)

38.6 (15.7)
26.8 (22.4)
15.2 (19.1)

15 (21.1%)
56 (78.9%)

23 (37.7%)
38 (62.3%)
10 (14.1%)

27.3 (4.5)

10 (14.1%)
61 (85.9%)

5 (7.0%)
66 (93.0%)

False positives

2 (40.0%)
3 (60.0%)

68.0 (17.0)

13.0 (7.0)

5 (100%)

2 (40.0%)
3 (60.0%)

38.0 (10.0)
42.0 (14.4)
12.7 (2.1)

0 (0.0%)
5 (100.0%)

2 (40.0%)
3 (60.0%)

23.5 (4.0)

0 (0.0%)
5 (100.0%)

3 (60.0%)
2 (40.0%)
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Total

40 (19.1%)
171 (81.0%)

61.0 (13.0)
7.0 (6.5)

2.0 (4.0)
190 (90.0%)

109 (51.7%)
102 (48.3%)

40.4 (15.0)
35.4 (28.0)
9.7 (15.0)

60 (28.4%)
151 (71.6%)

89 (42.2%)
109 (51.7%)
13 (6.2%)

26.9 (5.1)

36 (17.1%)
175 (82.9%)

20 (9.5%)
189 (89.6%)
2 (0.9%)

Key characteristics of 67 lung cancer cases, 68 matched controls with benign

pulmonary nodules, 71 matched controls without lung nodules and 5 false positives from P-
ELCAP cohort. * N/A indicates that the patient is still alive; b Unknown indicates that there
was no data available. Age was measured at the time of blood plasma collection.
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Oncology II, Oncology III, Organ Damage, NeuroExploratory) in prediagnostic plasma
samples were measured with Olink Target 96 platform. Quantification measurement was
carried out by Olink in their central laboratories in Uppsala, Sweden [312]. This
high-throughput technology is based on the highly sensitive PEA technique, as previously
described by the INTEGRAL consortium [312, 2|. Relative protein concentrations are
reported as normalized protein expression (NPX) values on a log, scale. These values are
derived from quantitative polymerase chain reaction (PCR) cycle threshold measurements and
were standardized for subsequent analysis [312]. A detailed description of the Olink
methodology is available in the white paper published on Olink’s official website [317].

LDCT scans. For each LDCT, we selected the series with the thinnest CT image slices,
defined as having a slice thickness of < 3 mm, for inclusion in the dataset. LDCT scans were
collected within a 6-month window (184 days), either before or after the date of blood plasma
collection. For 5 lung cancer cases the nodule was not visible in the LDCT scan at the time of
the plasma sample. Lung nodules were annotated by an experienced radiology technician, and
subsequently supervised, refined, and approved by a certified experienced thoracic radiologist,
who is a member of the P-ELCAP LDCT multidisciplinary team. Figure 7.3 shows horizontal
bar plots of nodule dimensions (width, height, and depth), and the anatomical location of the
nodules. We additionally show one example of LDCT scans for a participant belonging to each
of the groups in Figure 7.4.
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Figure 7.3: Distribution of lung nodule sizes and locations across diagnostic groups. The x-
axis denotes the nodule count. These groups include controls with benign nodules (“Benign”),
lung cancer from 1-5 years before diagnosis (“Pre-LC”), and lung cancer less than 1 year before
diagnosis (“LC”).
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Figure 7.4: Example of a LDCT image. A: Control without nodules. B: Control with benign
nodule. C: Imaging false positive. D: Lung cancer from 1-5 years before diagnosis. E: Lung
cancer less than 1 year before diagnosis.

Clinical and demographic data. The clinicians involved in the P-ELCAP multidisciplinary
team (mainly neumologists and specialized nurses) collected the demographic/clinical
information of the study participants (age, sex, smoking questionnaire, comorbidities,
exposures, lifestyle, etc.). Basic demographic information (age, sex, smoking status) is
provided in the publicly available data for each individual in the Zenodo dataset. All cases
enrolled in the study are of Caucasian ethnicity. The participant age in the dataset
corresponds to the date of blood collection. We also include in the open access dataset the
difference in years and in months between the date of blood collection and the date of
diagnosis, rounding to the nearest month unit. For control participants (with or without
nodules), this time was set to the maximum follow-up time observed among lung cancer
participants (5 years or 60 months) to enable the use of time-to-event models such as random
survival forest. The following variables are incorporated: Group, Age, Sex, Stage, Smoking (in
pack years), and the aforementioned time in years and months.

7.4.2 Technical evaluation

To validate the dataset proposed in this study, a proof-of-concept and a technical validation
were conducted using the data available in the open-access resource. The aim is to perform
two baseline studies for technical validation: image-based deep learning (DL) models from the
available LDCT images; and ML protein models from Olink proteomics data. Data was
divided into 3 fold cross-validation (CV) train and test splits, and in the image models a
validation subset representing 10% of training data was further separated. Data was stratified
according to Figure 7.5. The same 3 folds were used to train and evaluate all the methods,
filtering by the groups of participants depending on the case. All the analyses were done in
Python. Performance was evaluated using binary classification metrics: area under the curve
(AUC), accuracy, balanced accuracy, precision (i.e., positive predictive value, PPV), recall
(i.e., sensitivity), Fl-score, specificity and negative predictive value (NPV). Unless otherwise
specified, a threshold of 0.5 was used to compute the binary values. In the following
sub-sections we describe in more detail the two proof-of-concept studies.
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Figure 7.5: Stratification of data splits (train, validation, test) in the first fold according to
age, sex, group and smoking (in pack years) variables. In the panel labeled “Group”, “Control”
corresponds to controls without nodules, “Benign” to controls with nodules, “Pre-LC” to lung
cancer cases from 1 to 5 years prior diagnosis, “L.LC I-II” to lung cancer cases at stages I-1I, and
“LC III-IV” to lung cancer cases at stages III-IV.

Image models

LDCT images from control participants with benign nodules and the corresponding lung cancer
participants diagnosed in the same year as the blood collection were included in this analysis. We
explored the effectiveness of 3D DL architectures for lung nodule classification. A crop around
the nodule’s centroid, determined with the segmentation, with 3D size [32, 32, 32| in pixels was
performed to include surrounding information. Nodules larger than the specified size in any
dimension were down-sampled in that dimension to ensure compatibility with the network’s
architecture. We developed the models (DenseNet121, EfficientNet, ResNet34) using MONAI
[26] and Pytorch, incorporating pretrained weights from Med3D when available to enhance
performance [24]|. A weighting strategy was used in the loss function to improve learning from
imbalanced class distributions. We included small data augmentations in the train subset with a
probability of 50% (random rotations in a range of 30° and isotropic scaling by a factor uniformly
sampled between 0.9 and 1.1.), as well as dropout to enhance the learning of the model [4] and
improve generalization. Table 7.2 presents the performance metrics. The results are promising
in some of the comparative indicators (AUC, accuracy, PPV, NPV) especially in the EfficientNet
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analysis, but at the same time reveal the limitations of training deep architectures with a small
dataset size [4]. What is clear is the potential of this open dataset if used in combination with
other datasets, which eventually may become available in the future by other groups conducting
research on lung cancer screening cohorts.

Table 7.2: Results of the deep learning models trained on low-dose computed tomography data
for predicting benign participants and patients diagnosed with lung cancer in the same year
as the plasma collection, evaluated using 3-fold cross-validation test sets. All models were
implemented in their 3D architecture.

Metric DenseNet121 EfficientNet ResNet34
Pretraining No No Yes
AUC 0.50 £ 0.07 0.86+0.04  0.66 = 0.05
Accuracy 0.43 +0.06 0.80£0.04  0.6040.08
Balanced Accuracy 0.51 +0.10 0.76 = 0.09 0.61 £0.09
Precision/PPV 0.33 £0.07 0.74 £ 0.05 0.3+0.3
Recall/Sensitivity 0.76 £ 0.19 0.6 0.2 0.6 0.5
F1-score 0.46 + 0.09 0.66 +0.14 0.4+0.3
Specificity 0.26 £ 0.01 0.88 £0.07 0.6 +0.4
NPV 0.72+0.16 0.84 £0.08 0.844+0.16

Protein models

Almost 1000 circulating proteins were used in this second part of the proof-of-concept study.
Markers with missing values or that failed to reach Olink’s quality control were excluded from
the technical validation. However, in the open database available at Zenodo, the raw values of
these proteins are also provided, as they may be useful to support some other type of analyses,
allowing for missing values. This filtering resulted in a total of 970 proteins. The same 3 fold
CV previously described with training and test subsets was used. The NPX data (refer to
Olink’s white paper for further details [317]) were processed using standard scaler trained on
the training subset (comprising both the training and validation sets), and then subsequently
applied to the test subset. The best model for each fold was found through another grid search
3 fold CV on the training subset, and then it was evaluated on the separated test subset of that
fold. We trained three ML models: random forest (RF), xgboost (XGB) and penalized regression
(LASSO) to distinguish between benign and lung cancer participants diagnosed in the same year
as the plasma collection. We additionally trained a novel architecture on biologically informed
neural networks (BINNs) [157], that leverages the pathways from Reactome pathway database
[318] to create a sparse neural network. Results are shown in Table 7.3. Furthermore, a random
survival forest (RSF) was trained on all lung cancer and benign participants, oversampling lung
cancer participants in the training set, that were repeated. Results for participants in years 0,
1, and 2 previous to lung cancer diagnosis are reported in Table 7.4. The most relevant proteins
identified by the models are listed in Table 7.5. The selection involved first identifying the 100
most relevant proteins in each fold, after which those consistently present across all three folds
were included in the final list.



82

Table 7.3: Results of the machine learning models trained on protein data for predicting benign
participants and patients diagnosed with lung cancer in the same year as the plasma collection,
evaluated using 3-fold cross-validation test sets.

Metric RF XGB LASSO BINN
AUC 0.65+0.08 0.65+0.03 0.714+0.07 0.594+0.19
Accuracy 0.724+0.08 0.71+0.06 0.714+0.05 0.574+0.13
Balanced Accuracy 0.61£0.05 0.634+0.01 0.62+0.08 0.57+0.16
Precision/PPV 0.7£03 058£0.14 0.52£0.11 0.38£0.16
Recall/Sensitivity 0.32+0.05 0.41+£0.07 0.394+0.19 0.57+0.20
F1-score 0.424+0.07 0.47+0.01 0.444+0.17 0.454+0.18
Specificity 0.90+0.09 0.84+0.10 0.854+0.02 0.574+0.10
NPV 0.74+0.04 0.76+0.02 0.76+0.06 0.75+0.11

Table 7.4: Results of the random survival forest trained on protein data for predicting benign
participants and patients diagnosed with lung cancer at different time points, evaluated using
3-fold cross-validation test sets. The classification threshold was empirically set at 0.6, as this
value provided a better trade-off between sensitivity and specificity across the evaluated folds.

Metric Year O Year 1 Year 2
AUC 0.65+0.10 0.68+0.09 0.624+0.06
Accuracy 0.75£0.09 0.68+0.10 0.55+0.06
Balanced Accuracy 0.61+0.06 0.63+0.06 0.5740.05
Precision/PPV 0.78£0.05 0.75+0.05 0.67 % 0.06
Recall /Sensitivity  0.92+0.09 0.78 +0.17 0.47 +0.11
F1l-score 0.84£0.06 0.76 +0.10 0.55+0.08
Specificity 0.29+0.04 0.494+0.06 0.67=+0.07
NPV 0.7+0.3 0.6+0.2 0.47£0.06

Table 7.5: Proteins ranked among the top 100 in predicting benign participants and patients
diagnosed with lung cancer in the same year as the plasma collection across all three folds based
on feature importance analysis. In bold, proteins that are repeated across different methods.
In italic, proteins that were in the list of the 10 protein markers most relevant for imminent
lung cancer in a previous work within the INTEGRAL consortium [2].

Model Most relevant proteins
RF AP-N, CCL3.1, CD93, CDH2, FR-alpha, IGFBP3, IL15, MCP-1, PVRL4, TCL1A, TF
XGB AP-N, BNP, F11, FCRL6, SEMATA

LASSO CEACAMS, EGFR, ENPP7, FASLG, NCR1
RSF AZU1, 1L18.1, KIRREL2, PVRL4, TCL1A

BINN EGFR, EIF4G1, HB-EGF, TR

7.5 Discussion and conclusions

P-ELCAP dataset is a valuable lung cancer screening cohort to support open access research.
This dataset comprises a small-medium size cohort including 67 lung cancer patients, 68 controls
with benign pulmonary nodules, 71 controls without nodules and 5 imaging false positives. The
sample size of cancer cases in the cohort reflects the characteristics of lung cancer screening
populations, where only approximately 1-3% of individuals are diagnosed with the disease,
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most often at early stages. Specifically, the CUN has screened a total of 5647 individuals over
the past 25 years, diagnosing lung cancer in 158 of them. This low prevalence poses limitations
for the development and validation of predictive models, particularly for early-stage malignancy
detection. To the best of our knowledge, this is the first multimodal open access database
including long-term follow-up benign and biopsy confirmed malignant pulmonary nodules, as
well as controls without nodules. Furthermore, this is the first publicly available lung cancer
screening dataset incorporating over 1000 circulating protein markers generated by PEA. The
applications of this dataset for lung cancer research extend beyond the scope of this work, which
focuses on assessing data quality, and leaves further discoveries to future investigations.

The technical validation results underscore both the potential of the dataset and the inherent
challenges associated with its limited size. The LDCT image-based models can be further refined
leveraging other publicly available datasets to enhance current results, that as a proof-of-concept
were only trained on P-ELCAP dataset. The proposed protein models identified a set of proteins
that consistently appeared across different methods, demonstrating robustness and alignment
with findings from previous studies [2]. Moreover, the availability of a set of approximately
1000 circulating proteins in individuals with malignant in contrast to benign nodules may open
a wealth of research hypothesis or help as a validation tool for discovery projects performed in
similar or even distant clinical settings. The field of characterization of incidental nodules may
highly benefit from the data that will be made available in the present database.

P-ELCAP dataset holds significant value for external validation in other screening cohorts,
and represents an important step towards advancing the field of personalized medicine through
Al-driven multimodal models in the context of LDCT-based lung cancer screening. This
dataset will also help in the development and validation of novel multimodal strategies in early
lung cancer screening. Future work may enhance the proposed image models through
pretraining in larger publicly available LDCT imaging datasets, with evaluation on the
P-ELCAP cohort to investigate the generalizability of existing DL approaches for multimodal
lung nodule detection and risk characterization. The following Chapters, 8 and 9, present,
respectively, the validation of a deep learning ordinal approach for lung nodule risk assessment
and a multimodal approach for early lung cancer diagnosis. Although the P-ELCAP dataset
represents an important resource for research in this field, further studies and external
validation using independent cohorts are necessary to achieve real-world clinical utility of
multimodal AT tools in LDCT-based lung cancer screening.



84



Chapter 8

Validation of a medical informed
deep learning ordinal approach for
lung nodule assessment

Main publication associated with this chapter: Cobo, Miriam, et al. “Validating a medical
informed deep learning ordinal approach for lung nodule assessment”. To be submitted.

8.1 Introduction and motivation

In early lung cancer LDCT-based imaging, Al models are often trained and evaluated on a
single dataset, typically LIDC-IDRI [201], focusing primarily on optimizing specific
performance metrics rather than meeting broader clinical needs, such as generalizability and
real-world applicability. Both a deep understanding of clinical workflows and robust external
validation are critical for the effective translation of Al models into clinical settings. This
chapter investigates the generalizability of state-of-the-art 2D and 3D deep learning models
within a medical informed framework for lung nodule malignancy risk assessment. An ordinal
learning approach is adopted, reflecting the inherently ordinal nature of screening pulmonary
nodules, addressing clinical needs, and resembling radiological decision-making. The
algorithms are externally validated under identical conditions on the P-ELCAP dataset, a
well-curated lung cancer screening cohort described in Chapter 7, which complies with
standard clinical guidelines for lung nodule management. Additionally, a 3D capsule network
architecture is explored, achieving the highest metrics in the external validation dataset.

In this chapter, learning biases are informed by clinical prior knowledge, similarly to the shared
embedding incorporating prognosis and the highly correlated relevant variables proposed in
Chapter 6. The ordinal regularization of the feature space promotes coherence with established
clinical protocols in lung nodule management, enhancing the robustness, clinical applicability
and generalizability of DL models.

Before investigating on the proposed methodology, an existing imaging model from the literature
was externally evaluated on P-ELCAP dataset. This assessment revealed several limitations that
hindered clinical applicability and translation, which in turn motivated the development of the
medical informed ordinal approach described in the remainder of this chapter. The following
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paragraphs summarize the shortcomings of the existing image model.

8.1.1 Limitations of state-of-the-art approaches

Deep learning (DL) image algorithms for early lung cancer diagnosis in LDCT screening can be
categorized according to the level at which predictions are performed:

e Local pulmonary nodule malignancy assessment (nodule level) [3, 228, 235, 296]. This
level corresponds to the majority of existing DL approaches in the literature, since
indeterminate risk pulmonary nodules (IPNs) are typically smaller than 30mm, and thus
represent a minor part of the overall LDCT volume. This strategy is explored in the
following sections of this chapter.

e Global lung cancer risk prediction from a single volumetric LDCT scan acquired years prior
to diagnosis (scan level). Two relevant recent approaches were further studied within this
group: Ardila et al. [319], who developed a DL algorithm that analyzes pulmonary nodules
to predict lung cancer within 1 and 2 years, and Mikhael et al. [301], who extended their
work to predict lung cancer occurring 1-6 years after the screen. Both algorithms were
trained on LDCT images from the National Lung Screening Trial (NLST) [299].

Additionally, in the literature there are other approaches that investigate combinations of the
aforementioned categories, such as Zhang et al. [320], who compared four ResNet image models
at different levels (whole lung, image patch where the nodule was located, nodule box and
follow-up nodule box) to predict malignancy of sub-centimeter pulmonary nodules using CT
images. Their findings concluded that the performance of the models at the nodule box level
was significantly better than the image patch or the whole lung models [320].

Methodology

In the preliminary analysis of image models, Sybil [301] was selected for evaluation on P-ELCAP
dataset, as it offered a broader prediction range of lung cancer from 1 to 6 years before diagnosis,
and represented a natural extension of the work by Ardila et al. [319]. Additionally, the code
and the weights of the model were available, facilitating usability and reproducibility. However,
certain limitations were identified in the reported results, as the evaluation of performance
metrics reported only concordance index (c-index), receiver operating characteristic (ROC)
curve and AUC score [301].

The c-index measures the discriminatory ability of a risk prediction model in survival analysis,
evaluating how well predicted risk scores align with observed survival outcomes while accounting
for censoring [321|. A pair of subjects is considered comparable if one experienced an event
before the other or if one was censored after the other had an event. Among comparable pairs,
a pair is said to be concordant if the subject with the shorter observed survival time has a
higher predicted risk score, discordant if the opposite is true, and tied if both have the same
predicted score (within a numerical tolerance), contributing half a point to the total. Let N,
be the number of concordant pairs, N; the discordant pairs, and Ny the tied pairs. The total
number of comparable pairs is Neomp = Ne + Ng + Ni. The c-index is then defined as [321]:

N.+ 3N
c-index = —— 2!

1
Ncomp (8 )
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A value of c-index = 1.0 indicates perfect concordance, c-index = 0.5 corresponds to no
predictive discrimination power, and c-index < 0.5 suggests worse than random performance

321].

Regarding the aforementioned limitations, firstly, c-index is a measure of rank correlation that
considers the order of event times, but does not measure the event status itself, hence, it is
often not clinically meaningful in assessing model performance [322]. Secondly, ROC curves
are not the most suitable metric for imbalanced datasets [323], in particular if reported alone.
The standard form of ROC curves without threshold information hinders direct comparison of
model performance at specific operating points, thereby limiting the interpretability [324]. Thus,
the performance of risk prediction models for decision making, which is the essence of clinical
translation for DL-based systems, has to be conditional on a risk threshold to fix classification
costs [324]. Sybil was trained on NLST, a screening cohort that is, by nature, highly imbalanced,
with approximately 5% positive LDCTs corresponding to lung cancers diagnosed within the
following 6 years [301|. Given that Sybil [301] does not include risk thresholds, in its current
form, the clinical applicability is very limited.

To mitigate the previous shortcomings, Sybil was evaluated on P-ELCAP including the
following standard metrics for binary classification: accuracy (Acc.), balanced accuracy (B.
Acc.), specificity (Spec.), negative predictive value (NPV), precision (Prec.), recall and
F1-score.

Data

All LDCT scans from P-ELCAP cohort were included in the analysis with Sybil (67 lung cancer,
68 controls with benign pulmonary nodules, 71 controls without nodules and 5 false positives,
as described in Chapter 7). The goal was to assess whether Sybil was capable of predicting lung
cancer in screening participants from P-ELCAP cohort. Patients diagnosed in the same year as
the blood collection were considered positive in all the years of Sybil’s prediction.

Results and discussion

Table 8.1 shows the performance of Sybil in P-ELCAP cohort for a standard threshold of 0.5.
Results indicate that this threshold is not suitable for evaluating Sybil. Therefore, to find the
most suitable threshold, Youden’s index (YI) was calculated to identify the point on the ROC
curve that maximizes the difference between the true positive rate (TPR) and the false positive
rate (FPR) , thereby optimizing the balance between sensitivity and specificity:

YI = TPR — FPR (8.2)

Table 8.2 shows the performance of Sybil on P-ELCAP evaluating binary metrics in Youden’s
index best threshold. The results presented in this table indicate a precision of 0.5 predicting
lung cancer occurring one year after the screen, meaning that 50% of the positive predictions
are false positives, which is insufficient for lung cancer screening. This limitation is critical,
as accurate short-term prediction, especially within the year prior to diagnosis, is essential for
timely clinical decision-making and improved patient outcomes.

In an attempt to improve the previous results, Sybil was re-calibrated on P-ELCAP; however,
this approach did not yield significant improvements. As a final step, Sybil was fine-tuned on
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Table 8.1: Sybil’s performance on LDCT images from P-ELCAP dataset (threshold = 0.5).

% Average is not applicable to c-index.

Year 1 | Year 2 | Year 3 | Year 4 | Year 5 | Year 6 | Average

c-index 0.710%
AUC 0.839 0.814 0.814 0.811 0.807 0.808 0.815
Acc. 0.820 0.787 0.739 0.706 0.697 0.720 0.745

B. Acc. 0.513 0.531 0.537 0.532 0.534 0.576 0.537
Spec. 1.000 1.000 0.987 0.986 0.979 0.972 0.987
NPV 0.819 0.784 0.740 0.706 0.698 0.718 0.744
Prec. 1.000 1.000 0.714 0.714 0.667 0.750 0.808
Recall 0.026 0.062 0.086 0.077 0.090 0.179 0.087

F1l-score | 0.050 0.118 0.154 0.139 0.158 0.289 0.151

Table 8.2: Sybil’s performance on P-ELCAP dataset (threshold is Youden’s index). “Average
is not applicable to c-index.

Year 1 | Year 2 | Year 3 | Year 4 | Year 5 | Year 6 | Average

c-index 0.789¢
AUC 0.839 0.814 0.814 0.811 0.807 0.808 0.815
Threshold | 0.012 0.024 0.052 0.035 0.044 0.065 0.039
Acc. 0.815 0.801 0.806 0.749 0.749 0.749 0.778
B. Acc. 0.817 0.790 0.780 0.754 0.752 0.752 0.774
Spec. 0.814 0.810 0.837 0.740 0.743 0.743 0.781
NPV 0.952 0.923 0.889 0.878 0.870 0.870 0.897
Prec. 0.500 0.544 0.627 0.568 0.580 0.580 0.566
Recall 0.821 0.771 0.724 0.769 0.761 0.761 0.768
F1-score 0.621 0.638 0.672 0.654 0.658 0.658 0.650

P-ELCAP. Data was separated into 139 patients for training, 25 for validation and 47 for testing
(including the 5 false positives), following the stratification procedure described in Section 7.4.2.
Only the final layers were retrained, i.e., the fully connected and hazard layers [301]. This
approach incorporated patients diagnosed in the same year as the LDCT scan acquisition (i.e.,
year 0). Table 8.3 shows Sybil’s performance on the separated test subset of P-ELCAP, after
retraining the final layers on the rest of the dataset.

The results presented in Table 8.3 were not satisfactory for clinical applicability, as the model
exhibited poor precision and recall, particularly in the years immediately preceding lung cancer
diagnosis. This is especially problematic in lung cancer screening, where low precision can result
in a high rate of false positives, leading to unnecessary follow-ups or biopsies, with potential
complications, increased patient anxiety, and inefficient use of medical resources.

The aforementioned limitations motivated the development of a new medical informed ordinal
approach for lung cancer assessment at the nodule level, aligning with the majority of existing DL
methods in the literature. This approach is further supported by prior evidence demonstrating
improved performance at the local nodule level compared to the global LDCT scan level [320].
The proposed methodology is explained in the remainder of this chapter.
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Table 8.3: Performance retraining the last layers of Sybil on LungAmbition dataset (best
threshold) on 47 test patients. “Average is not applicable to c-index.

Year O | Year 1 | Year 2 | Year 3 | Year 4 | Year 5 | Average

c-index 0.676%
AUC 0.704 0.693 0.667 0.677 0.677 0.677 0.683
Threshold | 0.752 0.461 0.461 0.414 0.414 0.414 0.486
Acc. 0.872 0.745 0.723 0.702 0.702 0.702 0.741
B. Acc. 0.748 0.715 0.677 0.665 0.665 0.665 0.689
Spec. 0.925 0.763 0.771 0.758 0.758 0.758 0.789
NPV 0.925 0.906 0.844 0.806 0.806 0.806 0.849
Prec. 0.571 0.400 0.467 0.500 0.500 0.500 0.490
Recall 0.571 0.667 0.583 0.571 0.571 0.571 0.589
F1-score 0.571 0.500 0.519 0.533 0.533 0.533 0.532

8.2 Statement of the problem

LDCT screening has enhanced early diagnosis of lung cancer, reducing lung cancer mortality
among population at high risk |79, 288, 287|. Precise evaluation of risk in pulmonary nodules
found in the screening process is crucial to improve patient survival and avoid unnecessary
biopsy procedures. One of the challenges of LDCT screening is the managing of indeterminate
risk (neither clearly benign, nor highly suspicious of malignancy) pulmonary nodules (IPNs).
The ultimate goal is to differentiate malignant IPNs from a vast majority (at least 95%) of benign
nodules, and identify malignant IPNs at an early stage. Precise evaluation of risk in pulmonary
nodules is crucial to improve patient survival and avoid unnecessary biopsy procedures. In
clinical practice, benign nodules are typically considered non-suspicious if they remain stable in
size in subsequent follow-ups. Deep learning (DL) has shown potential to evaluate pulmonary
nodule malignancy in LDCT imaging at the nodule level [3, 228, 296]. However, most of existing
DL methods are trained on a single dataset and lack validation on external datasets, hindering
their clinical translation [163, 4], and expanding the existing gap between Al research in lung
cancer imaging and real clinical implementation.

Many state-of-the-art (SOTA) DL approaches in lung nodule assessment [3, 228] are trained
on the publicly available LIDC-IDRI dataset [201|, which includes nodule malignancy
annotations (ranging from label 1, indicating low risk, to label 5, corresponding to high risk)
provided by four independent radiologists. Since its collection in 2011, the criteria used in
LIDC-IDRI have been updated by the Lung CT Screening Reporting and Data System
(Lung-RADS), which was developed to standardize the reporting and management of
screen-detected pulmonary nodules, and improve risk assessment [293]. In clinical practice
(Figure 8.1), following Lung-RADS guidelines, nodules are broadly categorized into three
stages:  benign or indeterminate (requiring risk-dependent follow-up), and malignant
(necessitating immediate intervention).  Approaching this classification from an ordinal
learning perspective reflects how radiologists assess risk and enables the integration of
domain-specific knowledge through ordinal regularization {259, 151]. Differing from prior work
[3, 228, 235, 296, 320], that ignored the ordinal progression of malignancy risk and relied on
binary or multiclass classification, our approach formulates lung cancer risk as an ordinal
problem, more in line with clinical reasoning. Notably, earlier methods excluded the
indeterminate label (3) in LIDC-IDRI [3, 228, 235, 259|, overlooking its significance as a
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transitional risk category. This approach was already proposed by Wu et al. [325], who
leveraged unsure data in LIDC-IDRI. The problem was formulated as a three-class ordinal
regression task, showing the benefits in performance with respect to binary classification.
However, their architecture, based on a 3D DenseNet, does not incorporate privileged
information, lacks comparison with other baselines, and is not externally validated. To
contextualize the problem, Figure 8.1 summarizes the motivation behind this research.

[ Most SOTA DL models

- Malignant lgnores indeterminate
G st risk nature of IPNs
‘“ = {ormullizclass) and inherent ordering
- Binary Benign of risk stages
kiggasal Malignant

s — T Resembles clinical
ndeterminate practice

Ordinal Benign

L

Clinics High —> Action: PET-CT/Biopsy
. “ — W Indeterminate
e 2= Follow-up scheduled
o Risk Low based on risk level
- assessment |

Figure 8.1: Tlustration of how the proposed approach to manage indeterminate pulmonary
nodules (IPNs) aligns with clinical practice, unlike current state-of-the-art methods.

DL architectures in medical imaging are typically based on convolutional neural networks
(CNNs), e.g. DenseNet [27] and EfficientNet [28], or on attention mechanisms, as Vision
Transformers (ViT) [35], discussed in Chapter 2. As an alternative, capsule networks
(CapsNets, also described in Chapter 2) were introduced to overcome CNNs’ limitations in
modeling spatial hierarchies and part—whole relationships [6], and have shown promising
results in various medical imaging applications, including lung cancer imaging. In LIDC-IDRI,
recent approaches for binary lung nodule classification proposed 2D CapsNets that learned
privileged information on nodule attributes [3, 228|, annotated by the radiologists who labeled
LIDC-IDRI dataset [201]. Afshar et al. [235] employed a 3D multi-scale CapsNet using
patches centered on the nodule, comprising the central slice and four adjacent slices, without
considering nodule attributes.

Developing and evaluating several models on the same dataset increases the likelihood that
the best-performing model has simply overfitted to the test data (also known as sequential
overfitting), rather than genuinely exhibiting better generalization [4]. Thus, conclusions
drawn from benchmark results should be interpreted with caution, as minor performance
improvements may not indicate truly superior models, and require confirmation through
external validation. Shao et al. [303] evaluated the generalizability of SOTA models trained on
LIDC-IDRI on a new lung CT image dataset with patological information (LIDP). They
concluded that generalizability was very poor, due to significant differences in data
distributions of both datasets, and lack of pathological confirmation in LIDC-IDRI compared
to LIDP. However, several critical limitations were identified in this study: (1) the authors
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stated that the data originated from different distributions, but they did not thoroughly
investigate how to better align radiological labels in LIDC-IDRI with pathological information
in LIDP; (2) benign nodules confirmed with biopsy are biased to difficult samples and do not
faithfully represent clinical practice; (3) label 3 in LIDC-IDRI was excluded, which represents
the majority of IPNs and remains the primary unmet clinical need; (4) generalizability is
constrained by the use of a single external dataset.

In this chapter, we validate medical informed DL ordinal approaches for lung nodule risk
assessment on a novel well-curated screening cohort (P-ELCAP, described in Chapter 7).
Beyond LIDC-IDRI [201], publicly available high-quality datasets that follow standard clinical
guidelines for lung nodule management are scarce, and the availability of corresponding
annotations is even more limited. Although LIDP [303] would be released after an embargo
period, to the best of our knowledge, it is still not publicly accessible. Building on prior work
[3, 228], we also propose a fully 3D CapsNet architecture that incorporates privileged
information on nodule attributes. Our contributions can be summarized as (1) exploring how
to leverage LIDC-IDRI radiological labels in an ordinal approach that aligns with clinical
practice and targets unmet needs in lung nodule characterization; (2) benchmarking popular
CNN architectures against ViTs and CapsNets to evaluate generalizability; (3) proposing a
novel 3D CapsNet that achieves the highest generalizability.

8.3 Materials and methods

8.3.1 Data
LIDC-IDRI dataset

All models were trained on the LIDC-IDRI [201] dataset. To minimize label uncertainty, only
nodules annotated by 3 to 4 radiologists with a standard deviation below 1 were considered. In
the training set, we repeated the same nodule leveraging the different annotations available (with
slightly different centroids) as a form of data augmentation, while in test and validation we took
only the first annotation available. We considered the same labeling criteria as Wu et al. [325]:
nodules with an average score above 3.5 were labeled as malignant (label 2), those below 2.5
were labeled as benign (label 0), and those within [2.5,3.5] were labeled as indeterminate (label
1), covering the full range of IPN classifications. Data was split into training (72%), validation
(8%), and test (20%) using stratification based on the ordinal malignancy label, resulting in
3016 training, 91 validation and 223 test samples.

P-ELCAP dataset

All models were externally validated on P-ELCAP dataset, described in Chapter 7. We
considered LDCT images from controls with benign nodules (68 cases), as well as lung cancer
participants diagnosed in the same year as the LDCT acquisition (31 cases). Benign nodules
classification is based on long-term follow-up and nodule image stability over time, while lung
cancer is confirmed by pathological examination, following standard clinical practice.
P-ELCAP is biased towards challenging-to-classify IPNs, reflecting the difficulty of
distinguishing malignant IPNs from a majority of benign nodules in routine screening practice.
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8.3.2 Method

Each model is trained with a total loss Liota, consisting of various contributions, on the
LIDC-IDRI dataset. A common prediction loss Lpreq of nodule malignancy risk, representing
the ordinal beta cross entropy (Bcg) loss from Vargas et al. [326], is optimized in all models.
CapsNets include an additional attribute loss Lagty. For the 2D CapsNet specifically, a

reconstruction loss Lyecon is incorporated, as in the original work [3]. The total loss is formally
defined as:

ﬁtotal = Epred + /\attr : £attr + A1re<:on ' ﬁrecon (8~3)

The nodule malignancy prediction loss Lpreq is defined using the Scp loss [326]:
Epred = ﬁCE(ya g; n=0.5, J= 3)
J
=> ¢'(i)-[~logp(y = Ci | z)] (8.4)
i=1
where J = 3 is the number of ordinal classes, and p(y = C; | x) denotes the predicted probability

for class C;. To address class imbalance, a weighting factor based on the inverse frequency of
each class was incorporated into the loss. The soft target distribution ¢'(7) is defined as:

q/(l) = (1 - 77)5i,y + Uf(x) a, b) (85)
where f(x,a,b) is the probability value sampled from a beta distribution centered in z = 2‘%—;1,

the parameters a and b are calculated as described by Vargas et al. [326], and d;, is the Dirac
delta function, which equals 1 if ¢ = y and 0 otherwise, and corresponds to the one-hot encoding
of the ground-truth label. The parameter n € [0, 1] controls the linear combination between
the one-hot ground-truth label and a unimodal prior derived from the beta distribution used
to smooth the original one-hot label into a soft label [326]. In the experiments, we set n = 0.5
empirically. The attribute loss Lty is only used in the 2D and 3D CapsNet models, with
Aattr = 3. This loss is defined as [3]:

K
[,attr = Z MSE (aired [7’] a%t [Z]) ) Vi e Iattr (86)
k=1

where K = 8 is the number of attributes, agred [i] and a2'[i] denote the predicted and ground-

truth values (mean attribute score by the radiologists), respectively, for the k-th attribute
of sample i, and Z,, is the set of indices corresponding to the samples for which attribute
annotations are available. The mean squared error (MSE) is computed independently for each
attribute across the annotated samples. The reconstruction loss Lyecon is only used in the 2D
CapsNet to predict the segmentation mask of the nodule, with Ajecon = 1. This loss is defined
as [3]:

Lrecon = MSE(xrecon’ 1') (87)

where x is the segmentation mask and ™"

the 2D CapsNet.

is the output produced by the decoder branch of

Models were trained for a maximum of 100 epochs, with early stopping based on validation
accuracy and a patience of 20 epochs. Subsequently, independent external validation was
performed on P-ELCAP dataset. All models were coded in Pytorch 2.5.1 [268] and trained on
NVIDIA A30 GPU (24 GB VRAM), with a batch size of 256, and AdamW optimizer [269].
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Baselines

Baseline models included two CNN-based architectures, DenseNet121 [27] and EfficientNet-B0
[28], as well as a Transformer architecture, ViT [35], in both 2D and 3D. We considered the
CapsNet-2D architecture proposed by Gallée et al. [3], using the variant without prototypes,
as their ablation study showed no significant performance difference, and this choice reduced
complexity. Additional minor adjustments are described in the following section. Gallée et al.
[3], which builds upon LalLonde et al. [228], attempts to predict the distribution of radiologists’
scores, excluding nodules with a mean score of 3, and considering predictions within +1 of
the reference label (within-1 accuracy) as correct. However, this approach may lack sufficient
discriminative power, as most nodules in LIDC-IDRI have a score between 2-4, and the model
predominantly predicts the peak of the distribution in label 3.

Proposed method

We designed a 3D capsule network, as shown in Figure 8.2. We built upon the 2D
implementation of Gallée et al. [3]. Experimental results justified reducing the number of
feature maps in the convolutional layers from 256 to 32, and the routing iterations from 3 to 2,
without compromising performance. The effect of different kernel sizes on performance was
experimentally studied, and the best trade-off between performance and the number of
capsules in the dense capsule layer was achieved with a kernel size of 9.

Dense Capsule Attributes | convolutional
Input 3D conv Primary Capsule Bx16 Subtlety £ ReLU + BatchNorm
=) squash
Internal structure ) .
o () sigmoid
e Calcification
%v Sphericity
Z 7 r|rr- Margin
r|fr' Lobulation

=% Spiculation

‘-' . @
Bx1x32x32x32 9x9x9x32 BX9x9x9x32 Lo Texture Target risk

|—> Malignant (2)
> » Indeterminate (1)
Bx8x16 |—> Benign (0)

Figure 8.2: Capsule network architecture in 3D.

Preprocessing

A crop of size [32, 32, 32| pixels centered on the nodule’s centroid was used to capture contextual
information in 3D. The minority of nodules larger than this size in one or more dimensions were
down-sampled in the corresponding axes to ensure compatibility with the model’s input size. In
2D, only slices within this cube that contained the annotated nodule were retained. In contrast,
Afshar et al. [235] used only one central and four neighboring slices, and Gallée et al. [3]
performed tight 2D crops based on segmentation masks that were resized to the input size,
limiting both contextual information.

Evaluation metrics

Previous work on LIDC-IDRI reported a single metric within-1-accuracy [3, 228|. However,
this metric alone fails to capture overall model performance and is insufficient for a multi-class
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classification problem with an inherent ordinal nature [327]. Instead, we used three-class
accuracy (Acc.), balanced accuracy (B. Acc.), mean absolute error (MAE), root mean squared
error (RMSE), Uniform Ordinal Classification index (Apoc) [270], and quadratic weighted
Cohen’s Kappa score (QWK) [271, 272] to evaluate on LIDC-IDRI test subset. In the external
validation on P-ELCAP dataset, malignant nodules diagnosed in the same year as the LDCT
acquisition were assigned the maximum risk label (2), while benign nodules were assigned the
minimum risk label (0). We report the number of nodules predicted as indeterminate (label
1), along with how many of these correspond to true benign and true malignant cases. Binary
classification metrics including Acc., B. Acc., sensitivity (Sens.), precision (Prec.), specificity
(Spec.), negative predictive value (NPV) and Fl-score (Fl-sc.) were calculated excluding
indeterminate predictions.  For all the models, 95% confidence intervals estimated by
bootstrapping were calculated generating 1000 bootstrap samples.

8.4 Results

8.4.1 Internal validation on LIDC-IDRI

The models were trained on LIDC-IDRI including 3016 samples in the training subset, 91 in
validation, and 223 in test. Table 8.4 shows the performance of the models in LIDC-IDRI test
subset.

Table 8.4: Performance on internal LIDC-IDRI test subset with ordinal approach. Total true
indeterminates are 53.4% (119 cases). The aggregation method (Agg.) used in 2D models to
compute the global score is indicated (Avg. = average, Max. = maximum). Subscripts indicate
the maximum half-width of the 95% confidence interval centered at the mean. The best and
second-best performances are denoted by bold and underlined, respectively. Abbreviations:
DN = DenseNet121, EN = EfficientNet-B0, CN = CapsNet. To ensure correct implementation
of CN-2D, the model was first reproduced as in the original work by Gallée et al. [3], achieving
compatible within-1-accuracy in 2D (0.945).

Model | DN-2D | EN-2D | ViT-2D | CN-2D | DN-3D | EN-3D | ViT-3D | CN-3D
Agg. Avg. Avg. Avg. Max. — — — —
Acc. 0.660_06 0.580.07 0.640.07 0.520_07 0.500_07 0.530_07 0.580,06 0.470,07

B. Acc. 0.680‘07 0.62(),()7 0.650_07 0.650_05 0.550,(]7 0.56()‘06 0.590_07 0.630,05
MAE 0.380_07 0.430.07 0.380.07 0-530.08 0.550_08 0.500_07 0.440,07 0.540,07

RMSE | 0.68,9 | 0.68)¢7; | 0.64007 | 0.79%.0s | 0.810.08 | 0.750.07 | 0.690.06 | 0.760.06

AUOC 0.460,07 0-500.06 0.480_08 0.480_06 0.580_06 0'550.06 0-520.06 0-470.06

QWK 0.529.12 | 0.52p.11 | 0.550.11 | 0.500.10 | 0.399.11 | 0.42p.10 | 0.48¢.10 0.54 g9

% Pred | ) 48.4 51.1 19.3 39.5 52.9 53.4 12.6
indet.

Table 8.5 shows the performance of the models in LIDC-IDRI test subset excluding true
indeterminates (ground truth label 1).

8.4.2 External validation on P-ELCAP

Table 8.6 shows generalizability to P-ELCAP dataset considering only benign and lung cancer
nodules diagnosed in the same year as the LDCT acquisition.
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Table 8.5: Performance on internal LIDC-IDRI test subset with ordinal approach, restricted to
benign and lung cancer ground truth labels. Subscripts indicate the maximum half-width of the
95% confidence interval centered at the mean estimated using 1000 bootstrap samples. The best
and second-best performances are denoted by bold and underlined, respectively. Abbreviations:
DN = DenseNet121, EN = EfficientNet-B0, CN = CapsNet.

Model | DN-2D | EN-2D | ViT-2D | CN-2D | DN-3D | EN-3D | ViT-3D | CN-3D
Acc. 0.880,08 MO.OS MO.OG 0.880,07 0.840,09 0.880_09 0.930,07 0.960_04

B. Acc. 0.880407 MO.OG L%0.0G 0.900_05 0.840,09 0.840,10 0-920.08 0.960_05
Sens. 1.000_00 1.000_00 0.940.09 1.000_00 0.890,11 1.000,00 1.000_00 MO.OG
Prec. 0.800413 0.900.12 0.940,09 0.780_12 0.830,13 0.830,12 0.890,11 @0.10
Spec. 0.76¢.14 0.870.13 0.95¢ 0s 0.800.11 0.780.16 0.69¢.19 0.830.16 0.94 o7
NPV | 1.000.00 | 1.000.00 | 0.950.0s | 1.000.00 | 0.860.13 | 1.000.00 | 1.000.00 | 0.98, .,
Fl-sc. | 0.880.08 | 0.94y5, | 0.9454, | 0.879.08 | 0.860.10 | 0.910.07 | 0.945 ¢ | 0.95¢.06

# Pred | 5 39 36 10 35 48 49 11
indet.

7 True 26 33 28 9 32 42 41 10
benign

7 True 5 6 8 1 3 6 8 1
malig.

Table 8.6: Performance on external P-ELCAP validation, restricted to benign and lung cancer
ground truth labels. Subscripts indicate the maximum half-width of the 95% confidence
interval centered at the mean estimated using 1000 bootstrap samples. The best and second-
best performances are denoted by bold and underlined, respectively. Abbreviations: DN =
DenseNet121, EN = EfficientNet-BO, CN = CapsNet. NPV could not be computed due to

absence of predicted negatives in some resamples.

Model | DN-2D | EN-2D | ViT-2D | CN-2D | DN-3D | EN-3D | ViT-3D | CN-3D
Acc. 0.540414 0.570,14 0.840.14 0.590_12 0.650.12 0.670412 0.570_13 0.760'10

B. Acc. 0.590,07 0.63(),()8 0.85()_11 0.68(),(]7 0.650,()9 0.68(),1() 0.55()_1() 0.780_10
Sens. 1.000.00 1.000_00 1-000.00 1-000,00 0'970.08 0.960408 0.920.11 0.850_14
Prec. 0.500,15 0~500.16 0.750.19 0.470‘13 0.590,14 0.610,14 0.560,14 0.640_15
Spec. 0.170415 0.250.17 0.690421 0.360_14 0-330.16 0~390.18 0-170.18 0.710.13
NPV —a 1.000.00 | 1.00000 | 1.000.00 | 0.9155 | 0.91; 40 @ 0.880.11
F1-sc. 0.66¢.14 0.66¢.15 0.85¢.13 0.649.13 0.730.12 0.744 11 0.700.13 0.730.13

# Pred | g 50 62 23 39 45 51 18
indet.

7 True 39 40 49 20 37 40 45 17
benign

# True 7 10 13 3 2 5 6 1
malig.

8.4.3 Ablation study

An ablation analysis is shown in Figure 8.3 to evaluate the contribution of the attribute

information in the proposed 3D CapsNet model.
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Figure 8.3: Ablation study of the CN-3D model when attribute information was only available
as fractions of the training dataset.

8.4.4 Dimensionality reduction, attributes and interpretability analysis

Uniform Manifold Approximation and Projection (UMAP) was applied to visualize the
concatenated feature representation from the output capsules used in the target risk
computation both in LIDC-IDRI and P-ELCAP datasets. Figure 8.4 a) shows the UMAP
embedding computed on the LIDC-IDRI training data and applied to the test data. The
number of UMAP components was set to three, corresponding to the three expected
diagnostic groups. However, the resulting projection reveals that indeterminate and benign
cases are intertwined, while malignant cases appear more distinctly separated. In addition,
violin plots are presented in Figure 8.4 b) for the two clusters identified by the k-means
algorithm [328] in the test data, based on the UMAP projection. The same UMAP
embedding, applied to P-ELCAP data, is shown in 8.5. Participants diagnosed with lung
cancer are included from years 1, 2, and 3 prior to diagnosis (pre-LC), along with the
corresponding Lung-RADS categories assigned to all detected nodules. Lung-RADS
annotations were initially performed by an experienced radiology technician, and subsequently
reviewed and approved by a board-certified thoracic radiologist, who is a member of the
P-ELCAP LDCT multidisciplinary team.

The attributes in Figure 8.4 b) show that spiculation and lobulation are the most discriminative
attributes for the identification of malignant nodules. Both radiological signs are indicators of
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Figure 8.4: UMAP visualization of a) LIDC-IDRI dataset on the test subset, and b)

corresponding attributes per cluster and ground truth label in LIDC-IDRI.
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Figure 8.5: UMAP visualization of P-ELCAP a) with true labels, and b) with LungRADS
categories.

malignancy [329, 330]. Interestingly, Figure 8.5 shows a similar distribution of benign and
malignant IPNs in the external validation dataset P-ELCAP, supporting the generalizability of
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the 3D CapsNet model to our screening cohort.

8.4.5 Evaluation on pre-lung cancer and false positive nodules

Table 8.7 shows predictions in P-ELCAP dataset for lung nodules belonging to pre-LC cases at
years 1, 2 and 3 before diagnosis, as well as to the imaging false positives (FP) group.

Table 8.7: CapsNet-3D predictions in pre-lung cancer (Pre-LC) nodules at years 1, 2 and 3
previous to diagnosis, and in imaging false positive nodules (FP).

Group Pre-LC year 1 | Pre-LC year 2 | Pre-LC year 3 | FP
# Pred benign 4 2 3 0
# Pred indet. 0 3 1 1
7# Pred malig. 5 3 5 4

8.5 Discussion and conclusion

An evaluation of the generalizability of SOTA DL models in lung nodule risk assessment
resembling clinical practice with a three class ordinal approach was performed. The findings
indicate that high performance on internal test data may not consistently translate to the
external dataset. The best performance on the external dataset is achieved by the proposed
3D CapsNet. This architecture yields the highest specificity and the lowest number of
indeterminate predictions, with only one corresponding to a true malignant, as presented in
Table 8.6. This high performance, along with the lowest number of indeterminate predictions,
is also evident in the internal evaluation on LIDC-IDRI that excludes indeterminate cases,
reported in Table 8.5. In lung cancer screening, high specificity is essential to minimize patient
anxiety and avoid unnecessary procedures. While the 2D ViT also achieves high performance
in binary classification, it predicts a notably larger number of indeterminates compared to the
3D CapsNet. The remaining models exhibit very low specificity in external validation, limiting
their suitability for clinical translation. Both Transformers and CapsNets were designed to
address CNNs’ limitations in preserving spatial relationships [6], as discussed in Chapter 2.
Our results support the superior generalization of CapsNets, which explicitly model viewpoint
invariance within the network’s weights [6]. Although Transformers integrate both local and
global context, their performance is limited when trained on insufficient data, due to the
absence of inductive biases inherent to CNNs. This limitation is particularly evident in the 3D
ViT model, which is trained on fewer samples compared to its 2D counterpart.

The 2D CapsNet in previous work [3, 228] ignores the 3D nature of nodules, and does not
subsequently aggregate per-slice scores into a global prediction for the entire nodule.
Additionally, if there are middle slides where the nodule is not visible and not segmented, the
2D approach loses this spatial context, which is relevant for the analysis of the nodule. In
contrast with the 2D architecture [3, 228], the reconstruction module was not incorporated in
the 3D version, as external validation in 2D showed suboptimal reconstruction quality based
on the Dice similarity coefficient (DSC) [331, 332 (DSC: 0.66 in LIDC-IDRI, 0.55 in
P-ELCAP).

We further demonstrated the feasibility of aligning LIDC-IDRI radiological labels with a
clinical dataset, highlighting their utility despite the lack of pathological confirmation and
addressing previous limitations [303]. This alignment is essential for adapting publicly
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available datasets to smaller clinical cohorts, where expert annotations are costly and scarce.
Our work explores the problem of sequential overfitting [4], demonstrating the importance of
understanding clinical practice and differences in dataset’s distributions to effectively solve
unmet clinical needs. Future work could focus on validating the properties and interpretability
of the learned attributes in the external dataset, particularly with a radiologist. Further
investigation on the 3D CapsNet’s explainability and generalizability to additional datasets
constitutes another direction of interest.

Prospect of Application: The proposed framework holds significant potential for enhancing
IPN’s characterization in clinical settings, ultimately contributing to earlier lung cancer
diagnosis and providing clinically meaningful feedback to radiologists. Additionally, this study
emphasizes the often underestimated importance of addressing clinical needs and performing
validation in screening cohorts.

8.6 Future work

The beginning of this chapter introduced Sybil [301], a DL algorithm that analyzes single
volumetric LDCT scans to predict lung cancer occurring 1-6 years after the screening scan.
This algorithm was assessed on P-ELCAP cohort, raising major concerns about the clinical
applicability of the originally reported evaluation metrics and the generalizability of the
algorithm itself. These shortcomings motivated the development and validation of the medical
informed ordinal framework for lung nodule assessment described in the remainder of this
chapter. Additional external validation will be performed in the Liverpool Lung cancer
Project screening cohort.

Although Sybil [301] holds potential for enhancing early lung cancer diagnosis, it does not
sufficiently address clinical requirements. The approach is innovative but underestimates the
importance of considering standard nodule management practices in routine screening, which are
essential for clinical translation. To address these limitations in future work, a project proposal
was submitted to request access to the NLST dataset [299], used in Sybil’s development, and
access was later granted through the Cancer Data Access System. This collection contains
approximately 28 000 LDCT images corresponding to 3700 participants. Future work may
explore retraining Sybil with a methodology that explicitly accounts for key aspects relevant to
clinical practice.

As a long-term objective, DL image-based early diagnosis of lung cancer is envisioned as a
multi-scale approach that integrates local nodule assessment with global evaluation of the
entire LDCT scan. The combination of both levels of abstraction would enable the model to
capture both fine-grained discriminative features and high-level contextual information,
including the nodule’s location within the LDCT scan, lung parenchymal characteristics, and
comorbid respiratory conditions related to lung cancer, such as emphysema [333]. Ultimately,
this multi-scale strategy seeks to reflect the radiological diagnostic process, integrating global
scan-level assessment with detailed analysis of the nodules at a local scale. The clinical
foundations underpinning this goal are established by the ordinal lung nodule assessment
framework described in this chapter. Furthermore, the proposed medical informed approach
could be integrated into a DL pipeline that automatically segments nodules detected in LDCT
scans and provides malignancy assessments to assist radiologists in lung cancer diagnosis and
clinical decision-making. Numerous DL-based algorithms for pulmonary nodule detection and
segmentation have been proposed in the literature. For instance, Gao et al. [334] recently
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performed a comprehensive systematic review on this topic. Integrating the work in this
chapter in an end-to-end pipeline for lung nodule detection, segmentation and assessment
holds significant potential for future research.

Complementary to image-based DL assessment of LDCT images, the integration of molecular
biomarkers in a multimodal approach to enhance lung cancer screening is a promising direction
of research. This methodology is explored in the next chapter of this thesis, analyzing the
combination of plasma protein biomarkers with the image embedding extracted by the 3D
CapsNet model proposed in this chapter.
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Chapter 9

Multimodal early lung cancer
diagnosis integrating imaging and
proteomics

9.1 Introduction

Early detection of lung cancer is critical for improving patient outcomes, as survival rates
significantly decline once the disease progresses to advanced stages. Diagnosis of lung cancer
often occurs at a late stage, after symptoms become evident. Consequently, treatment options
are limited and survival rates are substantially lower. Low dose computed tomography (LDCT)
has been developed in the last decades as a successful tool for lung cancer screening in high-
risk individuals [79, 287, 288]. Several risk models have been proposed to support inclusion
criteria for lung cancer screening programs. High-risk individuals participating in lung cancer
screening undergo annual LDCT, which commonly reveals the presence of lung nodules, most
of which present the typical features of a benign nodule. Nodules that are more suspicious
of malignancy are monitored more closely for growth, typically through a follow-up LDCT
after three months, or they are biopsied to confirm malignancy, which usually leads to surgical
resection of the nodule. Moreover, a proportion of LDCT-detected nodules remain indeterminate
(neither clearly benign, nor malignant). There are models based on clinical and epidemiological
data, as will be explained subsequently, which provide some additional information to rule in or
rule out the indeterminate nodules from the malignant classification. However, advanced image
analysis, initially through hand-crafted radiomics and, more recently, through DL techniques,
has emerged as a powerful strategy for characterizing indeterminate nodules identified during
screening. Beyond imaging, other factors may further improve the risk assessment capabilities
of Al models, particularly through multimodal approaches. By integrating diverse data sources
(imaging, clinical data, circulating protein biomarkers) within a unified AT model, multimodal
AT [335] has the potential to advance clinical decision-making and improve diagnostic outcomes
in lung cancer screening. This chapter introduces a multimodal DL approach incorporating
image-based nodule assessment and protein biomarkers to enhance early lung cancer detection.

As aforementioned, LDCT has emerged as the standard screening method for high-risk
populations, including heavy smokers and individuals with a family history of lung cancer.
LDCT has been shown to reduce lung cancer mortality by enabling the detection of
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early-stage tumors [79], as discussed in Chapter 7. The current United States Preventive
Service Task Force (USPSTF) guidelines for LDCT screening recommend screening individuals
aged 50 to 80 years with a smoking history of more than 20 pack-years. However,
epidemiological studies have shown that over 40% of patients diagnosed with lung cancer fall
outside these criteria, based on age and smoking exposure. For instance, in Spain, more than
one-third of lung cancer patients do not meet the USPSTF eligibility requirements for
inclusion in LDCT screening programs [336]. These findings highlight an important unmet
clinical need: the refinement of risk assessment criteria to enable more personalized and
inclusive screening strategies.

Moreover, a second critical clinical challenge lies in managing pulmonary nodules of
indeterminate malignancy. In the context of screening, pulmonary nodules with indeterminate
(neither low nor high) malignancy risk are observed in approximately 20-40% of scans [291],
posing a significant challenge for clinical decision-making. Risk management of indeterminate
pulmonary nodules (IPNs) found during lung cancer screening relies on estimating the
probability of malignancy. Several risk assessment scores based on the probability of
malignancy upon the detection of a lung nodule have been developed. The Brock model is a
risk prediction tool that estimates the probability of malignancy in pulmonary nodules
through the calculation of a quantitative risk score which combines several variables such as
nodule size, location, and patient characteristics (e.g., smoking history, age, family history of
lung cancer) to provide a quantitative risk score [337]. The Lung Imaging Reporting and Data
System (Lung-RADS), developed by the American College of Radiology, assigns categories to
lung nodules based on their size and appearance, with each category associated with a
corresponding risk level that provides clinical management recommendations for patients (as
discussed in Chapter 8). The Mayo Lung Nodule Model integrates LDCT scan-based nodule
characteristics such as location, diameter, and spiculation, with clinical variables such as age
and smoking history, and, when available, Positron Emission Tomography (PET) imaging
[338]. However, these risk score models alone do not reach optimal levels of specificity and
sensitivity, particularly in cases where nodules exhibit atypical features.

Multimodal DL approaches that combine LDCT imaging with clinical data and blood-based
biomarkers represent a promising strategy for improving lung cancer diagnosis. Building on
this premise, Gao et al. [339] proposed a multimodal framework to estimate the malignancy
risk of IPNs integrating both imaging and clinical information. The clinical variables included
age, body mass index, smoking status, personal cancer history, pack-years of smoking, nodule
size, spiculation, and location, along with one blood-based circulating protein biomarker, hs-
CYFRA 21-1. The method employed an image-based module to detect and segment the top
five most suspicious nodules in LDCT scans. Features were then extracted from each nodule’s
bounding box and concatenated with clinical variables processed through fully connected layers.
This combined representation was used to generate a malignancy risk score for each patient.
The proposed approach outperformed existing risk prediction tools (Mayo and Brock models)
and an image-only baseline. Thus, the integration of additional biological information has the
potential to further improve early lung cancer diagnosis by capturing complementary aspects of
tumor behavior.

Protein biomarkers present in blood offer a minimally invasive and promising approach for
improving current practices in the early detection and diagnosis of lung cancer. Circulating
proteins can be used as a surrogate indicator of underlying pathological processes occurring
during lung cancer development and progression. Thus, the altered levels or the presence of
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specific tumor-associated proteins can serve as early warning signals, potentially even before
clinical symptoms manifest or LDCT imaging can detect lung cancer. The identification of
individuals at high risk or those with early-stage disease through blood tests could significantly
improve patient outcome by enabling timely intervention and personalized treatment strategies
[340]. In addition, the use of panels combining several protein biomarkers constitutes a robust
approach to enhance diagnostic accuracy, sensitivity and specificity [341|. This strategy offers
complementary information to refine current LDCT image-based screening procedures.

From a biological standpoint, the relevance of blood protein biomarkers lies in their direct
connection to the cancer development and the body response to it. As tumors grow, they
shed proteins, genetic content and exosomes into the bloodstream. Some of these blood-based
biomarkers include proteins involved in critical cellular processes that become dysregulated
in cancer [313]. Importantly, these circulating proteins often play an active role in tumor
development, metastasis and modulation of the microenvironment, including interactions with
the patient immune system; thereby offering areas for research of exploitable vulnerabilities
for the development of targeted therapies. Therefore, the detection and quantification of these
blood-based biomarkers constitutes a direct insight into the molecular landscape of lung cancer.
This information is critical not only for early diagnosis, but also for clinical management and the
development of personalized medicine strategies. Ultimately, integrating blood protein markers
with nodule features evaluated in LDCT scans and clinical information represents a promising
strategy to differentiate malignant from benign IPNs in early stages of lung cancer.

This chapter presents a proof-of-concept multimodal AT joint fusion model that integrates image-
based pulmonary nodule assessment with a selected panel of circulating protein biomarkers
relevant to lung cancer diagnosis.

9.2 Materials and methods

9.2.1 Dataset and experimental design

The multimodal approach was trained and evaluated on P-ELCAP dataset, described in Chapter
7. We considered LDCT images from controls with benign nodules (68 cases), as well as lung
cancer participants diagnosed in the same year as the LDCT acquisition (31 cases). This
procedure enabled the study of circulating protein markers relevant for imminent lung cancer
diagnoses within one year.

Data was divided into 3 fold cross-validation (CV) train and test splits, including a validation
subset representing 10% of training data, following the same data splits described in Section
7.4.2. Performance was evaluated using binary classification metrics: area under the curve
(AUC), accuracy, balanced accuracy, precision (i.e., positive predictive value, PPV), recall
(i.e., sensitivity), Fl-score, specificity and negative predictive value (NPV). The threshold was
calculated for a fixed sensitivity of 0.8, 0.9, and Younden’s index, in accordance with prior
work in the field [342].

9.2.2 Method

The multimodal DL model incorporated image embeddings extracted from the nodule’s patch
using the medical informed DL model described in Chapter 8. The protein embeddings were
derived from 33 biomarkers normalized using a min—max scaler fitted on the training subset.
This scaling approach was preferred over standard scaling (used in Chapter 7) to align the range
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of protein values with that of the image embeddings, ensuring a more balanced contribution
from both modalities during training. Among the 33 circulating protein markers, 29 belonged
to the set of 36 biomarkers previously identified as potentially informative for distinguishing
malignant from benign nodules, reported by Khodayari et al. [2]. This prior work is part
of the INTEGRAL consortium [312], comprising four lung cancer screening cohorts, including
P-ELCAP. Seven proteins (KPNA1, PLXDC1, RASA1, NOS3, CXCL17, LY9, ALDH3A1)
from the original list of 36 were excluded due to quality control (QC) issues in P-ELCAP’s
Olink assay, including QC errors and expression levels falling below the detection threshold.
Furthermore, four additional proteins (AP-N, PVRL-4, TCL1A, EGFR) were incorporated due
to their predictive importance, as identified by the protein models presented in Table 7.5.

The model was designed following a joint fusion approach, as depicted in Figure 9.1. The
image embeddings were extracted by the ordinal 3D CapsNet model described in Chapter 8.
Subsequently, the image embeddings were concatenated with the scaled protein markers and
processed through a series of fully connected (FC) layers. During training, only the FC layers
were updated, while the weights of the 3D CapsNet model were kept frozen.
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Figure 9.1: Multimodal architecture integrating image and protein embeddings for early lung
cancer diagnosis.

In the validation and test sets, for patients with more than one segmented nodule (a single
case in our cohort), each nodule’s image features were concatenated with the same protein
embedding, and the maximum predicted risk score across all nodules was selected as the final
prediction.

The model was trained using the binary cross-entropy loss, incorporating a weighting factor to
account for class imbalance. Specifically, the positive class (lung cancer) was weighted by the
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inverse class frequency ratio (negative-to-positive sample count) computed from the training
subset. In each fold, the model was trained for a maximum of 50 epochs, with early stopping
based on validation accuracy and a patience of 20 epochs. All models were coded in Pytorch
2.5.1 [268] and trained on NVIDIA A30 GPU (24 GB VRAM), with a batch size of 64, and
Adam optimizer [343].

An ablation study was conducted by training the model with the same configuration using only
the image embeddings or the protein features, in order to evaluate the individual contribution
of each modality to the final prediction.

9.2.3 Interpretability with SHAP values

SHAP (SHapley Additive exPlanations) is a model-agnostic interpretability framework that
assigns an importance value to each input feature based on its contribution to a given prediction
[266]. SHAP values, introduced as an additive feature attribution method from game theory,
allow for the local interpretation of model predictions by attributing the model’s prediction to
the individual input features.

In the proposed multimodal approach, which integrates both image-based embeddings and
protein expression markers, SHAP values provide insights into how each modality, and each
individual feature, contributes to the model’s decision-making process. By analyzing SHAP
values, the most influential image features and protein markers that drive predictions can be
identified. This is particularly important in the case of circulating protein markers, as their
clinical validation requires targeted assays such as ELISA (Enzyme-Linked ImmunoSorbent
Assay) [344, 345], which are commonly used in clinical diagnostics. In contrast, Olink
proteomics platform using proximity extension assay (PEA) is primarily employed for
biomarker discovery [317|, as it is a costly technique not routinely available in hospital
settings.  Prioritizing the most relevant markers can therefore streamline experimental
validation and support their potential translation into clinical practice.

9.2.4 Existing lung cancer risk prediction tools

The multimodal approach was compared with three widely used and well-known risk
prediction tools: Mayo Clinic model, Mayo Clinic model incorporating positron emission
tomography (Mayo-PET), and Brock University model. Mayo-PET model could not be
applied to all patients, as it is specifically used when a PET scan is available, and takes
precedence over the standard Mayo model in such cases; otherwise, the standard Mayo score is
considered. From a clinical perspective, when PET imaging is available, it is incorporated into
the risk score because it provides crucial information on whether the pulmonary nodule
exhibits increased metabolic activity, a hallmark of malignant tumors. Patient age, nodule
size, smoking history, extra-thoracic cancer diagnosis > 5-year prior to nodule presentation,
upper lobe location and nodule spiculation parameters were incorporated into the Mayo Clinic
model [338]. In the Brock University model, gender, age, nodule size, family history of cancer,
emphysema, number of nodules, nodule type (nonsolid or with ground-glass opacity,
part-solid, solid), nodule location (upper vs. middle or lower lobe) and nodule spiculation
parameters were considered [337].
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9.3 Results

Table 9.1 presents the performance of the multimodal model on P-ELCAP cohort, including
benign nodule participants and lung cancer cases diagnosed in the same year as the blood
collection. Sensitivity was calculated at different operating points (0.8, 0.9, and Youden’s index)

Table 9.1: Multimodal model performance on P-ELCAP cohort for predicting benign
participants and patients diagnosed with lung cancer in the same year as the plasma collection,
evaluated using 3-fold cross-validation test sets. YI: Youden’s index.

Metric Sensitivity at 0.8 Sensitivity at 0.9 Sensitivity at YI
AUC 0.86 + 0.05 0.86 + 0.05 0.86 + 0.05
Threshold 0.55 4+ 0.07 0.46 4+ 0.02 0.47 4+ 0.01
Accuracy 0.85 + 0.05 0.80 +0.03 0.82 + 0.06
Balanced Accuracy 0.84 £0.03 0.84 £ 0.03 0.84 £0.04
Precision/PPV 0.75+0.09 0.62 + 0.04 0.67+0.13
Recall /Sensitivity 0.81 +0.02 0.94 + 0.05 0.91 +0.09
F1l-score 0.77 +0.05 0.75+0.03 0.76 + 0.05
Specificity 0.87 +0.07 0.74 +0.04 0.78 +£0.12
NPV 0.91 +0.01 0.96 + 0.03 0.95 +0.04

by determining the corresponding thresholds on the receiver operating characteristic (ROC)
curve and applying them to the get the binary prediction scores. These thresholds were selected
to reflect distinct clinical trade-offs relevant in a screening context, where prioritizing high
sensitivity is essential to reduce the likelihood of missed cancer cases, while Youden’s index
(Equation 8.2) offers an optimal balance between sensitivity and specificity. The use of different
random seeds had no statistically significant impact on model performance.

Figure 9.2 depicts normalized SHAP values averaged over the three folds evaluated in test
subsets.

Table 9.2 shows the number of predicted lung cancer and benign nodules by the multimodal
model in the false positives group of P-ELCAP cohort.

Table 9.2: Multimodal model predictions in the false positive group of P-ELCAP cohort at
Youden’s index threshold.

Fold +# Lung cancer # Benign nodules

1 4 1
2 4 1
3 4 1

9.3.1 Ablation study

An ablation study was performed to assess the impact of each modality on the final result
separately. Receiver Operating Characteristic (ROC) curves for each fold and model are shown
in Figure 9.3. Figure 9.4 shows the average performance metrics for each model across the three
folds evaluated at YI.
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Figure 9.2: Normalized SHAP values averaged across the three folds in the multimodal approach
integrating protein markers and image embeddings in the P-ELCAP cohort (mean and standard
deviation).

Figure 9.5 depicts normalized SHAP values averaged over the three folds evaluated in test
subsets for the image and protein models.

9.3.2 Comparison with existing risk prediction tools

ROC curves for each fold comparing existing risk prediction tools (Mayo, Mayo-PET and Brock)
and the multimodal model are shown in Figure 9.6. Figure 9.7 presents the average performance
metrics for the multimodal and the aforementioned risk prediction models across the three folds
evaluated at YL

9.4 Discussion and conclusion

This chapter presents a first proof-of-concept of a joint fusion approach integrating
image-based feature embeddings with circulating protein markers to enhance early lung cancer
diagnosis within a screening cohort.  The proposed fully connected (FC) architecture
constitutes a simple and effective strategy to combine both modalities, achieving high
performance at different sensitivity thresholds. The manual selection of relevant protein
markers was based on findings from a previous study [2] and prior analyses conducted on
P-ELCAP dataset (Chapter 7). This step aimed to mitigate overfitting risks associated with
the small sample size and the high dimensionality of the full Olink protein panel. Biologically
informed neural networks (BINNs) [157| could be employed to incorporate pathway-level
information directly into the model architecture, enabling the extraction of biologically
meaningful embeddings from the full set of protein expression levels prior to integration.
However, preliminary analysis on protein markers presented in Section 7.4.2 showed that
BINNs achieved lower predictive performance compared to simpler models such as LASSO. In
their original work, Ma et al. [157] highlighted that BINNs’ performance is dependent on the
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Figure 9.3: ROC curves for each cross-validation fold on the test subset of each model in the
ablation study (multimodal, image embedding, protein markers) in the P-ELCAP cohort.
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Figure 9.4: Performance on test for the multimodal, image and protein models trained on P-
ELCAP for 3 fold cross-validation (mean and standard deviation) optimizing the threshold at
Younden’s index.

quality of the prior knowledge graph derived from the Reactome database, the specific
characteristics of the dataset, and the degree of alignment between both. In small-scale
clinical datasets such as the one used in this project, regularized linear models like LASSO
may offer more robust performance than more complex neural network architectures.

The most significant contribution to the multimodal model comes from the image embeddings
extracted by the ordinal CapsNet architecture. This result is consistent with the strong
generalization performance exhibited by CapsNets on the P-ELCAP dataset, presented in
Chapter 8. The protein model still achieves compatible performance with the multimodal and
image-based models; however, it presents systematically higher variance and lower metrics at
YT threshold, as depicted in Figure 9.4.

A key novelty of this research lies in exploring the complementary and overlapping nature of
the two modalities. While image embeddings from lung nodules may be sufficient to indicate



111

0.1501
(0] 4
@ 0125
]
S
o 0.1004
<
T
¥ 0.075-
T
Q
N
T 0.050
£
1
o
o ' ii.-iiﬁii ﬁﬁ
EIPIpNE gEY
D AP R R EIY N AITANANRNN D O5N & VO S YO
FIE @&‘4%% FEETSTESESETVESETSESFEELLES
CEES IS s $ o) FESITEIFIIR
<K & ~ G
Q
Ks
Features
(a) Protein model.
0.0301
2
S 0.025-
]
>
o
< 0.020
T
()]
H
£ o015
©
£
5 0.0104
2
0.005 1
0.000
FPPIR LY RORETTR SEER D INRPIVDIRLP DAYV U O F QT ERE I @y @'y
o,/o,/o)/e,/q/@o’Q]/Q]/Q/Q/Q/q/q/o)/o,/q/@o’o]/ol/ 7o/ ON' ON O~/

Features

(b) Image model.

Figure 9.5: Normalized SHAP values averaged across the three folds in the ablation study in
the P-ELCAP cohort (mean and standard deviation).

potential lung cancer, this model is refined with circulating protein markers that may be
closely related to the patient’s overall physiological or pathological state in response to lung
cancer.  Future research could investigate integrating clinical information with image
embeddings and protein markers to further enhance the multimodal approach. Furthermore,
an additional interesting finding emerged from the ablation study. When using only protein
biomarkers, the model achieved an AUC of 0.73 (average across the 3 folds) with a NPV close
to 1. This is clinically relevant because, in the context of lung cancer screening, LDCT
imaging may not be accessible, individuals may decline the procedure, or they may not meet
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Figure 9.6: ROC curves for each cross-validation fold on the test subset comparing the
multimodal model with existing lung cancer risk prediction tools (Mayo, Mayo-PET and Brock
models) in the P-ELCAP cohort.
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Figure 9.7: Performance on test for the multimodal, Mayo, Mayo-PET and Brock models on
P-ELCAP for 3 fold cross-validation (mean and standard deviation) optimizing the threshold
at Younden’s index.

the established eligibility criteria for screening. In such cases, a simple blood extraction
followed by protein quantification could be sufficient for assessing lung cancer risk.

The multimodal model exhibits comparable performance to the Mayo and Brock risk models.
In particular, Brock model outperforms the multimodal approach, exhibiting lower variance.
Both Mayo and Brock models, currently considered the gold standard for assessing the risk of
IPNs, rely on the manual input of nodule characteristics together with clinical and
demographic data. This process is inherently subjective and often requires interpretation by a
multidisciplinary team, making it resource intensive. In contrast, the proposed multimodal
model leverages the automated extraction of imaging features from the nodule’s bounding box
alongside circulating protein markers measured in plasma. This approach does not yet
incorporate clinical information, although such integration is planned in future work to
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enhance predictive performance. The majority of variables employed by the Brock and Mayo
tools are independent of the multimodal model. Thus, including clinical variables from Brock
model in the multimodal framework will very likely improve risk stratification, and increase
the model’s interpretability by evaluating the shared and modality-specific contributions of
imaging features, plasma proteomics, and clinical factors in lung cancer assessment.

Additionally, future work could explore alternative fusion strategies such as early and late
fusion. Regarding early fusion methods, in which modalities are combined prior to feature
encoding [335], a promising direction for future work involves using transformer-based
architectures to model the interactions between modalities with more flexibility, integrating
cross-modal relationships and intra-modality attention. In cancer prognosis, previous research
has explored the integration of whole-slide imaging (WSI) and bulk transcriptomics through
multimodal transformers [38]. These architectures could be adapted to LDCT images,
circulating protein markers and clinical data. The main limitation of this approach is that
transformers typically need to be trained on large enough datasets to generalize and avoid
overfitting, whereas the joint fusion FC architecture employed in this study is better suited to
the limited sample size available. Moreover, foundation models for WSI are more established
in the literature than those based on CT images.

Late fusion methods combine the predicted scores for each individual modality (image,
proteomics and clinical data) by applying a (weighted) average over the predictions for each
modality or by training a separate model on top of the unimodal outputs (e.g., logistic
regression, gradient techniques, random forest, Cox models) [335]. This modular strategy
allows for robust integration of heterogeneous data sources and can enhance predictive
performance while retaining interpretability for each individual modality. In late fusion,
modalities are processed independently during training, enabling the integration of unpaired
data and facilitating the handling of missing modalities. However, the absence of inter-modal
interaction may constrain the expressiveness of the model [335].

Overall, investigating different fusion techniques to enhance early lung cancer diagnosis may
offer complementary approaches that support a more comprehensive understanding of both
individual and shared information across modalities.

9.5 Validation in future work

The multimodal AI algorithm will be externally evaluated in the Liverpool Lung cancer
Project (LLP) screening cohort. This cohort will be validated under blinded conditions. LLP
consists of 137 lung cancer screening cases, including LDCT image data and the corresponding
segmentation of the nodule, that was performed by our collaborators in CUN. Circulating
proteomics data was collected under the same conditions as P-ELCAP, as part of INTEGRAL
consortium.

Future work could also explore mapping the most relevant image features to the corresponding
nodule attributes extracted by the CapsNet model, to further interpret which characteristics
are more strongly associated with lung nodule malignancy.
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Conclusions

Artificial intelligence is significantly shaping the future of healthcare and medical diagnosis.
Beyond automating processes, Al systems are driving innovation in clinical practice through the
integration of heterogeneous data modalities to reveal hidden patterns in highly dimensional
spaces, that enable the discovery of novel biomarkers, and contribute to more personalized
clinical diagnoses and treatments. The present thesis focused on enhancing the robustness of
DL methods for computed tomography-based diagnostic systems through the incorporation of
prior knowledge and explainable Al techniques. Building on this objective, the research in this
thesis explores existing limitations from both methodological and applied perspectives.

In the first part of the thesis, special emphasis was placed on informed ML to enhance the
learning of AI systems in medical imaging, particularly with physics informed constraints.
Furthermore, best practices were proposed to improve the standardization of clinical workflows
in medical imaging, and to promote FAIR reporting of preprocessing pipelines, which prepare
medical data for input into ML algorithms. In the second part of the thesis, two applications
were investigated: intracranial hemorrhage prognosis and lung cancer early diagnosis. In the
former, clinical knowledge embedded in CT images was leveraged through a multitask learning
approach, achieving superior performance and higher interpretability. The latter focused on
developing a medical informed DL ordinal approach for lung nodule risk malignancy
assessment, evaluating the generalization to the P-ELCAP screening cohort. Additionally, this
research explored integrating plasma protein biomarkers with image-based DL representations
of screening-detected lung nodules to develop an individualized risk prediction model aimed at
improving current screening practices. Ultimately, this work involved the design and curation
of the P-ELCAP dataset, a novel lung cancer screening cohort including low-dose CT imaging,
proteomics, clinical and demographic data, which is planned to be made publicly available to
support the development and validation of personalized diagnostic tools in early lung cancer
research.

This thesis has been done in an interdisciplinary environment in close collaboration with
clinicians, radiologists and biologists, who have provided very valuable feedback to understand
the clinical needs and the practical challenges in real-world medical applications. Overall, this
thesis shows that developing Al systems in healthcare requires a comprehensive understanding
of the clinical scenario and the standard protocols in medical practice. This knowledge is
essential to produce clinically relevant algorithms that can subsequently be translated into
real-world settings.
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Summary of contributions

This thesis addresses challenges and opportunities in medical diagnostic systems with deep
learning techniques, focusing on CT imaging. Particularly, it provides novel insights into
developing more robust and explainable DL methods for CT-based lung cancer early diagnosis
and intracranial hemorrhage prognosis. The contributions can be summarized as follows:

1. The role of prior knowledge and physics in machine learning. Chapter 3
emphasizes the relevance of prior knowledge to enhance the learning process of Al
algorithms in medical imaging, focusing on physics informed ML. Domain knowledge in
the form of physics, biology, or medical expertise can improve diagnostic accuracy and
contribute to more personalized and reliable clinical decision-making. This chapter is
intended to serve as a reference point for both newcomers to the field and experienced
practitioners seeking to deepen their understanding of the underlying physical principles
that inform image-based Al applications.  Ultimately, domain expertise provides
complementary information to purely data-driven methods, and is especially useful in
medical applications, where data and annotations are limited.

2. Best practices for standardization of medical imaging workflows. Chapter 4
examines current limitations to the safe adoption of radiomics and Al algorithms,
emphasizing the critical need for standardized protocols and workflows in medical
imaging. Guidelines are presented to standardize clinical workflows in medical imaging,
with references to the different levels at which homogenization is required and the
hospital personnel involved in each phase. Overall, the clinical translation of Al systems
in medical imaging relies on building trustworthy algorithms that capture the complexity
of real world data.

3. Best practices for preprocessing clinical informatics data. In chapter 5, best
practices to support standardized and reusable preprocessing pipelines are presented to
foster the advancement of scientific research, promoting reproducibility, accessibility and
validity of ML results. The current underreporting of preprocessing workflows is
identified as a key challenge to the development of trustworthy Al systems in healthcare,
as systematic documentation in accordance with FAIR principles is essential for
detecting and preventing common reproducibility issues that threaten ML research, such
as data leakage.

4. Application of a multitask learning approach to enhance image-based
intracranial hemorrhage prognosis. Chapter 6 introduces a multi-task DL
image-based approach for ICH prognosis, integrating the primary prognostic task with
complementary predictions of Glasgow Coma Scale (GCS) and age. These variables
guide decision-making in tabular models based on clinical records and demographic
information relevant to ICH prognosis. Overall, the proposed multi-task methodology
leverages clinical information embedded in GCS and age outputs to regularize the loss
and learn more robust feature representations than state-of-the-art approaches.

5. Design and curation of a screening cohort for personalized lung cancer
diagnosis. Chapter 7 describes the design and curation of the P-ELCAP cohort, in
addition to technical validation experiments that demonstrate the quality and potential
of the dataset. To the best of our knowledge, this is the first pulmonary nodule dataset
to incorporate annotated LDCT images together with molecular protein biomarkers,
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clinical and demographic variables. This dataset constitutes a valuable resource for
advancing multimodal approaches to early lung cancer diagnosis. P-ELCAP holds
significant value for external validation in other lung cancer screening cohorts, and
represents an important step towards transforming the field of personalized medicine
through Al-driven multimodal models in the context of LDCT-based lung cancer
screening. Notably, P-ELCAP will be publicly released in Zenodo for the research
community to support the development and validation of novel multimodal strategies in
early lung cancer screening.

6. Development and validation of a medical informed deep learning ordinal
approach for lung nodule malignancy assessment. Chapter 8 focuses on clinical
relevance to introduce a medical informed ordinal framework for lung nodule malignancy
assessment. The generalizability of state-of-the-art 2D and 3D DL architectures is
explored to enhance indeterminate pulmonary nodule’s characterization in LDCT scans.
This chapter emphasizes that addressing real-world challenges in medical diagnosis
requires both a solid understanding of clinical workflows and context-specific adaptation
of existing publicly available datasets to the particular task. Ultimately, this framework
contributes to earlier diagnosis of lung cancer, providing clinically meaningful feedback
to radiologists, and highlights the critical role of external validation in the clinical
translation of Al systems.

7. Application of a multimodal approach to enhance early lung cancer
diagnosis. Chapter 9 presents a multimodal joint fusion model integrating LDCT
image-based feature embeddings extracted from lung nodules with circulating protein
markers in prediagnostic plasma samples. This approach leverages the complementary
information in the two modalities to enhance early lung cancer diagnosis in the
P-ELCAP cohort. The multimodal model exhibits high performance across various
sensitivity thresholds, outperforming individual unimodal approaches, and underscoring
its potential to refine current lung cancer screening practices through clinical validation
of the most informative protein markers.

Future directions

Future validation and deeper exploration of robust and explainable DL systems for CT-based
diagnosis are essential to support clinical translation. Expert knowledge will continue to play a
key role in ensuring robustness, clinical relevance, and alignment with clinical practices. Future
advances will facilitate real-world deployment and support more personalized diagnostic tools,
ultimately contributing to the progress of precision medicine. Building upon the work presented
in this thesis, several promising directions for future research can be identified:

1. Extension of the multitask approach for intracranial hemorrhage prognosis to
new datasets. Future work on ICH prognosis will evaluate the generalizability of the
multi-task model using two independent datasets from the reference hospitals in Oviedo
and Leon (Spain). This approach will incorporate uncertainty quantification techniques
to assess the reliability and robustness of the model’s predictions in external data.

2. Multi-scale approach to LDCT-based lung cancer diagnosis. The proposed
medical informed DL ordinal approach for lung nodule assessment will be externally
validated on another LDCT screening cohort, the Liverpool Lung cancer Project.
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Besides, future work could validate the properties and interpretability of the learned
nodule attributes in external datasets, assessing the findings with a radiologist. Further
investigation on the 3D CapsNet’s explainability and generalizability to new datasets
constitutes another direction of interest.

The next generation of DL algorithms for early lung cancer diagnosis using LDCT
imaging is foreseen as a multi-scale approach, which integrates local nodule assessment
with global evaluation of the entire LDCT scan. In the future, the proposed medical
informed approach could be incorporated into an end-to-end DL pipeline for lung nodule
detection, segmentation and malignancy risk analysis.

3. Personalized multimodal approaches for early lung cancer diagnosis. Future
work will incorporate clinical variables, evaluate new architectures and validate the results
in the Liverpool lung cancer cohort. Next steps could involve mapping the most relevant
image features to the corresponding nodule attributes extracted by the CapsNet model,
to further interpret which characteristics are more strongly associated with lung nodule
malignancy, and the complementary information between them and the protein markers.
Moreover, future research could investigate different fusion techniques as complementary
approaches that support a more comprehensive understanding of both individual and
shared information across modalities to enhance lung cancer early diagnosis.

Final remarks

The future of Al in medical imaging relies on high quality external validation, interdisciplinary
collaborative environments and effective prior knowledge integration to build trustworthy Al
systems. Al in healthcare is envisioned as a collaborative effort among clinicians, physicists,
biologists, and Al developers, where Al algorithms support the workflow of medical
professionals. This interdisciplinary synergy will enable Al to move from a tool of analysis to a
true collaborative partner in clinical decision-making. Ultimately, the adoption of these
technologies will promote the advancement of personalized medicine through more targeted
and informed clinical decision-making.



Conclusiones

La inteligencia artificial (IA) estd transformando profundamente el futuro de la atencion
sanitaria y el diagnostico médico. Més alla de automatizar procesos, los sistemas de IA estan
impulsando la innovacién en la préactica clinica a través de la integracién de modalidades de
datos heterogéneas con el fin de encontrar patrones ocultos en espacios de alta
dimensionalidad, que permiten el descubrimiento de nuevos biomarcadores, y contribuyen a
diagnoésticos y tratamientos clinicos més personalizados. La presente tesis se centra en la
mejora de la robustez de los métodos de aprendizaje profundo (DL) para sistemas de
diagnostico basados en tomografia computarizada (TC), mediante la incorporacion de
conocimientos previos y técnicas de IA explicable. Partiendo de este objetivo, la investigacion
de esta tesis examina las limitaciones existentes desde perspectivas tanto metodolégicas como
aplicadas.

En la primera parte de la tesis, se hizo especial hincapié en el aprendizaje automético (ML)
informado para mejorar el aprendizaje de los sistemas de IA en imagen médica, en particular
aplicando restricciones fundamentadas en la fisica de las imagenes. Ademés, se propusieron
buenas practicas para mejorar la estandarizaciéon de los flujos de trabajo clinicos en imagen
médica, asi como para promover la documentaciéon siguiendo los principios FAIR de las
metodologias de preprocesado, que preparan los datos médicos para ser usados por algoritmos
de ML. En la segunda parte de la tesis, se investigaron dos aplicaciones: el pronéstico de
hemorragia intracraneal y el diagnoéstico precoz del cancer de pulmén. En la primera, se
aprovech6 el conocimiento clinico integrado en las imagenes de TC con un método de
aprendizaje multitarea, logrando un rendimiento superior y una mayor interpretabilidad. La
segunda se centro en desarrollar un modelo ordinal de DL informado desde el punto de vista
médico para la evaluaciéon del riesgo de malignidad de nédulos pulmonares, evaluando su
capacidad de generalizacion a la cohorte de cribado P-ELCAP. Asimismo, esta investigacion
explor6 la integracién de biomarcadores proteicos plasmaéticos con representaciones de DL
obtenidas a partir de la imagen de nédulos pulmonares detectados en cribado, con el objetivo
de desarrollar un modelo de predicciéon de riesgo individualizado destinado a mejorar las
practicas de diagnoéstico precoz actuales. Finalmente, este trabajo implicé el diseno y la
curacion del conjunto de datos P-ELCAP, una nueva cohorte de cribado de cancer de pulmén
que incluye imagenes de TC de baja dosis, proteémica, datos clinicos y demograficos, que se
publicard en abierto para apoyar el desarrollo y la validacién de nuevas herramientas de
diagnostico personalizadas en la investigacion en cancer de pulmon.

Esta tesis se ha realizado en un entorno interdisciplinar en estrecha colaboracién con
profesionales médicos, radidlogos y bidlogos, que han aportado informacién muy valiosa para
comprender las necesidades clinicas y los retos practicos de las aplicaciones médicas en el
mundo real. En conjunto, esta tesis pone de manifiesto que el desarrollo de sistemas de IA en
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medicina requiere una comprensiéon exhaustiva del escenario clinico y de los protocolos
sanitarios. Este conocimiento es esencial para desarrollar algoritmos relevantes desde el punto
de vista clinico que puedan ser trasladados posteriormente al mundo real.

Resumen de contribuciones

Esta tesis aborda retos y oportunidades en el diagnéstico médico con técnicas de aprendizaje
profundo, enfocédndose en sistemas basados en TC. En particular, aporta nuevas perspectivas
para desarrollar métodos de DL més robustos y explicables en TC para el diagnostico precoz
del cancer de pulmén y el pronéstico de hemorragias intracraneales. Las contribuciones pueden
resumirse como sigue:

1. El papel del conocimiento previo y la fisica en el aprendizaje automaéatico.
El capitulo 3 hace hincapié en la relevancia del conocimiento a priori para mejorar el
proceso de aprendizaje de los algoritmos de IA en imagen médica, centrandose en el
ML informado por la fisica. El conocimiento de la fisica, la biologia o la experiencia
meédica puede mejorar la precisién del diagnéstico y contribuir a la adopcién de decisiones
clinicas mas personalizadas y fiables. Este capitulo sirve como punto de referencia tanto
para los recién llegados a este campo como para los profesionales con experiencia que
buscan profundizar en su comprensiéon de los principios fisicos subyacentes que informan
las aplicaciones de IA basadas en imagenes médicas. En definitiva, el conocimiento experto
proporciona informacién complementaria a los métodos puramente basados en los datos,
y es especialmente 1til en aplicaciones médicas, donde los datos y las anotaciones son
limitados.

2. Buenas practicas para la estandarizacion de los procesos y flujos de trabajo en
imagen médica. El capitulo 4 examina las limitaciones actuales para la adopcién segura
de la radiomica y los algoritmos de IA, destacando la necesidad critica de protocolos y
flujos de trabajo estandarizados en imagen médica. Se presentan pautas para estandarizar
los procesos clinicos en imagen médica, con referencias a los diferentes niveles en los que
se requiere homogeneizaciéon y al personal sanitario implicado en cada fase. En general,
la traslacion clinica de los sistemas de IA en imagen médica radica en el desarrollo de
algoritmos fiables que capturen la complejidad de los datos del mundo real.

3. Buenas practicas para el preprocesado de datos informaticos clinicos. En el
capitulo 5, se presentan buenas practicas para fomentar técnicas de preprocesado
estandarizadas y reutilizables que impulsen el avance de la investigacion cientifica,
promoviendo la reproducibilidad, accesibilidad y validez de los resultados del ML. La
actual documentacion incompleta de los métodos de preprocesado se identifica como un
desafio clave para el desarrollo de sistemas de IA fiables en la asistencia sanitaria. Una
documentacion sistemética conforme a los principios FAIR es esencial para detectar y
prevenir problemas comunes de reproducibilidad que amenazan la investigacién en ML,
tales como la filtraciéon de datos.

4. Aplicacibn de un modelo de aprendizaje multitarea para mejorar el
pronoéstico de hemorragia intracraneal basado en imagen. El capitulo 6 presenta
un modelo de aprendizaje profundo multitarea basado en imagen TC para el pronostico
de hemorragia intracraneal (HIC), integrando la tarea principal de pronostico con las
predicciones complementarias de la Escala de Coma de Glasgow (GCS) y la edad. Estas



121

variables gufan la toma de decisiones en los modelos tabulares basados en registros
clinicos e informacion demografica relevantes para el pronoéstico de HIC. En resumen, la
metodologia multitarea propuesta aprovecha la informacion clinica integrada en las
predicciones de la GCS y la edad para regularizar la funciéon de pérdida y aprender
representaciones en el espacio de caracteristicas més robustas que las de los modelos
existentes.

. Diseno y curacién de una cohorte de cribado para diagnéstico personalizado
del cancer de pulmén. El capitulo 7 describe el diseno y la curaciéon de la cohorte
P-ELCAP, asi como los experimentos de validacion técnica que demuestran la calidad y el
potencial de este conjunto de datos. Hasta donde nuestro conocimiento alcanza, se trata
del primer conjunto de datos con nédulos pulmonares que incorpora imégenes de TC de
baja dosis (LDCT) anotadas junto con biomarcadores moleculares de proteinas, variables
clinicas y demograficas. Este conjunto de datos es muy valioso para avanzar en técnicas
multimodales de diagnostico precoz del cancer de pulmon. P-ELCAP es de gran utilidad
para llevar a cabo validaciones externas de metodologias desarrolladas en otras cohortes
de cribado de cancer de pulmoén. Asimismo, constituye un paso importante para impulsar
el campo de la medicina personalizada con modelos multimodales de IA en el contexto
de cribado de céncer de pulmén con LDCT. Cabe destacar que P-ELCAP se publicaré
en Zenodo para toda la comunidad investigadora con el fin de promover el desarrollo y la
validaciéon de nuevas estrategias multimodales en el diagnoéstico temprano del céncer de
pulmoén.

. Desarrollo y validaciéon de un modelo ordinal de DL informado desde el punto
de vista médico para evaluar la malignidad de nédulos pulmonares. El capitulo
8 se centra en la relevancia clinica para introducir un método ordinal de DL informado
desde el punto de vista médico para la evaluacién de la malignidad de n6édulos pulmonares.
Se examina la generalizabilidad de arquitecturas de DL 2D y 3D avanzadas para mejorar
la caracterizacion de nédulos pulmonares indeterminados en LDCT. Este capitulo pone
de manifiesto que abordar los retos del mundo real en el diagnéstico médico requiere una
solida comprension de los protocolos clinicos, y una adaptacion especifica del contexto
de los conjuntos de datos en abierto disponibles a la tarea en particular. En tltima
instancia, este método contribuye a un diagnoéstico mas temprano del cancer de pulmén,
proporcionando resultados ttiles desde el punto de vista clinico a los radiélogos, y resalta

el papel fundamental de la validacién externa en la traslaciéon clinica de los sistemas de
IA.

. Aplicacién de un modelo multimodal para la mejora del diagnéstico precoz
del cancer de pulmén. El capitulo 9 presenta un modelo de fusién multimodal que
integra caracteristicas extraidas por DL de la imagen LDCT de nédulos pulmonares con
marcadores proteicos circulantes en muestras de plasma prediagnoéstico. Este método
aprovecha la informacién complementaria de ambas modalidades para mejorar el
diagnoéstico precoz del cancer de pulmoén en la cohorte P-ELCAP. El modelo multimodal
presenta un alto rendimiento en distintos umbrales de sensibilidad, superando los
modelos unimodales individuales, y evidenciando su potencial para refinar las practicas
actuales de cribado de cancer de pulmén a través de la validacidén clinica de los
marcadores proteicos mas informativos.
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Perspectivas futuras

La validacion y la investigaciéon en técnicas de DL explicables y robustas para sistemas de
diagnostico basados en tomografia computarizada son esenciales para lograr la traslacion clinica
en el futuro. El conocimiento experto seguird desempenando un papel clave para garantizar
la robustez, la relevancia clinica y el alineamiento con las practicas sanitarias. Los avances
futuros facilitaran el despliegue en entornos reales, y contribuiran a la creacién de herramientas
de diagnoéstico més personalizadas, impulsando en tltima instancia el avance de la medicina de
precision. A partir del trabajo presentado en esta tesis, se identifican varias lineas prometedoras
para investigaciones futuras:

1. Extension del modelo de aprendizaje multitarea para el pronéstico de
hemorragia intracraneal a nuevos conjuntos de datos. El trabajo futuro en el
pronostico de hemorragia intracraneal evaluara la generalizaciéon del modelo multitarea
utilizando dos conjuntos de datos independientes de los hospitales de referencia en
Oviedo y Leoén (Espana). Este enfoque incorporara técnicas de cuantificacion de la
incertidumbre para evaluar la fiabilidad y la robustez de las predicciones del modelo en
datos externos.

2. Sistema multiescala para el diagnéstico del cancer de pulmén con tomografia
computarizada de baja dosis. El modelo ordinal de DL informado desde el punto de
vista médico propuesto para la evaluaciébn de noédulos pulmonares se validara
externamente en otra cohorte de cribado de LDCT, el Proyecto de cancer de pulmén de
Liverpool. Ademas, en el futuro se podrian validar las propiedades y la interpretabilidad
de los atributos de los nédulos aprendidos por el modelo en conjuntos de datos externos,
evaluando los resultados con un radidlogo. Otra linea de interés es la investigaciéon en
explicabilidad y generalizabilidad del modelo 3D CapsNet a nuevos conjuntos de datos.
Se prevé que la proxima generacion de algoritmos de DL para el diagnoéstico precoz del
cancer de pulmoén a través de LDCT consistird en sistemas multiescala, que integren la
evaluacion a nivel local de los ndédulos con el andlisis global de toda la imagen LDCT. En
el futuro, el modelo informado propuesto podria incorporarse en un sistema de DL
integral para la deteccién, la segmentacion y el analisis del riesgo de malignidad de los
noédulos pulmonares.

3. Modelos multimodales personalizados para el diagnéstico precoz del cancer

de pulmoén. El trabajo futuro incorporarda variables clinicas, evaluard nuevas
arquitecturas y validara los resultados en la cohorte de cribado de cancer de pulmén de
Liverpool. Los proximos pasos podrian consistir en asignar las caracteristicas més
relevantes de la imagen a los atributos correspondientes del nédulo extraidos por el
modelo CapsNet, para interpretar qué caracteristicas estdn més asociadas con la
malignidad de los noédulos pulmonares, asi como la informacién complementaria entre
estas y los marcadores proteicos.
Ademaés, futuras investigaciones podrian estudiar distintas técnicas de fusiéon como
métodos complementarios que permitan una comprension més completa de la
informacién individual y compartida entre las diferentes modalidades, con el fin de
mejorar el diagnostico precoz del céncer de pulmon.
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Comentarios finales

El futuro de la TA en imagen médica depende de una validacion externa de alta calidad, entornos
colaborativos interdisciplinarios, y una integracion eficaz de los conocimientos previos existentes
para disenar sistemas de IA fiables. La IA en la atencion sanitaria se concibe como un esfuerzo
colaborativo entre profesionales médicos, fisicos, bidlogos y desarrolladores de IA, donde los
algoritmos apoyan el flujo de trabajo de los profesionales sanitarios. Esta sinergia interdisciplinar
permitird que la IA pase de ser una herramienta de analisis a un verdadero aliado en la toma
de decisiones. En dltima instancia, la adopcién de estas tecnologias promoveré el avance de la
medicina personalizada a través de decisiones clinicas mas precisas e informadas.
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