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Summary

Accurate and timely detection of cancerous lesions in medical imaging is essential
for effective treatment. However, the diagnosis remains challenging due to, among
others, tumor heterogeneity, imaging constraints, and observer variability. Deep
learning architectures, such as convolutional and transformer-based networks, have
been showing promise in improving cancer image analysis by learning complex patterns
within features from raw imaging data, allowing for earlier, more precise detection
and consistent, data-driven decision-making. Despite its potential, clinical adoption of
deep learning is restricted by the need for large, annotated training datasets, which
are scarce due to privacy and labeling cost constraints, as well as due to its variability
in performance when applied in settings of domain shift, imaging artifacts, variation in

imaging protocols, and patient populations.

This thesis identifies and addresses the challenges in deep learning for cancer imaging
through five core publications that propose novel frameworks, methods, and solutions.
First, a large-scale survey of generative models in cancer imaging is conducted leading
to the identification of key challenges and problems in the field alongside ideation of
potential solutions. Based on these findings, the SynTRUST meta-analysis framework
is derived to assess the trustworthiness and maturity level of cancer image synthesis
studies and solutions. Second, conditional generative adversarial networks (GANs)
are applied to the challenges of scarcity of cancer images and tumor annotations,
by simulating dynamic contrast-enhanced breast magnetic resonance imaging (DCE-
MRI) sequences. Without relying on physical contrast agents or DCE-MRI data
from real patients, this approach enables unsupervised tumor detection, localization,
and characterization, along with providing synthetic training data for increasing the
robustness of downstream task models such as tumor segmentation models. Third, a
multi-conditional latent diffusion models is developed to translate non-contrast enhanced

MRI images into variable time-dependent synthetic DCE-MRI images localizing tumors
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and predicting their contrast enhancement kinetic patterns. Addressing the need for
respective quantitative evaluation metrics, the Fréchet Radiomics Distance (FRD) is
proposed to measure (synthetic) image quality based on biomarker variability. Fourth,
a mass malignancy-conditioned generative adversarial network (MCGAN) is proposed
to generated synthetic data as privacy-preservation mechanism for training deep
learning models without individual patient data. Via comparison and combination
with differential privacy, the synthetic mammography data is shown to improve the
performance in multiple privacy-preserving cancer classification scenarios. Fifth, the
medigan library is introduced as sharing platform for pretrained generative models
that enable researchers to generate high-quality synthetic data across diverse imaging
modalities without requiring direct access to sensitive patient data. Additionally,
medigan’s generative models are comprehensive analyzed based on the Fréchet Inception
Distance (FID) using both radiology domain-specific and standard domain-invariant
feature extractors.

In conclusion, this thesis highlights the potential of generative deep learning to
address the key challenges in cancer imaging, presenting novel methods in contrast
enhancement simulation, tumor localization, privacy-preserving cancer classification,
and tools for sharing and assessing generative models, paving the way for these models
towards integration into clinical practice to the end of advancing healthcare for both

individual patients and society at large.

Keywords: Deep Generative Models, Medical Image Analysis, Data Synthesis, Con-
trast Enhancement Simulation, Privacy-Preserving Machine Learning, Synthetic Data

Evaluation.



Resum

La deteccié precisa i oportuna de lesions canceroses en les imatges médiques és
essencial per a un tractament eficag. No obstant aixo, el diagnostic continua presentant
desafiaments a causa, entre altres factors, de I’heterogeneitat tumoral, les limitacions de
les imatges i la variabilitat entre observadors. Les arquitectures d’aprenentatge profund,
com les xarxes convolucionals i les xarxes basades en transformers, han demostrat ser
prometedores per a millorar 'analisi d’imatges de cancer mitjangant ’aprenentatge
de patrons complexos dins de les caracteristiques de les dades d’imatges médiques,
cosa que permet una deteccié més precog i precisa i una presa de decisions coherent i
basada en dades. Tot i el seu potencial, ’adopci6 clinica de I’aprenentatge profund esta
restringida per la necessitat de grans conjunts de dades d’entrenament anotades, que
son escassos a causa de les restriccions de privacitat i del cost d’etiquetatge, aixi com
de la variabilitat en el seu rendiment quan s’aplica en entorns amb canvi de domini,
amb artefactes d’imatge, variacions en els protocols d’imatge i en diferents poblacions

de pacients.

Aquesta tesi identifica 1 aborda els reptes de I'aprenentatge profund per a 1’obtencio
d’imatges de cancer a través de cinc publicacions principals que proposen marcs, métodes
i solucions innovadors. En primer lloc, es duu a terme un estudi a gran escala dels
models generatius en la imatge del cancer que condueix a la identificacié de desafiaments
i problemes clau en el camp, juntament amb la proposta de possibles solucions. A partir
d’aquests descobriments, es deriva el marc de metaanalisi SynTRUST per avaluar
la fiabilitat i el nivell de maduresa dels estudis i solucions de sintesi d’imatges de
cancer. En segon lloc, s’apliquen xarxes generatives adversaries condicionals (GANS)
als reptes de I'escassetat d’imatges de cancer i anotacions tumorals, simulant seqiiéncies
de ressonancia magnética de mama amb contrast dinamic (DCE-MRI). Sense dependre
d’agents de contrast fisics ni de dades de DCE-MRI de pacients reals, aquest enfocament

permet la deteccid, localitzacioé i caracteritzacié no supervisada de tumors, a més de
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proporcionar dades sintétiques d’entrenament per augmentar la robustesa dels models
per a tasques posteriors, com la segmentacié de tumors. En tercer lloc, es desenvolupa
un model de difusio latent multicondicional per transformar imatges de MRI sense realg
de contrast en imatges sintétiques de DCE-MRI variables en el temps que localitzen
els tumors i prediuen els seus patrons cinétics de realg de contrast. Per abordar la
necessitat d’una métrica quantitativa respectiva d’avaluacié, es proposa la Distancia
Radiomica de Fréchet (FRD) per mesurar la qualitat de la imatge (sintética) basada
en la variabilitat de biomarcadors. En quart lloc, es proposa una xarxa generativa
adversaria condicionada a la malignitat de masses (MCGAN) per generar dades
sintétiques com a mecanisme de preservacié de la privadesa per a ’entrenament de
models d’aprenentatge profund sense dades de pacients individuals. Mitjancant la
comparacié i combinacié6 amb la privadesa diferencial, es demostra que les dades
sintétiques de mamografia milloren el rendiment en multiples escenaris de classificacio
de cancer amb preservaci6 de la privadesa. En cinqué lloc, es presenta la biblioteca
medigan com a plataforma compartida per a models generatius preentrenats que
permet als investigadors generar dades sintétiques d’alta qualitat en diverses modalitats
d’imatge sense necessitat d’accedir directament a dades sensibles de pacients. A més,
els models generatius de medigan s’analitzen exhaustivament basant-se en la Fréchet
inception distance (FID) utilitzant tant extractors de caracteristiques especifics del
domini radiologic com extractors de caracteristiques estandard invariants del domini.

En conclusio, aquesta tesi demostra el potencial de ’aprenentatge profund gener-
atiu per afrontar els desafiaments clau en les imatges de cancer, presentant métodes
innovadors en la simulacié de millora del contrast, localitzacié de tumors, classificacié
de cancer preservant la privadesa i eines per compartir i avaluar models generatius,
obrint el cami per a la integracié d’aquests models en la practica clinica i el progrés de

I'atencié sanitaria, tant per als pacients individuals com per a la societat en general.
b

Paraules clau: Models Generatius Profunds, Analisi d’Imatges Médiques, Sintesi de
Dades, Simulacié de Millora de Contrast, Aprenentatge Automatic amb Preservaci6 de

la Privacitat, Avaluacié de Dades Sintétiques.



Resumen

La detecciéon precisa y oportuna de lesiones cancerosas en las imégenes médicas
es esencial para un tratamiento eficaz. Sin embargo, el diagnoéstico sigue presentando
desafios debido, entre otras cosas, a la heterogeneidad del tumor, las limitaciones de
las imagenes y la variabilidad entre observadores. Las arquitecturas de aprendizaje
profundo, como las redes convolucionales y las basadas en transformers, han demostrado
ser prometedoras para mejorar el anélisis de imagenes de cancer mediante el aprendizaje
de patrones complejos dentro de las caracteristicas de los datos de imégenes, lo que
permite una deteccién més temprana y precisa y una toma de decisiones coherente y
basada en datos. A pesar de su potencial, la adopcién clinica del aprendizaje profundo
esta restringida por la necesidad de grandes conjuntos de datos de entrenamiento
anotados, que son escasos debido a las restricciones de privacidad y costo de etiquetado,
asi como debido a la variabilidad en su rendimiento cuando se aplica en entornos de
cambio de dominio, con artefactos de imagen, variaciones en los protocolos de imagen

y en diferentes poblaciones de pacientes.

Esta tesis identifica y aborda los retos del aprendizaje profundo para la obtencion
de imagenes de cancer a través de cinco publicaciones principales que proponen marcos,
métodos y soluciones novedosos. En primer lugar, se lleva a cabo un estudio a gran
escala de los modelos generativos en la imagenologia de céncer que conduce a la
identificacion de desafios y problemas clave en el campo, junto con la propuesta de
posibles soluciones. A partir de estos hallazgos, se deriva el marco de metaanalisis
SynTRUST para evaluar la fiabilidad y el nivel de madurez de los estudios y soluciones
de sintesis de imagenes de cancer. En segundo lugar, se aplican redes generativas
adversariales condicionales (GANs) a los retos de la escasez de imagenes de cancer y
anotaciones tumorales, simulando secuencias de resonancia magnética de mama con
contraste dindmico (DCE-MRI). Sin depender de agentes de contraste fisicos ni de

datos de DCE-MRI provenientes de pacientes reales, este enfoque permite la deteccion,
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localizacion y caracterizacién no supervisada de tumores, ademés de proporcionar
datos de entrenamiento sintéticos para aumentar la robustez de los modelos para tareas
posteriores, como la segmentacion de tumores. En tercer lugar, se desarrolla un modelo
de difusién latente multicondicional para transformar imégenes de MRI sin realce de
contraste en imagenes sintéticas de DCE-MRI variables en el tiempo que localizan
los tumores y predicen sus patrones cinéticos de realce de contraste. Abordando la
necesidad de una métrica cuantitativa respectiva de evaluacién, se propone la Distancia
Radiomica de Fréchet (FRD) para medir la calidad de la imagen (sintética) basada
en la variabilidad de biomarcadores. En cuarto lugar, se propone una red generativa
adversarial condicionada a la malignidad de massas (MCGAN) para generar datos
sintéticos como mecanismo de preservacion de la privacidad para el entrenamiento
de modelos de aprendizaje profundo sin datos de pacientes individuales. Mediante
la comparacién y la combinacién con la privacidad diferencial, se demuestra que
los datos sintéticos de mamografia mejoran el rendimiento en multiples escenarios
de clasificacion de cancer con preservacién de la privacidad. En quinto lugar, se
presenta la biblioteca medigan como plataforma compartida para modelos generativos
preentrenados que permite a los investigadores generar datos sintéticos de alta calidad
en diversas modalidades de imagen sin necesidad de acceder directamente a datos
sensibles de pacientes. Ademaés, los modelos generativos de medigan se analizan
exhaustivamente basandose en la Fréchet inception distance (FID) utilizando tanto
extractores de caracteristicas especificos del dominio radiolégico como extractores de
caracteristicas estandar invariantes del dominio.

En conclusién, esta tesis demuestra el potencial del aprendizaje profundo generativo
para abordar los desafios clave en las imagenes de cancer, presentando métodos
novedosos en la simulacion de mejora del contraste, localizacion de tumores, clasificacion
de cancer preservando la privacidad y herramientas para compartir y evaluar modelos
generativos, abriendo el camino para la integracién de estos modelos en la practica
clinica y el avance de la atencion sanitaria tanto para los pacientes individuales como

para la sociedad en general.

Palabras clave: Modelos Generativos Profundos, Analisis de Iméagenes Médicas,
Sintesis de Datos, Simulacion de Mejora de Contraste, Aprendizaje Automatico con

Preservacion de la Privacidad, Evaluacién de Datos Sintéticos.
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Chapter 1

Introduction

In this chapter, the background and context is outlined in which the present doctoral
thesis is embedded, emphasizing the significance of the topics of the thesis within
its broader context. Furthermore, the established objectives driving the research
contributions are described alongside the projects that have benefited from the findings
of this thesis. Lastly, a concise overview of the structure of the subsequent chapters is

provided to offer the reader a clear roadmap throughout the thesis.

1.1 Oncology and Cancer Imaging

Cancer, as one of the leading causes of mortality worldwide, is a complex, heterogeneous
disease characterized by uncontrolled cell growth and the potential to invade other parts
of the body, resulting in substantial morbidity and mortality. Oncology as a specialized
field of medicine is dedicated to the study, diagnosis, treatment, and prevention of
cancer encompassing the understanding of molecular and cellular cancer mechanisms, as
well as the definition of screening programs, interventions, and personalized treatment
strategies, for instance, based on genetic and clinical profiling. To date, cancer continues
to rank among the leading causes of morbidity and mortality worldwide [67], with an
estimated global incidence of 19.98 million and a mortality of 9.74 million in 2022 [226].
In 2018, lung cancer accounted for the highest number of deaths (1.76 million), followed
by colorectal (0.86 million), stomach (0.78 million), liver (0.78 million), and breast
cancer (0.63 million) [225]. In 2022, with the exception of stomach and liver cancer,
these numbers have increased notably with lung cancer accounting for a mortality of 1.82

million, followed by colorectal (0.90 million), liver (0.76 million), breast (0.67 million),
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and stomach cancer (0.66 million) [226]. In the future, it is expected that the quantity
of cancer cases further increases due to ageing and world population growth [I0T].
The aforementioned global burden posed by cancer on patients and healthcare systems
could be reduced by earlier detection as well as more effective treatments [T01]. As
each tumor undergoes several stages of critical genetic alterations to become cancerous
and thereby often becomes less treatable, earlier detection bears potential to intervene
before such alterations have occurred. Based on these genetic alterations of cancerous
cells they obtain growth advantages compared to regular cells in a process related
to Darwinian evolution [87]. With the aim of providing an "organizing principle for
rationalizing the complexities of neoplastic disease", Hanahan et al [87, [88] specify the
hallmarks of genetic alterations of cancer cells. These include resisting programmed
cell death (apoptosis), sustaining proliferative signaling, evading growth suppressors,
enabling replicative immortality, inducing angiogenesis, and activating invasion and
metastasis, as well as the emerging hallmarks of energy metabolism reprogramming,
and immune destruction evasion. Both inflammation and genome instability, with
the latter promoting genetic diversity, are key drivers influencing the rate at which
these hallmarks are acquired. As a further dimension of complexity, seemingly regular
non-cancerous cells are recruited within the tumor microenvironment (TME) that
then contribute to obtaining hallmark traits. With multiple tumor sub-populations
within the TME it becomes inherently complex and difficult to predict which tumor cell
subpopulations outcompete others to become the dominant lineage in the evolutionary
trajectory. As a result, tumor lesions exhibit continuous phenotypic and genotypic
evolution [20], with the potential to accumulate additional deleterious mutations at
any time, further exacerbating the complexities of treatment and prognosis. From a
phenotypic perspective, solid tumors, after evolving from a single mutated cell, typically
follow a Gompertzian growth pattern [164) [7T]. They then often become detectable
through medical imaging modalities only after reaching an approximate size of 10° cells
(=~ 1em?). For human cancer cell lines, in vitro studies have suggested a theoretical
limit for detection of approximately 10 to 10° cells using PET imaging. However, in
clinical settings, this threshold is significantly higher, influenced by factors such as the
specific cancer type, the background noise and radiation, as well as the characteristics
of the cell line at hand [69] [TT]. The vast variability across cancer types and patients
in terms of tumor morphology, location, and progression underscores the importance of
sophisticated diagnostic tools able to capture subtle differences in tissue composition and
structure, for instance to facilitate the detection, characterization, and differentiation

of malignant and benign lesions. Currently, medical imaging remains the primary
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diagnostic tool for detecting and diagnosing tumors, providing non-invasive methods
to visualize abnormalities within the body. In particular, radiologic imaging modalities
are indispensable in clinical oncology, where radiologists rely on visual assessment of
magnetic resonance imaging (MRI), computed tomography (CT), ultrasound (US),
x-ray modalities, and positron emission tomography (PET) [71], 100, [146]. Screening
mammography (MMG), which is based on x-ray techniques, is essential for the early
detection of breast cancer and, thus, linked to a reduction in breast cancer mortality

1.2 Medical Physics and Imaging Techniques

In contemporary clinical practice, the ability to visualize internal body structures
through medical imaging has become a standard procedure, offering critical diagnostic
and prognostic insights that are fundamental to modern medicine. Despite earlier
work by Goodspeed and Jennings [211], it was, however, not until the faithful day of
November 8, 1895, on which Wilhelm Conrad Roentgen discovered what he called X-
rays during experiments with a Crookes cathode ray tube [19]. While radiographs were
the sole form of medical imaging for decades, this progress lead the way for the discovery
of additional imaging techniques with different qualities and based on different medical
physics technologies. After Alessandro Vallebona invented conventional tomography
moving the X-ray source and X-ray detector in tandem to focus on an object of
interest, CT was developed with significant contributions from Sir Godfrey Hounsfield
and Alan M. Cormack by acquiring radiographic projections from multiple angles
for reconstruction of a two-dimensional image using mathematical models. Often
co-registered with CT for enhanced anatomical context, further nuclear medicine
modalities, such as Single-photon emission computed tomography (SPECT) and PET,
use radioactive tracers to detect gamma rays in SPECT or to map metabolic activity by
registering gamma rays emitted from PET. A further radiation-free, cost-effective, and
widely-accessible alternative to CT is ultrasound, which transmits high-frequency sound
waves into the human body to then create images by mapping the echoes based on
their amplitude and time delay. While CT images facilitating unprecedented diagnostic
accuracy, the innovation of MRI, with first images published in 1973 [123], further
advanced the field of medical imaging and oncology towards improved capturing of
soft tissue contrast and anatomic detail. MRI is based on a magnetic field around the
patient in which radiofrequency pulses excite protons in the patient’s body before the

emitted signals during relaxation of these protons are captured and reconstructed into
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an image [19] 2111, [63]. The complementary use of various imaging modalities in cancer
diagnostics leverages the unique strengths of each individual technique. For example,
mammography continues to be the gold standard for breast cancer screening, offering
high sensitivity and population-wide scale for early detection screening programs. In
contrast, MRI’s superior soft-tissue contrast makes it indispensable for identifying
cancers in the brain, liver, and prostate. PET imaging, with its ability to provide
detailed metabolic information, is frequently combined with CT or MRI to achieve
comprehensive cancer characterization. Such integrated approaches, accompanied by
further biopsies and clinical tests, enable multidimensional understanding of cancer,

supporting more accurate diagnoses, precise staging, and effective treatment planning.

1.3 Contrast Agents in Medical Imaging

With these advances in imaging techniques, contrast agents (CA) became increasingly
popular with the first designed for MRI becoming available for clinical use in 1988
[I41]. CAs are typically administered intravenously and comprise substances such
as superparamagnetic iron oxide particles and soluble paramagnetic metal chelates
(e.g., gadolinium), which enhance the visibility of specific structures in imaging, such
as tumors, by exploiting variations in contrast-enhanced blood flow and vascular
permeability [232] T41]. Types of CAs can be categorized by their effect on the image,
magnetic behavior and biodistribution in the body. CAs have been revolutionizing the
precision and utility of contrast-enhanced MRI (CE-MRI) healthcare demonstrated by
over 300 million procedures performed globally for improved diagnostics and therapy
monitoring [232, T4T]. Currently, contrast media are used in approximately 25% of MRI
examinations, particularly for imaging the brain, spine, abdomen, breast, heart, and for
MR angiography (MRA) [I41]. Despite their successes, CA administration is associated
with multiple risks and drawbacks including allergic and physiologic reactions, kidney
complications (especially in patients with renal impairment), nephrogenic systemic
fibrosis, and the deposition of CA substances in the body with unknown long-term
health consequences [144], [165] [98], [T08|, 163, [166], apart from Symptoms Associated
with Gadolinium Exposure (SAGE) with unknown causal relationship to Gadolinium-
based CA [148]. In fact, in response to a 2016 request from the European Commission,
the European Medicines Agency (EMA) recommended restricting certain intravenous
linear gadolinium-based contrast agents (GBCAs) to reduce the potential risks of
gadolinium deposition [65]. In addition, CA administration, which is cumbersome

and unpleasant for patients, increases the complexity and also the cost of imaging
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procedures. The usage of CA has also been shown to pose environmental concerns due
to the corresponding pollution of aquatic ecosystems including drinking water supplies
[180L [48, [166], with additional health risks stemming from its respective degradation
products [29]. To this end, the advent of deep learning offers potential in optimizing
contrast-enhanced imaging by predicting and simulating contrast uptake patterns,
either by reducing dosages of GBCAs or by replacing them with synthetic contrast-
enhanced imaging while maintaining diagnostic accuracy. By generating synthetic
contrast-enhanced images from non-contrast data, deep learning methods can minimize
patient exposure to CA and their associated risks, in particular in cases where CA
injections are contraindicated [166 158, 157, 236, [T9T].

1.4 Deep Learning

1.4.1 The Potential of Deep Learning in Cancer Imaging

In general, despite the strengths of traditional imaging methods, cancer diagnosis
through imaging faces several critical limitations such as intra- and inter-observer
variability, cancer heterogeneity and intra- and inter-tumor variability limiting stan-
dardized diagnostic criteria, as well as high diagnostic error rates, and variations in
imaging protocols, imaging artifacts, diagnostic uncertainty, reproducibility, consis-
tency [162 201 93], 97, [62], 223| 28], T00]. Furthermore, the acquisition and evaluation
of medical imaging data is a time-intensive and resource-demanding process, making it
inherently costly and requires assessment by trained professionals with specialist knowl-
edge and experience. Moreover, the previously described progresses in medical imaging
technologies have significantly increased the volume of acquired imaging data and,
thus, the amount of data requiring professional analysis [I47], placing a burden on the
workload of radiology departments and further exacerbating the variability of diagnostic
quality across radiology assessments stemming from a radiologist’s level of expertise,
experience, and the time dedicated interpretation of a given image [223] 100, 62].
Given these constraints, the appeal of automated and semi-automated (e.g., triaging,
second or third opinion) becomes apparent due to its potential of increasing diagnostic
accuracy, reducing costs, streamlining workloads, and assist radiologists (e.g., radiolo-
gists in training) in clinical decision-making processes. Such computer-assisted tools
for detection, diagnosis, and treatment planning and monitoring encompass traditional
machine learning approaches as well as cutting-edge deep learning methods.

What is commonly referred to as traditional machine learning in medical imaging,
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are approaches that rely on handcrafted feature extraction, requiring domain expertise
to quantify image characteristics in contrast to deep learning where hierarchical features
are learned directly from raw data. One example of such handcrafted features are
Radiomics features. Introduced in 2012 [121] [I18], Radiomics have been predominantly
designed for and applied to radiological imaging data in oncology but has been shown to
be also useful in predictive tasks in other medical imaging domains such as cardiology
[145]. Tt involves extracting quantitative features by converting digital medical images
into structured data. Such data describes, among others, the shape, texture, intensity,
and corresponding statistical patterns of regions-of-interest within the image [213]
that are not only often imperceptible to the human eye, but also quantify imaging
biomarker relevant for disease detection and characterization. Traditionally, these
handcrafted radiomics features serve as inputs for machine learning models such as
linear regression models, random forests, or support vector machines. These models
then classify or predict outcomes by identifying patterns in the extracted features.
Since these predefined features depend heavily on domain expertise, it is a significant
assumption that they encompass all relevant patterns and nuances necessary to capture
the complexities of imaging and disease characteristics across various modalities and
conditions to accurately predict the desired outcomes. The shift from handcrafted
features such as radiomics towards deep learning, where feature extraction is part of the
learning algorithm, holds immense additional potential due to its capability of learning
and interpreting features and patterns of arbitrary complexity from the training data.
This not only enables more nuanced prediction capabilities, but can also increase the
consistency and generalizability across datasets with high sample diversity. Improved
generalizability is particularly useful within personalized oncology considering the
heterogeneity of cancer genotypes and phenotypes and the corresponding multi-source,

multi-modal and multi-dimensional data settings.

In recent years, advancements in artificial intelligence (AI) and deep learning
have shown promise in addressing challenging medical imaging problems, particularly
through the use of computer-aided detection and diagnostic (CAD) systems [20, 53,
1291 31 93], [79]. Deep learning models can support radiologists by improving diagnostic
accuracy, reducing variability, and enhancing decision-making [49] 20]. As an example,
recent studies on screening mammography have demonstrated that complementarily
integrating deep learning models with radiologist assessments achieves the highest
performance in cancer detection [I88] [I86, 149]. By way of illustration, Salim et al
[186] showed that an externally validated breast cancer detection model can achieve

more accurate predictions compared to first-reader radiologists in evaluating screening
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mammograms; nonetheless, the highest positive breast cancer detection rate was
accomplished by combining the deep learning model’s predictions with the first-reader
radiologist assessments. In general, there is vast potential for deep learning to decrease
error rates in diagnostic image interpretation, as exemplified by Newman et al [162]
surveying diagnostic errors and reporting a false negative rates for cancer of 11.1%.
To this end, any significant advancements in deep learning are likely to directly
enhance computer-aided detection and diagnosis (CAD) systems, enabling more precise
workflows for screening and treating cancer-related diseases and ultimately improving

clinical outcomes.

1.4.2 Fundamentals, Architectures and Progress

Deep learning relies on artificial neural networks composed of multiple layers, enabling
the extraction of hierarchical and complex features from input data, such as images.
These features are mapped into a lower-dimensional latent space that can learn useful
multi-faceted decision boundaries for prediction tasks, including classification and
segmentation. This latent feature space is iteratively refined during model training
through optimization techniques, such as backward propagation of errors (backpropa-
gation) and gradient descent, to improve model accuracy and performance. Gradient
descent is the foundation of most deep learning optimization algorithms, as it adjusts
a deep learning model’s trainable parameters by using the gradient of the loss function
to update these parameters in the direction that minimizes the loss. Backpropagation
computes these gradients by applying the chain rule of calculus determining how much
each parameter contributes to the error defined by the loss function. The model’s
parameters are the trainable weights and biases of each node of each layer of the
artificial neural network. In general, these weights serve as multipliers in sequential
matrix multiplications, where the outputs from the previous nodes (or the neural
network’s input data) are multiplied by the current node’s weights, optionally followed
by the addition of a bias term. Typically, the resulting value is passed through a
non-linear activation function (e.g., a sigmoid function), which is essential for enabling
the network to model and learn complex patterns.

For high-dimensional data, such as images used as input for neural networks, a
specialized variation of linear neural networks—known as the convolutional neural
network (CNN)—has demonstrated exceptional performance. Initially introduced as
the Neocognitron by Kunihiko Fukushima in the 1980s [72] [73], this architecture was

designed as a vision-focused neural network with hierarchical layers. It was further
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significantly advanced by Yann LeCun et al. [126] in 1989, who proposed the use of
backpropagation as an efficient method for training vision-based convolutional neural
networks in a supervised learning framework, while also suggesting [125] to carefully
control the number of trainable vision neural network to enhance their generalization
capability despite high input dimensionality.

Since then, further advancements in both methodology and hardware, such as
graphics processing unit (GPU) technology, have substantially increased the ability
to train deep learning algorithms, including CNNs [127] on large-scale image datasets
enabling groundbreaking results in computer vision [41], [IT5] and cancer imaging [42].
Notably, the success of AlexNet during the 2012 ImageNet challenge [I15] served as a
turning point, spurring the widespread application of deep neural networks to a variety
of challenges across multiple domains, including medical imaging [193], 53], [138]. For
instance, the U-Net architecture [I83] is a widely used convolutional neural network
in computer vision and medical imaging, particularly for image segmentation and
image-to-image translation tasks. It features a symmetric encoder-decoder structure,
where the encoding path extracts hierarchical features, and the decoding path restores
spatial resolution, with skip connections between encoder and decoder layers preserving
fine-grained details. Building on this framework, nnU-Net [99] automates architectural
configuration, preprocessing, and training schedules based on dataset characteris-
tics, eliminating the need for manual tuning and thereby achieving state-of-the-art

performance in multiple challenging medical image segmentation tasks.

In 2017, the transformer architecture was introduced by Vaswani et al.[215], initially
revolutionizing the field of natural language processing [51] and subsequently extending
its impact to computer vision[57]. Unlike convolutional neural networks (CNNs), the
transformer architecture relies on a self-attention mechanism, enabling it to model
long-range dependencies and complex relationships within the data. This approach
facilitates fast parallel processing, as the architecture does not depend on sequential
operations typically required in recurrent networks or the fixed-size receptive fields
of CNNs. For vision tasks, such as in the Vision Transformer (ViT) [57], input
images are divided into fixed-size patches, which are flattened and embedded into a
sequence of tokens via a linear projection. Positional embeddings are added to retain
spatial information. The transformer then computes self-attention across all token
pairs, capturing intricate patterns and global dependencies between the image patches.
This design allows transformers to efficiently learn hierarchical and context-aware
representations, enabling state-of-the-art performance across a wide range of computer

vision tasks. Unlike convolutional neural networks (CNNs), transformers do not contain
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an inductive locality bias, meaning their architecture does not assume that related
features are spatially close within an image. Subsequent hierarchical vision transformer
architectures, such as the Swin Transformer [140], combine some of the benefits of both
architectures by introducing a shifted window mechanism, which restricts self-attention
computation to non-overlapping local windows while enabling cross-window connections

for capturing global context.

Recently, foundational models have emerged as a transformative paradigm in deep
learning, where large-scale pretrained architectures learn generalizable representations
that enable effective transfer across diverse tasks and domains [24] [10]. These models
are typically pretrained on extensive, multimodal datasets and fine-tuned for specific
applications, reducing the reliance on task-specific annotated data, which is often scarce
in medical imaging [11l [I54]. Leveraging advances in vision and language processing,
foundational models popularize methodological innovations such as textually-prompted
models, visually-prompted models, and multimodal frameworks, facilitating tasks
ranging from segmentation and classification to anomaly detection and radiology report
generation. In the context of medical imaging, these models are particularly promising
due to their ability to integrate and adapt to multimodal data, such as combining
radiological images with clinical reports or genomic data [I54] 11} [197]. By training on
expansive datasets, foundational models like Segment Anything Model (SAM) [112]
have demonstrated advanced capabilities in generalizing across medical imaging tasks

including the segmentation of complex multimodal anatomical structures.

Despite its growing importance in cancer imaging workflows, deep learning appli-
cations faces significant challenges in the domain of radiology [20]. These challenges
include limited access to publicly available datasets due to privacy regulations and
institutional constraints [147], as well as a high cost and labor-intensive process of
annotating medical data, hindering the development of robust and generalizable models.
Additionally, domain shifts caused by variations in imaging protocols, equipment, and
patient demographics reduce model performance across different clinical settings. These
challenges allude to the potential of generative models to address data scarcity, data
privacy concerns, and model robustness issues [206], 166, [0, [79]. For instance, generated
synthetic data can lead to more robust and privacy-preserving model training while
generative models can also translate images from one domain to another to mitigate

domain shifts and differences between clinical settings.
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1.4.3 Deep Generative Models

In machine learning, generative and discriminative models serve distinct purposes and
diver in how they process and model data. Discriminative models learn a conditional
probability p(y|x), where y is the target label and z is the input data sample. Often
implemented as convolutional or transformer neural networks, they learn a high-
dimensional decision boundary in latent space z that separates data points x with
different labels y from each other. On the other hand, generative models learn the
underlying probability distribution of the training data p(x). This enables them to then
generate synthetic data samples that resemble the original data by sampling a point zgen
from the learned data distribution p(z). The probability distribution that generative
models learn can further also be a conditional distribution p(x|y), where = represents
the data samples, and y provides an additional context or constraint for the generation
process. While generative models are particularly useful for creating synthetic data,
learning latent representations, and handling unsupervised tasks, discriminative models
are well suited for supervised tasks such as classification, segmentation, or regression,
that require mapping inputs to specific outputs. When used complementarily, generative
models can augment training datasets for discriminative models, often resulting in an
enhancement of performance and/or robustness, which is particularly relevant in the
domain of medical imaging due to its scarcity of large datasets x and/or respective

annotations y.

Several modeling methodologies and neural network architectures have been pro-
posed to train deep generative models, each bearing their own unique strengths: By way
of example, Variational Autoencoders (VAEs) [IT1] consist of an encoder network that
maps input data to a low-dimensional latent distribution (typically Gaussian) and a de-
coder network that then reconstructs the data sample from the encoded latent samples
using a combination of a reconstruction loss and a regularization term (Kullback-Leibler
divergence). In Generative Adversarial Networks (GANs) [83], two neural networks, a
generator and a discriminator, are trained simultaneously in a competitive framework
using a minimax loss function. The generator learns to transform random noise into
samples from the data distribution, while the discriminator attempts to distinguish
between real and generated samples. Inspired by thermodynamic diffusion processes,
Denoising Probabilistic Diffusion Models (DDPMs) [199, 201), 92] iteratively reverse a
predefined noising process by progressively denoising the data sample through a series
of timesteps, thereby systematically recovering data from noise. The latent diffusion
model (LDM) [I81] counterparts of DDPMs directly denoise the latent representation
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of encoded input data samples rather than the samples themselves. DDPMs and LDMs
typically consists of a neural network, such as a U-Net [183], which predicts the noise
added to the data at particular timesteps and is trained by minimizing the difference
between the true and predicted noise using, e.g., using a mean squared error loss term.
Furthermore, Normalizing Flows [179] [55], 56] allow for precise likelihood estimation
and efficient data sampling by using invertible transformations to explicitly model
complex data distributions. Autoregressive models, such as large language models
(LLMs), vision-language models (VLMs), and vision transformers [57, 215], generate
data by modeling each data point, e.g. a subset of a sample, as a conditional probability
in dependence of the preceding or surrounding points. This stepwise synthesis process
implicitly allows to learn complex probabilistic dependency structure within the data,

allowing the model to generate outputs that preserve both local and global coherence.

1.4.4 Generative Model Evaluation

The evaluation of generative models is often based on the synthetic data generated by
these models. One key indicator is the utility of the synthetic data to serve specific
purposes such as improving downstream task results of a discriminative model, when
that discriminative model is trained on (additional) synthetic training data. Apart
from downstream task based evaluation, the computer vision domain has introduced
several methods for evaluating synthetic data, often using real data as a means for
comparison. Such methods, which use image-to-image comparisons include the mean
squared error (MSE), mean absolute error (MAE), peak signal-to- noise ratio (PSNR),
multi-scale (MS) structural similarity index measure (SSIM) [219], as well as the
Learned Perceptual Image Patch Similarity (LPIPS) [235]. Other methods such as
the Fréchet Inception Distance (FID) [89] or the Kernel Inception Distance (KID)
[21] compare the distribution of the generated data with the distribution of the real
data. Recent developments in generative model evaluation highlight the importance of
addressing the numerous limitations of these traditional measures [26], 27]. In particular
when evaluating synthetic medical images, conventional metrics based on natural
images such as FID or LPIPS are not specifically designed for the characteristics and
modalities of the medical imaging domain. By way of illustration, distinct lesion sizes,
small artifacts or subtle, clinically relevant deviations in synthetic medical images can
influence clinical interpretation as well as the features learned from such images in
downstream task model training. Metrics for medical image evaluation are to further

incorporate clinical relevance, which includes accurate reflection of the commonly highly
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heterogeneous features of anatomy and disease. These features are often only known in
part and only by experienced domain experts. However, manual inspection by trained
clinicians, such as radiologists or pathologists, is subjective and resource-intensive. This
underscores the need for domain-specific automated evaluation tools assessing synthetic
medical data across its multiple dimensions including fidelity, diversity, adherence to
provided input conditions, clinical utility, patient privacy, as well as biases and fairness,

as is discussed in detail in Chapters [2] and [3]

1.4.5 Towards Deep Generative Models in Cancer Imaging

As previously stated, the application of deep learning in cancer imaging is constrained
by the need for large, annotated datasets, which are often difficult to obtain due
to privacy concerns, data heterogeneity, and the high costs associated with expert
labeling. Generative models hold particular promise due to their potential of addressing
these key challenges including data scarcity, privacy concerns, and the need for robust
models capable of generalizing across diverse clinical settings. The generation of high-
quality synthetic data converging towards the statistical properties of real imaging
datasets poses a solution to the scarcity of annotated oncological datasets. By way
of example, generative cancer imaging models can be applied to augment training
datasets to improve downstream task model performance, realistic tumor appearances
and variations can be synthesized, and privacy-preserving model development and
training can be enabled. A further application is to use the distribution learned
by generative models to scrutinize or edit imaging data revealing clinically relevant
characteristics in an unsupervised manner. Examples of the latter applications include
synthetic tumor contrast enhancement, where a generative model’s translation from
non-contrast enhanced to contrast-enhanced images can highlight and thereby localize
a tumor without the need of providing annotated tumor areas to the generative model
[166, [191], 158, [157]. Related to that, a second example is anomaly detection, where, in
a process often referred to as normative learning [38, 18], a generative model learns the
distribution of healthy (i.e. normal) patient samples, which then allows to automatically
detect non-healthy (i.e. abnormal) samples during inference. This detection is often
based on comparing how the generative model, such as autoencoder [169], transformer
[I71], GAN [I89], or diffusion models [I70, [I7), 229, 222] [85], adjusts the provided
abnormal out-of-distribution sample to its normal within-distribution counterpart.
Furthermore, multimodal generative models can integrate imaging with other patient

data, such as genomic, textual, or clinical information, to create richer, context-aware
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diagnostic tools that take into account the high variation of different modalities and
data types in medicine.

Despite their promise, deep learning including deep generative models in cancer
imaging face several challenges. These challenges are to be analyzed and documented
in-depth to allow for a principled proposal of suitable and sustainable solutions. Such
challenges include ensuring the clinical validity and applicability of synthetic data going
beyond standard technical evaluation metrics from the domains of computer vision
based on natural images [I51] 224, [37]. Furthermore, the potential of the multiple
uses of deep generative models and synthetic cancer imaging data is to be assessed
and validated in a reproducible manner to detect beneficial clinical applications and
uncover quantifiable knowledge about the benefit of respective generative modeling

approaches.

1.5 Research Background

1.5.1 Project Framework

The research presented in this thesis was conducted at the Barcelona Artificial Intel-
ligence in Medicine Laboratory (BCN-AIM) at the Department of Mathematics and
Computer Science at the University of Barcelona (UB) from 2020 until 2025. Part of
the research of this thesis was conducted during a research stay from 10/2023 until
08/2024 at the laboratory of Professor Julia A. Schnabel, namely, the Institute for
Computational Imaging and AI in Medicine (CompAlI) at Technical University Munich
and at the Institute of Machine Learning in Biomedical Imaging (IML) at Helmholtz
Center Munich.

e From 10/2023 until 03/2023, the research stay was funded by the Montcelimar
doctoral student research stay grant co-financed by Fundaci6 Montcelimar and

University of Barcelona.

e From 05/2024 until 07/2024, this research stay was funded by a research stay
grant from the Helmholtz Information and Data Science Academy (HIDA).

Furthermore, the research described in this PhD thesis was carried out within the

frameworks of the following projects.

1. [ 2020 - 2025 | EuCanlmage: “A European Cancer Image Platform Linked
to Biological and Health Data for Next-Generation Artificial Intelligence and
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Precision Medicine in Oncology”. Awarded in 2020 under the Horizon 2020
research and innovation programme by the European Commission (EC). Signature
Date: 29 May 2020. Ref: 952103

2. [2022 - 2025 | RadioVal: “International Clinical Validation of Radiomics Artificial
Intelligence for Breast Cancer Treatment Planning”. Awarded in 2022 under the
Horizon Europe research and innovation programme by the European Commission
(EC). Signature Date: 19 May 2022. Ref: 101057699

3. [ 2022 - 2025 | FUTURE-ES: “Trustworthy and muti-centre artificial intelligence
for future medical imaging in Spain”. Awarded in 2023 by the Ministry of Science,
Innovation and Universities of Spain. Ref: PID2021-1267240B-100

4. [ 2024 - 2025 | AIMED: “Reliable Artificial Intelligence to improve medical
imaging workflows”. Awarded in 2024 by the Ministry of Science, Innovation and
Universities of Spain. Ref: PID2023-1467860B-100

1.5.2 Objectives

The overall objective of this thesis is to develop, validate, and apply medical image
synthesis to address critical challenges in cancer imaging. As part of the EuCanlmage,
RadioVal, FUTURE-ES and AIMED projects, the goal of the present work encompasses
the application, experimentation and validation of trustworthy artificial intelligence in

radiology focusing on the realm of breast cancer and can be summarized as follows.

To develop machine learning frameworks for the synthesis of breast
cancer imaging modalities, such as mammography and MRI, and to
assess automated image analysis methods for tumor diagnosis and
interpretation in radiology, contributing towards a European cancer

imaging platform for enhanced artificial intelligence in oncology.

To define and meet the multiple requirements for developing automated machine learning
frameworks and methods in breast cancer imaging, the present work is structured into
a series of sub-objectives. These sub-objectives are designed to ensure a step-by-step
approach to achieving the overarching goal of advancing generative and deep learning

methods for cancer image analysis:

e The symbiosis of generative modeling and cancer imaging challenges:

To identify the current state of issues, challenges and solutions in cancer imaging
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and generative models, and to concisely structure them into lines of research that

provide a roadmap for the use of generative models in cancer imaging.

e Meta-analysis of trustworthy generative models: To design a principled
medical imaging meta-analysis framework to assess the reliability, Al trustwor-

thiness, and maturity of generative modeling studies and solutions.

e Domain translation to improve tumor analysis in breast MRI: To develop
generative models for translating breast MRI between medical imaging modalities,
such as converting non-contrast-enhanced to contrast-enhanced image sequences,

to improve the characterization of cancerous lesions.

e Privacy-preserving generative deep learning: Investigate the utility of
synthetic data generated by deep generative models as a tool for preserving
patient privacy in medical imaging and compare and combine it with proven and

established privacy mechanism such as differential privacy [60].

¢ A multi-modal image synthesis toolbox: To design and implement a toolbox
to generate realistic and diverse cancer imaging datasets across modalities such
as MRI and mammography, leveraging generative deep learning architectures

and addressing data scarcity, privacy concerns, and domain variability.

e Conduct and innovate synthetic data evaluation: To conduct experimental
validation of the utility of synthetic datasets. Overcome limitations of existing
generative model evaluation metrics and propose and validate novel domain-

specific methods for evaluating synthetic medical images.

1.6 Contributions and Document Structure

Accurate detection, localization, and characterization of cancerous lesions are essential
for early diagnosis and effective treatment. Yet, this remains challenging due to, e.g.,
tumor heterogeneity and inter-observer variability, which complicate the distinction
between healthy and cancerous tissue. While deep learning architectures such as convo-
lutional and transformer-based networks show promise by capturing complex imaging
patterns such as cancerous features, their clinical adoption is hindered by multiple
challenges, among others, data scarcity, manual labeling requirements, sensitivity to
domain shifts and imaging variability.

This thesis identifies and addresses the challenges in deep learning for cancer imaging

through five core publications that propose novel frameworks, applications, and methods.
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These publications explore and ideate solutions based on deep generative models in
cancer imaging, addressing the aforementioned challenges including, but not limited
to, mitigating data and annotation scarcity, preserving patient privacy, overcoming
data sharing restrictions, and characterization and localization of heterogeneous tumor
manifestations. To this end, the present work alludes to the potential and versatility
of generative models as a cornerstone of computer-aided methods capable of improving
outcomes for individual patients as well as for society at large. Figure [I.I] outlines the
structure of this thesis, highlighting the identified and categorized challenges in cancer
imaging alongside their corresponding methodological solutions and applications. The
thesis also includes an in-depth discussion of the presented contributions and the future
research directions they inspire. The key contributions of this work are summarized as

follows.

e Chapter [Cancer Image Synthesis: Challenges, Solutions and Their|
A large-scale survey of generative models in cancer imaging is

conducted leading to the identification of key challenges and problems in the

field. Furthermore, the literature is surveyed to find potential solutions, which
are then concisely tailored to the identified challenges. Lastly, based upon the
experiences and conclusions drawn from these surveys, the meta-analysis frame-
work SynTRUST is derived, defined and applied to assess the trustworthiness

and maturity level of cancer image synthesis studies and solutions.

e Chapter |§|. [Synthesis of Multi-Sequence Dynamic Contrast-Enhanced|

[Breast MRI using Generative Adversarial Networksl Conditional genera-

tive adversarial networks (GANs) are applied to the challenges of cancer image
scarcity and limited tumor annotations, by generating dynamic contrast-enhanced
breast magnetic resonance imaging (DCE-MRI) sequences from their pre-contrast
counterparts. With tumors commonly presenting as hypo- or hyper-intense in the
DCE-MRI sequences, this generative modeling application enables unsupervised
tumor detection, localization, and characterization, along with providing syn-
thetic training data for enhancing tumor segmentation downstream task models.
Experiments not only demonstrate increased robustness of tumor segmentation
models trained with synthetic data, but also a novel investigation into modeling
the temporal patterns by synthesizing multiple, in practice sequentially acquired,
DCE-MRI sequences.

e Chapter [Iime-Conditioned Pre- To Post-Contrast Breast MRI|

[Synthesis using Latent Diffusion Modelsl A novel multi-conditional latent
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diffusion models is developed to translate non-contrast enhanced MRI images
into variable time-dependent synthetic DCE-MRI images localizing tumors and
predicting their contrast enhancement kinetic patterns. Further, the need for
respective quantitative image metrics is addressed by introducing the novel
Fréchet Radiomics Distance (FRD) measuring synthetic image quality based on
biomarker variability. FRD effectively addresses the limitations of the synthetic
data evaluation methods from the computer vision domain, such as the FID, that
are commonly applied in medical imaging. FRD not only provides interpretable
features capable of explaining and pinpointing the metric’s output values to
particular imaging characteristics and biomarkers, but is also enables region-of-
interest conditioned 2D as well as 3D medical imaging specific synthetic data

evaluation.

Chapter [Generative Models for Patient Privacy Preservationl A

malignancy-conditioned generative adversarial network (MCGAN) is proposed to

generated synthetic data conditioned on generating either malignant or benign
mammography tumor masses. The synthetic data is further used to train a mass
malignancy classification model and validated as privacy-preservation mechanism
for training deep learning models without using data attributable to particular
individual patients. Via comparison and combination with differential privacy
applied to stochastic gradient descent (DP-SGD) [I], the synthetic data is shown
to improve the performance in multiple privacy-preserving cancer classification

settings.

Chapter [6} [Sharing Generative Models to Overcome Data Scarcity]

[Issues in Medical Imaging] Generative models are proposed and validated as

an alternative to private patient data, particularly due to their arguably less re-
strictive data sharing constraints. Furthermore, the medigan library is introduced
as a platform for sharing such pretrained generative models in medical imaging.
medigan enables researchers to generate high-quality synthetic data across diverse
imaging modalities, which, hence, not necessarily require direct access to sensitive
patient data. Additionally, comprehensive experimental evaluation is performed
to benchmark and compare the generative models in the medigan library based
on the FID metric. To this end, apart from using FID’s vanilla feature extractors
based on natural images [50], the usage of medical imaging domain-specific feature

extractors based on radiology images [I51] is proposed and analyzed.
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Thesis Core Contributions dentity Cancer imaging challenges for generative models

Meta-Analysis Framework and Problem Identification et ey el Uty

Contribution 1 Data Access and Privacy
Data synthesis and adversarial networks: A review and meta-

analysis in cancer imaging
Medical Image Analysis (2022) Data Annotation and Segmentation

Detection and Diagnosis

Treatment and Monitoring

guide ideate

Methodological Solutions iy ions for cancer imaging challenges
Contribution 2 Temporal Progression Image Generation _
Simulating Dynamic Tumor Contrast Enhancement in Breast MRI propose Synthetic Training Data for Tumor Segmentation _
using Conditional Generative Adversarial Networks Quantitative and Qualiat e (m
Journal of Medical Imaging (2024)
| Feature-Preserving Image Translation —

Contribution 3

Towards Learning Contrast Kinetics with Multi-Condition Latent propose | [Quantitative and Qualitati ion Metrics (e.g., Fré_
Diffusion Models Temporal Progression Image Generation
) [FemporarPros E o

| Feature-Preserving Image Translation

Contribution 4

9 n R q e ropose
Enhancing the Utility of Privacy-Preserving Cancer Classification prop | Privacy ThE/Synthetic Data Generatidl]
using Synthetic Data
MICCAI DeepBreath Workshop (2024) | Synthetic Training Data for Cancer Detection and Diagnosi
Contribution 5 [Synthetic Training Data for Tumor Segmentation
medigan: a Python library of pretrained generative models for propose
8 Y medi(r:yal irr?age synthegsis | Synthetic Training Data for Cancer Detection and Diagnosi

Journal of Medical Imaging (2023) [ Quantitative and Qualitati ion Metrics (e.g., Rad

| Balancing Conditional Data Generation

Figure 1.1: Visualization of the structure of contents of the present thesis. An in-depth
survey in Section [2] identifies current challenges and problems in cancer imaging and proposes
approaches to address these problems based on generative modeling, while also introducing
a novel meta-analysis framework to assess the trustworthiness of studies applying these
approaches. The subsequent sections [3] - [f] present and evaluate various generative modeling
methods and applications to define, analyze and address specific problems identified in Section

2
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Cancer Image Synthesis:
Challenges, Solutions and Their
Validation

Generative models have been seen notable adoption in the field of cancer imaging.
However, it remains an open question which, and to what extent, the solutions proposed
in the literature can solve the prevailing problems in the field of cancer imaging. In this
chapter, we assess this aspect, alongside the technical maturity and trustworthiness
of the proposed methods. To this end, we provide a trustworthiness meta-analysis
framework and conduct a comprehensive review of the literature uncovering the prob-
lems in cancer imaging as well as surveying 164 papers containing respective potential
solutions to address these challenges using image synthesis and adversarial neural
networks methodologies. For instance, such challenges include intra- and inter-observer
variability, class imbalance, dataset shifts, and tumor heterogeneity, which complicate

the detection, diagnosis, and treatment of cancer.

This chapter further guides the definition of the generative models presented in
subsequent chapters of the present doctoral thesis, as these models and methods strive

to address several of the cancer imaging challenges uncovered in this chapter.
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2.1. Contribution: Medical Image Analysis 2023 (Review &
Meta-Analysis

2.1 Contribution: Data synthesis and adversarial net-
works: A review and meta-analysis in cancer imag-
ing

Summary:
The paper is structured as a comprehensive review that explores both the current
challenges and potential solutions in cancer imaging using GANs and adversarial

learning. The challenges are grouped into five categories:

1. Data scarcity and imbalance: GANs can generate synthetic data to overcome

the limited availability of diverse, high-quality medical imaging datasets.

2. Data access and privacy: The paper addresses issues related to patient privacy
and security, showing how GANSs can create synthetic data to bypass direct access

to sensitive patient data.

3. Data annotation and segmentation: The difficulties associated with manual
annotation and the variability in segmentation are examined, with GANs proposed

as a solution to automate these processes.

4. Cancer detection and diagnosis: GANs are applied to assist in early cancer

detection, improving diagnostic accuracy by synthesizing realistic images.

5. Treatment planning and monitoring: The role of GANs in predicting
treatment outcomes and generating imaging data to track tumor progression is

discussed.

Further, the SynTRUST meta-analysis framework is presented as a critical tool for
evaluating the robustness, reproducibility, and scalability of GAN-based solutions in
medical imaging. This paper systematically reviews these challenges, maps relevant

solutions using GANSs, and provides a direction for future research in this field.

Main Contributions:

e Comprehensive Review: The paper presents a first thorough review of gener-
ative models and adversarial learning in cancer imaging, while also categorizing
and mapping image synthesis solutions to the prevailing challenges in cancer

image analysis.
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e Introduction of SynTRUST Framework: The paper introduces the Synthesis
Study Trustworthiness Test (SynTRUST), a novel framework designed to assess

the reliability and validity of medical image synthesis studies.

e Meta-analysis of Studies: The paper meta-analyzes 16 promising studies in
cancer imaging, applying the SynTRUST framework to evaluate the validation

rigor and technical maturity of their proposed solutions.

e Research Directions: It highlights underexplored areas where generative
models could have a significant impact in cancer imaging, offering guidance for

future research.

e Bridge Between Clinical and AI Research: The paper strives to bridge the
gap between clinical needs and Al research in cancer imaging, proposing solutions

that address both medical and technological challenges.

Contributions | The dissertation author led the conceptualization, and development
of the review as well as the SynTrust meta-analysis, including the ideation, design,
validation, and manuscript preparation. Kushibar, K., Garrucho, L., Linardos, A.,
Szafranowska, Z., Klein, S., Glocker, B., Diaz, O., and Lekadir, K. provided critical
feedback and assisted in manuscript preparation.

Declaration of Doctoral Use | None of the co-authors have used, either implicitly
or explicitly, this publication for the development of their own doctoral thesis, nor do
they intend to do so in the future.

Publication | Journal: Medical Image Analysis, ISSN: 1361-8415, Publisher: Elsevier,
Journal Citation Reports (JCR) 2023, Impact Factor: 10.7

Copyright Statement | This work was originally published as: "Osuala, R.,
Kushibar, K., Garrucho, L., Linardos, A., Szafranowska, Z., Klein, S., Glocker, B.,
Diaz, O., Lekadir, K. (2023). Data synthesis and adversarial networks: A review and
meta-analysis in cancer imaging. Medical Image Analysis, 84, 102704."
https://doi.org/10.1016/3.media.2022.102704
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ARTICLE INFO ABSTRACT

Keywords:

Generative Adversarial Network
Adversarial training

Synthetic data

Trustworthiness

Despite technological and medical advances, the detection, interpretation, and treatment of cancer based
on imaging data continue to pose significant challenges. These include inter-observer variability, class
imbalance, dataset shifts, inter- and intra-tumour heterogeneity, malignancy determination, and treatment
effect uncertainty. Given the recent advancements in image synthesis, Generative Adversarial Networks (GANs),
and adversarial training, we assess the potential of these technologies to address a number of key challenges
of cancer imaging. We categorise these challenges into (a) data scarcity and imbalance, (b) data access
and privacy, (c) data annotation and segmentation, (d) cancer detection and diagnosis, and (e) tumour
profiling, treatment planning and monitoring. Based on our analysis of 164 publications that apply adversarial
training techniques in the context of cancer imaging, we highlight multiple underexplored solutions with
research potential. We further contribute the Synthesis Study Trustworthiness Test (SynTRUST), a meta-analysis
framework for assessing the validation rigour of medical image synthesis studies. SynTRUST is based on 26
concrete measures of thoroughness, reproducibility, usefulness, scalability, and tenability. Based on SynTRUST,
we analyse 16 of the most promising cancer imaging challenge solutions and observe a high validation rigour
in general, but also several desirable improvements. With this work, we strive to bridge the gap between the
needs of the clinical cancer imaging community and the current and prospective research on data synthesis
and adversarial networks in the artificial intelligence community.

1. Introduction in 2018 are lung (1.76 million), colorectal (0.86 million), stomach (0.78
million), liver (0.78 million), and breast (0.63 million) (World Health
Organization, 2018). These figures are prone to continue to increase in

consequence of the ageing and growth of the world population (Jemal

1.1. The burden of cancer and early detection

The evident improvement in global cancer survival in the last
decades is arguably attributable not only to health care reforms, but
also to advances in clinical research (e.g., targeted therapy based on
molecular markers) and diagnostic imaging technology e.g whole-body
magnetic resonance imaging (MRI) (Messiou et al., 2019), and positron
emission tomography-computed tomography (PET-CT) (Arnold et al.,
2019). Nonetheless, cancers still figure among the leading causes of
morbidity and mortality worldwide (Ferlay et al., 2015), with an ap-
proximated 9.6 million cancer related deaths in 2018 (World Health Or-
ganization, 2018). The most frequent cases of cancer death worldwide

* Corresponding author.
E-mail address: richard.osuala@ub.edu (R. Osuala).
1 Authors contributed equally

et al., 2011).

A large proportion of the global burden of cancer could be prevented
due to treatment and early detection (Jemal et al., 2011). For example,
an early detection can provide the possibility to treat a tumour before
it acquires critical combinations of genetic alterations (e.g., metastasis
with evasion of apoptosis Hanahan and Weinberg, 2000). Solid tumours
become detectable by medical imaging modalities only at an approxi-
mate size of 10° cells (~ 1 cm?) after evolving from a single neoplastic
cell typically following a Gompertzian (Norton et al., 1976) growth pat-
tern (Frangioni, 2008).? To detect and diagnose tumours, radiologists

2 In vitro studies reported a theoretical detection limit around 10° to 10° for human cancer cell lines using PET. In clinical settings, the theoretical detection
limit is larger and depends, among others, on background radiation, cancer cell line, and cancer type (Fischer et al., 2006).
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Fig. 1. Section organisation: Illustration of the structure of the present paper starting with paper sections on the left and going into detail towards the right culminating in a
selection of cancer imaging challenges and solutions. These solutions (a)-(p) are part of the solutions found in the surveyed GAN literature or are proposed extensions thereof, as

is further discussed in Section 4.

inspect, normally by visual assessment, medical imaging modalities
such as magnetic resonance imaging (MRI), computed tomography
(CT), ultrasound (US), X-ray mammography (MMG), PET (Frangioni,
2008; Itri et al., 2018; McCreadie and Oliver, 2009).

Medical imaging data evaluation is time demanding and therefore
costly in nature. In addition, volumes of new technologies (e.g., digital
breast tomosynthesis Swiecicki et al., 2021) become available and
studies generally show an extensive increase in analysable imaging
volumes (McDonald et al., 2015). Also, the diagnostic quality in radi-
ology varies and is very much dependent on the personal experience,
skills and invested time of the data examiner (Itri et al., 2018; Elmore
et al., 1994; Woo et al., 2020). Hence, to decrease cost and increase
quality, automated or semi-automated diagnostic tools can be used
to assist radiologists in the decision-making process. Such diagnos-
tic tools comprise traditional machine learning, but also recent deep
learning methods, which promise an immense potential for detection
performance improvement in radiology.

1.2. The promise of deep learning and the need for data

The rapid increase in graphics processing unit (GPU) processing
power has allowed training deep learning algorithms such as convolu-
tional neural networks (CNNs) (Fukushima, 1980; LeCun et al., 1989,
1998) on large image datasets achieving impressive results in Computer
Vision (CireAan et al., 2012; Krizhevsky et al., 2012), and Cancer
Imaging (Ciresan et al., 2013). In particular, the success of AlexNet
in the 2012 ImageNet challenge (Krizhevsky et al., 2012) triggered
an increased adoption of deep neural networks to a multitude of
problems in numerous fields and domains including medical imaging,
as reviewed in Shen et al. (2017), Zhou et al. (2021) and Litjens
et al. (2017). Despite the increased use of medical imaging in clinical
practice, the public availability of medical imaging data remains lim-
ited (McDonald et al., 2015). This represents a key impediment for the
training, research, and use of deep learning algorithms in radiology and
oncology. Clinical centres refrain from sharing such data for ethical,
legal, technical, and financial (e.g., costly annotation) reasons (Bi et al.,
2019).

Such cancer imaging data not only is necessary to train deep learn-
ing models, but also to provide them with sufficient learning possibility
to acquire robustness and generalisation capabilities. We define ro-
bustness as the property of a predictive model to remain accurate
despite of variations in the input data (e.g., noise levels, resolution,
contrast, etc.). We refer to a model’s generalisation capability as its
property of preserving predictive accuracy on new data from unseen
sites, hospitals, scanners, etc. Both of these properties are in particular
desirable in cancer imaging considering the frequent presence of biased
or unbalanced data with sparse or noisy labels.® Both robustness and
generalisation are essential to demonstrate the trustworthiness of a
deep learning model for usage in a clinical setting, where every edge-
case needs to be detected and a false negative can potentially cost the
life of a patient.

1.3. Synthetic cancer imaging data

We hypothesise that the variety of data needed to train robust
and well-generalising deep learning models for cancer images can be
largely synthetically generated using Generative Adversarial Networks
(GANs) (Goodfellow et al., 2014). The adversarial learning scheme in
GANs is based on a generator that generates synthetic (alias ‘fake’)
samples of a target distribution trying to fool a discriminator, which
classifies these samples as either real or fake. Various papers have
provided reviews of GANs in the medical imaging domain (Yi et al.,
2019; Kazeminia et al., 2020; Tschuchnig et al., 2020; Sorin et al.,
2020; Lan et al., 2020; Singh and Raza, 2020), but they focused on
general presentation of the main methods and possible applications.
In cancer imaging, however, there are specificities and challenges that
call for specific implementations and solutions based on GANs and the
adversarial learning scheme at large, including:

(i) the small size and complexity of cancerous lesions

3 Alongside tumour manifestation heterogeneity, and multi-centre, multi-
organ, multi-modality, multi-scanner, and multi-vendor data.
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Cancer Imaging
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Fig. 2. Overview of the most common organs and modalities targeted by the surveyed
cancer imaging publications. A respective histogram that shows the number of papers
per modality and per organ can be found in Fig. 15.

(ii) the high heterogeneity between tumours within as well as be-
tween patients and cancer types

(iii) the difficulty to annotate, delineate and label cancer imaging
studies at large scale

(iv) the high data imbalance in particular between healthy and
pathological subjects or between benign and malignant cases

(v) the difficulty to gather large consented datasets from highly
vulnerable patients undergoing demanding care plans

Hence, the present paper contributes a unique perspective and com-
prehensive analysis of adversarial networks attempting to address the
specific challenges in the cancer imaging domain. To the authors’ best
knowledge, this is the first survey that exclusively focuses on GANs and
adversarial training in cancer imaging. In this context, we define cancer
imaging as the entirety of approaches for research, diagnosis, and treat-
ment of cancer based on medical images. Our survey comprehensively
analyses cancer imaging GAN and adversarial training applications
focusing on radiology modalities. As presented in Fig. 2, we recognise
that non-radiology modalities are also widely used in cancer imaging.
For this reason, we do not restrict the scope of our survey to radiology,
but rather also analyse relevant publications in these other modalities
including histopathology and cytopathology (e.g., in Section 4.5), and
dermatology (e.g., in Sections 4.3 and 4.4).

Further, our survey uncovers and highlights promising research di-
rections for adversarial networks and image synthesis that can facilitate
the sustainable adoption of Al in clinical oncology and radiology.

1.4. Section organisation

The remainder of this paper is organised as follows. In Section 2,
we introduce the methodology of this review. Section 3 provides an
overview of GANs and highlights extensions of the adversarial learning
framework relevant to cancer imaging. Section 4 contains the main
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contribution that encompasses the systematic review of challenges of
cancer imaging and potential solutions based on adversarial networks.
This organisation is depicted in more detail in Fig. 1.

The different challenges are categorised into groups in the Sections
4.1, 4.2, 4.3, 4.4, and 4.5. Each of the challenges categories contains
several specific cancer imaging challenges, which we introduce and
discuss in 4.1.1-4.5.3. The sections are organised in an independent
way allowing the reader to directly jump to a particular cancer imaging
category (4.1-4.5) of interest without requiring context from previous
sections. For each of the specific challenges, we survey and discuss
potential solutions, as depicted in Fig. 1(a)-(p).

The subsequent Section 5 contains our second core contribution,
which consists of the SynTRUST framework for systematic analysis
of trustworthiness criteria of image synthesis and adversarial training
publications in medical imaging. Based on this framework, we meta-
analyse a set of studies selected based on their strong performance and
promising methodology for solving a specific cancer imaging challenge.

After learning how and to what extent image synthesis and adversar-
ial training solutions have addressed cancer imaging challenges in the
past, we highlight and discuss prospective avenues of future research in
the Discussion Section 6 and point out unexploited potential of image
synthesis and adversarial networks in cancer imaging.

2. Review methodology

Our review comprises two comprehensive literature screening pro-
cesses. The first screening process surveyed the current challenges
in the field of cancer imaging with a focus on radiology imaging
modalities. After screening and gaining a deepened understanding of
Al-specific and general cancer imaging challenges, we grouped these
challenges for further analysis into the following five categories.

Data scarcity and usability challenges (Section 4.1); discussing
dataset shifts, class imbalance, fairness, generalisation, domain
adaptation and the evaluation of synthetic data.

Data access and privacy challenges (Section 4.2); comprising pa-
tient data sharing under privacy constraints, security risks, and
adversarial attacks.

Data annotation and segmentation challenges (Section 4.3); dis-
cussing costly human annotation, high inter and intra-observer
variability, and the consistency of extracted quantitative features.
Detection and diagnosis challenges (Section 4.4); analysing the chal-
lenges of high diagnostic error rates among radiologists, early
detection, and detection model robustness.

Treatment and monitoring challenges (Section 4.5); examining chal-
lenges of high inter and intra-tumour heterogeneity, phenotype
to genotype mapping, treatment effect estimation and disease
progression.

The second screening process comprised first of a generic and sec-
ond a specific literature search to find all papers that apply adversarial
learning (i.e. GANSs) to cancer imaging. In the generic literature search,
generic search queries such as ‘Cancer Imaging GAN’, ‘Tumour GANSs’
or ‘Nodule Generative Adversarial Networks’ were used to recall a
high number of papers. The specific search focused on answering key
questions of interest to the aforesaid challenges such as ‘Carcinoma Do-
main Adaptation Adversarial’, ‘Skin Melanoma Detection GAN’, ‘Brain
Glioma Segmentation GAN’, or ‘Cancer Treatment Planning GAN’.

In Section 4, we map the papers that propose adversarial training
and GAN applications applied to cancer imaging (second screening)
to the surveyed cancer imaging challenges (first screening). The map-
ping of these GAN-related papers to challenge categories facilitates
analysing the extent to which existing solutions solve the current cancer
imaging challenges and helps to identify gaps and further potential
for adversarial networks in this field. The mapping is based on the
evaluation criteria used in the GAN-related papers and on the relevance
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of the reported results to the corresponding section. For example, if
a GAN generates synthetic data that is used to train and improve a
tumour detection model, then this paper is assigned to the detection
and diagnosis challenge Section 4.4. If a papers describes a GAN that
improves a segmentation model, then this paper is assigned to the
segmentation and annotation challenge Section 4.3, and so forth.

To gather the literature (e.g., first papers describing cancer imaging
challenges, second papers proposing GAN solutions), we have searched
in medical imaging, computer science and clinical conference proceed-
ings and journals, but also freely on the web using the search engines
Google, Google Scholar, and PubMed. After retrieving all papers with
a title related to the subject, their abstract was read to filter out non-
relevant papers. A full-text analysis was done for the remaining papers
to determine whether they were to be included into our manuscript.
We analysed the reference sections of the included papers to find addi-
tional relevant literature, which also underwent filtering and full-text
screening. Applying this screening process, we reviewed and included a
total of 164 GAN and adversarial training cancer imaging publications
comprising both peer-reviewed articles and conference papers, but also
relevant preprints from arXiv and bioRxiv.

Details about these 164 cancer imaging applications can be found
in Tables 2-6. The distribution of these publications across challenge
category, year, modality, and anatomy is outlined in Fig. 15.

The methodology for deriving and applying the SynTRUST meta-
analysis framework, which assesses the validity and trustworthiness of
medical image synthesis studies, is provided in Section 5.

3. GANs and extensions
3.1. Introducing the theoretical underpinnings of GANs

Generative Adversarial Networks (GANs) (Goodfellow et al., 2014)
are a type of generative model with a differentiable generator net-
work (Goodfellow et al., 2016). GANs are formalised as a minimax
two-player game, where the generator network (G) competes against
an adversary network called discriminator (D). As visualised in Fig. 3,
given a random noise distribution z, G generates samples x = G(z; 6(g))
that D classifies as either real (drawn from training data, i.e. x ~ p;,.,)
or fake (drawn from G, i.e. x ~ p,). x is either sampled from p,, or
from e with a probability of 50%. D outputs a value p = D(x;6(d))
indicating the probability that x is a real training example rather
than one of G’s fake samples (Goodfellow et al., 2016). As defined
by Goodfellow et al. (2014), the task of the discriminator can be
characterised as binary classification (CLF) of samples x. Hence, the
discriminator can be trained using binary-cross entropy resulting in the
following loss function L p:

Lp=-E [logD(x)] +E.., [log(1 — D(G(2)))] @

X~Pdata

D’s training objective is to minimise L (or maximise —L ;) while the

goal of the generator is the opposite (i.e. minimise —L ) resulting in

the value function V (G, D) of a two-player zero-sum game between D

and G:

rrgn max V(D,G) = rrgn mDax[]ExN,,dnm [log D(x)] @
+E.,, [log(1 = D(G(2))]]

In theory, in convergence, the generator’s samples become indis-
tinguishable from the real training data (x ~ py,, = p,) and the
discriminator outputs p = 1/2 for any given sample x (Goodfellow et al.,
2016). As this is a state where both D and G cannot improve further
on their objective by changing only their own strategy, it represents
a Nash equilibrium (Farnia and Ozdaglar, 2020; Nash et al., 1950). In
practice, achieving convergence for this or related adversarial training
schemes is an open research problem (Kodali et al., 2017; Mescheder
et al., 2018; Farnia and Ozdaglar, 2020).
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3.2. Extensions of the Vanilla GAN methodology

As indicated by Fig. 4, numerous extensions of GANs have shown
to generate synthetic images with high realism (Karras et al., 2017,
2019, 2020; Chan et al., 2020) and under flexible conditions (Mirza and
Osindero, 2014; Odena et al., 2017; Park et al., 2018). GANs have been
successfully applied to generate high-dimensional data such as images
and, more recently, have also been proposed to generate discrete
data (Hjelm et al., 2017). Apart from image generation, GANs have
also widely been proposed and applied for paired and unpaired image-
to-image translation, domain-adaptation, data augmentation, image
inpainting, image perturbation, super-resolution, and image registra-
tion and reconstruction (Yi et al., 2019; Kazeminia et al., 2020; Wang
et al., 2019b).

Table 1 introduces a selection of common GAN extensions found to
be frequently applied to cancer imaging. For each GAN methodology in
this and the Tables 1-6, we define the ‘Task’ describing the application
of the respective adversarial network. For instance, in ‘noise-to-image
synthesis’ the input into the generator G consists of a noise vector
that G translates into an image. A further input into G can be a
class label as in ‘class-conditional-image-synthesis’ based on which an
output is generated that corresponds to this class. Paired and unpaired
translation refer to the task where the input into G is a sample (e.g. an
image in the source domain) based on which G generates another
sample (e.g. an image in the target domain). This translation is paired
if the training data consists of target and source domain sample pairs.
The key characteristics of each of the GAN extensions of Table 1 are
described in the following paragraphs.

3.2.1. Noise-to-image GAN extensions

As depicted in blue in Fig. 3, cGAN adds a discrete label as condi-
tional information to the original GAN architecture that is provided as
input to both generator and discriminator to generate class conditional
samples (Mirza and Osindero, 2014).

AC-GAN feeds the class label only to the generator while the dis-
criminator is tasked with correctly classifying both the class label and
whether the supplied image is real or fake (Odena et al., 2017).

WGAN is motivated by mathematical rationale and based on the
Wasserstein-1 distance (alias ‘earth mover distance’ or ‘Kantorovich
distance’) between two distributions. WGAN extends on the theoretic
formalisation and optimisation objective of the vanilla GAN to better
approximate the distribution of the real data. By applying an alternative
loss function (i.e. Wasserstein loss), the discriminator (alias ‘critic’
or ‘f,’) maximises — and the generator minimises — the difference
between the critic’s scores for generated and real samples. A important
benefit of WGAN is the empirically observed correlation of the loss with
sample quality, which helps to interpret WGAN training progress and
convergence (Arjovsky et al., 2017).

In WGAN, the weights of the critic are clipped, which means they
have to lie within a compact space [—c, ¢]. This is needed to fulfil that
the critic is constraint to be in the space of 1-Lipschitz functions. With
clipped weights, however, the critic is biased towards learning simpler
functions and prone to have exploding or vanishing gradients if the
clipping threshold ¢ is not tuned with care (Gulrajani et al., 2017;
Arjovsky et al., 2017).

In WGAN-GP, the weight clipping constraint is replaced with a gra-
dient penalty. Gradient penalty of the critic is a tractable and soft ver-
sion of the following notion: By constraining that the norm of the gra-
dients of a differentiable function is at most 1 everywhere, the function
(i.e. the critic) would fulfil the 1-Lipschitz criterion without the need
of weight clipping. Compared, among others, to WGAN, WGAN-GP was
shown to have improved training stability (i.e. across many different
GAN architectures), training speed, and sample quality (Gulrajani et al.,
2017).

DCGAN generates realistic samples using a convolutional network
architecture with batch normalisation (loffe and Szegedy, 2015) for
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Fig. 3. An example of a generic GAN architecture applied to generation of synthetic mammography region of interest (ROI) images based on the INbreast dataset (Moreira et al.,
2012). Note that including the ‘Condition’ depicted in blue colour extends the vanilla GAN architecture (Goodfellow et al., 2014) to the cGAN architecture (Mirza and Osindero,

2014).

both generator and discriminator and progressively increases the spa-
tial dimension in the layers of the generator using transposed convolu-
tion (alias ‘fractionally-strided convolution’) (Radford et al., 2015).

PGGAN is tested with loss and configurations introduced in WGAN
GP. It starts by generating low pixel resolution images, but progres-
sively adds new layers to the generator and discriminator during train-
ing resulting in increased pixel resolution and finer image details. It is
suggested that after early convergence of initial low-resolution layers,
the introduced additional layers enforce the network to only refine
the learned representations by increasingly smaller-scale effects and
features (Karras et al., 2017).

In SRGAN, the generator transforms a low-resolution (LR) to a high-
resolution (HR, alias ‘super-resolution’) image, while the discriminator
learns to distinguish between real high-resolution images and fake
super-resolution images. Apart from an adversarial loss, a perceptual
loss called ‘content loss’ measures how well the generator represents
higher level image features. This content loss is computed as the
euclidean distance between feature representations of the reconstructed
image and the reference image based on feature maps of a pretrained
19 layer VGG (Simonyan and Zisserman, 2014) network (Ledig et al.,
2017).

3.2.2. Image-to-image GAN extensions

In image-to-image translation, a mapping is learned from one image
distribution to another. For example, images from one domain can be
transformed to resemble images from another domain via a mapping
function implemented by a GAN generator.

CycleGAN achieves realistic unpaired image-to-image translation
using two generators (G, F) with one traditional adversarial loss
each and an additional cycle-consistency loss. Unpaired image-to-image
translation transforms images from domain X to another domain Y
in the absence of paired training data i.e. corresponding image pairs
for both domains. In CycleGAN, the input image x from domain X
is translated by generator G(x) to resemble a sample from domain Y.
Next, the sample is translated back from domain Y to domain X by
generator F(G(x)). The cycle consistency loss enforces that F(G(x)) ~ x
(forward cycle consistency) and that G(F(y)) ~ y (backward cycle
consistency) (Zhu et al., 2017).

Both pix2pix and SPADE are used in paired image-to-image trans-
lation where corresponding image pairs for both domains X and Y

are available. pix2pix (alias ‘condGAN’) is a conditional adversarial
network that adapts the U-Net architecture* (Ronneberger et al., 2015)
for the generator to facilitate encoding an conditional input image into
a latent representation before decoding it back into an output image.
pix2pix uses L1 loss to enforce low level (alias ‘low frequency’) image
reconstruction and a patch-based discriminator (‘PatchGAN’) to enforce
high level (alias ‘high frequency’) image reconstruction that the authors
suggest to interpret as texture/style loss. Note that the input into
the PatchGAN discriminator is a concatenation® of the original image
(i.e. the generator’s input image; e.g. this can be a segmentation map)
and the real/generated image (i.e. the generator’s output image) (Isola
et al., 2017).

In SPADE, the generator architecture does not rely on an encoder
for downsampling, but uses a conditional normalisation method during
upsampling instead: A segmentation mask as conditional input into
the SPADE generator is provided to each of its upsampling layers via
spatially-adaptive residual blocks. These blocks embed the masks and
apply two two-layer convolutions to the embedded mask to get two ten-
sors with spatial dimensions. These two tensors are multiplied/added
to each upsampling layer prior to its activation function. The authors
demonstrate that this type of normalisation achieves better fidelity
and preservation of semantic information in comparison to other nor-
malisation methods that are commonly applied in neural networks
(e.g., Batch Normalisation). The multi-scale discriminators and the loss
functions from pix2pixHD (Wang et al., 2018a) are adapted in SPADE,
which contains a hinge loss (i.e. as substitute of the adversarial loss),
a perceptual loss, and a feature matching loss (Park et al., 2019).

3.2.3. GAN network architectures and adversarial loss

For further methodological detail on the aforementioned GAN meth-
ods, loss functions, and architectures, we point the interested reader
to the GAN methods review by Wang et al. (2019b). Due to the

4 To reduce information loss in latent space compression, U-Net uses skip
connections between corresponding layers (e.g., first to last) in the encoder
and decoder.

5 Note the concatenation of real A and fake B before computing the loss in
the discriminator backward pass (L93) in the authors’ pix2piximplementation.
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Table 1

A selection of the GAN architectures that we found to be the ones most frequently applied in cancer imaging.
Publication Input G Input D Losses Task
Noise to image
GAN (Goodfellow et al., 2014) Noise Image Binary cross-entropy based Noise-to-image synthesis

adversarial loss (L, )

Conditional GAN (cGAN) (Mirza and Noise & label Image & label Lypy Class-conditional image
Osindero, 2014) synthesis
Auxiliary classifier GAN (AC-GAN) (Odena Noise & label Image L,p, & cross-entropy loss (label Class-conditional image
et al., 2017) classification) synthesis
Deep convolutional GAN (DCGAN) (Radford ~ Noise Image Lypy Noise-to-image synthesis
et al., 2015)
Wasserstein GAN (WGAN) (Arjovsky et al., Noise Image Wasserstein 1oss (Ly gay) Noise-to-image synthesis
2017)
WGAN gradient penalty (WGAN GP) Noise Image Ly gan With GP (Lygan—gp) Noise-to-image synthesis
(Gulrajani et al., 2017)
Progressively growing GAN (PGGAN) Noise Image Ly Gan-cp Noise-to-image synthesis
(Karras et al., 2017)
Image to Image
Super-Resolution GAN (SRGAN) (Ledig Image (LR) Image (HR) L,py & content loss (based on Super-resolution

et al., 2017)

VGG features)

CycleGAN (Zhu et al., 2017) Source image

Target image

L,py & cycle consistency loss &
identity loss

Unpaired image-to-image
translation

pix2pix (Isola et al., 2017) Source image

Concatenated source and
target images

L,py & reconstruction loss (i.e. Paired image-to-image
L1) translation

Noise or encoded source
image & segmentation map

SPatially-adaptive (DE)normalization
(SPADE) (Park et al., 2019)

Concatenated target image
and segmentation map

Hinge & perceptual & feature
matching losses (from Wang
et al., 2018a)

Paired image-to-image
translation

image processing capabilities of CNNs (LeCun et al., 1989), the above-
mentioned GAN architectures generally rely on CNN layers internally.
Recently, TransGAN (Jiang et al., 2021) and VQGAN (Esser et al.,
2021) were proposed, which diverges from the CNN design pattern
to using Transformer Neural Networks (Vaswani et al., 2017). Due
to the promising performances of these approaches in computer vi-
sion tasks, we encourage future studies to investigate the potential
of transformer-based GANs for applications in medical and cancer
imaging.

Multiple deep learning architectures apply the adversarial loss pro-
posed in Goodfellow et al. (2014) together with other loss functions
(e.g., segmentation loss functions) for other tasks than image gener-
ation (e.g., image segmentation). This adversarial loss is useful for
unsupervised learning of features and representations that are invariant
to some part of the training data. For instance, adversarial learning
can be useful to discriminate a domain to learn domain-invariant
representations (Ganin and Lempitsky, 2015), as has been success-
fully demonstrated for medical images (Kamnitsas et al., 2017). Such
methods that apply the adversarial loss internally are referred to as
‘adversarial training’ methods and are included in the scope of our
survey. That is, we include and consider all relevant cancer imaging
papers that apply or build upon the adversarial learning scheme de-
fined in Goodfellow et al. (2014), which comprises GANs as well as
adversarial training methods.

4. Cancer imaging challenges addressed by data synthesis and
adversarial networks

In this section we follow the structure presented in Fig. 1, where
we categorise cancer imaging challenges into five categories consisting
of data scarcity and usability (4.1), data access and privacy (4.2), data
annotation and segmentation (4.3), detection and diagnosis (4.4), and treat-
ment and monitoring (4.5). In each subsection, we group and analyse
respective cancer imaging challenges and discuss the potential and the
limitations of corresponding GAN-based data synthesis and adversarial
training solutions. In this regard, we also identify and highlight key
needs to be addressed by researchers in the field of cancer imaging

GANSs towards solving the surveyed cancer imaging challenges. We pro-
vide respective Tables 2-6 for each Sections 4.1-4.5 containing relevant
information (publication, method, dataset, modality, task, highlights)
for all of the reviewed cancer imaging GAN solutions.

Chronology of key innovations. The most commonly applied adversarial

network methodologies in cancer imaging are summarised chronologi-
cally in Fig. 4. Next to each network (a)-(m), the number of occurrence
per cancer imaging challenge category 4.1-4.5 is highlighted.

Following Vanilla GANs 4(a), four main lines of innovations have
been widely adopted in cancer imaging. These are methods that con-
dition the synthetic data generation e.g. ¢cGAN 4(b), methods that
improve upon the network architecture e.g. DCGAN 4(c), methods
that improve upon the adversarial loss function e.g. WGAN 4(g), and
methods that backpropagate the adversarial loss for representation
learning, e.g. domain-invariant representations 4(d).

As to conditional methods, further key innovations have been AC-
GAN’s 4(f) discriminator classifying the input condition, and methods
that conditioning the generation based on an input image using ad-
ditional reconstruction (e.g., pix2pix 4(e), cycleGAN 4(h)) or percep-
tual (e.g., SRGAN 4(i)) losses. Recent approaches (e.g., SPADE 4(1))
innovate regarding how the input image is provided to the genera-
tor network, e.g., via spatially-adaptive residual blocks in upsampling
layers.

WGAN’s 4(g) loss based on the discriminator estimating the
Wasserstein-1 distance between real and synthetic image distributions
is a widely used and extended (e.g., WGAN-GP 4(j)) alternative to the
vanilla binary-cross entropy adversarial loss in cancer imaging.

The architectural innovation of progressive network growing 4(k)
unlocked high-resolution cancer image generation and is adopted by
recent approaches such as StyleGAN 4(m), which introduced adaptive
instance normalisation and pioneered noise (and style condition) input
via intermediate activation maps.

4.1. Data scarcity and usability challenges
4.1.1. Challenging dataset sizes and shifts

Although data repositories such as The Cancer Imaging Archive
(TCIA) (Clark et al., 2013) have made a wealth of cancer imaging
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Fig. 4. The chronological evolution of adversarial networks in cancer imaging based on the commonly applied GAN types (a)-(m). The shape of the respective GAN indicates its
mapping function, e.g., a trapezium represents a noise-to-image mapping function. For each cancer imaging challenge category surveyed in 4, the number of occurrences of each
GAN type (a)-(m) is counted across reviewed publications. The illustration abbreviates challenge categories as SCA: 4.1 Data scarcity and usability challenges, PRI: 4.2 Data access
and privacy challenges, SEG: 4.3 Data annotation and segmentation challenges, DET: 4.4 Detection and diagnosis challenges, TRE: 4.5 Treatment and monitoring challenges.

data available for research, the demand is still far from satisfied. As
a result, data augmentation techniques are widely used to artificially
enlarge the existing datasets, traditionally including simple spatial
(e.g., flipping, rotation) or intensity transformations (e.g., noise inser-
tion) of the true data. GANs have shown promise as a more advanced
augmentation technique and have already seen use in medical and
cancer imaging (Han et al., 2018; Yi et al., 2019).

Aside from the issue of lacking sizeable data, data scarcity often
forces studies to be constrained on small-scale single-centre datasets.
The resulting findings and models are likely to not generalise well
due to diverging distributions between the (synthetic) datasets seen
in training and those seen in testing or after deployment, a phe-
nomenon known as dataset shift (Quionero-Candela et al., 2009).° An
example of this in clinical practice are cases where training data is
preselected from specific patient sub-populations (e.g., only high-risk
patients) resulting in bias and limited generalisability to the broad
patient population (Troyanskaya et al., 2020; Bi et al., 2019).

From a causality perspective, dataset shift can be split into several
distinct scenarios (Castro et al., 2020):

* Population shift, caused by differences in age, sex, ethnicities etc.

« Acquisition shift, caused by differences in scanners, resolution,
contrast etc.

« Annotation shift, caused by differences in annotation policy, anno-
tator experience, segmentation protocols etc.

* Prevalence shift, caused by differences in the disease prevalence in
the population, often resulting from artificial sampling of data

* Manifestation shift, caused by differences in how the disease is
manifested

GANs may inadvertently introduce such types of dataset shifts
(e.g., due to mode collapse Goodfellow et al., 2014), but it has been
shown that this shift can be studied, measured and avoided (Santurkar

6 More concretely, this describes a case of covariate shift (Quionero-Candela
et al., 2009; Shimodaira, 2000) defined by a change of distribution within the
independent variables between two datasets.

et al., 2018; Arora et al., 2018). GANs can be a sophisticated tool for
data augmentation or curation (Diaz et al., 2021) and by calibrating
the type of shift introduced, they have the potential to turn it into an
advantage, generating diverse training data that can help models gen-
eralise better to unseen target domains. The research line studying this
problem is called domain generalisation, and it has presented promising
results for harnessing adversarial models towards learning of domain-
invariant features (Zhou et al., 2021). GANs and adversarial training
have been used in various ways in this context, using multi-source
data to generalise to unseen targets (Rahman et al., 2019; Li et al.,
2018) or in unsupervised domain generalisation using adaptive data
augmentation to append adversarial examples iteratively (Volpi et al.,
2018). As indicated in Fig. 1(a), the domain generalisation research line
has recently been further extended to cancer imaging (Lafarge et al.,
2019; Chen et al., 2021).

In the following, further cancer imaging challenges in the realm of
data scarcity and usability are described and related GAN solutions are
referenced. Given these challenges and solutions, we derive a work-
flow for clinical adoption of (synthetic) cancer imaging data, which is
illustrated in Fig. 5.

4.1.2. Imbalanced data and fairness

Apart from the rise of data-hungry deep learning solutions and the
need to cover the different organs and data acquisition modalities, a
major problem that arises from data scarcity is that of imbalance—
i.e. the overrepresentation of a certain type of data over others (Bi
et al., 2019). In its more common form, imbalance of diagnostic labels
can hurt a model’s specificity or sensitivity, as a prior bias from the
data distribution may be learned. The Lung Screening Study (LSS)
Feasibility Phase exemplifies the common class imbalance in cancer
imaging data: 325 (20.5%) suspicious lung nodules were detected in
the 1586 first low-dose CT screening, of which only 30 (1.89%) were
lung cancers (Gohagan et al., 2004, 2005; NLST Research Team, 2011).
This problem directly translates to multi-task classification (CLF), with
imbalance between different types of cancer leading to worse sensitivity
on the underrepresented categories (Yu et al., 2013). It is important
to note that by solving the imbalance with augmentation techniques,
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Fig. 5. Illustration of a workflow that applies GANs to the challenges of data scarcity and data curation. After the GAN generates synthetic data specific to the issue at hand, the
data is automatically and manually evaluated before further used in medical AI research. Ultimately, both synthetic data and medical Al models are integrated as decision support

tools into clinical practice.

bias is introduced as the prior distribution is manipulated, causing
prevalence shift. As such, the test set should preserve the population
statistics. Aside from imbalance of labels, more insidious forms of
imbalance such as that of race/ethnicity (Adamson and Smith, 2018)
or gender (Larrazabal et al., 2020) of patients are easily omitted in
studies. This leads to fairness problems in real world applications as
underrepresenting such categories in the training set will hurt per-
formance on these categories in the real world (population shift) (Li
et al.,, 2021a). Because of their potential to generate synthetic data,
GANs are a promising solution to the aforementioned problems and
have already been thoroughly explored in this regard in Computer
Vision (Sampath et al., 2021; Mullick et al., 2019). Concretely, the
discriminator and generator can be conditioned on underrepresented
labels, forcing the generator to create images for a specific class,” as
indicated in Fig. 1(d). Many lesions classifiable by complex scoring
systems such as RADS reporting are rare and, hence, effective con-
ditional data augmentation is needed to improve the recognition of
such lesions by ML detection models (Kazuhiro et al., 2018). GANs
have already been used to adjust label distributions in imbalanced
cancer imaging datasets, e.g. by generating underrepresented grades
in a risk assessment scoring system (Hu et al.,, 2018b) for prostate
cancer. A further promising applicable method is to enrich the data
using a related domain as proxy input (Addepalli et al., 2020). Towards
the goal of a more diverse distribution of data with respect to gender
and ethnicity, similar principles can be applied. For instance, Li et al.
(2021a) proposed an adversarial training scheme to improve fairness
in classification of skin lesions for underrepresented groups (age, sex,
skin tone) by learning a neutral representation using an adversarial bias
discrimination loss. Fairness imposing GANs can also generate synthetic
data with a preference for underrepresented groups, so that models
may ingest a more balanced dataset, improving demographic parity
without excluding data from the training pipeline. Such models have
been trained in computer vision tasks (Sattigeri et al., 2018; Wang
et al., 2019a; Zhang et al., 2018a; Xu et al., 2018; Beutel et al., 2017),
but corresponding research on medical and cancer imaging denoted by
Fig. 1(c) has been limited (Li et al., 2021a; Ghorbani et al., 2020).

7 The class can be something as simple as ‘malignant’ or ‘benign’, or a more
complex score for risk assessment of a tumour such as the BiRADs scoring
system for breast tumours (Liberman and Menell, 2002).

4.1.3. Cross-modal data generation

In cancer, multiple acquisition modalities are enlisted in clinical
practice (Kim et al., 2016; Chen et al., 2017; Barbaro et al., 2017; Chang
et al., 2020b,a); thus automated diagnostic models should ideally learn
to interpret various modalities as well or learn a shared representation
of these modalities. Conditional GANs offer the possibility to generate
one or multiple (Yurt et al., 2019; Li et al., 2019a; Zhou et al.,
2020) modalities from another, alleviating the need to actually perform
the potentially more harmful screenings—i.e. high-dose CT, PET—that
expose patients to radiation, or require invasive contrast agents such as
intravenous iodine-based contrast media (ICM) in CT (Haubold et al.,
2021), gadolinium-based contrast agents in MRI (Zhao et al., 2020a) (in
Table 5) or radioactive tracers in PET (Wang et al., 2018b; Zhao et al.,
2020Db). Furthermore, extending the acquisition modalities used in a
given task would also enhance the performance and generalisability of
Al models, allowing them to learn shared representations among these
imaging modalities (Bi et al., 2019; Hosny et al., 2018). Towards this
goal, multiple GAN domain-adaptation solutions have been proposed to
generate CT using MRI (Wolterink et al., 2017; Kearney et al., 2020b;
Tanner et al., 2018; Kaiser and Albarqouni, 2019; Nie et al., 2017;
Kazemifar et al., 2020; Prokopenko et al., 2019), PET from MRI (Wang
et al., 2018b), PET from CT (Ben-Cohen et al., 2017; Bi et al., 2017) (in
Table 5), and CT from PET as in Armanious et al. (2020), where also
GAN-based PET denoising and MR motion correction are demonstrated.
If not indicated otherwise, these image-to-image translation studies are
outlined in Table 2. Because of its complexity, clinical cancer diagnosis
is based not only on imaging but also non-imaging data (genomic,
molecular, clinical, radiological, demographic, etc.). In cases where this
data is readily available, it can serve as conditional input to GANs
towards the generation of images with the corresponding phenotype—
genotype mapping, as is also elaborated in regard to tumour profiling
for treatment in Section 4.5.1. A multimodal cGAN was recently devel-
oped, conditioned on both images and gene expression code (Xu et al.,
2020); however, research along this line is otherwise limited.

4.1.4. Feature hallucinations in synthetic data

As displayed in Fig. 6 and denoted in Fig. 1(b), conditional GANs
can unintentionally® hallucinate non-existent artifacts into a patient
image. This is particularly likely to occur in cross-modal data aug-
mentation, especially but not exclusively if the underlying dataset is

8 Intentional feature injection or removal is discussed in 4.2.5.
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Fig. 6. Example of a GAN that translates Film Scanned MMG (source) to Full-Field Digital MMG (target). The generator transforms ‘benign’ source images (triangles) into ‘malignant’
target images (plus symbols). As opposed to source, the target domain contains more malignant MMGs than benign ones. If the discriminator thus learns to associate malignancy
with realness, this incentivises the generator to inject malignant features (depicted by dotted arrows). For simplicity additional losses (e.g., reconstruction losses) are omitted.

imbalanced. For instance, Cohen et al. (2018a) describe GAN image
feature hallucinations embodied by added and removed brain tumours
in cranial MRI. The authors tested the relationship between the ratio of
tumour images in the GAN target distribution and the ratio of images
diagnosed with tumours by a classifier. The classifier was trained on the
GAN generated target dataset, but tested on a balanced holdout test
set. It was thereby shown that the generator of CycleGAN effectively
learned to hide source domain image features in target domain images,
which arguably helped it to fool its discriminator. Paired image-to-
image translation with pix2pix (Isola et al., 2017) was more stable, but
still some hallucinations were shown to likely have occurred. A cause
for this can be a biased discriminator that has learned to discriminating
specific image features (e.g., tumours) that are more present in one
domain. Cohen et al. (2018a,b) and Wolterink et al. (2018) warn
that models that map source to target images, have an incentive to
add/remove features during translation if the feature distribution in
the target domain is distinct from the feature distribution in the source
domain.’

Domain-adaptation with unpaired image-to-image translation GANs
such as CyleGAN has become increasingly popular in cancer imag-
ing (Wolterink et al., 2017; Tanner et al., 2018; Modanwal et al., 2019;
Fossen-Romsaas et al., 2020; Zhao et al., 2020b; Hognon et al., 2019;
Mathew et al., 2020; Kearney et al., 2020b; Peng et al., 2020; Jiang
et al., 2018; Sandfort et al., 2019). As described, these methods are
hallucination-prone and, thus, can put patients at risk when used in
clinical settings. More research is needed on how to robustly avoid
or detect and eliminate hallucinations in generated data. To this end,
we highlight the potential of investigating feature preserving image
translation techniques and methods for evaluating whether features
have been accurately translated. For instance, in the presence of feature
masks or annotations, an additional local reconstruction loss can be
introduced in GANs that enforces feature translation in specific image
areas.

4.1.5. Data curation and harmonisation
Aside from the limited availability of cancer imaging datasets, a
major problem is that the ones available are often not readily useable

9 For example, if one domain contains mainly healthy images, while the
other domain contains mainly pathological images.

and require further curation (Hosny et al., 2018). Curation includes
dataset formatting, normalising, structuring, de-identification, quality
assessment and other methods to facilitate subsequent data processing
steps, one of which is the ingestion of the data into AI models (Diaz
et al,, 2021). In the past, GANs have been proposed for curation
of data labelling, segmentation and annotation of images (details in
Section 4.3) and de-identification of facial features, EHRs, etc (details
in Section 4.2). Particular to cancer imaging datasets and of significant
importance is the correction of artifacts, such as patient motion, metal-
lic objects, chemical shifts and others caused by the image processing
pipeline (Pusey et al., 1986; Nehmeh et al., 2002), which run the risk
of confusing models with spurious information. Towards the principled
removal of artifacts, several GAN solutions have been proposed (Vu
et al., 2020b; Koike et al., 2020; Armanious et al., 2020). As for the
task of reconstruction of compressed data (e.g., compressed sensing
MRI Mardani et al., 2017), markedly, Yang et al. (2018a) proposed
DAGAN, which is based on U-Net (Ronneberger et al., 2015), reduces
aliasing artifacts, and faithfully preserves texture, boundaries and edges
(of brain tumours) in the reconstructed images. Kim et al. (2018a)
feed down-sampled high-resolution brain tumour MRI into a GAN
framework similar to pix2pix to reconstruct high-resolution images
with different contrast. The authors highlight the possible acceleration
of MR imagery collection while retaining high-resolution images in
multiple contrasts, necessary for further clinical decision-making. As
relevant to the context of data quality curation, GANs have also been
proposed for image super-resolution in cancer imaging (e.g., for lung
nodule detection Gu et al., 2020, abdominal CT You et al., 2019, and
breast histopathology Shahidi, 2021).

Beyond the lack of curation, a problem particular to multi-centre
studies is that of inconsistent curation between data derived in different
centres. These discontinuities arise from different scanners, segmenta-
tion protocols, demographics, etc, and can cause significant problems
to subsequent ML algorithms that may overfit or bias towards one
configuration over another (i.e. acquisition and annotation shifts).
GANs have the potential to contribute in this domain as well by
bringing the distributions of images across different centres closer
together. In this context recent work by Li et al. (2021b) and Wei
et al. (2020) used GAN-based volumetric normalisation to reduce the
variability of heterogeneous 3D chest CT scans of different slice thick-
ness and dose levels. The authors showed that features in subsequent
radiomics analysis exhibit increased alignment. Other works in this
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domain include a framework that could standardise heterogeneous
datasets with a single reference image and obtained promising results
on an MRI dataset (Hognon et al., 2019), and GANs that learn bidi-
rectional mappings between different vendors to normalise dynamic
contrast enhanced (DCE) breast MRI (Modanwal et al., 2019). An
interesting research direction to be explored in the future is synthetic
multi-centre data generation using GANs, simulating the distribution of
various scanners/centres.

4.1.6. Synthetic data assessment

As indicated in Fig. 1(e), a condition of paramount importance is
proper evaluation of GAN-generated or GAN-curated data. This evalua-
tion is to verify that synthetic data is useable for a desired downstream
task (e.g., segmentation, classification) and/or indistinguishable from
real data while ensuring that no private information is leaked. GANs are
commonly evaluated based on fidelity (realism of generated samples)
and diversity (variation of generated samples compared to real sam-
ples) (Borji, 2021). Different quantitative measures exist to assess GANs
based on the fidelity and diversity of its generated synthetic medical
images (Yi et al., 2019; Borji, 2021).

Visual Turing tests (otherwise referred to as Visual Assessment,
Mean Opinion Score (MOS) Test, and sometimes used interchangeably
with In-Silico Clinical Trials) are arguably the most reliable approach,
where clinical experts are presented with samples from real and gener-
ated data and are tasked to identify which one is generated. Korkinof
et al. (2020) showed that their PGGAN-generated (Karras et al., 2017)
1280 x 1024 mammograms were inseparable by the majority of par-
ticipants, including trained breast radiologists. A similar visual Turing
test was successfully done in the case of skin disease (Ghorbani et al.,
2020), super-resolution of CT (You et al., 2019), brain MRI (Kazuhiro
et al.,, 2018; Han et al., 2018), lung cancer CT scans (Chuquicusma
et al., 2018), and histopathology images (Levine et al., 2020). For
instance, Chuquicusma et al. (2018) trained a DCGAN (Radford et al.,
2015) on the LIDC-IDRI dataset (Armato III et al., 2011) to generate
2D (56 x 56 pixel) pulmonary lung nodule scans that were realistic
enough to deceive 2 radiologists with 11 and 4 years of experience.
In contrast to computer vision techniques where synthetic data can
often be easily evaluated by any non-expert, the requirement of clinical
experts makes Visual Turing Tests in this domain much more costly.
Furthermore, a lack of scalability and consistency in medical judgement
needs to be taken into account as well Brennan and Silman (1992)
and visual Turing tests should in the ideal case engage a range of
experts to address inter-observer variation in the assessments. Also,
iterating over the same observer addresses intra-observer variation—
i.e. repeating the process within a certain amount of intervals that
could be days or weeks. These problems are further magnified by the
shortage of radiology experts (Mahajan and Venugopal, 2020; Rimmer,
2017) which brings up the necessity for supplementary metrics that can
automate the evaluation of generative models. Such metrics allow for
preliminary evaluation and can enable research to progress without the
logistical hurdle of enlisting experts.

Furthermore, in cases where the sole purpose of the generated data
is to improve a downstream task—i.e. classification or segmentation—
then the prediction success of the downstream task would be the
metric of interest. The latter can reasonably be prioritised over other
metrics given that the underlying reasons why the synthetic data alters
downstream task performance are examined and clarified.'”

10 For example, synthetic data may balance imbalanced datasets, reduce
overfitting on limited training data, or improve model robustness to better
capture domain shifts in the test dataset.
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Image quality assessment metrics. Wang et al. (2004) have thoroughly
investigated image quality assessment metrics. The most commonly
applied metrics include structural similarity index measure (SSIM)'’
between generated image and reference image (Wang et al., 2004),
mean squared error (MSE)'? and peak signal-to-noise ratio (PSNR).!*
In a recent example that followed this framework of evaluation, syn-
thetic brain MRI with tumours generated by edge-aware EA-GAN (Yu
et al.,, 2019) was assessed using three such metrics: PSNR, SSIM, and
normalised mean squared error (NMSE). The authors integrated an end-
to-end sobel edge detector to create edge maps from real/synthetic
images that are input into the discriminator in the dEa-GAN vari-
ant to enforce improved textural structure and object boundaries. In-
terestingly, aside from evaluating on the whole image, the authors
demonstrated evaluation results focused on the tumour regions, which
were overall significantly lower than the whole image. Other works
that have evaluated their synthetic images in an automatic manner
have focused primarily on the SSIM and PSNR metrics and include
generation of CT (Kearney et al., 2020b; Mathew et al., 2020) and
PET scans (Zhao et al., 2020b). While indicative of image quality, these
similarity-based metrics might not generalise well to human judgement
of image similarity, the latter depending on high-order image structure
and context (Zhang et al., 2018c). Finding evaluation metrics that are
strong correlates of human judgement of perceptual image similarity
is a promising line of research. In the context of cancer and medical
imaging, we highlight the need for evaluation metrics for synthetic
images that correlate with the perceptual image similarity judged by
medical experts. Apart from perceptual image similarity, further eval-
uation metrics in cancer and medical imaging are to be investigated
that are able to estimate the diagnostic value of (synthetic) images and,
in the presence of reference images, the diagnostic value proportion
between target and reference image.

Deep generative model-specific assessment metrics. In recent years, the In-
ception score (IS) (Salimans et al., 2016) and Fréchet Inception distance
(FID) (Heusel et al., 2017) have emerged, offering a more sophisticated
alternative for the assessment of synthetic data. The IS uses a classifier
to generate a probability distribution of labels given a synthetic image.
If the probability distribution is highly skewed, it is indicative that a
specific object is present in the image (resulting in a higher IS), while in
the case where it is uniform, the image contains a jumble of objects and
that is more likely to be non-sense (resulting in a lower IS).'* The FID
metric compares the distance between the synthetic image distribution
to that of the real image distribution by comparing extracted high-
level features from one of the layers of a classifier (e.g., Inception
v3 as in IS). Both metrics have shown promise in the evaluation of
GAN-generated data; however, they come with several bias issues that
need to be taken into account during evaluation (Chong and Forsyth,
2020; DeVries et al., 2019; Borji, 2019). As these metrics have not
been widely used in cancer imaging yet, their applicability on GAN-
synthesised cancer images remains to be investigated. In contrast to
computer vision datasets containing diverse objects, medical imaging
datasets commonly only contain images of one specific organ. In this
regard, we promote further research as to how object diversity based
methods such as IS can be applied to medical and cancer imaging,

11 SSIM predicts perceived quality and considers image statistics to assess
structural information based on luminance, contrast, and structure.

12 MSE is computed by averaging the squared intensity differences between
corresponding pixels of the generated image and the reference image.

13 PSNR is an adjustment to the MSE score, commonly used to measure
reconstruction quality in lossy compression.

14 Not only a low label entropy within an image is desired, but also a
high label entropy across images: IS also assesses the variety of peaks in
the probability distributions generated from the synthetic images, so that a
higher variety is indicative of more diverse objects being generated by the
GAN (resulting in a higher IS).
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which requires, among others, meaningful adjustments of the dataset-
specific pretrained classifications models (i.e. Inception v3) that IS and
FID rely upon.

Uncertainty quantification as GAN evaluation metric?. A general problem
facing the adoption of deep learning methods in clinical tasks is their
inherent unreliability exemplified by high prediction variation caused
by minimal input variation (e.g., one pixel attack Korpihalkola et al.,
2020). This is further exacerbated by the nontransparent decision
making process inside deep neural networks thus often described as
‘black box models’ (Bi et al., 2019). Also, the performance of deep
learning methods in out-of-domain datasets has been assessed as un-
reliable (Lim et al., 2019). To eventually achieve beneficial clinical
adoption and trust, examining and reporting the inherent uncertainty
of these models on each prediction becomes a necessity. Besides classi-
fication, segmentation (Hu et al., 2020; Alshehhi and Alshehhi, 2021),
etc, uncertainty estimation is applicable to models in the context of
data generation as well (Lim et al., 2019; Abdar et al., 2020; Hu et al.,
2020). Edupuganti et al. (2019) studied a GAN architecture based on
variational autoencoders (VAE) (Kingma and Welling, 2013) on the task
of MRI reconstruction, with emphasis on uncertainty studies. Due to
their probabilistic nature, VAEs allowed for a Monte Carlo sampling
approach which enables quantification of pixel-variance and the gen-
eration of uncertainty maps. Furthermore, they used Stein’s Unbiased
Risk Estimator (SURE) (Stein, 1981) as a measure of uncertainty that
serves as surrogate of MSE even in the absence of ground truth. Their
results indicated that adversarial losses introduce more uncertainty.
Parallel to image reconstruction, uncertainty has also been studied in
the context of brain tumours (glioma) in MRI enhancement (Tanno
et al., 2021). In this study, a probabilistic deep learning framework for
model uncertainty quantification was proposed, decomposing the prob-
lem into two uncertainty types: intrinsic uncertainty (particular to image
enhancement and pertaining to the one-to-many nature of the super-
resolution mapping) and parameter uncertainty (a general challenge, it
pertains to the choice of the optimal model parameters). The overall
model uncertainty in this case is a combination of the two and was
evaluated for image super-resolution. Through a series of systematic
studies the utility of this approach was highlighted, as it resulted
in improved overall prediction performance of the evaluated models
even for out-of-distribution data. It was further shown that predictive
uncertainty highly correlated with reconstruction error, which not only
enabled spotting unrealistic synthetic images, but also highlights the
potential in further exploring uncertainty as an evaluation metric for
GAN-generated data. A further use-case of interest for GAN evaluation
via uncertainty estimation is the ‘adherence’ to provided conditional
inputs. As elaborated in 4.1.4 for image-to-image translation, condi-
tional GANSs are likely to introduce features that do not correspond to
the conditional class label or source image. After training a classifica-
tion model on image features of interest (say, tumour vs non-tumour
features), we can examine the classifier’s prediction and estimated
uncertainty'® for the generated images. Given the expected features in
the generated images are known beforehand, the classifier’s uncertainty
of the presence of these features can be used to estimate not only image
fidelity (e.g., image features are not generated realistic enough), but
also ‘condition adherence’ (e.g., expected image features are altered
during generation).

Outlook on clinical adoption. Alongside GAN-specific and standard im-
age assessment metrics, uncertainty-based evaluation schemes can fur-
ther automate the analysis of generative models. To this end, the
challenge of clinical validation for predictive uncertainty as a reliability
metric for synthetic data assessment remains (Tanno et al., 2021). In

15 The uncertainty can be estimated using methods such as Bayesian Neu-
ral Networks (MacKay, 1992; Neal, 2012), Monte-Carlo Dropout (Gal and
Ghahramani, 2016) or Deep Ensembles (Lakshminarayanan et al., 2016).
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practice, building clinical trust in AI models is a non-trivial endeavour
and will require rigorous performance monitoring and calibration espe-
cially in the early stages (Kelly et al., 2019; Durdn and Jongsma, 2021).
This is particularly the case when CADe and CADx models are trained
on entirely (or partially) synthetic data given that the data itself was not
first assessed by clinicians. Until a certain level of trust is built in these
pipelines, automatic metrics will be a preliminary evaluation step that
is inevitably followed by diligent clinical evaluation for deployment.
A research direction of interest in this context would be ‘gatekeeper’
GANs—i.e. GANs that simulate common data (and/or difficult edge
cases) of the target hospital, on which deployment-ready candidate
models (e.g., segmentation, classification, etc.) are then tested to ensure
they are sufficiently generalisable. If the candidate model performance
on such test data satisfies a predefined threshold, it has passed this
quality gate for clinical deployment.

4.2. Data access and privacy challenges

Access to sufficiently large and labelled data resources is the main
constraint for the development of deep learning models for medical
imaging tasks (Esteva et al., 2019). In cancer imaging, the practice
of sharing validated data to aid the development of Al algorithms is
restricted due to technical, ethical, and legal concerns (Bi et al., 2019).
The latter is exemplified by regulations such as the Health Insurance
Portability and Accountability Act (HIPAA, 1996) in the United States
of America (USA) or the European Union’s General Data Protection
Regulation (GDPR, 2016) with which respective clinical centres must
comply with. Alongside the need and numerous benefits of patient
privacy preservation, it can also limit data sharing initiatives and
restrict the availability, size and usability of public cancer imaging
datasets. Bi et al. (2019) assess the absence of such datasets as a
noteworthy challenge for Al in cancer imaging.

The published GANs and adversarial training methods that are
suggested for or applied to cancer imaging challenges within this
Section 4.2 are summarise below in Table 3.

4.2.1. Decentralised data generation

As Al systems are often developed and trained outside of medical
institutions, prior approval to transfer data out of their respective data
silos is required, adding significant hurdles to the logistics of setting
up a training pipeline or rendering it entirely impossible. In addition,
medical institutions can often not guarantee a secured connection to
systems deployed outside their centres (Hosny et al., 2018), which
further limits their options to share valuable training data.

One privacy preserving approach solving this problem is federated
learning (McMahan et al., 2017), where copies of an Al model are
trained in a distributed fashion inside each clinical centre in paral-
lel and are aggregated to a global model in a central server. This
eliminates the need for sensitive patient data to leave any of the
clinical centres (Kaissis et al., 2020; Sheller et al., 2020). However,
it is to be noted that federated learning cannot guarantee full patient
privacy. Hitaj et al. (2017) demonstrated that any malicious user can
train a GAN to violate the privacy of the other users in a federated
learning system. While difficult to avoid, the risk of such GAN-based
attacks can be minimised, e.g., by using a combination of selective
parameter updates (Shokri and Shmatikov, 2015) (sharing only a small
selected part of the model parameters across centres) and the sparse
vector technique'® as shown by Li et al. (2019b).

To solve the challenge of privacy assurance of clinical medical
imaging data, a distributed GAN (Hardy et al., 2019; Xin et al., 2020;
Guerraoui et al., 2020; Rasouli et al., 2020; Zhang et al., 2021) can

16 Sparse Vector Technique (SVT) (Lyu et al., 2016) is a Differential Privacy
(DP) (Dwork, 2006) method that introduces noise into a deep learning model’s
gradients.
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Table 2
Overview of adversarially-trained models applied to cancer imaging data scarcity and usability challenges. Publications are clustered by section and ordered by year in ascending
order.
Publication Method Dataset Modality Task Highlights
Imbalanced data & fairness
Hu et al. (2018b) ProstateGAN Private Prostate MRI Class-conditional Gleason score (cancer grade) class conditions.
synthesis
Ghorbani et al. DermGAN Private Dermoscopy Paired translation Adapted pix2pix evaluated via Turing Tests and
(2020) rare skin condition CLF.
Li et al. (2021a) Encoder ISIC 2018 Dermoscopy Adversarial training, Fair Encoder with bias discriminator and skin
(Codella Representation lesion CLF.
et al., 2018) learning
Cross-modal data generation
Wolterink et al. CycleGAN Private Cranial MRI/CT Unpaired translation First CNN for unpaired MR-to-CT translation.
(2017) Evaluated via PSNR and MAE.
Ben-Cohen et al. Ppix2pix Private Liver PET/CT Paired translation Paired CT-to-PET translation with focus on
(2017) hepatic malignant tumours.
Nie et al. (2017) context-aware ADNI Cranial/pelvic Paired translation Supervised 3D GAN for MR-to-CT translation
GAN (Wyman MRI/CT with ‘Auto-Context Model’ (ACM).
et al., 2013;
Weiner et al.,
2017)
Wang et al. (2018b) Locality BrainWeb Cranial MRI, PET Paired translation 3D auto-context, synthesising PET from
Adaptive GAN phantom phantom low-dose PET and multimodal MRI.
(LA-GAN) (Cocosco
et al., 1997)
Tanner et al. (2018) CycleGAN VISCERAL Lung/abdominal Image registration MR-CT CycleGAN for registration.
(Jimenez-del MRI/CT
Toro et al.,
2016)
Kaiser and pix2pix, RIRE Cranial MRI/CT Paired translation Detailed preprocessing description, MR-to-CT

Albarqouni (2019) context-aware

GAN (Nie et al.,

(Fitzpatrick,
1998)

translation, comparison with U-Net.

2017)
Prokopenko et al. DualGAN, CPTAC3 Cranial MRI/CT Unpaired translation DualGAN for unpaired MR-to-CT, visual Turing
(2019) SRGAN (National tests.
Cancer
Institute,
2018) &
Head-Neck-
PET-CT
(Vallieres
et al., 2017)
Yurt et al. (2019) mustGAN IXI (IXI Cranial MRI Paired translation FLAIR, T1, T2 synthesis via feature fusion of
mrirecon Dataset, one-to-one and many-to-one pix2pix networks.
2007) &
ISLES (Maier
et al., 2017)
Li et al. (2019a) diamondGAN Private & Cranial MRI Unpaired translation Target modality synthesis from flexible set of
MICCAI- non-aligned source modalities.
WMH (Kuijf
et al., 2019)
Zhou et al. (2020) hi-Net BRATS 2018 Cranial MRI Paired translation Domain-specific encoder network features fused
(Menze et al., into layers of pix2pix-based network.
2014; Bakas
et al., 2018)
Zhao et al. (2020b) S-CycleGAN Private Cranial low/full Paired translation Low (LDPET) to full dose (FDPET) translation
dose PET with supervised loss for paired images.
Kearney et al. VAE-enhanced Private Cranial MRI/CT Unpaired translation MR-to-CT evaluated via PSNR, SSIM, MAE.
(2020b) A-CycleGAN Superior to paired alternatives.
Kazemifar et al. context-aware Private Cranial MRI/CT Paired translation Feasibility of generated CT from MRI for dose
(2020) GAN calculation for radiation treatment.
Armanious et al. MedGAN Private Liver PET/CT Paired translation CasNet architecture, PET-to-CT, MRI motion

(2020)

artifact correction, PET denoising.

Xu et al. (2020) multi-conditional

NSCLC (Zhou

Lung CT, gene

Multi-input

Image-gene data fusion, nodule generator

GAN et al., 2018) expression conditional synthesis input: background, segmentation, gene code.
Haubold et al. Pix2PixHD Private Arterial phase CT Paired translation Low-to-full ICM CT (thorax, liver, abdomen),
(2021) (Wang et al., 50% reduction in intravenous ICM dose.
2018a)
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Publication Method Dataset Modality Task Highlights

Feature hallucinations

Cohen et al. CycleGAN, BRATS2013 Cranial MRI Paired/unpaired Removed/added tumours during image

(2018a,b) pix2pix (Menze et al., translation translation can lead to misdiagnosis.

dist-bias 2014)

Data curation

Yang et al. (2018a) DAGAN MICCAT 2013 Cranial MRI Image Fast GAN compressed sensing MRI

grand reconstruction reconstruction outperformed conventional
challenge methods.
dataset
Kim et al. (2018a) pix2pix-based BRATS Cranial MRI Reconstruction/ Information transfer between different contrast
(Menze et al., super-resolution MRI, effective pretraining/fine-tuning.
2014)
Hognon et al. CycleGAN, BRATS Cranial MRI Paired/unpaired CycleGAN translation to BrainWeb reference
(2019) pix2pix (Menze et al., translation, image, pix2pix back-translation to source.
2014), normalisation
BrainWeb
phantom
(Cocosco
et al., 1997)
Modanwal et al. CycleGAN Private Breast MRI Unpaired translation Standardising DCE-MRI across scanners,
(2019) anatomy preserving mutual information loss.
You et al. (2019) CycleGAN-based Mayo Low Abdominal CT Super-resolution Joint constraints to Wasserstein loss for
Dose CT structural preservation. Evaluated by 3
(AAPM, radiologists.
2016)

Gu et al. (2020) MedSRGAN LUNA16 MRlI/thoracic CT Super-resolution Residual Whole Map Attention Network
(Setio et al., (RWMAN) in G. Evaluated by 5 radiologists.
2017)

Vu et al. (2020b) WGAN-GP-based k-Wave Photoacoustic CT Paired translation U-Net & WGAN-GP based generator for artifact
toolbox (PACT) removal. Evaluated via SSIM, PSNR.
(Treeby and
Cox, 2010)

Koike et al. (2020) CycleGAN Private Head/neck CT Unpaired translation Metal artifact reduction via CT-to-CT
translation, evaluated via radiotherapy dose
accuracy.

Wei et al. (2020) WGAN-GP- Private Chest CT Paired translation CT normalisation of dose/slice thickness.

inspired Evaluated via Radiomics Feature Variability.

Shahidi (2021) WA-SRGAN BreakHis Breast/lymph node Super-resolution Wide residual blocks, self-attention SRGAN for

(Benhammou histopathology improved robustness & resolution
et al., 2020),

Camelyon

(Litjens

et al., 2018)

Li et al. (2021b) SingleGAN-based Private Spleen/colorectal CT Unpaired translation Multi-centre (4) CT normalisation. Evaluated
(Yu et al,, via cross-centre radiomics features variation.
2018b) Short/long-term survivor CLF improvement.

Synthetic data assessment

Kazuhiro et al. DCGAN Private Cranial MRI Noise-to-image Feasibility study for brain MRI synthesis

(2018) synthesis evaluated by 7 radiologists.

Han et al. (2018) DCGAN, WGAN BRATS 2016 Cranial MRI Noise-to-image 128 x 128 brain MRI synthesis evaluated by

(Menze et al., synthesis one expert physician.
2014)
Chuquicusma et al. DCGAN LIDC-IDRI Thoracic CT Noise-to-image Malignant/benign lung nodule ROI generation
(2018) (Armato IIT synthesis evaluated by two radiologists.
et al., 2011)
Yu et al. (2019) Ea-GAN BRATS 2015 Cranial MRI Paired Loss based on edge maps of synthetic images.
(Menze et al., image-to-image Evaluated via PSNR, NMSE, SSIM.
2014), IXI translation
(IXI Dataset,
2007)

Korkinof et al. PGGAN Private Full-field digital Noise-to-image 1280 x 1024 MMG synthesis from > 10°

(2020) MMG synthesis image dataset. Evaluated by 55 radiologists.

Levine et al. (2020) PGGAN, VAE, TCGA Ovarian Noise-to-image 1024 x 1024 whole slide synthesis. Evaluated
ESRGAN (Grossman Histopathology synthesis via FID and by 15 pathologists (9 certified)

et al., 2016),
OVCARE
archive
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Fig. 7. Visual example of a GAN in a federated learning setup with a central generator trying to generate realistic samples that fool all of the discriminators, which are distributed
across clinical centres as in Chang et al. (2020b,a). Once trained, the generator can produce training data for a downstream task model (e.g., segmentation, detection, classification).
As depicted in blue colour, we suggest to extend the federated learning setup by adding ‘Noise’ to the gradients providing a differential privacy guarantee. This reduces the possibility
of reconstruction of specific records of the training data (i.e. images of a specific patient) by someone with access to the trained GAN model (i.e. to the generator) or by someone
intercepting the synthetic images while they are transferred from the central generator to the centres during training.

be trained on sensitive patient data to generate synthetic training data.
The technical, legal, and ethical constraints for sharing de-identified
synthetic data are typically less restrictive than for real patient data.
Such generated data can be used instead of the real patient data to
train models on disease detection, segmentation, or prognosis.

For instance, Chang et al. (2020b,a) proposed the Distributed Asyn-
chronized Discriminator GAN (AsynDGAN), which consists of multiple
discriminators deployed inside various medical centres and one central
generator deployed outside the medical centres. The generator never
needs to see the private patient data, as it learns by receiving the
gradient updates of each of the discriminators. The discriminators are
trained to differentiate images of their medical centre from synthetic
images received from the central generator. After training AsynDGAN,
its generator is used and evaluated based on its ability to provide
a rich training set of images to successfully train a segmentation
model. AsynDGAN is evaluated on MRI brain tumour segmentation
and cell nuclei segmentation. The segmentation models trained only on
AsynDGAN-generated data achieves a competitive performance when
compared to segmentation models trained on the entire dataset of
real data. Notably, models trained on AsynDGAN-generated data out-
perform models trained on local data from only one of the medical
centres. To our best knowledge, AsynDGAN is the only distributed
GAN applied to cancer imaging to date. Therefore, we promote further
research in this line to fully exploit the potential of privacy-preservation
using distributed GANs. As demonstrated in Fig. 7 and suggested in
Fig. 1(f), for maximal privacy preservation we recommend exploring
methods that combine privacy during training (e.g., federated GANs)
with privacy after training (e.g., differentially-private GANs), the latter
being described in the following section.

4.2.2. Differentially-private data generation

Shin et al. (2018a) train a GAN to generate brain tumour images
and highlight the usefulness of their method for anonymisation, as their
synthetic data cannot be attributed to a single patient but rather only
to an instantiation of the training population. However, it is to be
scrutinised whether such synthetic samples are indeed fully private, as,
given a careful analysis of the GAN model and/or its generated samples,
a risk of possible reconstruction of part of the GAN training data
exists (Papernot et al., 2016). For example, Chen et al. (2020a) propose
a GAN for model inversion (MI) attacks, which aim at reconstructing
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the training data from a target model’s parameters. A potential solution
to avoid training data reconstruction is highlighted by Xie et al. (2018),
who propose the Differentially Private Generative Adversarial Network
(DPGAN). In Differential Privacy (DP) (Dwork, 2006) the parameters
(&, 6) denote the privacy budget (Torfi et al., 2020), where ¢ measures
the privacy loss and § represents the probability that a range of outputs
with a privacy loss > ¢ exists.!” Hence, the smaller the parameters (¢, 5)
for a given model, the less effect a single sample in the training data has
on model output. The less effect of such a single sample, the stronger
is the confidence in the privacy of the model to not reveal samples of
the training data.

Examples of GANs with differential privacy guarantees. In DPGAN noise
is added to the model’s gradients during training to ensure training
data privacy. Extending on the concept of DPGAN, Jordon et al. (2018)
train a GAN coined PATE-GAN based on the Private Aggregation of
Teacher Ensembles (PATE) framework (Papernot et al., 2016, 2018). In
the PATE framework, a student model learns from various unpublished
teacher models each trained on data subsets. The student model cannot
access an individual teacher model nor its training data. PATE-GAN
consists of k discriminator teachers, 7}, ..., T}, and a student discrimi-
nator .S that backpropagates its loss back into the generator. This limits
the effect of any individual sample in PATE-GAN’s training. In a (¢ =
1,6 = 107°)-DP setting, classification models trained on PATE-GAN’s
synthetic data achieves competitive performances e.g. on a non-imaging
cervical cancer dataset (Fernandes et al., 2017) compared to an upper
bound vanilla GAN baseline without DP.

On the same dataset, Torfi et al. (2020) achieve competitive results
using a Rényi Differential Privacy and Convolutional Generative Ad-
versarial Networks (RDP-CGAN) under an equally strong (¢ = 1,6 =
107%)-DP setting.

For the generation of biomedical participant data in clinical tri-
als, Beaulieu-Jones et al. (2019) apply an AC-GAN under a (¢ = 3.5,6 =

17 For example, if an identical model M is trained two times, once with
training data D resulting in M, and once with marginally different training
data D’ resulting in M, it is (¢)-DP if the following holds true: For any
possible output x, the output probability for x of model M, differs no more
than exp(e) from the output probability for x of M.
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107)-DP setting based on Gaussian noise added to AC-GAN’s gradients
during training.

Bae et al. (2020) propose AnomiGAN to anonymise private medical
data via some degree of output randomness during inference. This
randomness of the generator is achieved by randomly adding, for
each layer, one of its separately stored training variances. AnomiGAN
achieves competitive results on a non-imaging breast cancer dataset and
a non-imaging prostate cancer for any of the reported privacy parameter
values ¢ € [0.0,0.5] compared to DP, where Laplacian noise is added to
samples.

Outlook on synthetic cancer image privacy. Despite the above efforts,
DP in GANs has only been applied to non-imaging cancer data which
indicates research potential for extending these methods reliably to
cancer imaging data. According to Stadler et al. (2021), using synthetic
data generated under DP can protect outliers in the original data from
linkage attacks, but likely also reduces the statistical signal of these
original data points, which can result in lower utility of the synthetic
data. Apart from this privacy-utility tradeoff, it may not be readily
controllable/predictable which original data features are preserved and
which omitted in the synthetic datasets (Stadler et al., 2021). In fields
such as cancer imaging where patient privacy is critical, desirable
privacy-utility tradeoffs need to be defined and thoroughly evaluated to
enable trust, shareability, and usefulness of synthetic data. Consensus
is yet to be found as to how privacy preservation in GAN-generated
data can be evaluated and verified in the research community and in
clinical practice. Promising approaches include methods that define a
privacy gain/loss for synthetic samples (Stadler et al., 2021; Yoon et al.,
2020). Yoon et al. (2020), for instance, define and backpropagate an
identifiability loss to the generator to synthesis anonymised electronic
health records (EHRs). The identifiability loss is based on the notion
that the minimum weighted euclidean distance between two patient
records from two different patients can serve as a desirable anonymisa-
tion target for synthetic data. Designing or extending reliable methods
and metrics for standardised quantitative evaluation of patient privacy
preservation in synthetic medical images is a line of research that we
call attention to.

4.2.3. Obfuscation of identifying patient features in images

If the removal of all sensitive patient information within a cancer
imaging dataset allows for sharing such datasets, then GANs can be
used to obfuscate such sensitive data. As indicated by Fig. 1(g), GANs
can learn to remove the features from the imaging data that could
reveal a patient’s identity, e.g. by learning to apply image inpainting
to pixel or voxel data of burned in image annotations or of identifying
body parts. Such identifying body parts could be the facial features
of a patient, as was shown by Schwarz et al. (2019) on the example
of cranial MRI. Numerous studies exist where GANs accomplish facial
feature de-identification on non-medical imaging modalities (Wu et al.,
2018b; Hukkelas et al., 2019; Li and Lin, 2019; Maximov et al., 2020).
For medical imaging modalities, GANs have yet to prove themselves
as tool of choice for anatomical and facial feature de-identification
against common standards (Ségonne et al., 2004; Bischoff-Grethe et al.,
2007; Schimke et al., 2011; Milchenko and Marcus, 2013) with solid
baselines. These standards, however, have shown to be susceptible to
reconstruction achieved by unpaired image-to-image GANs on MRI vol-
umes with high reversibility for blurred faces and partial reversibility
for removed facial features (Abramian and Eklund, 2019). Van der
Goten et al. (2021) provide a first proof-of-concept for GAN-based facial
feature de-identification in 3D (1283 voxel) cranial MRI. The generator
of their conditional de-identification GAN (C-DeID-GAN) receives brain
mask, brain intensities and a convex hull of the brain MRI as input and
generates de-identified MRI slices. C-DeID-GAN generates the entire de-
identified brain MRI scan and, hence, may not be able to guarantee that
the generation process does not alter any of the original brain features.
A solution to this can be to only generate and replace the 2D MRI slices
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or parts thereof that do contain non-pathological facial features while
retaining all other original 2D MRI slices. Presuming preservation of
medically relevant features and robustness of de-identification, GAN-
based approaches can allow for subsequent medical analysis, privacy
preserving data sharing and provision of de-identified training data.
Hence, we highlight the research potential of GANs for robust medi-
cal image de-identification e.g. via image inpainting GANs that have
already been successful applied to other tasks in cancer imaging such
as synthetic lesion inpainting into mammograms (Wu et al., 2018a;
Becker et al., 2019) and lung CT scans (Mirsky et al., 2019). Also, GAN-
based patient feature de-identification methods that are adjustable
and trainable to remain quantifiably robust against adversarial image
reconstruction are a research line of interest.

4.2.4. Identifying patient features in latent representations

In line with Fig. 1(g), a further example for privacy preserving
methods are autoencoders'® that learn patient identity-specific features
and obfuscate such features when encoding input images into latent
space representation. Such an identity-obfuscated representation can
be used as input into further models (classification, segmentation, etc.)
or decoded back into a de-identified image. Adversarial training has
been shown to be effective for learning a privacy-preserving encoding
function, where a discriminator tries to succeed at classifying the
private attribute from the encoded data (Raval et al., 2017; Wu et al.,
2018c; Yang et al., 2018c; Pittaluga et al., 2019). Apart from being
trained via the backpropagated adversarial loss, the encoder needs
at least one further utility training objective to learn to generate
useful representations, such as denoising (Vincent et al.,, 2008) or
classification of a second attribute (e.g., facial expressions Chen et al.,
2018a; Oleszkiewicz et al., 2018). Siamese Neural Networks (Bromley
et al.,, 1994) such as the Siamese Generative Adversarial Privatizer
(SGAP) (Oleszkiewicz et al.,, 2018) have been used effectively for
adversarial training of an identity-obfuscated representation encoder.
In SGAP, two weight-sharing Siamese Discriminators are trained using
a distance based loss function to learn to classify whether a pair of
images belongs to the same person. As visualised in Fig. 8, Kim et al.
(2019a) follow a similar approach with the goal of de-identifying and
segmenting brain MRI data. Two feature maps are encoded from a pair
of MRI scans and fed into a Siamese Discriminator that evaluates via
binary classification whether the two feature maps are from the same
patient. The generated feature maps are also fed into a segmentation
model that backpropagates a Dice loss (Sudre et al., 2017) to train the
encoder. Fig. 8 illustrates the scenario where the encoder is deployed in
a trusted setting after training, e.g. in a clinical centre, and the segmen-
tation model is deployed in an untrusted setting, e.g. outside the clinical
centre at a third party. The encoder shares the identity-obfuscated
feature maps with the external segmentation model without the need
of transferring the sensitive patient data outside the clinical centre.
This motivates further research into adversarial identity-obfuscated
encoding methods e.g., to allow sharing and usage of cancer imaging
data representations and models across clinical centres.

4.2.5. Adversarial attacks putting patients at risk

Examples of GAN-based tampering with cancer imaging data. For in-
stance, Mirsky et al. (2019) added and removed evidence of cancer
in lung CT scans. Of two identical deep 3D convolutional cGANs
(based on pix2pix), one was used to inject (diameter > 10 mm) and
the other to remove (diameter < 3 mm) multiple solitary pulmonary
nodules indicating lung cancer. The GANs were trained on 888 CT scans
from the Lung Image Database Consortium image collection (LIDC-
IDRI) dataset (Armato III et al., 2011) and inpainted on an extracted

18 For example adversarial autoencoders (Makhzani et al., 2015; Creswell
et al., 2018), which adversarially learn latent space representations that match
a chosen prior distribution.
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Fig. 8. Example of an autoencoder architecture trained via adversarial loss to learn privacy-preserving feature maps as in Kim et al. (2019a) and/or a privacy-preserving latent
representation z. Once trained and after thorough periodic manual verification of its ability to preserve privacy, the representation z and/or the feature maps can be sent to third

parties outside the clinical centre for model training or inference requests.

region of interest of 32° voxel cuboid shape. The trained GANs can
be autonomously executed by malware and are capable of ingesting
nodules into standard CT scans that are realistic enough to deceive both
radiologists and Al disease detection systems. Three radiologists with
2, 5 and 7 years of experience analysed 70 tampered and 30 authentic
CT scans. Spending on average 10 min on each scan, the radiologists
diagnosed 99% of the scans with added nodules as malignant and 94%
of the scans with removed nodules as healthy. After disclosing the
presence of the attack to the radiologists, the percentages dropped to
60% and 87%, respectively (Mirsky et al., 2019).

Becker et al. (2019) trained a CycleGAN (Zhu et al., 2017) on 680
down-scaled mammograms from the Breast Cancer Digital Repository
(BCDR) (Lopez et al.,, 2012) and the INbreast (Moreira et al., 2012)
datasets to generate suspicious features and was able to remove or
inject them into existing mammograms. They showed that their ap-
proach can fool radiologists at lower pixel dimensions (i.e. 256 X 256)
demonstrating that alterations in patient images by a malicious at-
tacker can remain undetected by clinicians, influence the diagnosis, and
potentially harm the patient (Becker et al., 2019).

Defending adversarial attacks. In regard to fooling diagnostic models,
one measure to circumvent adversarial attacks is to increase model
robustness against adversarial examples (Madry et al., 2017), as sug-
gested by Fig. 1(h). Augmenting the robustness has been shown to be
effective for medical imaging segmentation models (He et al., 2019;
Park et al., 2020), lung nodule detection models (Liu et al., 2020b;
Paul et al., 2020), skin cancer recognition (Huq and Pervin, 2020;
Hirano et al,, 2021), and classification of histopathology images of
lymph node sections with metastatic tissue (Wetstein et al., 2020). Liu
et al. (2020b) provide model robustness by adding adversarial chest
CT examples to the training data. These adversarial examples are
composed of synthetic nodules that are generated by a 3D convolutional
variational encoder trained in conjunction with a WGAN-GP (Gulrajani
et al., 2017) discriminator. To further enhance robustness, Projected
Gradient Descent (PGD) (Madry et al., 2017) is applied to find and
protect against noise patterns for which the detector network is prone
to produce over-confident false predictions (Liu et al., 2020b).

Apart from being the adversary, GANs can also detect adversarial
attacks and thus are applicable as security counter-measure enabling
attack anticipation, early warning, monitoring and mitigation. Defence-
GAN, for example, learns the distribution of non-tampered images and
can generate a close output to an inference input image that does not
contain adversarial modifications (Samangouei et al., 2018).

We highlight the research potential in adversarial attacks and ex-
amples, alongside prospective GAN detection and defence mechanisms
that can, as elaborated, highly impact the field of cancer imaging.
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Apart from the image injection of entire tumours and the generation
of adversarial radiomics examples, a further attack vector to consider
in future studies is the perturbation of the specific imaging features
within an image that are used to compute radiomics features.

4.3. Data annotation and segmentation challenges

4.3.1. Annotation-specific issues in cancer imaging

Missing annotations in datasets. In cancer imaging, not only the avail-
ability of large datasets is rare, but also the availability of labels,
annotations, and segmentation masks within such datasets. The gen-
eration and evaluation of such labels, annotations, and segmentation
masks is a task for which trained health professionals (radiologists,
pathologists) are needed to ensure validity and credibility (Hosny et al.,
2018; Bi et al., 2019). Nonetheless, radiologist annotations of large
datasets can take years to generate (Bi et al., 2019). The tasks of
labelling and annotating (e.g., bounding boxes, segmentation masks,
textual comments) cancer imaging data is, hence, expensive both in
time and cost, especially considering the large amount of data needed
to train deep learning models.

Intra/inter-observer annotation variability. This cancer imaging chal-
lenge is further exacerbated by the high intra- and inter-observer
variability between both pathologists (Gilles et al., 2008; Dimitriou
etal., 2018; Martin et al., 2018; Klaver et al., 2020) and radiologists (El-
more et al., 1994; Hopper et al., 1996; Hadjiiski et al., 2012; Teh et al.,
2017; Wilson et al., 2018; Woo et al., 2020; Brady, 2017) in interpreting
cancer images across imaging modalities, affected organs, and cancer
types. Automated annotation processes based on deep learning models
allow to produce reproducible and standardised results in each image
analysis. In one of most common case where the annotations consist
of a segmentation mask, reliably segmenting both tumour and non-
tumour tissues is crucial for disease analysis, biopsy, and subsequent
intervention and treatment (Hosny et al., 2018; Huynh et al., 2020),
the latter being further discussed in Section 4.5. For example, automatic
tumour segmentation models are useful in the context of radiotherapy
treatment planning (Cuocolo et al., 2020).

Human biases in cancer image annotation. During routine tasks, such as
medical image analysis, humans are prone to account for only a few of
many relevant qualitative image features. On the contrary, the strength
of GANs and deep learning models is the evaluation of large numbers
of multi-dimensional image features alongside their (non-linear) inter-
relationships and combined importance (Hosny et al., 2018). Deep
learning models are likely to react to unexpected and subtle patterns
in the imaging data (e.g., anomalies, hidden comorbidities, etc.) that
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Overview of adversarially-trained models applied/applicable to data access and privacy cancer imaging challenges. Publications are clustered by section and ordered by year in

ascending order.

Publication Method Dataset Modality Task Highlights

Decentralised GANs

Chang et al. AsynDGAN, BRATS 2018 Cranial MRI, nuclei Paired translation Mask-to-image, central G gets distributed Ds’
(2020b,a) PatchGAN (Isola (Bakas et al., images gradients, synthetic only-trained segmentation.
AsynDGAN et al., 2017) 2018),

Multi-Organ
(Kumar et al.,
2017)

Differential-privacy GANs

Xie et al. (2018) DPGAN MNIST (LeCun MNIST images, EHRs Noise-to-image Noisy gradients during training ensure DP
et al., 1998), synthesis guarantee.
MIMIC-IIT
(Johnson et al.,
2016)
Jordon et al. (2018) PATE-GAN Cervical cancer [non-imaging] Medical Data synthesis DP via PATE framework. G gradient from
(Fernandes records student D that learns from teacher Ds.
et al., 2017)
Beaulieu-Jones et al. AC-GAN MIMIC-IIT [non-imaging] EHRs, Class-conditional DP via Gaussian noise added to AC-GAN
(2019) (Johnson et al., clinical trial data synthesis gradient. Treatment arm (standard/intensive) as
2016) condition.
Bae et al. (2020) AnomiGAN UCI b & Prostate [non-imaging] Cell Multi-class-conditional DP via training variances added to G’s layers in
(Blake, 1998) nuclei tabular data synthesis, classification inference. Real data row as G’s condition.
Torfi et al. (2020) RDP-CGAN Cervical cancer [non-imaging] Medical Data synthesis DP GAN based on Rényi divergence. Allows to
(Fernandes records, EHRs track a DP loss.
et al,, 2017),
MIMIC-IIT
(Johnson et al.,
2016)
Patient de-identification
Abramian and CycleGAN IXI (IXI Dataset, Cranial MRI Unpaired translation Reconstruction of blurring/removed faces in
Eklund (2019) 2007) MRI shows privacy vulnerability.
Kim et al. (2019a) PrivacyNet PPMI (Marek Cranial MRI Adversarial training, Segmenting de-identified representations
et al., 2011) segmentation learned via same-person CLF by Siamese Ds.
Van der Goten et al. C-DeID-GAN ADNI (Wyman Cranial MRI Paired translation Face de-id. Concatenated convex hull, brain

(2021) et al., 2013;
Weiner et al.,
2017), OASIS-3
(LaMontagne

et al., 2019)

mask & brain volumes as G & D inputs.

Adversarial data tampering

Mirsky et al. (2019) LIDC-IDRI
(Armato III

et al., 2011)

pix2pix-based
CT-GAN

Lung CT

Image inpainting Injected/removed lung nodules in CT fool

radiologists and Al models.

Becker et al. (2019) CycleGAN BCDR (Lopez
et al,, 2012),
INbreast
(Moreira et al.,

2012)

Digital/Film MMG

Unpaired
image-to-image
translation

Suspicious features can be learned and
injected/removed from MMG.

Liu et al. (2020b) Variational Encoder,

WGAN-GP

LUNA (Setio

et al,, 2017),
NLST (NLST
Research Team,
2011)

Lung CT

Noise-to-image
synthesis

Robustness via adversarial data augmentation,
reduce false positives in nodule detection.

medical practitioners are prone to overlook for instance due to any of
multiple existing cognitive biases (e.g., anchoring bias, framing bias,
availability bias) (Brady, 2017) or inattentional blindness (Drew et al.,
2013). Inattentional blindness occurs when radiologists (or pathologist)
have a substantial amount of their attention drawn to a specific task,
such as finding an expected pattern (e.g., a lung nodule) in the imaging
data, that they become blind to other patterns in that data.

Implications of low segmentation model robustness. As for the common
annotation task of segmentation mask delineation, automated seg-
mentation models can minimise the risk of the aforesaid human bi-
ases. However, to date, segmentation models have difficulties when
confronted with intricate segmentation problems including domain
shifts, rare diseases with limited sample size, or small lesion and
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metastasis segmentation. In this sense, the performance of many auto-
mated and semi-automated clinical segmentation models has been sub-
optimal (Sharma and Aggarwal, 2010). This emphasises the need for
expensive manual verification of segmentation model results by human
experts (Hosny et al., 2018). The challenge of training automated mod-
els for difficult segmentation problems can be approached by applying
methods for learning discriminative features without explicit labels.
Such methods include GANs and variational autoencoders (Kingma
and Welling, 2013) capable of automating robust segmentation (Hosny
et al., 2018).

In addition, segmented regions of interest (ROI) are commonly used
to extract quantitative imaging features with diagnostic value such as
radiomics features. The latter are used to detect and monitor tumours
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there was no comparison with a specific baseline with the reason for this being indicated in the ‘Highlights’ column.
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tasks. Publications are clustered by organ type and ordered by year in
indicates that the metrics are only available in figures and the baseline numbers are lower than using GANs in the corresponding paper. ‘n.a.” indicates that

Publication Method Dataset Modality Task Metric w/o GAN  Metric with  Highlights
(Baseline) GAN
(Baseline+4)
Head/Brain/Neck
Kamnitsas et al.  deepmedic Private MRI Adversarial Dice: 0.60 0.63, 0.59, Multi-domain (MPRAGE, FLAIR, T2, Proton Density,
(2017) training Recall: 0.56 0.72 and Gradient-Echo) segmentation with domain
deepmedic Precision: 0.70 discriminator loss.
Rezaei et al. Ppix2pix, BRATS 2017 MRI Adversarial Dice: n.a. 0.80 D detects G-generated masks for high/low grade
(2017) MarkovianGAN (Menze et al., training glioma segmentation. Benchmarked in a challenge,
(Li and Wand, 2014; Bakas thus missing metric w/o GAN.
2016) et al., 2018,
2017)
Mok and Chung  CB-GAN BRATS (Menze MRI Data Dice: 0.79 0.84 Coarse-to-fine G captures training set manifold,
(2018) et al., 2014) augmentation generates generic samples in HGG & LGG
segmentation.
Yu et al. (2018a) pix2pix-based BRATS (Menze MRI Data Dice: 0.67 0.68 Cross-modal paired FLAIR to T1 translation, training
et al., 2014) augmentation tumour segmentation with T1+real/synthetic FLAIR.
Baseline: only-T1 training
Shin et al. pix2pix BRATS (Menze MRI Data Dice: 0.81 0.81 Training on synthetic, before fine-tuning on 10% of
(2018a) et al., 2014) augmentation the real data.
Xue et al. (2018) SegAN BRATS (Menze MRI Adversarial Dice: 0.80 0.85 Paired image-to-mask. New multi-scale loss: L1 of D
et al., 2014) training representations between GT- & prediction-masked
input MRI. U-Net baseline.
Giacomello et al. SegAN-CAT BRATS (Menze MRI Adversarial Dice: 0.71 0.86 Paired image-to-mask. Combined dice loss &
(2020) et al., 2014) training multi-scale loss using concatenation on channel axis
instead of masking. SegAN baseline.
Kim et al. GAN BRATS (Bakas MRI Image Dice: 0.57 0.59 Simplifying tumour features into concentric circle &
(2020) et al., 2018; inpainting, grade mask to inpaint.
BrainTumor Menze et al., data
2014) augmentation
Hu et al. (2020) UNet-based GAN Private CT, PET Adversarial Dice: 0.69 0.71 Spatial context information & hierarchical features.
segmenter training Nasal-type lymphoma segmentation with uncertainty
estimation.
Qasim et al. SPADE-based BRATS (Bakas MRI, Cross-domain  Dice: * Brain and skin segmentation. Frozen segmenter as
(2020) et al., 2018), dermoscopy  translation S:0.62 3rd player in GAN to condition on local apart from
ISIC (Codella global information.
et al., 2019)
Foroozandeh and PGGAN, SPADE  BRATS (Menze MRI Data Av. dice 16.18 Sequential noise-to-mask and paired mask-to-image
Eklund (2020) et al., 2014) augmentation error(%): 16.80 translation to synthesise labelled tumour images.
Cirillo et al. vox2vox: 3D BRATS (Menze MRI Adversarial Dice: 0.87 0.93 3D adversarial training to enforce segmentation
(2020) pix2pix et al., 2014) training results to look realistic.
Han et al. Symmetric BRATS (Menze MRI Cross-domain Dice: 0.48 0.67 Simultaneous source/target (T2 to other sequences)
(2021) adaptation et al., 2014) translation translation and segmentation. Compared to
network CycleGAN baseline.
Alshehhi and U-Net based BRATS (Menze MRI Adversarial Dice: n.a. n.a. Quantitative comparison of 7 active learning
Alshehhi (2021)  GAN segmenter et al., 2014) training acquisition functions using existing adversarial
networks (including SegAN, SegAN-CAT)
Breast
Singh et al. Ppix2pix DDSM (Heath Film MMG  Adversarial Dice: 0.86 0.94 Adversarial loss to make automated segmentation
(2018) et al., 2001) training close to manual masks for breast mass segmentation.
Caballo et al. DCGAN (Radford Private CT Data Dice: 0.70 0.93 GAN based data augmentation; Validated by
(2020) et al., 2015) augmentation matching extracted radiomics features.
Negi et al. GAN, WGAN- Private Ultrasound  Adversarial Dice: 0.85 0.88 Outperforms state-of-the-art using
(2020) RDA-UNET training Residual-Dilated-Attention-Gate-UNet and WGAN for
lesion segmentation.
Abdominal
Huo et al. Conditional Private MRI Adversarial Dice: 0.93 0.94 Adversarial loss as segmentation post-processing for
(2018) PatchGAN training spleen segmentation. ResNet baseline.
Chen et al. DC-FCN-based LiTS (Bilic et al,, CT Adversarial Dice: 0.62 0.68 Cascaded framework with densely connected
(2019) GAN segmenter  2019) training adversarial training. DC-Fully connected network

baseline.
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Publication Method Dataset Modality Task Metric w/o GAN Metric with  Highlights
(Baseline) GAN
(Baseline+4)
Sandfort et al. CycleGAN NIH (Prior et al., CT Cross-domain Dice (od): 0.92, 0.93, 0.75 Contrast enhanced to non-enhanced translation to
(2019) 2017), Decathlon translation 0.10 improve out-of-distribution (od) segmentation.
(Simpson et al.,
2019),
DeepLesion (Yan
et al., 2018)
Xiao et al. Radiomics- Private MRI Adversarial Dice: 0.72 0.92 Radiomics-guided adversarial mechanism to map
(2019) guided training relationship between contrast and non-contrast
GAN images. U-Net baseline comparison.
Oliveira (2020b) pix2pix, SPADE  LiTS (Bilic et al., CT Image Dice: 0.58 0.61 Realistic lesion inpainting in CT slices to provide
2019) inpainting controllable set of training samples.
Chest and lungs
Jiang et al. CycleGAN-based NSCLC (Prior CT, MRI Cross-domain Dice: 0.66 0.80 Tumour-aware loss for unsupervised cross-domain
(2018) et al., 2017) translation adaptation compared with standard cycleGAN
benchmark.
Jin et al. (2018) cGAN LIDC (Armato III CT Image Dice: 0.96 0.99 Generated lung nodules to improve segmentation
et al., 2011) inpainting robustness; A novel multi-mask reconstruction loss.
Dong et al. UNet-based GAN AAPM Challenge CT Adversarial Dice: 0.97 (1), 0.97, 0.90, Adversarial training to discriminate manual and
(2019) segmenter (Yang et al., training 0.83 (sc), 0.71 0.75, 0.87 automated segmentation of lungs, spinal cord,
2018b) (0), 0.85 (h) oesophagus, heart.
Tang et al. MUNIT (Huang  JSRT (Shiraishi ~ Chest X-ray Lung Dice: 0.97 0.98 Unpaired normal-to-abnormal (pathological)
(2019) et al., 2018) et al., 2000), segmentation translation. Synthetic data augmentation for lung
XLSor Montgomery segmentation.
(Jaeger et al.,
2013)
Shi et al. (2020) AUGAN LIDC-IDRI CT Adversarial Dice: 0.82 0.85 A deep layer aggregation based on U-Net++.
(Armato IIT training
et al., 2011)
Munawar et al. Unet-based GAN  JSRT (Shiraishi ~ Chest X-ray Adversarial Dice: 0.96 0.97 Adversarial training to discriminate manual and
(2020) segmenter et al., 2000), training automated segmentation.
Montgomery &
Shenzhen
(Jaeger et al.,
2013)
Prostate
Kohl et al. UNet-based GAN Private MRI Adversarial Dice: 0.35 0.41 Adversarial loss to discriminate manual and
(2017) segmenter training automated segmentation.
Grall et al. pix2pix Private MRI Adversarial Dice: 0.67 0.73, 0.79,  Paired prostate image-to-mask translation.
(2019) training (ADC), 0.74 0.74 Investigated the robustness of the pix2pix against
ProstatecGAN (DWD), 0.67 (T2) noise.
Nie and Shen GAN PROMISE12 MRI Adversarial Dice: 88.25 (b), 89.52, Difficulty-aware mechanism to alleviate the effect of
(2020) (Litjens et al., confidence 90.11 (m), 86.67 90.97, 88.20 easy samples during training. b = base, m = middle,
2014) learning (a) a = apex.
Zhang et al. PGGAN Private CT Data Dice: 0.85 0.90 Semi-supervised training using both annotated and
(2020) augmentation un-annotated data. Synthetic data augmentation
using PGGAN.
Cem Birbiri pix2pix, PROMISE12 MRI Data Dice: 0.72 0.76 Compared the performance of pix2pix, U-Net, and
et al. (2020) CycleGAN (Litjens et al., augmentation CycleGAN.
2014)
Chaitanya et al. cGAN, ACDC (Bernard ~ MRI, CT Data Dice: 0.40 0.53 GAN data augmentation for intensity and shape
(2021) DCGAN-based D et al., 2018), augmentation variations. Tested on cardiac, prostate, and pancreas
Decathlon datasets.
(Simpson et al.,
2019)
Colorectal
Liu et al. GAN, LAGAN Private CT Adversarial Dice: 0.87 0.92 Automatic post-processing to refine the segmentation
(2019a) training of deep networks.
Poorneshwaran Ppix2pix CVC-clinic Endoscopy  Adversarial Dice: n.a. 0.88 Adversarial learning to make automatic segmentation
et al. (2019) (Vazquez et al., training close to manual. Ablations were compared instead of
2017) baselines.
Xie et al. (2020) MI’GAN, CVC-clinic Endoscopy  Cross-domain Dice: 0.66 0.73 Content features and domain information decoupling
CycleGAN (Vazquez et al., translation and maximising the mutual information.

2017),
ETIS-Larib (Silva
et al., 2014)
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Publication Method Dataset Modality Task Metric w/o GAN  Metric with  Highlights
(Baseline) GAN
(Baseline+4)
Pathology
Pandey et al. GAN & cGAN Kaggle (Ljosa Histopathol- Data Dice: 0.79 0.83 Two-stage GAN to generate masks and conditioned
(2020) et al.,, 2012a) ogy augmentation synthetic images.
Other
Chi et al. (2018) pix2pix ISBI ISIC Dermoscopy Data Dice: 0.85 0.84 Similar performance replacing half of real with
(Codella et al., augmentation synthetic data. Colour labels as lesion specific
2018) characteristics.
Abhishek and pix2pix ISBI ISIC Dermoscopy Data Dice: 0.77 0.81 Generate new lesion images given any arbitrary
Hamarneh (Codella et al., augmentation mask.
(2019) 2018)
Sarker et al. MobileGAN ISBI ISIC Dermoscopy Adversarial Dice: 0.76 0.91 Lightweight and efficient GAN model with position
(2019) (Codella et al., training and channel attention. Dice was compared to a
2018) U-Net baseline.
Zaman et al. pix2pix Private Ultrasound  Data Dice: * ~ A+0.05 Recommendations on standard data augmentation
(2020) augmentation approaches. Bone surface segmentation. pix2pix

based discriminator.

(e.g., lymphoma Kang et al., 2018), biomarkers, and tumour-specific
phenotypic attributes (Lambin et al., 2012; Parmar et al., 2015). The
accuracy and success of such commonly applied diagnostic image fea-
ture quantification methods, hence, depends on accurate and robust
ROI segmentations. Segmentation models need to be able to provide
reproducibility of extracted quantitative features and biomarkers (Bi
et al., 2019) with reliably-low variation, among others, across different
scanners, CT slice thicknesses, and reconstruction kernels (Balagu-
runathan et al., 2014; Zhao et al., 2016). To this end, we promote
lines of research that use adversarial training schemes to target the
robustification of segmentation models. Progress in this open research
challenge can beneficially unlock trust, usability, and clinical adoption
of biomarker quantification methods in clinical practice.

4.3.2. GAN applications for cancer image segmentation

Table 4 summarises the collection of segmentation publications
that utilise such adversarial training approaches and GAN-based data
synthesis for cancer imaging.

In Table 4, we further report the baseline performance alongside
the performance increase attributable to applying GANs or adversarial
training for each surveyed publication. For the common Dice Score
segmentation performance metric, Fig. 10 visualises these differences.
Comparing the figure’s black identity line and the red trend line over
publications, we observe a general improvement of approximately 5
percentage points of adversarial learning methods compared to their
baselines. Fig. 11 further displays the variation in performance between
baselines and adversarial network methods for the years 2017 to 2021.
Based on visual analysis, performance gains seem to be both anatomy-
invariant and invariant to the strength of the baseline, where similar
gains are achieved for initially low (e.g., < 0.7) and high (e.g., >=0.7)
baseline Dice scores. While Figs. 10 and 11 offer interesting quanti-
tative insights, we recommend taking potential publication bias'® into
account when drawing conclusions from these figures. Trends in the
presented data in these plots can be analysed holistically, however, they
are not intended to benchmark and compare individual publications
against each other. This is due to multiple limiting factors of such
comparisons including the differences in (a) the used baselines, (b)
organs, (c) modalities, (d) the segmentation task and its associated
difficulty, (e) the amount of training and testing data, (f) data and
annotation quality, (g) pre- and post-processing methods, or (h) the
study’s objectives. In regard to (g), some studies may focus on other

19 Publication bias likely influences the trends observable in Figs. 10 and 11:
Only papers that show an improvement attributable to adversarial networks
were published and therefore only such studies could be included.

20

benefits of adversarial learning methods instead of or apart from Dice
Score improvement, such as, reducing the needed training dataset size,
domain adaptation in general, protecting patient privacy with synthetic
data, or simply improving other metrics (e.g. Hausdorff distance, FID).

In the following sections, we provide a summary of the commonly
used techniques and trends in the GAN literature that address the
challenges in cancer image segmentation.

Robust quantitative imaging feature extraction. For example, Xiao et al.
(2019) addressed the challenge of robustification of segmentation mod-
els and reliable biomarker quantification. Xiao et al. (2019) provide
radiomics features as conditional input to the discriminator of their
adversarially trained liver tumour segmentation model. Their learning
procedure strives to inform the generator to create segmentations that
are specifically suitable for subsequent radiomics feature computa-
tion. Apart from adversarially training segmentation models, we also
highlight the research potential of adversarially training quantitative
imaging feature extraction models (e.g., deep learning radiomics) for
reliable application in multi-centre and multi-domain settings.

Synthetic segmentation model training data. By augmenting and varying
the training data of segmentation models, it is possible to substantially
decrease the amount of manually annotated images during training
while maintaining the performance (Foroozandeh and Eklund, 2020).
A general pipeline of such usage of GAN based generative models is
demonstrated in Fig. 9(a) and mentioned in Fig. 1(j).

Over the past few years, CycleGAN (Zhu et al., 2017) based ap-
proaches have been widely used for synthetic data generation due to
the possibility of using unpaired image sets in training, as compared
to paired image translation methods like pix2pix (Isola et al., 2017)
or SPADE (Park et al., 2019). CycleGAN based data augmentation has
been shown to be useful for segmentation model training, in particular,
for generating images with different acquisition characteristics such as
contrast enhanced MRI from non-contrast MRI (Wang et al., 2021),
cross-modality image translation between different modalities such
as CT and MRI images (Huo et al.,, 2018), and domain adaptation
tasks (Jiang et al., 2018). The popularity of the CycleGAN based
methods lies not only in image synthesis or domain adaptation, but also
in the inclusion of simultaneous image segmentation in its pipeline (Lee
et al., 2020).

Although pix2pix methods require paired samples, it is also a widely
used type of GAN in data augmentation for medical image segmentation
(see Table 4). Several works on segmentation have demonstrated its
effectiveness in generating synthetic medical images. By manipulating
its input, the variability of the training dataset for image segmentation
could be remarkably increased in a controlled manner (Abhishek and
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Fig. 9. Overview of cancer imaging GAN applications for detection and segmentation. (a) describes training data augmentation of downstream task models (e.g., segmentation,
detection, classification, etc.). In (b) a discriminator scrutinises the segmentations created by a segmentation model, while in (¢) the discriminator enforces the model to create
domain-agnostic latent representations. (d) illustrates domain-adaptation, where the translated target domain images are used for downstream model training. In (e), the AC-
GAN (Odena et al., 2017) discriminator classifies original data. In (f), one GAN generates ROIs while another inpaints them into full-sized images. (g) uses the discriminator’s
latent space to find abnormal/outlier representations.
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Fig. 10. Scatter plot illustrating the segmentation performance improvement attributable to adversarial networks for the surveyed publications. Each publication is represented
by a marker with a colour and shape encoding depicting the publication’s anatomical category. Only the publications are included that measure performance via Dice Score and
compare against a baseline, as reported in Table 4. For publications reporting multiple Dice Scores, their mean was computed and included herein. The black identity line indicates
no change between baseline and adversarial network intervention, while dots below this line represent an improvement. The red regression line depicts the trend of improvement
across publications. The author names of a few publications have been manually selected for highlighting based on the distance to the trend line.
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Table 5
Overview of adversarially-trained models applied to detection and diagnosis tasks in cancer imaging. Publications are clustered by organ type and ordered by year in ascending
order.

Publication Method Dataset Modality Task Metric w/o GAN  Metric with  Highlights
(Baseline) GAN
(Baseline+4)
Brain
Chen et al. (2018b) VAE GAN Cam-CAN MRI Anomaly AUC(%): 80.0 70.0 Comparison of unsupervised outlier detection
(Shafto et al., detection methods.
2014) BRATS
(Menze et al.,
2014) ATLAS
(Liew et al.,
2018)
Han et al. (2020) PGGAN BRATS (Menze MRI Data Accuracy(%): 91.08 PGGAN-based augmentation method of whole
et al., 2014) augmentation 90.06 brain MRIL
Han et al. (2019¢) PGGAN, SimGAN BRATS (Menze MRI Data Sensitivity(%): 97.48 Two-step GAN for noise-to-image and
et al., 2014) augmentation 93.67 image-to-image data augmentation.
Benson and GAN TCIA MRI Anomaly Accuracy(%): 74.96 Multi-modal MRI images as input to the GAN.
Beets-Tan (2020) (Schmainda and detection 73.48
Prah, 2018)
Han et al. (2019b) GAN Private MRI Data Sensitivity(%): 77.0 Synthesis and detection of brain metastases in
augmentation 67.0 MRI with bounding boxes.
Siddiquee et al. Fixed-Point GAN  BRATS (Menze MRI Anomaly AUC(%): 95, 92, 0.348 Brain lesion detection and localisation with
(2019) et al., 2014) detection 10U:0.261 fixed-point image-to-image translation concept.
Sun et al. (2020b) ANT-GAN BRATS 2013 MRI Data F1-Score(%): 91.7 Abnormal to normal image translation in
(Menze et al., augmentation, 89.6 cranial MRI, VGG lesion classification.
2014) Anomaly
detection
Breast
Wu et al. (2018a)  ciGAN DDSM (Heath Film MMG Data ROC AUC(%): 89.6 Synthetic lesion in-filling in healthy
Mammo-ciGAN et al., 2001) augmentation 88.7 mammograms.
Guan and Loew GAN DDSM (Heath Film MMG Data Accuracy(%): 74.96 Generate patches containing benign and
(2019) et al., 2001) augmentation 73.48 malignant tumours.
Jendele et al. CycleGAN BCDR (Lopez Digital/Film  Data ROC AUC(%): A-1.46, Scanned & digital mammograms evaluated
(2019) et al., 2012), MMG augmentation 83.50, F1(%): A+1.28 together for lesion detection.
BreastGAN INbreast 62.53
(Moreira et al.,
2012),
CBIS-DDSM (Lee
et al., 2016)
Lee and Nishikawa CGAN Private Digital MMG Data ROC AUC(%): 57 67 Synthesising contralateral mammograms.
(2020) augmentation
Wu et al. (2020) U-Net based GAN OPTIMAM Digital MMG Data ROC AUC(%): 84.6 Removed/added MMG lesions for
(Halling-Brown augmentation 829 malignant/benign classification.
et al., 2020)
Alyafi et al. (2020) DCGAN OPTIMAM Digital MMG Data F1-Score(%): ~96 Synthesise breast mass patches with high
(Halling-Brown augmentation ~90 diversity.
et al., 2020)
Desai et al. (2020) DCGAN DDSM (Heath Film MMG Data Accuracy(%): 87.0 Synthesise full view MMGs and used them in
et al., 2001) augmentation 78.23 visual Turing test.
Muramatsu et al. CycleGAN DDSM (Heath CT, Film Data Accuracy(%): 81.4 CT lung nodule to MMG mass translation and
(2020) et al., 2001) MMG augmentation 79.2 vice versa.
Swiderski et al. AGAN DDSM (Heath Film MMG Data ROC AUC(%): 94.10 AutoencoderGAN (AGAN) augments data in
(2021) et al., 2001) augmentation 92.50 normal abnormal classification.
Kansal et al. DCGAN Private OCT Data Accuracy(%): 93.7 Synthetic Optical Coherence Tomography
(2020) augmentation 92.0 (OCT) images.
Shen et al. (2021) ciGAN DDSM (Heath Film MMG Data FROC-AUC(%): 17.2 Generate labelled breast mass images for
et al., 2001) augmentation 15.1 precise detection.
Pang et al. (2021)  TripleGAN-based  Private Ultrasound Data Sensitivity(%): 87.94 Semi-supervised GAN-based Radiomics model
augmentation 86.60 for mass CLF.
Liver
Frid-Adar et al. DCGAN, ACGAN  Private CT Data Sensitivity(%): 85.7 Synthesis of high quality focal liver lesions
(2018) augmentation 78.6 from CT for lesion CLF.
Zhao et al. (2020a) Tripartite GAN Private MRI Data Accuracy(%): 89.4 Synthetic contrast-enhanced MRI — tumour
augmentation 79.2 detection without contrast agents.

(continued on next page)
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Publication Method Dataset Modality Task Metric w/o GAN Metric with ~ Highlights
(Baseline) GAN
(Baseline+4)
Doman et al. DCGAN JAMIT (JAMIT CT Data Detection 95 Generate metastatic liver lesions in abdominal
(2020) Japanese Society augmentation rate(%): 65 CT for improved cancer detection.
of Medical
Imaging
Technology),
3Dircadb (Soler
et al., 2010)
Stomach/Colon/Prostate
Kanayama et al. DCGAN Private Endoscopy Data AP(%): 59.6 63.2 Synthesise lesion images for gastric cancer
(2019) augmentation detection.
Shin et al. (2018b) c¢GAN CVC-CLINIC Colonoscopy Data Precision(%): 85.3 Synthesise polyp images from normal
(Bernal et al., augmentation 81.9 colonoscopy images for polyp detection.
2015), CVC-
ClinicVideoDB
(Angermann
et al., 2017)
Rau et al. (2019) pix2pix-based Private Colonoscopy Data Mean L1(%): 24.7 Transform monocular endoscopic images from
ColonoscopyDepth augmentation 339 two domains to depth maps.
Yu and Zhang CapGAN BrainWeb MRI Data ROC AUC(%): 88.5 Synthesise prostate MRI using Capsule
(2020) phantom augmentation 85.1 Network-Based DCGAN instead of CNN.
(Cocosco et al.,
1997), Prostate
MRI (Choyke
et al., 2016)
Krause et al. (2021) CGAN TCGA, NLCS Histopathol- Data ROC AUC(%): 77.7 GANSs to enhance genetic alteration detection in
(van den Brandt ogy augmentation 75.7 colorectal cancer histology.
et al., 1990)
Skin
Bissoto et al. PGAN, DCGAN, Dermofit Dermoscopy Data ROC AUC(%): 84.7 Comparative study of GANs for skin lesions
(2018) pix2pix (Ballerini et al., augmentation 83.4 generation
gan-skin-lesion 2013), ISIC 2017
(Codella et al.,
2018), IAD
(Argenziano
et al., 2002)
Creswell et al. sSDAAE ISIC 2017 Dermoscopy  Representation ROC AUC(%): 89.0 Adversarial autoencoder fine-tuned on few
(2018) (Codella et al., learning, 89.0 labelled lesion classification samples.
2018) classification
Baur et al. (2018) DCGAN, LAPGAN ISIC 2017 Dermoscopy Data Accuracy(%) : 74.0 Comparative study, 256 x 256 px skin lesions
(Codella et al., augmentation 71.6 synthesis. LAPGAN acc = 74.0%
2018)
Rashid et al. (2019) GAN ISIC 2017 Dermoscopy Data Accuracy(%): 86.1 Boost CLF performance with GAN-based skin
(Codella et al., augmentation 81.5 lesions augmentation.
2018)
Fossen-Romsaas AC-GAN, HAM10000 & Dermoscopy Data Recall(%): 72.1 76.3 Realistic-looking, class-specific synthetic skin
et al. (2020) CycleGAN BCN20000 augmentation lesions.
(Tschandl et al.,
2018; Combalia
et al., 2019),
ISIC 2017
(Codella et al.,
2018)
Qin et al. (2020) Style-based GAN  ISIC 2017 Dermoscopy Data Precision(%): 76.9 Style control & noise input tuning in G to
(Codella et al., augmentation 71.8 synthesise high quality lesions for CLF.
2018)
Lung
Bi et al. (2017) M-GAN Private PET Data F1-Score(%): 63.84 Synthesise PET data via multi-channel GAN for
augmentation 66.38 tumour detection.
Salehinejad et al. DCGAN Private Chest X-rays Data Accuracy(%): 92.10 Chest pathology CLF using synthetic data.
(2018) augmentation 70.87
Zhao et al. (2018) F(&BGAN LIDC-IDRI CT Data Accuracy(%): 95.24 Forward GAN generates diverse images,
(Armato III augmentation 92.86 Backward GAN improves their quality.
et al., 2011)
Onishi et al. (2019) WGAN Private CT Data Accuracy(%): 63 67, 94 Synthesise pulmonary nodules on CT images
augmentation (Benign), 82 for nodule CLF.

(Malign)
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Publication Method Dataset Modality Task Metric w/o GAN Metric with ~ Highlights
(Baseline) GAN
(Baseline+4)
Gao et al. (2019) WGAN-GP LIDC-IDRI CT Data Sensitivity(%): 95.0 Synthesise lung nodule 3D data for nodule
3DGANLungNodules (Armato III augmentation 84.8 detection.
et al., 2011)
Han et al. (2019a) 3DMCGAN LIDC-IDRI CT Data CPM(%): 51.8 55.0 3D multi-conditional GAN (2 Ds) for
(Armato 111 augmentation misdiagnosis prevention in nodule detection.
et al., 2011)
Yang et al. (2019) GAN LIDC-IDRI CT Data ROC AUC(%): 88.12 Class-aware 3D lung nodule synthesis for
(Armato IIT augmentation 87.56 nodule CLF.
et al., 2011)
Wang et al. CGAN LIDC-IDRI CT Data F1-Score(%): 89.03 Nodule synthesis conditioned on semantic
(2020b) (Armato IIT augmentation 85.88 features.
CA-MW-AS et al., 2011)
Kuang et al. (2020) Multi-D GAN LIDC-IDRI CT Anomaly Accuracy(%): 95.32 High anomaly scores on malignant images, low
(Armato IIT detection 91.6 scores on benign.
et al., 2011)
Ghosal et al. (2020) WGAN-GP LIDC-IDRI CT Data ROC AUC(%): 97.0 Unsupervised AE & clustering augmented
(Armato III augmentation 95.0 learning method for nodule CLF.
et al., 2011)
Sun et al. (2020a) DCGAN LIDC-IDRI CT Data Accuracy(%): 94.5 Nodule CLF: Pre-training AlexNet (Krizhevsky
(Armato IIT augmentation 93.8 et al.,, 2012) on synthetic, fine-tuning on real.
et al., 2011)
Wang et al. (2020c) pix2pix, Private CT Data Accuracy(%): 60.5 Augmented CNN for subcentimeter pulmonary
PGWGAN, augmentation 53.2 adenocarcinoma CLF.
WGAN-GP
Bu et al. (2020) 3D CGAN LUNA16 (Setio CT Data Sensitivity(%): 98.57 Squeeze-and-excitation mechanism and residual
et al., 2017) augmentation 97.81 learning for nodule detection.
Nishio et al. (2020) 3D pix2pix LUNA16 (Setio CT Data Accuracy(%): 85 85 Nodule size CLF. Masked image + mask +
et al., 2017) augmentation nodule size conditioned paired translation.
Onishi et al. (2020) WGAN Private CT Data Specificity(%): 77.8 AlexNet pretrained on synthetic, fine-tuned on
augmentation 66.7 real nodules for malign/benign CLF.
Teramoto et al. PGGAN Private Cytopathol-  Data Accuracy(%): 85.3 Malignancy CLF: CNN pretrained on synthetic
(2020) ogy augmentation 81.0 lung cytology images, fine-tuned on real.
Others
Schlegl et al. AnoGAN Private OCT Anomaly ROC AUC(%): 73 89 D representations trained on healthy retinal
(2017) detection image patches to score abnormal patches.
Zhang et al. DCGANs, WGAN, Private OCT Data Accuracy(%): 98.83 CLF of thyroid/non-thyroid tissue. Comparative
(2018b) BEGANs augmentation 95.67 study for GAN data augmentation.
Chaudhari et al. MG-GAN NCBI (Edgar Expression Data Accuracy(%) 93.6, 88.1, Prostate, Lung, Breast, Colon. Interesting for
(2019) et al., 2002) microarray augmentation P:71.43 1:68.21  90.3, 91.7 fusion with imaging data.
data B:69.8 C:67.59
Liu et al. (2019b) ~ WGAN-based Private Serum Data Accuracy(%): 70.97 Synthetic training data for CLF of stages of
sample augmentation 64.52 Hepatocellular carcinoma.
staging data
Rubin et al. (2019) TOP-GAN Private Holographic  Data AUC(%): 89.2 94.7 Pretrained D adapted to CLF of optical path
microscopy ~ augmentation delay maps of cancer cells (colon, skin).
Chaitanya et al. Han et al.
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Baseline+A: Dice Score Change After Introducing Adversarial Network (in %)

Fig. 11. Scatter plot displaying year of publication and Dice Score improvement (in %). Each marker represents a publication and its colour and shape encoding represents its
corresponding anatomical category. Only the publications are included that report Dice Score alongside a baseline comparison. For publications reporting multiple Dice Scores,
their mean was computed and included herein. Author names have been manually selected at random for highlighting.

Hamarneh, 2019; Oliveira, 2020b). Similarly, the conditional GAN
methods have also been used for controllable data augmentation for
improving lesion segmentation (Oliveira, 2020a). Providing a condition
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as an input to generate a mask is particularly useful to specify the
location, size, shape, and heterogeneity of the synthetic lesions. One
of the recent examples, proposed by Kim et al. (2020), demonstrates
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this in brain MRI tumour synthesis by conditioning an input with
simplified controllable concentric circles to specify lesion location and
characteristics. A further method for data augmentation is the in-
painting of generated lesions into healthy real images or into other
synthetic images, as depicted by Fig. 9(f). Overall, the described data
augmentation techniques have shown to improve generalisability and
performance of segmentation models by increasing both the number
and the variability of training samples (Qasim et al., 2020; Foroozandeh
and Eklund, 2020; Lee et al., 2020).

Segmentation models with integrated adversarial loss. As stated in
Fig. 1(i), GANs can also be used as the algorithm that generates
robust segmentation masks, where the generator is used as a segmenter
and the discriminator scrutinises the segmentation masks given an
input image. One intuition behind this approach is the detection
and correction of higher-order inconsistencies between the ground
truth segmentation maps and the ones created by the segmenter via
adversarial learning (Luc et al., 2016; Hu et al., 2020; Cirillo et al.,
2020). This approach is demonstrated in Fig. 9(b). With the additional
adversarial loss when training a segmentation model, this approach has
been shown to improve semantic segmentation accuracy (Hung et al.,
2019; Sarker et al., 2019; Shi et al., 2020). Using adversarial training,
similarity of a generated mask to manual segmentation given an input
image is taken under consideration by the discriminator allowing a
global assessment of the segmentation quality. This approach further
offers a practical solution towards handling intra- and inter-observer
annotation variability, as the mask discriminator learns an average over
observers, which is backpropagated to the segmenter via adversarial
loss.

A unique way of incorporating the adversarial loss from the dis-
criminator has been recently proposed in Nie and Shen (2020). In their
work, the authors utilise a fully-convolutional network as a discrim-
inator, unlike its counterparts that use binary, single neuron output
networks. In doing so, a dense confidence map is produced by the
discriminator, which is further used to train the segmenter with an
attention mechanism.

Overall, using an adversarial loss as an additional global segmenta-
tion assessment is likely to be a helpful further signal for segmentation
models, in particular, for heterogeneously structured datasets of limited
size (Kohl et al., 2017), as is common for cancer imaging datasets. We
highlight potential further research in GAN-based segmentation models
to learn to segment increasingly fine radiologic distinctions. These
models can help to solve further cancer imaging challenges, for exam-
ple, accurate differentiation between neoplasms and tissue response to
injury in the regions surrounding a tumour after treatment (Bi et al.,
2019).

Segmentation models with integrated adversarial domain discrimination.
Moreover, a similar adversarial loss can also be performed internally
on the segmentation model features as illustrated in Fig. 9(c). Such
an approach can benefit unsupervised domain adaptation and domain
generalisation by enforcing the segmentation model to learn to base
its prediction on domain-invariant feature representations (Kamnitsas
et al., 2017).

4.3.3. Limitations and future prospects for cancer imaging segmentation

As shown in Table 4, the applications of GANs in cancer image
segmentation cover a variety of clinical requirements. Remarkable steps
have been taken to advance this field of research over the past few
years. However, the following limitations and future prospects can be
considered for further investigation:

+ Although the data augmentation using GANs could increase the
number of training samples for segmentation, the variability of
the synthetic data is limited to the training data. Hence, it may
limit the potential of improving the performance in terms of
segmentation accuracy. Moreover, training a GAN that produce
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high sample variability requires a large dataset also with a high
variability, and, in most of the cases, with corresponding an-
notations. Considering the data scarcity challenge in the cancer
imaging domain, this can be difficult to achieve.
In some cases, using GANs could be excessive, considering the
difficulties related to convergence of competing generator and
discriminator parts of the GAN architectures. For example, the
recently proposed SynthSeg model (Billot et al., 2020) is based
on Gaussian Mixture Models to generate images and train a
contrast agnostic segmentation model. Such approaches can be
considered as an alternative to avoid common pitfalls of the GAN
training process (e.g., mode collapse). However, this approach
needs to be further investigated for cancer imaging tasks where
the heterogeneity of tumours is challenging.

- A great potential for using synthetic cancer images is to generate
common shareable datasets as benchmarks for automated seg-
mentation methods (Bi et al., 2019). Although this benchmark
dataset needs its own validation, it can be beneficial in testing
the limits of automated methods with systematically controlled
test cases. Such benchmark datasets can be generated by con-
trolling the shape, location, size, intensities of tumours, and can
simulating diverse images of different domains that reflect the
distributions from real institutions. To avoid learning patterns
that are only available in synthetic datasets (e.g., checkerboard
artifacts), it is a prospect to investigate further metrics that mea-
sure the distance of such synthetic datasets to real-world datasets
and the generalisation and extrapolation capabilities of models
trained on synthetic benchmarks to real-world data.

4.4. Detection and diagnosis challenges

4.4.1. Common issues in diagnosing malignancies

Clinicians’ high diagnostic error rates. Studies of radiological error report
high ranges of diagnostic error rates (e.g., discordant interpretations in
31%-37% in Oncologic CT, 13% major discrepancies in Neuro CT and
MRI) (Brady, 2017). After (McCreadie and Oliver, 2009) critically re-
viewed the radiology cases of the last 30 months in their clinical centre,
they found that from 256 detected errors (62% CT, 12% Ultrasound,
11% MRI, 9% Radiography, 5% Fluoroscopy) in 222 patients, 225
errors (88%) were attributable to poor image interpretation (14 false
positive, 155 false negative, 56 misclassifications). A recent literature
review on diagnostic errors by Newman-Toker et al. (2021) estimated a
false negative rate,”® of 22.5% for lung cancer, 8.9% for breast cancer,
9.6% for colorectal cancer, 2.4% for prostate and 13.6% for melanoma.
These findings exemplify the uncomfortably high diagnostic and image
interpretation error rates that persist in the field of radiology despite
decades of interventions and research (Itri et al., 2018).

The challenge of reducing clinicians’ high workload. In some settings,
radiologists must interpret one CT or MRI image every 3-4 s in an
average 8-h workday (McDonald et al., 2015). Automated CADe and
CADx systems can provide a more balanced quality-focused workload
for radiologists, where radiologists focus on scrutinising the auto-
mated detected lesions (false positive reduction) and areas/patches
with high predictive uncertainty (false negative reduction). A benefit
of CADe/CADx deep learning models are their real-time inference and
strong pattern recognition capabilities that are not readily susceptible
to cognitive bias (discussed in 4.3.1), environmental factors (Itri et al.,
2018), or inter-observer variability (discussed in 4.3.1).

20 In Newman-Toker et al. (2021) the false negative rates includes both
missed (patient encounters at which the diagnosis might have been made but
was not) and delayed diagnosis (diagnostic delay relative to urgency of illness
detection).
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Performance: After Introducing Adversarial Network (in %)

Fig. 12.
performance is based on the respective publication’s metric reported in Table 5

Scatter plot illustrating the performance improvement attributable to adversarial networks for the surveyed disease diagnosis and detection publications. The shown
and include fl-score (F1), sensitivity (SEN), accuracy (ACC), area under the receiver operating

characteristic curve (AUC), and detection rate (DR). Each publication is represented by a marker with a colour and shape encoding depicting the publication’s anatomical category.
The black identity line indicates no change between baseline and adversarial network intervention, while dots below this line represent an improvement. The red regression line
depicts the trend of improvement across publications. The author names of a few publications have been manually selected for highlighting based on the distance to the trend

line.

Detection model performance on critical edge cases. Challenging cancer
imaging problems are the high intra- and inter-tumour heterogene-
ity (Bi et al., 2019), the detection of small lesions and metastasis across
the body (e.g., lymph node involvement and distant metastasis Hosny
et al., 2018) and the accurate distinction between malignant and benign
tumours (e.g., for detected lung nodules that seem similar on CT
scans Hosny et al., 2018). Methods are needed to extend on and further
increase the current performance of deep learning detection models (Bi
et al., 2019).

4.4.2. GAN applications for cancer detection and diagnosis

As we detail in the following, the capability of adversarial learning
to improve malignancy detection has been demonstrated for multiple
tumour types and imaging modalities. To this end, Table 5 summarises
the collection of recent publications that utilise GANs and adversarial
training for cancer detection, classification, and diagnosis.

Figs. 12 and 13 visualise the publications’ performance metric val-
ues reported in Table 5. Fig. 12 provides visual estimate of the effective-
ness of GANs and adversarial training in increasing downstream task
performance. A performance increase of approximately 5 percentage
points can be observed by comparing the figure’s black identity line
with the red trend line over publications. We note that no visual
pattern seems to be observable that indicates a difference in perfor-
mance gain between anatomical categories. Across all publications, the
performance gains seem not to be a function of the strength of the
baseline, as they remain approximately constant with increasing base-
line performance. This is indicated by the minimal change of distance
between the black identity line and the red trend line throughout the
graph. Fig. 13 shows the GAN-induced variation in performance for
the years 2017 to 2021 with multiple adversarial models achieving a
performance increase of over 10% and most models over 3% on their
respective diagnostic downstream task. As emphasised in Section 4.3.2,
conclusion drawn from Figs. 12 and 13 have to take publication bias
into account. Further, benchmarking and comparison of individual
publications based on the presented data in these figures is not part
of their intended use due to the differences in baselines, modalities,
organs, train and test datasets, and publication objectives.

Adversarial anomaly and outlier detection examples. Schlegl et al. (2017)
captured imaging markers relevant for disease prediction using a deep
convolutional GAN named AnoGAN. AnoGAN learnt a manifold of
normal anatomical variability, accompanying a novel anomaly scoring
scheme based on the mapping from image space to a latent space.
While Schlegl et al. validated their model on retina optical coherence
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tomography images, their unsupervised anomaly detection approach is
applicable to other domains including cancer detection, as indicated
in Fig. 1(1). Chen et al. (2018b) used a Variational Autoencoder GAN
for unsupervised outlier detection using T1 and T2 weighted brain
MRI images. The scans from healthy subjects were used to train the
auto-encoder model to learn the distribution of healthy images and
detect pathological images as outliers. Creswell et al. (2018) pro-
posed a semi-supervised Denoising Adversarial Autoencoder (ssDAAE)
to learn a representation based on unlabelled skin lesion images. The
semi-supervised part of their CNN-based architecture corresponds to
malignancy classification of labelled skin lesions based on the encoded
representations of the pretrained DAAE. As the amount of labelled
data is smaller than the unlabelled data, the labelled data is used to
fine-tune classifier and encoder. In ssDAAE, not only the adversarial
autoencoder’s chosen prior distribution (Makhzani et al., 2015), but
also the class label distribution is discriminated by a discriminator,
the latter distinguishing between predicted continuous labels and real
binary (malignant/benign) labels. Kuang et al. (2020) applied unsu-
pervised learning to distinguish between benign and malignant lung
nodules. In their multi-discriminator GAN (MDGAN) various discrimi-
nators scrutinise the realness of generated lung nodule images. After
GAN pretraining, an encoder is added in front of the generator to
the end-to-end architecture to learn the feature distribution of benign
pulmonary nodule images and to map these features into latent space.
The benign and malignant lung nodules were scored similarly as in the
f-AnoGAN framework (Schlegl et al., 2019), computing and combining
an image reconstruction loss and a feature matching loss, the latter
comparing the discriminators’ feature representations between real and
encoded-generated images from intermediate discriminator layers. As
exemplified in Fig. 9(g), the model yielded high anomaly scores on
malignant images and low anomaly scores on benign images despite
limited dataset size. Benson and Beets-Tan (2020) used GANs trained
from multi-modal MRI images as a 3-channel input (T1-T2 weighted,
FLAIR, ADC MRI) in brain anomaly detection. The training of the
generative network was performed using only healthy images together
with pseudo-random irregular masks. Despite the training dataset con-
sisting of only 20 subjects, the resulting model increased the anomaly
detection rate.

Synthetic detection model training data. Among the GAN publications
trying to improve classification and detection performance, data aug-
mentation is the most recurrent approach to balance, vary, and increase
the detection model’s training set size, as suggested in Fig. 1(k).
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Fig. 13. Scatter plot displaying year of publication and change in performance between baseline and adversarial network method (in %). As in Table 5, the underlying performance
metrics include fl-score (F1), sensitivity (SEN), accuracy (ACC), area under the receiver operating characteristic curve (AUC), and detection rate (DR). Each publication is represented
by a marker with a colour and shape encoding depicting the publication’s anatomical category. Author names have been manually selected at random for highlighting.

For instance in breast imaging, Wu et al. (2018a) trained a class-
conditional GAN to perform contextual in-filling to synthesise lesions
in healthy scanned mammograms. Guan and Loew (2019) trained
a GAN on the same dataset (Heath et al., 2001) to generate syn-
thetic patches with benign and malignant tumours. The synthetic
generated patches had clear artifacts and did not match the original
dataset distribution. Jendele et al. (2019) used a CycleGAN (Zhu
et al., 2017) and both film scanned and digital mammograms to
improve binary (malignant/benign) lesion detection using data aug-
mentation. Detecting mammographically-occult breast cancers is an-
other challenging topic addressed by GANs. For instance, Lee and
Nishikawa (2020) exploit asymmetries between mammograms of the
left and right breasts as signals for finding mammography-occult can-
cer. They trained a image-conditioned GAN (pix2pix) to generate
a healthy synthetic mammogram image of the contralateral breast
(e.g., left breast) given the corresponding single-sided mammogram
(e.g., right breast) as input. The authors showed that there is a higher
similarity (MSE, 2D-correlation) between simulated-real (SR) mam-
mogram pairs than real-real (RR) mammogram pairs in the pres-
ence of mammography-occult cancer. Consequently, distinguishing be-
tween healthy and mammography-occult mammograms, their classifier
yielded a higher performance when trained with both RR and SR
similarity as input (AUC = 0.67) than when trained only with RR
pair similarity as input (AUC = 0.57). 3-dimensional conditional image
synthesis with GANs has been shown, for instance, by Han et al.
(2019a), who proposed a 3D Multi-Conditional GAN (3DMCGAN) to
generate realistic and diverse nodules placed naturally on lung CT
images to boost sensitivity in 3D object detection. Bu et al. (2020) built
a 3D image-conditioned GAN based on pix2pix, where the input is a 3D
volume of interest (VOI) that is cropped from a lung CT scan and con-
tains a missing region in its centre. Both generator and discriminator
contain squeeze-and-excitation (Hu et al., 2018a) residual (He et al.,
2016) neural network (SE-ResNet) modules to improve the quality
of the synthesised lung nodules. Another example based on lung CT
images is the method by Nishio et al. (2020), where the proposed
GAN model used masked 3D CT images and nodule size information
to generate images.

As to multi-modal training data synthesis, Van Tulder and de Brui-
jne (2015) replaced missing sequences of a multi-sequence MRI with
synthetic data. The authors illustrated that if the synthetic data gen-
eration model is more flexible than the classification model, the syn-
thetic data can provide features that the classifier has not extracted
from the original data, which can improve the performance. During
colonoscopy, depth maps can enable navigation alongside aiding detec-
tion and size measurements of polyps. For this reason, Rau et al. (2019)
demonstrated the synthesis of depth maps using a image-conditioned
GAN (pix2pix) with monocular endoscopic images as input, reporting
promising results on synthetic, phantom and real datasets. In breast
cancer detection, Muramatsu et al. (2020) translated lesions from lung
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CT to breast MMG using cycleGAN yielding a performance improve-
ment in breast mass classification when training a classifier with the
domain-translated generated samples.

4.4.3. Future prospects for cancer detection and diagnosis

Granular class distinctions for synthetic tumour images. Further research
opportunity exists in exploring a more fine-grained classification of
tumours that characterises different subtypes and disease grades in-
stead of binary malignant-benign classification. Being able to robustly
distinguish between different disease subtypes with similar imaging
phenotypes (e.g., glioblastoma versus primary central nervous system
lymphoma Kang et al., 2018) addresses the challenge of reducing diag-
nostic ambiguity (Bi et al., 2019). GANs can be explored to augment
training data with samples of specific tumour subtypes to improve
the distinction capabilities of disease detection models. This can be
achieved by training a detection model on training data generated
by various GANs, where each GAN is trained on a different tumour
subtype distribution. Another option we estimate worth exploring is to
use the tumour subtype or the disease grade (e.g., the Gleason Score for
prostate cancer Hu et al., 2018b) as a conditional input into the GAN
to generate additional labelled synthetic training data.

Cancer image interpretation and risk estimation. Besides the detection
of prospectively cancerous characteristics in medical scans, ensuring
a high accuracy in the subsequent interpretation of these findings are
a further challenge in cancer imaging. Improving the interpretation
accuracy can reduce the number of unnecessary biopsies and harmful
treatments (e.g., mastectomy, radiation therapy, chemotherapy) of in-
dolent tumours (Bi et al., 2019). For instance, the rate of overdiagnosis
of non-clinically significant prostate cancer ranges widely between
1.7% up to a noteworthy 67% (Loeb et al., 2014). To address this,
detection models can be extended to provide risk and clinical signif-
icance estimations. For example, given both an input image, and an
array of risk factors (e.g., BRCA1/BRCA2 status for breast cancer Li
et al., 2017, comorbidity risks), a deep learning model can weight and
evaluate a patient’s risk based on learned associations between risk
factors and input image features. The GAN framework is an example
of this, where clinical, non-clinical and imaging data can be combined,
either as conditional input for image generation or as prediction targets.
For instance, given an input image, an AC-GAN (Odena et al., 2017;
Kapil et al., 2018) can classify the risk as continuous label (see Fig. 9(e))
or, alternatively, a discriminator can be used to assess whether a risk
estimate provided by a generator is realistic. Also, a generator can learn
a function for transforming and normalising an input image given one
or several conditional input target risk factors or tumour characteristics
(e.g., a specific mutation status, a present comorbidity, etc.) to generate
labelled synthetic training data.
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4.5. Treatment and monitoring challenges

After a tumour is detected and properly described, new challenges
arise related to planning and execution of medical intervention. In this
section we examine these challenges, in particular: tumour profiling
and prognosis; challenges related to choice, response and discovery of
treatments; as well as further disease monitoring. Table 6 provides an
overview of the cancer imaging GANs that are applied to treatment and
monitoring challenges, which are discussed in the following.

4.5.1. Disease prognosis and tumour profiling

Challenges for disease prognosis. An accurate prognosis is crucial to
plan suitable treatments for cancer patients. However, in specific
cases, it could be more beneficial to actively monitor the tumours
instead of treating them Bi et al. (2019). Challenges in cancer prog-
nosis include the differentiation between long-term and short term
survivors (Bi et al., 2019), patient risk estimation considering the
complex intra-tumour heterogeneity of the tumour microenvironment
(TME) (Nearchou et al., 2021), or the estimation of the probability of
disease stages and tumour growth patterns, which can strongly affect
outcome probabilities (Bi et al., 2019). In this sense, GANs (Li et al.,
2021b; Kim et al., 2018b) and AI models in general (Cuocolo et al.,
2020; Dimitriou et al., 2018) have shown potential in prognosis and
survival prediction for oncology patients.

GAN disease prognosis examples. Li et al. (2021b) (in Table 2) show
that their GAN-based CT normalisation framework for overcoming
the domain shift between images from different centres significantly
improves accuracy of classification between short-term and long-term
survivors. Ahmed et al. (2021) trained omicsGAN to translate between
microRNA and mRNA expression data pairs, but could be readily
enhanced to also translate between cancer imaging features and genetic
information. The authors evaluate omicsGAN on breast and ovarian
cancer datasets and report improved prediction signals fo synthetic
data tested via cancer outcome classification. Another non-imaging
approach is provided by Kim et al. (2018b), who apply a GAN for pa-
tient cancer prognosis prediction based on identification of prognostic
biomarker genes. They train their GAN on reconstructed human biology
pathways data, which allows for highlighting genes relevant to cancer
development, resulting in improvement of the prognosis prediction
accuracy. In regard to these works on non-imaging approaches, we
promote future extensions combining prognostic biomarker genes and
-omics data with the phenotypic information present in cancer images
into multi-modal prognosis models.

GAN tumour profiling examples. Related to Fig. 1(1), Vu et al. (2020a)
propose that image-conditioned GANs (pix2pix) can learn latent charac-
teristics of tissues of tumours that correlate with specific tumour grade.
The authors show that when inferring their proposed BenignGAN on
malignant tumour tissue images after training it exclusively on benign
ones, it generates less realistic results. This allows for quantitative
measurement of the differences between the original and the generated
image, whereby these differences can be interpreted as tumour grade.

Kapil et al. (2018) explore AC-GAN (Odena et al., 2017) on digital
pathology imagery for semi-supervised quantification of the Non-Small-
Cell-Lung-Cancer biomarker programmed death ligand 1 (PD-L1). Their
class-conditional generator receives a one-hot encoded PD-L1 label as
input to generate a respective biopsy tissue image, while their discrim-
inator receives the image and predicts both PD-L1 label and whether
the image is fake or real. The AC-GAN method compares favourably
to other supervised and non-generative semi-supervised approaches,
and also systematically yields high agreement with visual*’ tumour
proportional scoring (TPS).

21 A visual estimation of pathologists of the tumour cell percentage showing
PD-L1 staining.
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As for the analysis of the TME, Quiros et al. (2019) propose Pathol-
0gyGAN, which they train on breast and colorectal cancer tissue im-
agery. This allows for learning the most important tissue phenotype
descriptions, and provides a continuous latent representation space,
enabling quantification and profiling of differences and similarities
between different tumours’ tissues. Quiros et al. (2019) show that
lesions encoded in an GAN’s latent space enable using vector distance
measures to find similar lesions that are close in the latent space within
large patient cohorts. We highlight the research potential in lesion
latent space representations to assess inter-tumour heterogeneity. Also,
the treatment strategies and successes of patients with a similar lesion
can inform the decision-making process of selecting treatments for a
lesion at hand, as denoted by Fig. 1(m).

Outlook on genotypic tumour profiling with phenotypic data. A further
challenge is that targeted oncological therapies require genomic and
immunological tumour profiling (Cuocolo et al., 2020) and effective
linking of tumour genotype and phenotype. Biopsies only allow to
analyse the biopsied portion of the tumour’s genotype, while also
increasing patient risk due to the possibility of dislodging and seed-
ing of neoplastic altered cells (Shyamala et al., 2014; Parmar et al.,
2015). Therefore, a trade-off>* exists between minimising the number of
biopsies and maximising the biopsy-based information about a tumour’s
genotype. These reasons and the fact that current methods are invasive,
expensive, and time-consuming (Cuocolo et al., 2020) make genotypic
tumour profiling an important issue to be addressed by AI cancer
imaging methods. In particular adversarial deep learning models are
promising to generate the non-biopsied portion of a tumour’s genotype
after being trained on paired genotype and radiology imaging data.?®
We recommend future studies to explore this line of research, which is
regarded as a key challenge for Al in cancer imaging (Bi et al., 2019;
Parmar et al., 2015).

4.5.2. Treatment planning and response prediction

Challenges for cancer treatment predictions. A considerable number of
malignancies and tumour stages have various possible treatment op-
tions and almost no head-to-head evidence to compare them to. Due to
that, oncologists need to subjectively select an approved therapy based
on their individual experience and exposure (Troyanskaya et al., 2020).

Furthermore, despite existing treatment response assessment frame-
works in oncology, inter- and intra-observer variability regarding
choice and measurement of target lesions exists among oncologists and
radiologists (Levy and Rubin, 2008). To achieve consistency and accu-
racy in standardised treatment response reporting frameworks (Levy
and Rubin, 2008), AI and GAN methods can identify quantitative
biomarkers®* from medical images in a reproducible manner useful for
risk and treatment response predicts (Hosny et al., 2018).

Apart from the treatment response assessment, treatment response
prediction is also challenging, particularly for cancer treatments such
as immunotherapy (Bi et al., 2019). In cancer immunogenomics, for
instance, unsolved challenges comprise the integration of multi-modal
data (e.g., radiomic and genomic biomarkers Bi et al., 2019), immuno-
genicity prediction for neoantigens, and the longitudinal non-invasive
monitoring of the therapy response (Troyanskaya et al., 2020). In
regard to the sustainability of a therapy, the inter- and intra-tumour
heterogeneity (e.g., in size, shape, morphology, kinetics, texture, etiol-
ogy) and potential sub-clone treatment survival complicates individual
treatment prediction, selection, and response interpretation (Bi et al.,
2019).

22 Due to this and due to the high intra-tumour heterogeneity, available
biopsy data likely only describes a subset of tumour’s clonal cell population.

2% Imaging data on which the entire lesion is visible to allow learn-
ing correlations between phenotypic tumour manifestations and genotype
signatures.

24 For example, characteristics and density variations of the parenchyma
patterns on breast images (Bi et al., 2019).
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Table 6
Overview of adversarially-trained models applied to treatment and monitoring challenges. Publications are clustered by section and ordered by year in ascending order.
Publication Method Dataset Modality Task Highlights
Disease prognosis
Kim et al. GAN-based TCGA (Tomczak [non-imaging] Data synthesis Biomarker gene identification for pancreas, breast, kidney, brain,
(2018b) et al., 2015), multi-omics cancer data and stomach cancer with GANs and PageRank.
Reactome (Croft
et al., 2014;
Fabregat et al.,
2017)
Ahmed et al. omicsGAN TCGA (Network [non-imaging] ovarian/  Paired microRNA to mRNA translation and vice versa. Synthetic data
(2021) et al., 2011; Ciriello  breast gene expression translation improves cancer outcome classification.
et al., 2015)
Tumour profiling
Kapil et al. AC-GAN Private Lung histopathology Classification AC-GAN CLF of PD-L1 levels for lung tumour tissue images
(2018) obtained via needle biopsies.
Quiros et al. PathologyGAN VGH/NKI (Beck Breast/colorectal Representation Learning tissue phenotype descriptions & tumour representations.
(2019) et al., 2011), NCT histopathology learning Combines BigGAN (Brock et al., 2018), StyleGAN (Karras et al.,
PathologyGAN (Kather et al., 2018) 2019) & RAD (Jolicoeur-Martineau, 2018)
Vu et al. (2020a) BenignGAN Private Colorectal Paired Edge map-to-image. As trained on only benign, malignant
histopathology translation images quantifiable via lower realism.
Treatment response prediction
Kadurin et al. AAE-based Pubchem BioAssay [non-imaging] Representation AAE for anti-cancer agent drug discovery. AAE input/output:
(2017a) and druGAN (Wang et al., 2014)  Molecular fingerprint learning molecular fingerprints & log concentration vectors.
Kadurin et al. data
(2017b)
Goldsborough CytoGAN BBBCO021 (Ljosa Cytopathology Representation Grouping cells with similar treatment response via cell image
et al. (2017) et al., 2012b) learning representations. Based on DCGAN, LSGAN, WGAN.
Yoon et al. GANITE USA 89-91 Twins [non-imaging] Multi-class- cGANs for individual treatment effect prediction, including
(2018) (Almond et al., individualised conditional unseen counterfactual outcomes and confidence intervals.
2004) treatment effects synthesis
Ge et al. (2020)  MGANITE AML clinical trial [non-imaging] Multi-class- GANITE extension introducing dosage quantification and
(Kornblau et al., individualised conditional continuous and categorical treatment effect estimation.
2009) treatment effects synthesis
Bica et al. SCIGAN CGA (Weinstein [non-imaging] Multi-class- GANITE extension introducing continuous interventions and
(2020) et al.,, 2013), MIMIC individualised conditional theoretical explanation for GAN counterfactuals.
III (Johnson et al., treatment effects synthesis
2016)
Radiation dose planning
Mahmood et al. pix2pix-based Private Oropharyngeal CT Paired Translating CT to 3D dose distributions without requiring
(2018) translation hand-crafted features.
Maspero et al. pix2pix Private Prostate/rectal/cervical ~ Paired MR-to-CT translation for MR-based radiation dose planning
(2018) CT/MRI translation without CT acquisition.
Murakami et al.  pix2pix Private Prostate CT Paired CT-to-radiation dose distribution image translation without
(2020) translation time-consuming contour/organs at risk (OARs) data.
Peng et al. Ppix2pix, Private Nasopharyngeal Unpaired/Paired ~ Comparison of pix2pix & CycleGAN-based generation of CT from
(2020) CycleGAN CT/MRI translation MR for radiation dose planning.
Kearney et al. DoseGAN Private Prostate CT/PTV/OARs  Paired Synthesis of volumetric dosimetry from CT+PTV+OARs even in
(2020a) translation the presence of diverse patient anatomy.
Disease tracking & monitoring
Kim et al. CycleGAN Private Liver MRI/CT/dose Unpaired Pre-treatment MR+CT+dose translation to post-treatment MRI —
(2019b) translation predicting hepatocellular carcinoma progression.
Elazab et al. GP-GAN BRATS 2014 (Menze Cranial MRI Paired 3D U-Net G generating progression image from longitudinal MRI
(2020) et al,, 2014) translation to predict glioma growth between time-step.
Li et al. (2020a)  DC-AL GAN, Private Cranial MRI Noise-to-image CLF uses D representations to distinguish pseudo- and true
DCGAN synthesis glioblastoma progression.

GAN treatment effect estimation examples. In line with Fig. 1(n), Yoon
et al. (2018) propose the conditional GAN framework ‘GANITE’, where
individual treatment effect prediction allows for accounting for unseen,
counterfactual outcomes of treatment. GANITE consists of two GANSs:
first, a counterfactual GAN is trained on feature and treatment vectors
along with the factual outcome data. Then, the trained generator’s
output is used for creating a dataset, on which the other GAN, called
ITE (Individual Treatment Response) GAN, is being trained. GANITE
provides confidence intervals along with the prediction, while being
readily scalable for any number of treatments. However, it does not
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allow for taking time, dosage or other treatment parameters into ac-
count. MGANITE, proposed by Ge et al. (2020), extends GANITE by
introducing dosage quantification, and thus enables continuous and
categorical treatment effect estimations. SCIGAN (Bica et al., 2020)
also extends upon GANITE and predicts outcomes of continuous rather
than one-time interventions and the authors further provide theoretical
justification for GANs’ success in learning counterfactual outcomes.
As to the problem of individual treatment response prediction, we
suggest that quantitative comparisons of GAN-generated expected post-
treatment images with real post-treatment images can yield interesting
insight for tumour interpretation. We encourage future work to explore
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generating such post-treatment tumour images given a treatment pa-
rameter and a pre-treatment tumour image as conditional inputs. With
varying treatment parameters as input, it is to be investigated whether
GANSs can inform treatment selection by simulating various treatment
scenarios prior to treatment allocation or whether GANs can help to
understand and evaluate treatment effects by generating counterfactual
outcome images after treatment application.

Goldsborough et al. (2017) present an approach called CytoGAN,
where they synthesise fluorescence microscopy cell images using DC-
GAN, LSGAN, or WGAN. The discriminator’s latent representations
learnt during synthesis enable grouping encoded cell images together
that have similar cellular reactions to treatment by chemicals of known
classes (morphological profiling).?> Even though the authors reported
that CytoGAN obtained inferior result’® compared to classical, widely
applied methods such as CellProfiler (Singh et al., 2014), using GANSs to
group tumour cells representations to inform chemical cancer treatment
allocation decisions is an interesting approach in the realm of treat-
ment selection, development (Kadurin et al., 2017a,b) and response
prediction.

GAN radiation dose planning examples. As radiation therapy planning is
labour-intensive and time-consuming, researchers have been spurred to
pursue automated planning processes (Sharpe et al., 2014). As outlined
in the following and suggested by Fig. 1(0), the challenge of automated
radiation therapy planning can be approached using GANs.

By framing radiation dose planning as an image colourisation prob-
lem, Mahmood et al. (2018) introduced an end-to-end GAN-based
solution, which predicts 3D radiation dose distributions from CT with-
out the requirement of hand-crafted features. They trained their model
on Oropharyngeal cancer data along with three traditional ML models
and a standard CNN as baselines. The authors trained a pix2pix (Isola
et al., 2017) GAN on 2D CT imagery, and then fed the generated dose
distributions to an inverse optimisation (I0) model (Babier et al., 2018),
in order to generate optimised plans. Their evaluation showed that their
GAN plans outperformed the baseline methods in all clinical metrics.

Kazemifar et al. (2020) (in Table 2) proposed a ¢cGAN with U-Net
generator for paired MRI to CT translation. Using conventional dose
calculation algorithms, the authors compared the dose computed for
real CT and generated CT, where the latter showed high dosimetric
accuracy. The study, hence, demonstrates the feasibility of synthetic
CT for intensity-modulated proton therapy planning for brain tumour
cases, where only MRI scans are available.

Maspero et al. (2018) proposed a GAN-assisted approach to quicken
the process of MR-based radiation dose planning, by using a pix2pix
for generating synthetic CTs (sCTs) required for this task. They show
that a conditional GAN trained on prostate cancer patient data can
successfully generate sCTs of the entire pelvis.

A similar task has also been addressed by Peng et al. (2020). Their
work compares two GAN approaches: one is based on pix2pix and
the other on a CycleGAN (Zhu et al., 2017). The main difference
between these two approaches was that pix2pix was trained using
registered MR-CT pairs of images, whereas CycleGAN was trained on
unregistered pairs. Ultimately, the authors report pix2pix to achieve
results (i.e. mean absolute error) superior to CycleGAN, and highlight
difficulties in generating high-density bony tissues using CycleGAN.

The recently introduced attention-aware DoseGAN (Kearney et al.,
2020a) overcomes the challenges of volumetric dose prediction in
the presence of diverse patient anatomy. As illustrated in Fig. 14,
DoseGAN is based on a variation of the pix2pix architecture with
a 3D encoder—decoder generator (L1 loss) and a patch-based patch-
GAN discriminator (adversarial loss). The generator was trained on
concatenated CT, planning target volume (PTV) and organs at risk

25 CytoGAN uses an approach comparable to the one shown in Fig. 9(g).
26 j.e. mechanism-of-action classification accuracy.
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(OARs) data of prostate cancer patients, and the discriminator’s ob-
jective was to distinguish the real dose volumes from the generated
ones. Both qualitatively and quantitatively, DoseGAN was able to syn-
thesise more realistic volumetric doses compared to current alternative
state-of-the-art methods.

Murakami et al. (2020) published another GAN-based fully auto-
mated approach to dose distribution of Intensity-Modulated Radiation
Therapy (IMRT) for prostate cancer. The novelty of their solution is
that it does not require the tumour contour information, which is
time-consuming to create, to successfully predict the dose based on
the given CT dataset. Their approach consists of two pix2pix-based
architectures, one trained on paired CT and radiation dose distribu-
tion images, and the other trained on paired structure images and
radiation dose distribution images. From the generated radiation dose
distribution images the dosimetric parameters for the PTV and OARs
are computed. The generated dosimetric parameters differed on aver-
age only between 1%-3% with respect to the original ground truth
dosimetric parameters.

Koike et al. (2020) proposed a CycleGAN for dose estimation for
head and neck CT images with metal artifact removal in CT-to-CT
image translation as described in Table 2. Providing consistent dose
calculation against metal artifacts for head and neck IMRT, their ap-
proach achieves dose calculation performance similar to commercial
metal artifact removal methods.

4.5.3. Disease tracking and monitoring

Challenges in tracking and modelling tumour progression. Tumour pro-
gression is challenging to model (Huang et al., 2020) and commonly
requires rich, multi-modal longitudinal data sets. As cancerous cells
acquire growth advantages through genetic mutation in a process ar-
guably analogous to Darwinian evolution (Hanahan and Weinberg,
2000), it is difficult to predict which of the many sub-clones in the TME
will outgrow the other clones. A tumour lesion is, hence, constantly
evolving in phenotype and genotype (Bi et al., 2019) and might acquire
dangerous further mutations over time, anytime. The TME’s respective
impact is exemplified by the stage II colorectal cancer outcome classi-
fication performance gain in Dimitriou et al. (2018), which is likely
attributable to the high prognostic value of the TME information in
their training data.

In addition, concurrent conditions and alterations in the organ
system surrounding a tumour, but also in distant organs may not
only remain undetected, but could also influence patient health and
progression (Bi et al, 2019). GANs can generate hypothetical co-
morbidity data” to aid awareness, testing, finding, and analysis of
complex disease and comorbidity patterns. A further difficulty for tu-
mour progression modelling is the a priori unknown effect of treatment.
Treatment effects may even remain partly unknown after treatment for
example in the case of radiation therapy* (Verma et al., 2013) or after
surgery” (Bi et al., 2019).

GAN tumour progression modelling examples. Relating to Fig. 1(p), GANs
can not only diversify the training data, but can also be applied
to simulate and explore disease progression scenarios (Elazab et al.,
2020). For instance, Elazab et al. (2020) propose GP-GAN, which
uses stacked 3D conditional GANs for growth prediction of glioma
based on longitudinal MR images. The generator is based on the U-Net
architecture (Ronneberger et al., 2015) and the segmented feature maps

27 For example from EHR (Hwang et al., 2017; Dashtban and Li, 2020),
imaging data, or a combination thereof.

28 Radiation therapy can result in destruction of the normal tissue (e.g., ra-
dionecrosis) surrounding the tumour. Such heterogeneous normal tissue
can become difficult to characterise and distinguish from the cancerous
tissue (Verma et al., 2013).

29 1t is challenging to quantify the volume of remaining tumour residuals
after surgical removal (Bi et al., 2019).



R. Osuala et al.

A s

Real data

~_

CT scans, PTV, OARs

1
1
1
1
1
1

2

Generator

AN
/

Medical Image Analysis 84 (2023) 102704

e —

Real Dose

Real
Dose

Synthetic Dose

Realism

Discriminator Matrix

Predicted
Dose

Fig. 14. GAN architecture of DoseGAN adapted from Kearney et al. (2020a) and based on pix2pix (Isola et al.,

2017). Given concatenated CT scans, planning target volume (PTV)

and organs at risk (OARs), the generator of DoseGAN addresses the challenge of volumetric dose prediction for prostate cancer patients.

are used in the training process. Kim et al. (2019b) trained a CycleGAN
on concatenated pre-treatment MR, CT and dose images (i.e. resulting
in one 3-channel image) of patients with hepatocellular carcinoma to
generate follow-up enhanced MR images. This enables tumour image
progression prediction after radiation treatment, whereby CycleGAN
outperformed a vanilla GAN baseline.

The deep convolutional (DC) (Radford et al.,, 2015) - AlexNet
(AL) (Krizhevsky et al., 2012) GAN (DC-AL GAN) proposed by Li
et al. (2020a) is trained on longitudinal diffusion tensor imaging (DTI)
data of pseudoprogression (PsP) and true tumour progression (TTP)
in glioblastoma multiforme (GBM) patients. Both of these progression
types can occur after standard treatment® and they are often difficult to
differentiate due to similarities in shape and intensity. In DC-AL GAN,
representations are extracted from various layers of its AlexNet discrim-
inator that is trained on discriminating between real and generated DTI
images. These representations are then used to train a support vector
machine (SVM) classifier to distinguish between PsP and TTP samples
achieving promising performance.

We recommend further studies to extend on these first adversar-
ial learning disease progression modelling approaches. One potential
research direction are GANs that simulate environment and tumour
dependent progression patterns based on conditional input data such
as the tumour’s gene expression data (Xu et al., 2020) or the pro-
gressed time between original image and generated progression image
(e.g., time passed between image acquisitions or since treatment expo-
sure). To this end, unexpected changes of a tumour may be uncovered
between time points or deviations from a tumour’s biopsy proven
genotypic growth expectations.*

5. Meta-analysis: Towards a framework for the assessment of
trustworthiness and validation
5.1. Trustworthiness of medical image synthesis studies

Section 4 presented an extensive analysis of the challenges, ex-
isting publications, and state-of-the-art data synthesis and adversarial

30 pseudoprogression occurs in 20%-30% of GBM patients (Li et al., 2020a).

31 For example, by comparing the original patient image after progression
with the GAN-generated predicted image (or its latent representation) after
progression for time spans of interest.
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network methods in cancer imaging. While the methodologies, exper-
iments, and results of these studies were elaborated, their validity
and trustworthiness was not specifically addressed. The validity and
trustworthiness varies between studies and depends on the breadth
and depth of the methodological evaluation and the analysis of po-
tential limitations. In the absence of a rigorous evaluation indicating
otherwise, the methodology and experimental results of a study cannot
be readily assumed to be transferable across domains, settings, tasks,
datasets and modalities. Hence, while a study reports promising results
for a particular task and seemingly solves the task’s underlying (cancer
imaging) challenge, modest changes in the dataset, evaluation method
or evaluation metrics can lead to different results and conclusions.
This points to the need of a principled assessment of trustworthiness
and validity of studies in the cancer and medical imaging domains, in
particular, the ones contributing and evaluating synthetic data and data
generation methodology.

Some frameworks have proposed guidelines and best practices for
the development of trustworthy artificial intelligence solutions in med-
ical imaging (Lekadir et al., 2021; Hasani et al., 2022). However, to
the best of our knowledge, no framework has been proposed for trust-
worthiness assessment of studies focused on medical image synthesis
solutions. Building upon the FUTURE-AI consensus guidelines (Lekadir
et al.,, 2021) and the lesson’s learned from the extensive analysis of
the 164 publications presented in Section 4, we propose the Synthesis
Study Trustworthiness Test (SynTRUST) as a principled framework to
evaluate medical image synthesis studies.

5.2. Proposing the SynTRUST framework

The Synthesis Study Trustworthiness Test (SynTRUST) framework
consists of a principled set of measures to assess the trustworthiness
and validity of studies proposing generative models, synthetic data, or
adversarial training methods in medical and cancer imaging. It is based
on five core principles, namely,

(i) Thoroughness of experimental design and validation.
(ii) Reproducibility and transparency of results, data, models, and
implementation.
(iii) Usefulness and versatility of synthesis method, model, and gen-
erated data.
(iv) Scalability and transferability of the methodology and the results
across clinical domains.
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Illustration of the SynTRUST Framework for evaluation of trustworthiness and validation vigour of studies that propose generative models, synthetic data, or adversarial training
in medical and cancer imaging. SynTRUST is based on the 5 core principles Thoroughness, Reproducibility, Usefulness, Scalability, and Tenability. For each overarching principle, a
set of concrete corresponding measures is defined. Each of the 26 SynTRUST measures is associated to an ID for reference and is assigned an importance rating, where 1 stands

for Essential, 2 for Desirable, and 3 for Recommended.

Principle D

Rating Definition

Thoroughness: Validity of experiments

Minimum test set size Thl 1 Representative test set size should allow confident conclusions (e.g., > 30 cases, > 100 images, > 20% of training data).
Multi-metric reporting Th2 1 Multiple standardised metrics (e.g., FID, SSIM, downstream task metric) evaluate the synthesis method (e.g., > 2).
Multiple result validation runs ~ Th3 2 Mean & variance over multiple runs to be reported for all metrics (e.g., > 3 random seeds, or > 5-fold cross-validation).
Fair baseline comparison Th4 2 Fairest-possible comparison with closest-possible generative/adversarial/downstream task model baseline.

Principled benchmark Th5 2 Systematic construction of heterogeneous (patients, pathologies, acquisitions) test set(s), without data leaking.

definition

Statistical significance testing Thé 3 Validation that reported performance variation & improvements are statistically significant.

Ablation study of ket Th7 3 Testing removal of both downstream & generative model parts for insight on impact.

components

Effect of varying training set Th8 3 Testing data scarcity impact by systematically reducing downstream and generative model training data.

sizes

Reproducibility: Transparency of study

Detailed reporting of design R1 1 Study design & experiments are defined & reported with rationales and attention to detail.

decisions

Public availability of dataset R2 2 At least one reported evaluation dataset is publicly accessible allowing repetition of experiments.

Public availability of software R3 2 Source code is shared in publicly accessible repository providing method implementation, ideally with documentation.
code

Public availability of model R4 3 Sharing of model weights for reusing the trained model for faster and sustainable reproducing of experiments.

weights

Usefulness: Versatility of synthesis method

Synthesis method usability U1l 1 Solid generative/adversarial model usefulness evaluation on at least one community-defined (downstream) clinical task.
testing

Quantitative quality U2 2 Assessment of synthetic data quality (e.g., via FID) or adversarial loss and their correlation with downstream task metrics.
measurement

Qualitative quality u3 3 Observer study with clinicians to assess synthesis model output on realism, utility, quality, and diversity.

measurement

Mode collapse analysis U4 3 Diversity of generative model modes is analysed (e.g., via visual inspection and t-sne of synthetic & real distributions).
Scalability: Transferability of methodology

Real-world representing data S1 1 Evaluation on cases & samples highly representative of medically-relevant real-world clinical data.

Multi-dataset evaluation S2 2 Evaluation of generative model on multiple datasets/modalities demonstrating scalability, ideally for different organs.
Multi-centre evaluation S3 3 Evaluation of generative model per centre showing generalisability across centre-specific variations.

Multi-downstream task S4 3 Evaluate generative model versatility via test with multiple downstream models & tasks (e.g. segmentation, classification).
evaluation

Downstream task robustness S5 3 Performance variation test for simulated train & test acquisition, manifestation, population, annotation, prevalence shifts.
evaluation

Tenability: Acceptability of trained model

Condition adherence testing Tel 1 Test of preciseness & reliability of presence of (input) conditions in the (synthetic) data (e.g., via classification).

Bias awareness analysis Te2 2 Discussion & analysis how bias from dataset (e.g., age, gender, ethnicity, in/exclusion criteria) transfers into model.
Model hallucination tendency Te3 3 Analysis of undesired removal/addition of features such as artifacts or tumours (e.g., via inspection or classification).
analysis

Fairness variation testing Te4 3 Change in fairness is measured for generative/adversarial model intervention (e.g., via equalised odds in downstream task).
Privacy preservation testing Te5 3 Investigation of patient-identifying feature leakage and training data reconstruction risk given generative model (output).

(v) Tenability, acceptability, and reliability of the properties of the
model and respective synthetic data.

The methodology applied to derive the SynTRUST framework is
composed of several consecutive steps, outlined as follows.

1. Observation of experimental evaluation methods in the surveyed

cancer imaging papers.

2. Questioning to which extent an observed study concludes with
a generally-applicable, scientifically-sound finding.
3. Definition of causes as to why the results of the study are limited

8. Importance rating of each measure from 1 to 3 based on their
estimated impact on trustworthiness. A rating of 1 indicates es-
sential measures with the highest importance, a rating of 2 char-
acterises desirable measures, and a rating of 3 depicts measures
that are recommended additions to a study.

The resulting SynTRUST framework is illustrated in Table 7. Table 7
contains the title, the definition, the importance rating, and an ID for
reference for each of the 26 measures, grouped by the 5 SynTRUST
principles.

in general-applicability and trustworthiness.

4. Suggestion of additional validation methods that can increase
the study’s general-applicability.
5. Grouping and formalisation of suggestions into 26 concrete val-

idation measures.

6. Definition of an overarching principle for each group of mea-
sures resulting in the 5 core principles:
Reproducibility, Usefulness, Scalability, and T enability.

7. Refinement of the measures to complement with and extend on
expert consensus on best practices for the application of artificial
intelligence in medical imaging (Lekadir et al., 2021).

5.3. Analysis of cancer imaging challenges using SynTRUST

5.3.1. SynTRUST study curation

Towards the objective of evaluating the trustworthiness of cancer
imaging solutions, we demonstrate in the following how the SynTRUST
framework can be used to analyse medical imaging publications. This
not only shows the practicability of the SynTRUST framework, but also
estimates the trustworthiness of current results in the field. The latter
allows to corroborate concrete quality-controlled conclusions about the
progress and state-of-the-art in adversarial networks in cancer imaging.

Thoroughness,
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Table 8
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Selection of studies that employ data synthesis and adversarial networks methodology curated based on their promising
potential towards solving the cancer imaging challenges surveyed in Sections 4.1-4.5. Each of the studies represents one

concrete proposed solution to one of the challenges.

Cancer imaging challenge

Proposed solution

Representative study

Imbalanced/biased data (4.1.2)

Adversarially-trained bias-free representations

Li et al. (2021a)

Dataset shifts (4.1.3)

Uncertain synthetic data usability (4.1.4)

Uncurated data (4.1.5)

Privacy risks in data sharing (4.2.1)

Adversarial attacks and defences (4.2.5)

Multi-modal image translation

Feature hallucination evaluation metric
Generative image correction & denoising model
Federated (differentially-private) image synthesis
Adversarial example-based augmentation

Yurt et al. (2019)
Cohen et al. (2018b,a)
Armanious et al. (2020)
Chang et al. (2020b,a)
Liu et al. (2020b)

Costly human annotation (4.3.1)

Weak domain generalisation (4.3.2)
Extracted feature variation (4.3.2)
Intra/inter-observer variability (4.3.2)
Radiologists’ high error rate (4.4.1)
Intra/inter-tumour heterogeneity (4.4.2)
Uncertain tumour profiles (4.5.1)
Unknown treatment response (4.5.2)
Unknown treatment dose (4.5.2)
Uncertain disease progression (4.5.3)

Uncertainty-aware annotation generation
Adversarially-trained cross-domain segmentation
Discriminator learning radiomics correlations
Observer averaging via mask discriminator
Detection improving synthetic data augmentation
Adversarially-trained anomaly detection
Adversarially-trained representation comparison
Semi-supervised treatment biomarker quantification
Synthesis of volumetric dosimetry images

Tumour progression image generation

Hu et al. (2020)
Kamnitsas et al. (2017)
Xiao et al. (2019)
Sarker et al. (2019)
Zhao et al. (2020a)
Kuang et al. (2020)
Quiros et al. (2019)
Kapil et al. (2018)
Kearney et al. (2020a)
Elazab et al. (2020)

Table 9

Results of the in-depth analysis of all essential and desirable measures of the SynTRUST framework for studies proposing adversarial network methodology. The analysed studies are
selected in Table 8 and represent solutions to key cancer imaging challenges. The SynTRUST measures are referenced by ID from Table 7. The blue check mark symbol indicates
a positive evaluation, while the red and orange cross symbols respectively indicate a negative evaluation of an essential or desirable measure. The evaluated essential measures are
minimum test set size (Th1), multi-metric reporting (Th2), detailed reporting of design decisions (R1), synthesis method usability testing (U1), real-world representing data (S1), condition
adherence testing (Tel). The evaluated desirable measures are multiple result validation runs (Th3), fair baseline comparison (Th4), principled benchmark definition (Th5), public availability
of dataset (R2), public availability of software code (R3), quantitative quality measurement (U2), multi-dataset evaluation (S2), bias awareness analysis (Te2).
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In our analysis we first sample the present-day challenges in cancer
imaging that were surveyed in Section 4 and summarised in Fig. 1.
Next, we carefully select representative adversarial network publica-
tions to represent a particular challenge and its solution. This selection
is based on the criteria that the publication (a) proposes a particu-
larly promising solution to its respective challenge, (b) contributes a
methodology that is generally-applicable across domains and (c) report
promising results. Most of the sampled publications further (d) have
shown more impact and were referenced in other relevant studies.
The selected studies are displayed in Table 8 together with their
representative solution and associated cancer imaging challenge.

5.3.2. SynTRUST study assessment

Next, we analyse each of the selected publications independently
based on the SynTRUST framework. We choose to base our analysis
on the most important measures of the SynTRUST framework that, as
shown in Table 7, have received either a rating of 1 as essential or
a rating of 2 as desirable. For the sake of conciseness, we leave the
analysis of less critical measures rated as 3 (recommended) to further
studies. The results of our analysis of each of the selected publications
are summarised in Table 9.

33

Essential SynTRUST measures. We observe that the analysed studies
overall show strong trustworthiness and validity considering the essen-
tial measures: 11 out of 16 studies fulfil all of the essential criteria,
while the remaining 5 studies fulfil all but one essential measures. For
3 out of these 5 studies, the only essential measure that is not fulfilled
is Th1 (minimum test set size). For instance, studies that pioneer method-
ologies on promising new clinical applications, such as generative
tumour progression modelling (Elazab et al., 2020), it is particularly
challenging to encounter datasets suitable for the clinical task at hand.
Even though the number of test images exceeds the defined minimum
of 100 in these studies, the number of different patients (cases) is
lower than 30. 30 was defined as the indicative minimum of cases
to allow for conclusions for the larger patient population.’” All 16
studies have a detailed reporting of design decisions (R1), train and test
on real-world representing clinical data (S1), and test the conditions
of their adversarial network (Tel). Also, 15 out of 16 studies report
multiple standardised performance metrics to evaluate the adversarial
network (Th2) and demonstrate their method’s usefulness on a clini-
cally relevant downstream task (U1). In sum, the result for the essential

32 Based on the central limit theorem, 30 is a popular choice and
rule-of-thumb for the minimum sample size of a population.
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measures demonstrates that the reported performance and progress of
the analysed studies are considerably reliable and trustworthy.

Desirable SynTRUST measures. While the 6 essential basic trustwor-
thiness requirements are mostly fulfilled, the result for the 8 desirable
measures is more varied. This highlights that the studies have a general
high level of trustworthiness, but a lower level of trustworthiness
for the more specific and nuanced aspects of their reported results
and validations. For instance, while 15 out of 16 studies included a
comparison with a suitable baseline (Th4), multiple studies did not
accomplish a positive evaluation of Th3 (8), Th5 (9), R2 (7), R3 (11),
U2 (11), S2 (7), and Te2 (15).

Regarding Th3, often studies defined a static train and test set
without running experiments multiple times. For example, multi-
ple different random seed network weight initialisations or k-fold
cross-validation are options to corroborate results by demon-
strating stable performance with reported mean and standard
deviation across runs/folds.

Regarding Th5, in general the train-test split ensured no data
leaking between training and testing sets, e.g., with images from
the same patient not being in both sets. However, the benchmark
test sets were often not defined systematically to ensure validating
the methods on a varied distribution of, e.g., cases, patients,
pathologies, and acquisition parameters.

For R2, we observe that often the studies’ datasets are not public
available, which limits the reproducibility of the results. Often,
this is due to the collection and usage of private patient data
from hospitals. Further limiting factors are the high effort to
repeat the study on public datasets or the specificity of the clinical
task rendering its evaluation non-viable on the available public
datasets.

Analysing R3 shows that the software implementing the studies’
methods and experiments is often not shared publicly in code
repositories, which reduces reproducibility and impedes rerun-
ning experiments with exactly the same code base used in the
respective study.

Regarding U2, often the correlation between (a) the downstream
tasks and (b) either the synthetic data quality (e.g., in the case
of generative models) or the adversarial loss (e.g. in the case of
adversarial training) is not analysed. Such an analysis informs on
the usefulness of the quality of the respective model and on its
contribution to the results on the clinical task.

As to S2, often the method is validated on, both, (a) a sin-
gle dataset and (b) a single modality, while a desirable eval-
uation would use multiple datasets, modalities, ideally further
demonstrating the method’s transferability across organs, clinical
domains and acquisition protocols.

For Te2, we note the general absence of an analysis of the bias
that is transferred from the training dataset into the models. For
instance, a model trained on a homogeneous patient population
sample, e.g., in terms of gender, sex, ethnicity, geography, likely
is biased towards this subset of the overall population and can
result in unequal treatment of patients from other subsets. Model
biases can be detected by reviewing (a) the dataset statistics, (b)
the model performance shifts on carefully subset patient sam-
ples, and (c) the exclusion and inclusion criteria applied in the
data acquisition and curation processes. This enables to report
and potentially mitigate otherwise unknown model biases, which
increases the knowledge and reliability of a model’s properties.

In concluding our meta-analysis, we highlight the high general
level of trustworthiness of the selected adversarial network publica-
tions based on our assessment of the essential SynTRUST measures.
This demonstrates technical maturity of adversarial training and image
synthesis methods in cancer imaging. As described in the Sections 4.1-
4.5, many approaches towards solving the challenges in cancer imaging
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are not yet fully explored. Nonetheless, the solutions that have been
pioneered and validated are shown to be relatively trustworthy and
solid.

However, our meta-analysis also revealed that specific desirable
trustworthiness criteria that go beyond basic essential validation are
often not fulfilled, even by the most promising and in-depth studies
in the field. For instance, a wider practice of data and code sharing is
desirable. Closing this gap will not only increase reproducibility, but
also accelerate adoption of existing methods and further innovation.
part from that, the validation of biases and fairness criteria in datasets
and models is largely overlooked despite its importance to ensure a
model’s acceptability and trust in the clinical setting.

We motivate further studies to address and build upon the gaps our
analysis has revealed regarding the trustworthiness of existing cancer
imaging studies. In this regard, we highlight the SynTRUST framework
not only as a means for study evaluation, but also as a guideline guiding
the design of future image synthesis studies.

6. Discussion and future perspectives
6.1. Adversarial methods in cancer imaging over the years

As presented in Fig. 15(c), we have included 164 of the surveyed
GAN-based data synthesis and adversarial training publications in the
timeframe from 2017 until March 7th 2021. We observe that the
numbers of these cancer imaging GAN publications has been increasing
from 2017 to 2020 from 10 to 63 with a surprising slight drop between
2018 to 2019 (41 to 38). The final number of respective publications for
2021 is still pending. The trend towards publications that propose GANs
and adversarial training to solve cancer imaging challenges demon-
strates the considerable research attention that the adversarial learning
scheme has been receiving in this field. Following our literature review
in Section 4, the need for further research in adversarial networks
seems not yet to be met. We were able to highlight various lines of
research for GANs and adversarial training in oncology, radiology,
and pathology that have received limited research attention or are
untapped research potentials. These potentials indicate a continuation
of the trend towards more data synthesis and adversarial training
applications and standardised integration of GAN-generated synthetic
data into medical image analysis pipelines and software solutions.

6.2. Modality biases

In regard to imaging modalities, we analyse in Fig. 15(b) how much
research attention each modality has received in terms of the number of
corresponding publications. By far, MRI and CT are the most dominant
modalities with 61, and 53 publications, respectively, followed by MMG
(13), dermoscopy (12) and PET (6). The wide spread between MRI and
CT and less investigated domains such as endoscopy (3), ultrasound
(3), and digital tomosynthesis (0) is to be critically remarked. Due to
variations in the imaging data between these modalities (e.g., spatial
resolutions, pixel dimensions, domain shifts), it cannot be readily as-
sumed that a GAN application with desirable results in one modality
will produce equally desirable results in another. Due to that and with
awareness of the clinical importance of MRI and CT, we suggest a
more balanced application of GANs and adversarial training across
modalities including experiments on rare modalities to demonstrate the
clinical versatility and applicability of GAN-based solutions. Alongside
the open-access datasets described by Diaz et al. (2021), we highlight
the following additional recent open datasets to facilitate experiments
on some of the cancer imaging modalities that we found to be less
explored:

« Breast tomosynthesis: BCS-DBT (Buda et al., 2021)
* PET-CT: Lung-PET-CT-Dx (Li et al., 2020b)

+ Endoscopy: HyperKvasir (Borgli et al., 2020)

+ Dermatology: HAM10000 (Tschandl et al., 2018)

+ Cytology: CERVIX93 (Phoulady and Mouton, 2018)
+ Thoracic X-ray: Node21 (Sogancioglu et al., 2021)
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(b) Cancer Imaging GAN Publications by Modality
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Fig. 15. Histograms showing the distribution of the 164 analysed GAN publications in this paper by (a) cancer imaging challenge category, (b) imaging modality, (c) year of
publication, and (d) anatomy/organ. These numbers are retrieved exclusively from the information in Tables 2-6 of the respective Sections 4.1-4.5. Note that (b) and (d) contain
more publications in total than (a) and (c), which is caused by GAN publications that evaluate on (and are assigned to) more than one modality (b) and/or anatomy (d) due to
multiple experiments or cross-domain translation. In (c), the count for 2021 is not final, as the GAN papers herein analysed have been published on or before 7th March 2021.

6.3. Anatomy biases

In comparison, the GAN-based solutions per anatomy are more
evenly spread, but still show a clear trend towards brain, head, neck
(50), lung, chest, thorax (33) and breast (24). We suspect these spreads
are due to the availability of few well-known widely-used curated
benchmark datasets (Menze et al., 2014; Armato III et al., 2011; Heath
et al., 2001; Moreira et al., 2012) resulting in underexposure of organs
and modalities with less publicly available data resources. Where pos-
sible, we recommend evaluating GAN-based data synthesis and adver-
sarial training on a range of different tasks and organs. This can avoid
iterating towards non-transferable solutions tuned for specific datasets
with limited generalisation capabilities. Said generalisation capabilities
are critical for beneficial usage in clinical environments where dynamic
data processing requirements and dataset shifts (e.g., multi-vendor,
multi-scanner, multi-modal, multi-organ, multi-centre) commonly exist.

6.4. Cancer imaging challenge category biases

Fig. 15(a) displays the distribution of GAN publications across
cancer imaging challenge categories that correspond to the subsec-
tions of Section 4. While the Sections 4.4 detection and diagnosis
(54) and 4.4 data annotation and segmentation (42), and 4.1 data
scarcity and usability (38) have received much research attention,
Sections 4.5 treatment and monitoring (18) and 4.2 data access and
privacy (12) contain substantially less GAN-related publications. This
spread can be anticipated considering that classification and segmen-
tation are popular computer vision problems and common objectives
in publicly available medical imaging benchmark datasets. Early de-
tected cancerous cells likely have had less time to acquire malignant
genetic mutations (Hanahan and Weinberg, 2000, 2011) than their
latter detected counterparts, which, by then, might have acquired more
treatment-resistant alterations and subclone cell populations. Hence,
automated early detection, location and diagnosis can provide high
clinical impact via improved cancer treatment prospects, which likely
influences the trend towards detection and segmentation-related GAN
publications.
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6.5. Well-validated adversarial network solutions

Our survey uncovers in Sections 4.1, 4.3, and 4.4 that a vast amount
of cancer imaging literature exists around a few common adversarial
network solutions.

The most common application of GANs is data augmentation, where
synthetic data is added to the training dataset to yield an improved
downstream task performance. Such data augmentation can be further
used to balance imbalanced datasets, which, for instance, often include
much more benign tumour images than malignant ones.

A further well-explored application of GANs is domain adaptation
via adversarial training, where a domain-adversarial loss is backprop-
agated into a downstream task model. Domain mapping is a related
application, where images are translated from one domain to another.
In general, GANs learn to translate between one source and one target
domain. However, promising work has extended this technique to
cross-modal synthesis between multiple domains (Yurt et al., 2019; Li
et al., 2019a; Zhou et al., 2020), which remains an area with much
clinically-relevant research potential. Similarly, GANSs for super resolu-
tion and data curation including artifact removal and image denoising
achieve desirable performance and real-world applicability.

Image-to-image translating GANs can remove or hallucinate features
such as tumours (Cohen et al., 2018b,a) into generated images. While
this can be a major concern for clinical adoption, it also opens an
avenue for future research into automated detection and assessment
of removed or hallucinated features and sheds light on the need for
additional metrics for GAN condition-adherence and synthetic data
evaluation.

Furthermore, we observe that the discriminator and its associated
adversarial loss can be flexibly used to classify any type of model
output without necessarily following the purpose of data generation.
For example, discriminator can predict whether a segmentation mask
is real or created by a segmentation model, which enables the model
to learn to output more globally coherent segmentation masks.

6.6. New solutions for unexploited areas

Patient privacy. We promote future work on the less researched open
challenges in Section 4.2, where we describe the promising research
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potential of adversarial networks in patient data privacy and security.
We note that secure patient data is required for legal and ethical
patient data sharing and usage, which, on the other hand, is required
for successful training of state-of-the-art downstream task models. For
instance, sharing GANs instead of private patient data can reduce data
sharing constraints, while maintaining data utility (Szafranowska et al.,
2022). Furthermore, GANs can be trained both in a federated learning
setup as well as in a differential-privacy setup. Both of these techniques
can be combined to further reduce privacy risks such as the risk of gen-
erating synthetic imaging data attributable to a specific patient. Further
unexploited research potential lies in adversarial identity obfuscation
both on image level, as well as on latent feature representation level.
In particular, devising privacy preservation testing methods to evaluate
the success of adversarial identity obfuscation and related methods is
a needed and not fully addressed research problem in cancer imaging
and Al in healthcare at large.

Patient security. With the projected increase in clinical Al applica-
tions, adversarial learning based cybersecurity methodology becomes
increasingly important to protect patients against the vulnerabilities
inherent in clinically deployed deep learning solutions. Attacks can
alter diagnostic markers on cancer imaging data, which can potentially
result in diagnostic errors with dangerous consequences for the tar-
geted patients. For instance, defences against adversarial examples (Liu
et al., 2020b; Samangouei et al., 2018) or detection of imaging data
that has been tampered with Mirsky et al. (2019) are areas where
solutions based on adversarial methods will increasingly gain practical
importance.

Model debiasing. The versatile ability of adversarial training to curate
a model’s latent space is likely to continue to increase in popularity
due to the need to remove certain features in clinical AI models. For
example, it is desirable to minimise a model’s learned biases to increase
the fairness of clinical models across patient populations (Lekadir et al.,
2021). Such bias removal has been shown to be achievable via ad-
versarial loss backpropagation (Zhang et al., 2018a; Li et al., 2021a).
As Elazar and Goldberg (2018) point out, some residual biases may
remain in a model’s latent space after converged adversarial bias re-
moval training. Therefore, research potential lies in automated test
and evaluation methodology to assess the quantity of residual bias
remaining in an adversarial networks after debiasing, particularly if
applied to data unseen during training.

Generative model evaluation. A key aspect this survey observes is the
absence of interpretable, standardised and exact evaluation methodol-
ogy for synthetic data and generative models in the medical and cancer
imaging domains. This is particularly noticeable for models without
a narrow downstream task performance objective that can be used as
surrogate evaluation metric nor a reconstruction objective that informs
the evaluation technique. Generative models that generate a synthetic
image with a clear reference value (i.e., a real image) can be evalu-
ated based on the difference between reference and generated sample,
e.g., via perceptual and reconstruction losses and metrics such as SSIM,
PSNR, MSE, as discussed in Section 4.1. In the absence of such reference
images, remaining methods at hand are image inspection techniques
and real versus synthetic distribution comparisons, the latter including
the Fréchet Inception Distance (FID) score (Heusel et al., 2017). The
popularity of the FID metric for fidelity and diversity evaluation of
synthetic data has largely translated from computer vision into medical
imaging. The applicability of FID in the medical domain, nonetheless, is
questionable, as it internally relies on an inception classifier pretrained
on the ImageNet dataset consisting of 3-channel natural images as
opposed to, for instance, grayscale images from radiological domains.
This demonstrates a clear need for research on further evaluation
methodologies of synthetic medical images. FID extensions that pre-
train the internal classifier on medical imaging datasets are potential
directions, but limited by the acquisition techniques, scope, modalities,

36

Medical Image Analysis 84 (2023) 102704

and, importantly, the size of these medical imaging datasets. Recent
promising work proposed the automated generation of segmentation
mask from GANs based on latent space exploration (Melas-Kyriazi
et al., 2021). Such latent space inspection approaches can offer further
potential for generative model evaluation, e.g., by helping to measure
the number and difference between modes or by providing quality and
diversity estimates of the segmentation masks (or other extractable
pieces of information) that the model produces.

Patient treatment. Sections 4.3 and 4.4 have shown that adversar-
ial models for cancer detection, classification, and localisation are,
at least for particular organs and modalities, well explored research
areas. These applications are mostly relevant in diagnostic activities,
which comprise only one part of the clinical workflow. We encourage
more research on GAN-based solutions in less explored subsequent
clinical workflow steps such as oncological treatment planning and dis-
ease monitoring as elaborated in Section 4.5. For example, adversarial
learning offers research potential in tumour profiling and intra- and
inter-tumour heterogeneity assessment via anomaly detection within
the latent space of adversarial models (Schlegl et al., 2019; Quiros
et al., 2019). The high intra- and inter-tumour heterogeneity increases
the difficulty of assessing and selecting targeted treatment options.
Research potential exists in precisely encoding a tumour based on
imaging and/or non-imaging patient and tumour data in an adver-
sarial model’s multi-dimensional latent space. For example, this can
unlock vector search applications to find similarly encoded tumours
in databases to inform on therapy selection, success probabilities, and
progression patterns. Tumour progression modelling on image-level
based on generative models such as GANs remains largely unexplored.
Even though not strictly necessary (Xia et al., 2021), longitudinal
and time-series cancer imaging datasets will likely trigger increased
exploration of this research area once such data becomes available.
For instance, given a tumour image at timepoint tI, a GAN can learn
to simulate the tumour image at timepoint t2. To this end, generation
of image-level counterfactuals (Pawlowski et al., 2020) as a clinically
impactful solution for probing interventions. For instance, GANs can
generate a tumour at t2 given the tumour image at t1 alongside multiple
input conditions such as tumour growth rate, tumour type, and applied
treatments.

6.7. Future perspectives and technology trends

6.7.1. Towards state-of-the-art GAN innovations in cancer imaging

In recent years, multiple novel adversarial networks have been
introduced in the field of computer vision. A lesson learned from our
survey is that many of these techniques are yet to be applied thor-
oughly to cancer imaging. These innovations open avenues in cancer
imaging that extend upon the currently used methods shown in Fig. 4,
for instance, enabling improved high-resolution image generation and
input-conditioned image synthesis.

Overcoming dataset and computation limitations. For instance, the recent
VQGAN (Esser et al., 2021) combines the efficiency of convolutional
networks with the expressiveness of transformers, which model the
composition of a reusable codebook of context-rich visual parts. This
approach is particularly relevant to medical and cancer imaging, as it
allows high-resolution image synthesis despite limited computing re-
sources. Apart from containing high resolution images, cancer imaging
datasets are often limited in the number of image, which may not
suffice to train a GAN. In these cases, the potential issues are that during
training there is convergence-failure, where the synthetic image quality
is low and does not improve any further during training. While the ad-
versarial loss often is non-interpretable not corresponding to synthetic
image fidelity, diversity or condition adherence, also mode collapse
may occur, where the generator has learned a particular mode to fool
the discriminator instead of generating a high diversity of samples.
These issues are not only a function of the GAN architecture and loss
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function, but also of the size of the training dataset. FastGAN (Liu
et al., 2020a) and SinGAN (Shaham et al., 2019) shows great promise
to overcome this data scarcity cancer imaging problem. FastGAN (Liu
et al., 2020a) uses self-supervised training of discriminator as encoder
for regularisation and generates high-resolution images despite limited
computing resources and dataset size. SinGAN (Shaham et al., 2019)
generates multiple synthetic images based on only a single training
image. This has wide applicability and can substantially increase the
usefulness of even very small cancer imaging datasets via SinGAN-
based data augmentation. A first successful applications of SinGAN and
FastGAN to cancer imaging for polyp segmentation by Thambawita
et al. (2022) shows the potential of using these models to generate
not only a synthetic images, but also a corresponding segmentation
mask by outputting an additional channel. This type of methodology
enables training data generation for tumour detection, localisation and
segmentation models without the need of conditioning the GAN on
input segmentation masks.

Best practice combining GAN frameworks. As a vast amount of novel ad-
ditions to the GANs framework has been suggested, some work (Brock
et al., 2018) has focused on collecting the best working practices and
combining them into novel architectures, which are promising and
not yet widely applied to challenges in cancer imaging. For example,
BigGAN (Brock et al., 2018) (a) scales model parameters by increasing
the size of the feature maps, (b) applies large batch sizes, (c) uses
self-attention based on SAGAN (Zhang et al., 2019a), (d) provides in-
formation about the class via class-conditional batch normalisation, and
(e) uses hinge-loss. BigGAN and extensions thereof (e.g., Zhang et al.
(2019b), Casanova et al. (2021) and Schonfeld et al. (2020)) achieve
state-of-the-art performance on class-conditional image generation.

Extending on PGGAN (Karras et al., 2017) as shown in Fig. 4(m),
another such example is StyleGAN (Karras et al., 2019) and its vari-
ants (Karras et al., 2021, 2020; Sauer et al., 2022), which accomplish
state-of-the-art performance in conditional and unconditional computer
vision image generation benchmarks. Yielding strong results, multiple
architectural innovations have been introduced by the StyleGAN fam-
ily, such as a style vector generating fully connected mapping network,
adaptive instance normalisation, and, instead of sampling from a noise
vector, moving the noise input to intermediate activation maps. These
innovations can inform cancer image generation models and improve
their latent space exploration capabilities e.g. allowing to compare
different tumour types and manifestations.

Image-to-image translation. Image-to-image translation problems in
cancer imaging are widely approached using commonly pix2pix (Isola
et al., 2017) (paired) and cycleGAN (Zhu et al., 2017) (unpaired).
Nonetheless, more recent models such as OASIS (Sushko et al., 2020),
ResVit (Dalmaz et al., 2021), and StarGAN V2 (Choi et al., 2020)
have been proposed, which are not only applicable to cancer im-
agery, but also have shown superior performance on computer vision
benchmarks. ResVit (Dalmaz et al., 2021), for instance, diverges away
from common CNN architectures with inductive biases by using a
vision transformer architecture (Dosovitskiy et al., 2020) alongside an
adversarial loss (Goodfellow et al., 2014) and the common L1 losses
between source and target (Isola et al., 2017) and between source and
reconstructed source (Zhu et al., 2017). StarGAN V2 (Choi et al., 2020)
employs besides the adversarial and cycle consistency losses also a style
reconstruction loss and a style diversification loss, while OASIS (Sushko
et al.,, 2020) shows that a perceptual loss is not necessary given an
adversarial loss and a segmentation-based discriminator.

6.7.2. GAN alternatives and complementary methods

Diffusion models. In image inpainting (Saharia et al., 2021a) and
super resolution (Saharia et al., 2021b), the recently proposed and
increasingly popular diffusion models (Sohl-Dickstein et al., 2015; Song
and Ermon, 2019; Ho et al., 2020) have been shown to achieve state-of-
the-art and competitive performances for computer vision benchmarks
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and, thus, are an alternative to GANs. Diffusion models iteratively add
noise to an image in a Markov chain of diffusion steps. Reversing this
process, a noise vector z is gradually denoised and transformed into
an image. While achieving promising generative modelling capabilities,
it still takes longer to sample from diffusion models than from GANs
due to multiple denoising steps, while also further work is needed
to explore the interpretability of latent representations of diffusion
models (Dhariwal and Nichol, 2021). A promising line of research
suggests the combination of GANs with diffusion models to increase
the stability and data efficiency of GAN training (Wang et al., 2022).

Variational autoencoders. GANs are commonly considered to achieve
higher quality outputs than variational autoencoders (VAEs) (Kingma
and Welling, 2013) at the cost of a training process more prone to-
wards requiring manual intervention and tuning. A promising line
of research improves upon vanilla VAE by exploring combinations of
GANSs and VAEs (Larsen et al., 2016; Makhzani et al., 2015). Extending
on VAEs, Van Den Oord et al. (2017) proposed Vector Quantised Vari-
ational AutoEncoder (VQ-VAE), which learns discrete instead of con-
tinuous latent representations to avoid the issue of ‘posterior collapse’
that is common in VAEs. VQ-VAE has been shown to be an effective
method for diverse high-quality synthetic image generation (Razavi
et al., 2019). A promising extension combines VQ-VAE with transform-
ers (Vaswani et al.,, 2017) for unsupervised anomaly detection and
segmentation and demonstrates its potential for tumour segmentation
in brain MRI (Pinaya et al., 2021).

Normalizing flows. The recently proposed Normalizing Flows (Rezende
and Mohamed, 2015; Dinh et al., 2014, 2016) are an alternative
deep generative model gaining increasing popularity for synthetic data
generation tasks. As opposed to GANs and VAEs (implicit), Normalizing
Flows explicitly learn the probability density function p(x) and are
trained via maximum likelihood estimation. Knowing p(x), unobserved
but realistic new data points can be sampled with exact likelihood
estimates. Normalizing Flows have been shown to be combinable with
GANs and the adversarial loss function, e.g., by being the building block
of the generator network (Grover et al., 2018), and for image-to-image
translation (Grover et al., 2020). To date, Normalizing Flows have seen
less adoption in medical and cancer imaging than GANs, but promising
initial applications exist. For example, Normalizing Flows have been
proposed for uncertainty estimation of lung lesion segmentation (Sel-
van et al., 2020), counterfactual inference on brain MRI (Pawlowski
et al.,, 2020), and low-dose CT image reconstruction (Denker et al.,
2020).

Unsupervised domain adaptation. In unsupervised domain adaptation,

self-training approaches are described as an alternative to domain
adversarial losses. For example, state-of-the-art methods like HRDA
(Hoyer et al., 2022b) and DaFormer (Hoyer et al., 2022a) show the
effectiveness of self-training in domain-adaptive semantic segmenta-
tion. DaFormer uses a transformer encoder (Vaswani et al., 2017;
Dosovitskiy et al., 2020) and transfers knowledge from source to target
domain via a teacher network that generates pseudo-labels for the data
from the target domain. A promising avenue of research combines self-
training approaches and adversarial losses (Li et al., 2019¢; Kim and
Byun, 2020; Wang et al., 2020a).

Self-supervised learning. Given successes in learning useful representa-
tions from unlabelled data, self-supervised learning (SSL) approaches,
such as BYOL (Grill et al., 2020), have become a common technique
in the toolkit of deep learning researchers. Particularly when working
with datasets limited in size or annotations, additional GAN-generated
data can improve the learning of representations, upon which a down-
stream task model produces its predictions. SSL can provide an alter-
native, often computationally less expensive, means towards represen-
tation learning given a training task with objective function, where
labels y and inputs x are extracted from an unlabelled dataset. A
popular and powerful SSL method is contrastive learning, where a
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model’s latent space is learned by minimising the distance of similar
samples and maximising the distance between dissimilar ones. Effective
model pretraining methods such as SimCLR (Chen et al., 2020b) rely
on such contrastive loss functions, which, e.g., maximise agreement be-
tween differently augmented views of the same image. Multiple recent
studies propose the combination of GANs and self-supervised (Patel
et al., 2021) and contrastive learning with promising results reporting
improved performance and sample diversity, as well as reduced dis-
criminator overfitting (Jeong and Shin, 2021; Kang and Park, 2020;
Liu et al., 2021). In cancer imaging, for instance, this combination has
been applied to address the problem of mode collapse while retaining
phenotypic tumour features for the task of colour normalisation in
histopathology images (Ke et al., 2021).

7. Conclusion

In closing, we emphasise the versatility and the resulting modality-
independent wide applicability of the adversarial learning scheme of
GANs. In this survey, we strive to consider and communicate this
versatility by describing the wide variety of problems in the can-
cer imaging domain that can be approached with adversarial net-
works. For example, we highlight GAN and adversarial training so-
lutions that range from unsupervised domain adaptation to patient
privacy preserving distributed data synthesis, to adversarial segmen-
tation mask discrimination, to multi-modal radiation dose estimation,
amongst others.

Before reviewing and describing GAN and adversarial training solu-
tions, we surveyed the literature to understand the current challenges
in the field of cancer imaging with a focus on radiology, but without
excluding non-radiology modalities common to cancer imaging. After
screening and analysing the cancer imaging challenges, we grouped
them into the challenge categories Data Scarcity and Usability, Data
Access and Privacy, Data Annotation and Segmentation, Detection
and Diagnosis, and Treatment and Monitoring. After categorisation,
we surveyed the literature for adversarial networks applied to the
field of cancer imaging and found 164 relevant publications, each of
which we assigned to its respective cancer imaging challenge category.
Finally, we provide a comprehensive analysis for each challenge and
its assigned GAN-related publications to determine to what extent it
has and can be solved using GANs and adversarial training. We further
establish the SynTRUST framework for assessing the trustworthiness of
medical image synthesis studies. Based on SynTRUST, we analyse 16
carefully selected cancer imaging challenge solutions. Notwithstanding
the overall high level of rigour and validity of these studies, we are
able to recommend a set of unaddressed trustworthiness improvements
in order to guide future studies. To this end, we also highlight research
potential for challenges where we were able to propose data synthesis
or adversarial training solutions that have not yet been fully explored
by the literature.

With our work, we strive to uncover and motivate promising lines
of research in data synthesis and adversarial networks that we envision
to ultimately benefit the field of cancer imaging in clinical practice.
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Chapter 3

Synthesis of Multi-Sequence
Dynamic Contrast-Enhanced
Breast MRI using Generative

Adversarial Networks

This chapter investigates the simulation of breast MRI contrast enhancement without
the need for physical contrast agents. Dynamic Contrast-Enhanced Magnetic Resonance
Imaging (DCE-MRI) is a crucial tool for breast cancer diagnosis and treatment planning.
However, the use of contrast agents, such as gadolinium, poses risks such as allergic
reactions, kidney issues, and environmental contamination. The studies in this chapter
introduce, design, implement, and evaluate conditional generative adversarial networks
to generate, based on a pre-contrast input image, corresponding synthetic images
for either a single or multiple temporal DCE-MRI sequences. We further define the
dimensions of synthetic data evaluation and translate them into concrete validation
measures to assess our generated DCE-MRI in a principled manner. Simulating contrast
manifestations on DCE-MRI not only enables unsupervised detection of cancerous
lesions, but also has the potential to reduce the dependency on physical contrast agents,
making the process safer and faster, especially for patient groups who cannot undergo

contrast-enhanced imaging.
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3.1. Contribution: JMI 2024 (DCE-MRI Synthesis)

3.1 Contribution: Simulating Dynamic Tumor Con-
trast Enhancement in Breast MRI using Condi-

tional Generative Adversarial Networks

Summary:

This paper explores GANs to predict and simulate breast MRI contrast enhance-
ment. This work proposes a framework using conditional GANs that can transform
non-contrast T1-weighted fat-saturated MRI images into synthetic DCE-MRI images.
Extending on previous work of the dissertation author [I66], this model is further
trained to generate multiple DCE-MRI timepoints, simulating the dynamics of con-
trast enhancement over time. The study assesses model performance and contrast
enhancement patterns through a variety of experiments, showing that GAN-generated
synthetic images are effective in localizing, detecting, and segmenting breast cancer
tumors. Additionally, the study introduces the Scaled Aggregate Measure (SAMe) to
assess and select the best synthetic data generators based on a combination of several
complementary metrics.

The results demonstrate that synthetic data generated by GANs can improve breast
tumor segmentation models and make these models more robust, particularly when
pre-contrast images are used in scenarios where contrast agent administration is not
possible. This approach holds promise for reducing the reliance on physical contrast

agents in clinical practice while maintaining accurate diagnostic capabilities.

Main Contributions:

e Virtual Contrast Injection Framework: Introduces a GAN-based frame-
work capable of simulating DCE-MRI contrast enhancement from pre-contrast
MRI data without thereby providing a non-invasive, cost-effective alternative to

gadolinium-based contrast agents.

e Multiple Timepoint DCE-MRI Generation: Extends the GAN model to
simulate contrast enhancement across multiple temporal DCE-MRI sequences,

providing insight into dynamic tumor behavior.

e Scaled Aggregate Measure (SAMe): Proposes the SAMe, a unified metric
for evaluating the quality of synthetic images by combining several metrics such

as structural similarity and perceptual differences.
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e Downstream Task Validation: Demonstrates that GAN-generated synthetic
DCE-MRI data enhances the robustness of breast tumor segmentation models in

situations where domain shifts occur (e.g., between pre- and post-contrast data).

e Synthetic Data Evaluation Framework: The key components of desirable
characteristics of synthetic data are defined to further qualitatively and quantita-
tively validate the synthetic DCE-MRI sequences including an analysis of their

temporal contrast enhancement patterns.
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Abstract.

Purpose: Deep generative models and synthetic data generation have become essential for advancing computer-
assisted diagnosis and treatment. We explore one such emerging and particularly promising application of deep gen-
erative models, namely, the generation of virtual contrast enhancement. This allows to predict and simulate contrast
enhancement in breast magnetic resonance imaging (MRI) without physical contrast agent injection, thereby unlock-
ing lesion localization and categorization even in patient populations where the lengthy, costly and invasive process of
physical contrast agent injection is contraindicated.

Approach: We define a framework for desirable properties of synthetic data, which leads us to propose the Scaled
Aggregate Measure (SAMe) consisting of a balanced set of scaled complementary metrics for generative model train-
ing and convergence evaluation. We further adopt a conditional generative adversarial network to translate from
non-contrast-enhanced T1-weighted fat-saturated breast MRI slices to their dynamic contrast-enhanced (DCE) coun-
terparts, thus learning to detect, localize, and adequately highlight breast cancer lesions. Next, we extend our model
approach to jointly generate multiple DCE-MRI timepoints, enabling the simulation of contrast enhancement across
temporal DCE-MRI acquisitions. Additionally, 3D U-Net tumor segmentation models are implemented and trained
on combinations of synthetic and real DCE-MRI data to investigate the effect of data augmentation with synthetic
DCE-MRI volumes.

Results: Conducting four main sets of experiments, (i) the variation across single metrics demonstrated the value of
SAMe, and (ii) the quality and potential of virtual contrast injection for tumor detection and localization were shown.
Segmentation models (iii) augmented with synthetic DCE-MRI data were more robust in the presence of domain shifts
between pre-contrast and DCE-MRI domains. The joint synthesis approach of multi-sequence DCE-MRI (iv) resulted
in temporally coherent synthetic DCE-MRI sequences and indicated the generative model’s capability of learning
complex contrast enhancement patterns.

Conclusion: Virtual contrast injection can result in accurate synthetic DCE-MRI images, potentially enhancing
breast cancer diagnosis and treatment protocols. We demonstrate that detecting, localizing, and segmenting tumors
using synthetic DCE-MRI is feasible and promising, particularly considering patients where contrast agent injection
is risky or contraindicated. Jointly generating multiple subsequent DCE-MRI sequences can increase image quality
and unlock clinical applications assessing tumor characteristics related to its response to contrast media injection as a
pillar for personalized treatment planning.

Keywords: Contrast Agent, Breast Cancer, DCE-MRI, Generative Models, Synthetic Data.
*Corresponding author: Richard Osuala, Richard.Osuala@ub.edu
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1 Introduction

Deep learning progress in breast cancer imaging Breast cancer was the most common cancer
diagnosis worldwide in 2020, taking people of all ages and genders into account. The staggering
number of 2.26 million new cases and 684,996 reported deaths underline the significant global
burden of breast cancer.! In breast cancer imaging and medical imaging at large, deep learning has
been gaining popularity due to its promising capabilities of sifting through image data to uncover
hidden associations. This capacity allows trained deep learning models to recognize subtle patterns
in unseen data, which enables solving a plethora of clinical tasks with high potential to improve
patient care. With the emergence of deep learning, vast progress has been observed, e.g., in the
promising development of automatic methods for the screening, diagnosis, treatment, and moni-
toring of cancer based on dynamic contrast enhanced magnetic resonance imaging (DCE-MRI).
Such methods include the automated tumor detection, localization, segmentation, and characteri-
zation for preoperative planning, patient survival assessment, quantification of recurrence risk, and
estimation of treatment response.>”’

Usage and benefit of contrast agents Through the alteration of magnetic properties of tissue,
intravenously administered contrast agents (CA), which are commonly based on gadolinium (Gd),
manifest as hyper-intense in DCE-MRI. Thus, they allow the visualization of blood flow and
changes in permeability. Multiple DCE-MRI volumes are consecutively acquired (before, during,
and after CA administration) to enable the time-dependent evaluation of tissue characteristics and
assessment of potential abnormalities. The time-signal intensity curves of such dynamic contrast
sequences reflect signal intensity changes induced by the uptake and wash-out of CA over time.3!°
DCE-MRI contrast uptake serves as an important biomarker in oncology, enabling cancer detec-
tion, characterization, subtype determination, differentiation of malignancy, recurrence prediction,
and treatment response assessment.>'!*!2 Notably, kinetic analysis of contrast enhancement in
breast DCE-MRI plays a crucial role in lesion characterization, with features such as peak enhance-
ment, time-to-peak, wash-in and wash-out slopes reflecting malignancy risk. Furthermore, DCE-
MRI reveals temporal patterns of contrast enhancement that are not only correlated with breast
cancer presence but also offer insights into genetic alterations associated with risk of recurrence,
response to chemotherapy, and even the underlying molecular subtypes of breast tumors 5101213

Disadvantages of contrast agents Despite their undeniable value in diagnostic imaging, gadolinium-
based contrast agents (GBCAs) involve concerns regarding their safety profile. For instance,
GBCA administration has been linked to an increased risk of nephrogenic systemic fibrosis (NSF).!'4
A further concern is given by the deposition of residual gadolinium and its potential bioaccu-
mulation within the body with unknown long-term clinical significance.'*!® Following a 2016
European Commission request for a review of GBCAs, the European Medicines Agency (EMA)
recommended restrictions on specific intravenous linear agents to mitigate potential risks associ-
ated with gadolinium deposition.'® Apart from that, safety concerns extend beyond deposition and
NSF, as they also comprise well-known acute effects, such as physiologic and allergic-like reac-
tions, as well as Symptoms Associated with Gadolinium Exposure (SAGE) for which the causal
relationship to GBCA is still unknown.?® Furthermore, the administration process involves var-
ious drawbacks, including lengthy protocols and scan times, significant financial costs, and the
requirement for intravenous cannulation and injection procedures. The reliance of DCE-MRI on
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Fig 1: Overview of pre- to post-contrast DCE-MRI synthesis using deep generative models,
thereby localizing the contrast-enhanced tumor. Extending single sequence to multi-sequence
DCE-MRI image generation further allows the characterization of tumors based on their temporal
patterns of contrast agent uptake. The resulting synthetic images can be added as training data for
downstream tasks (e.g., tumor segmentation), but, as shown, they can also be utilized to compute
subtraction images commonly used in clinical settings for the diagnosis and treatment of breast
cancer.

multiple temporal acquisitions further exacerbates the increased costs and extended examination
times for patients. Additionally, susceptibility to motion artifacts necessitates meticulous patient
cooperation (e.g., breath-holding) and can be a source of discomfort. Collectively, the aforemen-
tioned issues contribute to an undue burden on patients, encompassing both inconvenience and
potential risks to well-being.!>!8 Additionally, GBCA administration has been causing the emer-
gence of Gadolinium as a contaminant polluting aquatic ecosystems and environments>!-?? includ-
ing drinking water supplies, where its respective degradation products can further increase the risk
of adverse health effects.®> As a consequence, GBCA administration is contraindicated in multiple
scenarios, which include patient populations with adverse reactions, pregnancy, kidney malfunc-
tions, missing consent, or high-risk breast cancer screening populations where GCBA exposure
extends recommended thresholds in accumulated dosage or frequency.?2

Contribution The aforementioned issues emphasize the necessity of alternatives that can be
safely issued while also simulating GBCA administration in a way that still yields some of its ben-
efits. To this end, we propose the synthetic generation of DCE-MRI using deep generative models,
which constitutes a faster, motion artifact-free, and non-invasive alternative with improved cost-
effectiveness that also avoids burdening patient health and well-being. Extending over Osuala et
al. (2024), we provide a principled definition of trustworthy synthetic data and introduce the si-
multaneous generation of images from multiple DCE-MRI timepoints. We further include a quan-
titative and qualitative evaluation for jointly generated several DCE-MRI timepoints. Additionally,
the temporal contrast enhancement is analyzed at the lesion level including a quantification of con-
trast intensity patterns per patient case and accumulated over the entire dataset. Overall, our work
presents the following contributions and novelties to advance the field of synthetic DCE-MRI for



breast cancer applications:

* Pre-contrast to DCE-MRI synthesis: We implement and validate a conditional generative ad-
versarial image synthesis model capable of translating pre-contrast to DCE breast MRI axial
slices, which includes lesion detection, localization, and realistic contrast manifestation.

* Generative model selection framework: We provide a principled definition of trustworthy
synthetic data upon which we derive the Scaled Aggregate Measure (SAMe) and validate it
by finding the optimal synthetic data generator. SAMe combines perceptual and pixel-level
synthetic data evaluation, enabling comparisons across generative models and the selection
of optimal training checkpoints.

Clinical utility validation of synthetic DCE-MRI volumes for tumor segmentation: We demon-
strate the potential of our synthetic data by incorporating it into breast tumor segmentation

pipelines. This approach enhances robustness across data domains by providing a wider

range of training data while showing the coherence of our synthetic axial slices when stacked

as 3D MRI volumes.

Joint synthesis of multiple DCE-MRI timepoints: We introduce and empirically validate the
joint generation of images from multiple DCE-MRI timepoints using GANs. Further, in-
tensity distributions are extracted from the region-of-interest to model and assess contrast
enhancement patterns of real and synthetic data on individual and dataset level.

2 Related Work

Generative models such as generative adversarial networks (GANs)?’ and denoising probabilistic
diffusion models (DDPMs)?#-3° and Latent Diffusion Models (LDMs)?!' have been widely applied
to medical imaging in general and breast imaging in particular.**>>* For example, Khader et al.
(2023)* use unconditional DDPMs to generate non-fat saturated T1-weighted breast DCE-MRI
sequences. A set of models have been proposed to condition the generation process on input
images*** unlocking image-to-image translation and domain-adaptation applications in medical
imaging.** Konz et al. (2024),* for instance, conditioned LDMs on anatomical segmenta-
tion masks to generate pre-contrast breast MRI based on 100 patient cases from the Duke-Breast-
Cancer-MRI Dataset.*’

Furthermore, a few first studies started to condition generative models on pre-contrast images
to generate their post-contrast counterparts.?*2%4-0 For instance, Kim et al. (2022)' designed
a tumor-attentive segmentation-guided GAN that synthesizes a contrast-enhanced T1 breast MRI
image from a pre-contrast image, while being guided by the predictions of a surrogate segmentation
network. However, with the objective of improving segmentation using GAN-generated data, it
can become counterproductive to limit the GAN contrast translation to the tumor segmentation
predicted by the segmentation model. Similarly, but based on a chained tumor detection model
instead of a segmentation model, Zhao et al. (2020)°* introduced Tripartite-GAN to generate
contrast-enhanced from non contrast-enhanced liver MRI. As high-quality annotations such as
segmentation masks or region-of-interest bounding boxes are costly to annotate and, therefore,
likely a scarce resource,* it is desirable to accomplish the task of pre- to post-contrast synthesis
without relying on such annotations. Wang et al. (2021)% introduced a two-stage GAN that, in its
first stage segments the contrast enhancement of the T1-weighted image based on an adversarial
loss. Next, in its second stage, it is trained to generate post-contrast DCE images relying on



the segmentation network from the first stage using an L1-loss, an adversarial loss, and an edge
detector based 1.2 loss. Xue et al. (2022)* presented a pre- to post-contrast and post- to pre-
contrast GAN for brain MRI images. Their bi-directional GAN encodes contrast and image in
separate latent representations with the contrast representation producing a contrast enhancement
map as output, which can then be subtracted from the synthetic post-contrast image to create the
corresponding pre-contrast image.

Recent work has further demonstrated the potential of virtual contrast agents across various
medical imaging modalities.’*®! For instance, a feasibility study explored replacing gadolin-
ium with a Bayesian deep learning model that predicts virtual contrast enhancement from non-
contrast multiparametric brain MRI.%? Similarly, a multicenter, retrospective neuro-oncology study
showed that convolutional neural networks can generate synthetic post-contrast T1-weighted MRI
from pre-contrast scans, enabling accurate tumor burden assessment comparable to real contrast-
enhanced images.%

In parallel, novel methodological advances have emerged. One example is the Conditional Au-
toregressive Vision Model (CAVM), which synthesizes contrast-enhanced brain MRI using masked
self-attention in an autoregressive framework that simulates progressive contrast agent dosage.®*
Another approach leverages conditional diffusion and flow-matching models to incorporate uncer-
tainty estimation in virtual contrast synthesis.®

Further, diffusion models have been shown to harmonize varying contrast levels while main-
taining consistent segmentation performance in brain MRIL.% Conditional GANs have also been
trained on scans acquired at varying GBCA doses to synthesize contrast-enhanced images at frac-
tional levels, using a patch-based Wasserstein loss to preserve noise characteristics.®”-% Other
works have introduced novel loss functions to improve synthesis fidelity, such as frequency-domain
consistency® and tumor-focused learning objectives.>

Miiller-Franzes et al. (2023)*® translated T1 and T2 images to contrast-enhanced breast MRI
images using pix2pixHD"® and conducted an observer study to test the realism of the synthetic
images. Furthermore, Miiller-Franzes et al. (2024)"' compare in a more recent work Diffusion
Models and GANs for synthesizing higher-dose DCE-breast MRI subtraction images from their
lower-dose counterparts. Han et al. (2023)’> model the translation of Diffusion Weighted Imaging
(DWI) from breast DCE-MRI volumes as sequence-to-sequence translation task, while Zhang et
al. (2023)* designed a GAN to synthesize contrast-enhanced breast MRI from a combination of
encoded T1-weighted MRI and DWI images.?*48:49:53

However, recent promising approaches have not been used to compute synthetic subtraction
images and have not been validated on their potential to improve tumor segmentation using syn-
thetic data. Furthermore, these previous approaches generated images from a single post-contrast
sequence rather than generating images from multiple temporal DCE-MRI sequences. The latter
remains a largely underexplored research problem. To this end, Schreiter et al. (2024)7 tested the
simultaneous generation of DCE-MRI timepoints with a U-Net architecture using multiple inputs
(T1-weighted, T2-weighted, and diffusion-weighted MRI with multiple b-values). In Osuala et
al. (2024),%° the generation of a single, temporally variable DCE-MRI timepoint was shown by
conditioning a latent diffusion model on the time-passed since respective pre-contrast acquisition.
However, jointly synthesizing DCE-MRI timepoint can be desirable to ensure coherence across
the resulting images. While extending over U-Net architectures by adopting a multi-scale condi-
tional GAN, we further note that some modalities are not readily available in all clinical settings



(e.g., high-risk population DCE-MRI breast cancer screening without T2-weighted and diffusion-
weighted MRI), prompting us to input only single T1-weighted MRI images into our model for
contrast synthesis.

By addressing the temporal dynamics in DCE-MRI generation, we enable a more nuanced
radiologic analysis of tumor localization and contrast enhancement patterns required in clinical
settings. For instance, we show that our approach is promising to achieve higher image quality and
detection sensitivity. At the same time, it also enables the assessment of contrast kinetics, which
comprises important clinical biomarkers for cancer characterization such as contrast wash-in and
wash-out slopes, peak enhancement, and perfusion and permeability parameters.? 1!

3 Materials and Methods
3.1 Dataset

The Duke-Breast-Cancer-MRI Dataset,*’ a single-institutional open-access dataset available on
The Cancer Imaging Archive,’ is used in this study. The dataset was acquired at the Duke Hospital
in the United States between 1% January 2000 and 23" March 2014. The dataset spans 922 biopsy-
confirmed patient cases with invasive breast cancer. It contains information about their histology
reports, demographics, treatment records, recurrence and follow-up information, ultrasound and
mammography screening information, alongside a set of pre-operative MRI images. Each case
involves one fat-saturated T1-weighted sequence (pre-contrast) and up to 4 corresponding fat-
saturated T1-weighted DCE sequences (post-contrast). Between each DCE acquisition, a median
of 131 seconds passed with scans acquired using a field strength of either 1.5 T or 3 T MRI
machine. Out of the 922 patients, 828 were administered either Magnevist®or MultiHance®as
CA with a contrast bolus volume ranging from 6mL to 20 mL. The axial MRI scans come in
dimensions of either 3202, 4482 or 5122 in the coronal and sagittal planes, while consisting of a
varying number of slices in the axial plane. After transforming the respective DICOM files into
3D NIfTT volumes, their voxel values are min-max normalized per volume and scaled to values in
the range [0, 255]. Next, axial slices are extracted from the 3D fat-saturated T1-weighted (DCE-
)MRI volumes after resampling them to an isotropic resolution of 1 mm? using the pixel spacing
information provided in the DICOM headers.

We further source 3D tumor segmentation masks for 254 of our cases from Caballo et al
(2023).2 Caballo et al (2023) segmented these masks automatically using a fuzzy means algorithm
in MATLAB. The masks were then refined by an experienced medical physicist and validated by
a radiologist. We further manually verified these 254 cases, validating that the masks correctly
correspond to the tumor volumes in the first phase of the DCE-MRI acquisition (timepoint 1) and,
where necessary, adjusted the orientation.

For the single-sequence pre- to post-contrast synthesis model, we used 668 cases without seg-
mentation masks, out of the total of 922 cases of the dataset, as training data, while the remaining
254 cases with masks are randomly split into validation (224 cases) and test (30 cases) sets. This
split is due to the availability of ground truth tumor masks and avoids data leakage by training
the synthesis model exclusively on cases that are not used for validation or test of the segmenta-
tion model. All axial slices, i.e., tumor containing and non-tumor containing slices, were extracted
from 3D fat-saturated T1-weighted (DCE-)MRI NIfTI volumes. These slices are then used as train,
validation, and test data to enable the model to translate any 2D slice from the 3D volumes. For the



segmentation model, the same test set is used. For training and validation, we exclude 33 multi-
focal cases from the 224 cases where ground truth tumor masks are available. Multi-focal cases
are defined by containing multiple distinct tumor foci. Their removal allows to ensure consistency
with the ground truth annotations which delineate only a single primary tumor lesion. We apply a
5-fold cross-validation, splitting the remaining 191 cases into training (80%) and validation (20%)
subsets.

For the multi-sequence pre to post-contrast synthesis model, we apply a new random split of
the dataset in order to have a higher number of training cases, resulting in 762 train, 50 val, and
100 test cases, and including only cases with a minimum of 3 available DCE-MRI sequences. In
this multi-sequence scenario, all tumor-containing axial slices were extracted and used alongside
an additional 10% of axial slices adjacent to the tumor (i.e., 5% before the first and 5% after the
last tumor-containing slice in axial dimension). Tumor containing slices are identified based on
the bounding box annotations of the Duke Dataset. Pre- and post-contrast slices are extracted as
corresponding pairs.

3.2 Image Synthesis
3.2.1 Generative Adversarial Networks

GANs? are a family of deep generative models composed of multi-hidden layer neural networks
to implicitly learn a real data distribution from a set of real data samples to then, ultimately, sample
unobserved new data points from that distribution. GANs are based on a two-player min-max game
of a generator and a discriminator network. The generator (G) strives to create samples (&) from
a noise distribution (p,) that the discriminator (D) cannot distinguish from samples (x) stemming
from the real image distribution (pga4,), resulting in the value function:

mgin max V(D,G) = mén mgx[IEmdim [logD(x)] 4+ E,p.[log(1 — D(G(2)))]]- (1)

Goodfellow et al. (2014)?7 define the discriminator D as a binary classifier, detecting whether a
sample x is either real or generated. The discriminator is trained via binary-cross entropy with the
objective of minimizing the adversarial loss function L,,,, which the generator, on the other hand,
tries to maximise:

Ladw = ~Barpy, [10gD ()] + Eonp, [log(1 = D(G(2)))]. @

3.2.2 Pre- to Post-Contrast DCE-MRI Synthesis

In the context of image-to-image (I2I) translation, instead of generating data from a noise distribu-
tion, GANs?’ receive an input sample from a source distribution (z) to generate a corresponding
output sample from a target distribution (f)). In this research, we implement a Pix2PixHD”* GAN
for translating pre-contrast to post-contrast images. Pix2PixHD was chosen for its proven ef-
fectiveness in producing high-quality cancer imaging data,* along with its network architecture
and methodological approach specifically tailored for paired image-to-image translation, fitting
the pre-to-post-contrast transformation scenario. As illustrated in Figure 2, the GAN architec-
ture comprises a generator network that processes images at two different scales—one to ensure
global consistency and the other to generate fine details. Additionally, the model incorporates two
identical discriminator networks, each operating at different image scales based on downsampled
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Fig 2: Overview of training workflow of our pre- to post-contrast translating GAN based on
Pix2PixHD."® Three reconstruction losses (L1) and two least squares adversarial losses (LSGAN)">
from two discriminators (D1 & D2) and one pre-trained VGG’® model are backpropagated into the
generator, where lambda () represents the weight of each of the different losses. Processing the
images at two different scales inside the generator architecture balances local detail and global
consistency,’® which is further enforced by the two different image input scales in D1 (full size)
and D2 (downsampled). The segmentation method is based on 3D U-Nets’’ from the nnU-Net’®
framework. The iteratively translated synthetic post-contrast axial slices are stacked to create 3D
breast MRI volumes. These synthetic volumes correspond to the tumor segmentation masks, which
were initially acquired based on the real post-contrast fat-saturated sequence.

versions of the input images. The training of the model involves a weighted combination (\) of
least squares adversarial losses” (A4, = 1), discriminator feature matching losses (\ m = 10)
calculated as the summed L1-loss between the real and synthetic image features extracted by each
of the two discriminators, and a VGG-based’® perceptual loss (A, = 10):

L6aN = Aadv * (Laavipy + Laavo2)) + Agm - (Lemo1) + Limm2)) + Aper - Lper- (3)

Input images are transformed into the range [—1, 1] and have a probability of 50% of being rotated
by 90 degrees during training. Following the best practices from Wang et al (2018)"°, the model is
trained for 200 epochs using an Adam optimizer (3 = 0.5)’° and a learning rate of 2e-4 that decays
linearly to zero from epoch 100 to 200. The images in the dataset are resized to pixel dimensions
of 512 x 512.

In the case of (i) pre-contrast to phase 1 DCE-MRI image synthesis, the grayscale post-contrast
(phase 1) image is duplicated three times and stacked into 3 channels. This model was trained on



a single NVIDIA GeForce RTX 3090 GPU with 24GB RAM using a batch size of 1.

For the case of (ii) pre-contrast to multi-DCE phase synthesis, the respective images of DCE
phase 1, 2, and 3 are concatenated resulting in an output pixel dimension of 512 x 512 x 3. In
this latter case, and despite outputting a single image, the pix2pixHD learns to synthesize the first
three DCE-MRI acquisitions jointly. We extract the output of each of the three channel dimensions
from these output images and store them separately as 512 x 512 x 1 image per DCE phase. We
specifically selected the first three DCE-MRI phases, as additional acquisitions, such as DCE phase
4 and phase 5, are not available for a considerable fraction of cases in the dataset. This model was
trained on a single Nvidia RTX A6000 GPU with 48GB RAM and a batch size of 8 using the
PyTorch library®® in a Python 3.11 environment.

3.3 Synthetic Data Evaluation

3.3.1 Defining Trustworthy Synthetic Data

Our review of the medical image synthesis literature®2+3+4849:51-53 degcribed in Section 2 reveals

a lack of agreement on the appropriate metrics for assessing synthetic imaging data. Different
metrics provide particular strengths such as correlation with human visual perception or usefulness
for clinical application. In order to prioritize and select specific metrics, we note the need for a
principled definition of what desirable trustworthy synthetic data should encompass. To this end,
inspired by the SynTRUST framework,* while also building upon insights from previous synthetic
data evaluation studies and guidance provided in the literature,*2>338185 we provide a general
definition of trustworthy synthetic data. As depicted in Fig. 3, we define trustworthy synthetic data
as multi-dimensional framework comprising synthetic data (a) fidelity, (b) diversity, (c) condition
adherence, (d) utility, (e) privacy, and (f) fairness.

Fidelity Diversity Condition Adherence Utility Privacy Fairness
e.g. high-quality DCE- e.g. lesion & anatomical e.g. to pre-contrast e.g. for segmentation e.g. avoiding patient e.g. comparable quality
MRI reconstruction manifestations input image downstream task identification across subpopulations

Generative Model Generative Model Generative Model
is able of sampling generates data creates data which represents desired
. allows to control ] n n N
from a large fraction data features which helps solving ensures patient distribution
of the distribution particular tasks privacy characteristics

Generative Model ClapErEine Weeel Generative Model
is able to produce

high quality outputs

Fig 3: Depiction of the generally applicable dimensions of trustworthy synthetic data alongside
respective examples (in blue font) for their adoption in deep generative models for medical image
synthesis. The present study evaluates fidelity, diversity, condition adherence, and utility. Pri-
vacy and fairness are included herein for the comprehensiveness of the dimensions encompassing
trustworthy synthetic data.

Fidelity (a) refers to the quality, realism, and degree to which the generated images accurately

and convincingly replicate the characteristics of real-world images. Beyond visual similarity, fi-
delity also requires preserving essential features, shapes, textures, and statistical properties of the
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original data. Diversity (b) represents the objective of generating a wide range of synthetic im-
ages, ideally capturing the full spectrum of variability present in real-world images. This includes
variations in features such as intensities, texture, structure, and patterns, as well as domain shifts
within the data such as differences in pathological and anatomical manifestations, viewpoints, and
contexts. Condition adherence (c) describes the extent to which the generated images accurately
reflect specific, predefined conditions or attributes that were set during the synthesis process. This
ensures that the images conform to particular requirements or constraints, such as provided fea-
tures, labels, variables, contextual details, or input images. Utility (d) represents the practical value
and effectiveness of synthetic images, commonly tied to achieving one or multiple specific goals
or applications. This includes how actionable synthetic images are in serving their intended pur-
poses, such as training machine learning models, validating algorithms, translating data to another
domain, or augmenting real-world datasets. Utility can be measured indirectly by quantifying the
contribution and impact of synthetic images in a practical task, e.g., via ablation studies. Privacy
(e) pertains to the ability of synthetic images to protect sensitive information to ensure confiden-
tiality while still providing valuable data for analysis or training. On one hand, generated data
is desired to maintain essential characteristics of the real-world dataset in order to serve specific
applications, however, without revealing or compromising confidential or identifiable information
such as for instance a patient’s ailments, identifying visual features or other related personal data.
Fairness (f) involves ensuring that synthetic images represent diverse and balanced data across
different groups or conditions, avoiding biases that could lead to undesirable outcomes. Exam-
ples include generating synthetic images that accurately reflect specific or specifically-balanced
demographics, conditions, or scenarios without favoring or underrepresenting any particular sub-
population. Hence, synthetic images are not to create or reinforce biases or inequities, thereby
promoting equitable, impartially and inclusive performance on downstream applications.

3.3.2 Synthetic Data Evaluation Metrics for DCE-MRI Synthesis

As discussed above, it is desirable to provide a multi-faceted analysis of synthetic data while also
automating the evaluation process to avoid laborious and costly manual human expert observer
revisions.* 8485 We assess our synthetic DCE-MRI using multiple metrics comparing them against
their real counterparts hence measuring (a) fidelity, (b) diversity, and (c) condition adherence. To
this end, we provide comparisons of real-synthetic image pairs and of real and synthetic image dis-
tributions. The latter is evaluated using the Fréchet Inception Distance (FID),% which computes
the distance between two sets of features each extracted from one imaging datasets. These features
are latent representations generated by passing each image in the dataset through a pretrained deep
learning model, e.g. an Inception v3%" pretrained on natural images from ImageNet*® (FIDy,,,)
or pretrained on radiology images from RadlmageNet®® (FIDg,q). Once the latent features are
extracted from both synthetic and real datasets, they are each fitted to a multi-variate Gaussian
X=real and Y =synthetic having means ;1 x and py and covariance matrices Xy and Xy in order to
compute the Fréchet distance (FD) as FD(X,Y) = ||ux — iy |3 +tr(Sx + 5y —2(Sx Sy )2). Are-
cently introduced variation is the Fréchet Radiomics Distance®® (FRD), which compares extracted
handcrafted radiomics®®®' feature distributions extraced from medical images. To evaluate corre-
sponding real-synthetic DCE-MRI image pairs, we use a comprehensive set of metrics including
the mean squared error (MSE), mean absolute error (MAE), peak signal-to-noise ratio (PSNR),
multi-scale (MS) structural similarity index measure (SSIM),”? as well as the Learned Perceptual
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Image Patch Similarity (LPIPS).”® Given the presence of corresponding reference images in the
pre- to post-contrast translation of axial MRI slices, we average metrics across all MRI slice im-
age pairs, reporting each metric alongside its standard deviation across image pairs. Lastly, we
additionally assess the generated DCE-MRI images based on their (d) utility by measuring their
impact when included as additional breast tumor segmentation model training data, as described
in Section 3.4.

3.3.3 Scaled Aggregate Measure (SAMe)

As discussed in Section 2 and Section 3.3.1, there is no consensus on methods and metrics for
evaluating of synthetic data in general, and in image-to-image synthesis tasks specifically. Various
metrics are employed and reported, but there is ambiguity about which metric should take prece-
dence, particularly when different metrics yield conflicting results. This issue also complicates
determining the optimal stopping point for training a generative model. Overall, this evident lack
of a consistent evaluation metric underscores the necessity for our proposed unified measure of
synthetic data quality. Given that each metric captures different facets of truth, we suggest that
the most effective way to evaluate synthetic data is through an ensemble of metrics. Therefore,
we propose a Scaled Aggregate Measure (SAMe) that scales and combines several metrics. These
metrics include the SSIM, MSE, MAE, FIDy,,,,,%% and FIDg,4.**% In this work, for simplic-
ity, we define SAMe based on the aforementioned five metrics, but note that the integration of
further metrics, such as LPIPS or PSNR, as well as additionally distinguishing between image-
level and lesion-level metrics, can further improve the expressiveness and comprehensiveness of
SAMe. The metrics in SAMe are scaled to a range [0, 1] using per-metric min-max normalisation
to achieve comparability and allow their combination. After scaling, smaller values correspond
to increased performance for SAMe and each of its internal metrics, including SSIM which was
reversed after scaling (i.e., the smaller, the better). Next, we compute SAMe as a non-weighted
average between these metrics. The choice of the metrics in SAMe is flexible as we motivate re-
searchers to adopt SAMe based on their particular image synthesis problem at hand. However, we
draw attention that our choice of metrics comprises a complementary selection balancing percep-
tual metrics that capture global semantics of imaging features (FIDs), metrics of perceived quality
of images (SSIM and FIDs) and metrics focusing on fine-grained pixel-level comparisons between
generated and target images (MAE and MSE) to assess the accurateness of replication between
an image pair. While FID is associated to a high sensitivity to small changes and high correspon-
dence to human inspection,® the pixel level metrics in SAMe measure objective (MSE, MAE) and
perceived image fidelity based on a combination of luminance, contrast, and structural informa-
tion (SSIM).>* We further combine analytical metrics (SSIM, MAE, MSE) with metrics derived
from latent space feature representations of neural networks (FIDs), with the latter being further
divided into domain-agnostic (FIDy,,,) and radiology domain-specific (FID ) features to capture
different dimensions of relevant information within the synthetic data. To this end, we compress
complementary and mutually exclusive information present in the selected image quality metrics
into a single meaningful measure and show its application for the problem of generative model
training stopping criterion definition and training checkpoint selection.
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3.4 Tumor Segmentation Downstream Task

The segmentation of tumors is an important clinical task used, among others, to analyze and quan-
tify the tumor and its volume. An accurate tumor delineation can be used for surgery and radiation
treatment planning as well as monitoring evaluating tumor growth or decline e.g. before, during
and after neoadjuvant chemotherapy.

To evaluate synthetic data for automated tumor segmentation, we adopt a single 3D U-Ne
model using the nnU-Net framework”® (i.e., nnunetv2 3d full res). nnU-Net is a versatile deep
learning framework for medical image segmentation, which self-configures its architecture based
on the input data. We adopt its 3D U-Net architecture to capture volumetric tumor context while
also retaining fine details via its skip connections between encoding and decoding layers. Using
only the 3D convolutional architecture variant of the nnU-Net framework further enables testing
whether individually translated synthetic 2D breast MRI slices can be reassembled to useful 3D
breast MRI volumes. We follow the vanilla nnU-Net training configuration, however, without
applying any of nnU-Net’s post-processing techniques such as all-but-largest-component suppres-
sion,”® which are not specifically targeted to our breast tumor segmentation task. We train one 3D
U-Net tumor volume segmentation model for 500 epochs for each fold in a 5-fold cross-validation
(CV). Test set performance is measured based on the averaged predictions of the ensemble of the
five models, each of which was trained during one of the CV folds. The Dice coefficient is used
as training loss and test set evaluation metric to measure segmentation performance. The Dice
coefficient quantifies the overlap between the predicted tumor segmentation (A) and the ground
truth (B) in a range [0, 1], with O representing no overlap and 1 indicating complete overlap.

As shown in Fig. 2, the 2D synthetic slices are stacked to 3D synthetic volumes before being
integrated as additional training data into our tumor segmentation pipeline. The same segmentation
masks, which had initially been annotated in (a) the first real post-contrast DCE-MRI sequence,
are used as labels in the segmentation model for (a) real post-contrast, (b) real pre-contrast, and
(c) synthetic post-contrast MRI volumes, as depicted in Figure 5. Given that in the ground truth
masks only the primary lesion was annotated, we remove multifocal cases (33 cases) from the
segmentation dataset. We further crop the volumes to include only a single breast per image rather
than both breast to avoid any bilateral cases and apply Bias field correction.”® The segmentation
models were trained on a single NVIDIA GeForce RTX 3090 GPU with 24GB RAM.

t77

4 Experiments and Results
4.1 Selection of Generative Model

As the first experiment, we apply our proposed SAMe to our single sequence DCE-MRI generative
model, which translates a T1-weighted pre-contrast image to its first sequence (phase 1) DCE-
MRI counterpart. To this end, we demonstrate SAMe’s effectiveness as a generative model weight
selection criterion. As shown in Fig. 4a, we compute SAMe and its internal metrics (FIDy,,,,
FID .4, MAE, MSE, SSIM) during generative model training on each 10" epoch up until epoch
170. The FID metrics are computed for 3000 and MSE, MAE and SSIM metrics for 5000 synthetic-
real post-contrast axial MRI slice pairs from the validation set. In Fig. 4a, epochs with metric
values close to 0 indicate good generative model performance in comparison to values close to 1.
For completeness, we also provide the original values of the metrics before SAMe scaling in Table
1. SAMe, as the aggregate across complementary metrics, is depicted using bar charts (in blue)
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(a) We inspect overall synthetic data fidelity, and diversity us- (b) An illustration of synthetic breast DCE-
ing the Scaled Aggregate Measure (SAMe) across generative MRI images generated during GAN train-
model training epochs, thereby enabling an informed selec- ing after epochs 30 and 90, exhibiting dis-
tion of the best training checkpoint (i.e., epoch 30, achiev- cernible variances in tumor representation.
ing the lowest SAMe). Our SAMe metrics include syn- From left to right, (i) the real pre-contrast
thetic image distribution distances (FIDj,,, and FIDg.q), image is shown (i.e., the GAN input image),
pixel space objective (MSE and MAE) and perception-based (ii) the respective real DCE phase 1 image,
(SSIM) quality metrics. Metrics are scaled in range [0,1], the synthetic real DCE phase 1 counterpart
where lower values indicated better performance. after (iii) 30 and (iv) 90 training epochs.

Fig 4: Quantitative (a) and qualitative (b) illustrations of SAMe applied to DCE-MRI synthesis

in Fig. 4a. Hence, the shortest bar represents the generative model checkpoint which performs
the best across metrics and epochs. We note that the generative model achieves good performance
already early in training with a SAMe score of 0.087 in epoch 10. The only checkpoint achieving
a better results is the one in epoch 30, resulting in a SAMe of 0.077. Further training follows a
trend of gradually reduced performance in SAMe (e.g., 0.682 in epoch 100) likely indicating an
increasing overfitting on the training dataset. In the last row of Table 1 real post-contrast images are
compared to their real pre-contrast counterparts. Compared to this baseline, the synthetic images
from the different epochs (e.g., ep10, ep30, ep50) consistently result in overall better metrics (e.g.,
FIDt,,,4, SSIM, MSE, albeit with the exception of MAE) when compared to real post-contrast
images from the validation set.

A noteworthy observation is that, both across and within training epochs, the various metrics
yield inconsistent conclusions regarding the optimal synthesis model, highlighting the need for a
unified measure such as SAMe. Yet, all metrics exhibit a similar overall trend, with lower (better)
values until epoch 60, after which they increase remarkably, suggesting overfitting and diminishing
returns from continued training. based on SAMe, epoch 30 emerges as the optimal source for a
model checkpoint for generating synthetic post-contrast samples, which are subsequently used for
the tumor segmentation downstream task and image synthesis test set evaluation.
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Table 1: Example of quantitative image quality results, based on SAMe and reported with standard
deviation on the validation set where applicable, for different GAN training epochs (ep). FID 4,
FIDg,q are based on 3000 and MSE, MAE, SSIM are based on 5000 synthetic-real DCE-MRI
axial MRI image slice pairs. As upper bound, the Real DCE vs. Real Pre baseline compares
corresponding real pre-contrast and real DCE pairs.

Metric
Comparison Dataset FIDy,,, | FIDgeq | SSIM 1 MAE | MSE | SAMe |
Real DCE vs. Syn,,10 DCE Val 15.047 0.108  0.701 + 0.081 93.895 +41.748  37.803 + 9.960 0.087
Real DCE vs. Syn,,3y DCE Val 17.308 0.081 0.699 £+ 0.081 88.733 £39.426  38.334 4+ 9.582 0.077
Real DCE vs. Syn,,50 DCE Val 16.412 0.089  0.696 £0.090 101.696 +44.672 38.045 £ 10.985 0.188
Real DCE vs. Syn,100 DCE Val 18.778 0.219  0.669 £0.116 113.144 £59.360 42.320 £ 17.792  0.682
Real DCE vs. Real Pre Val 34.062 0.120  0.660 £ 0.090 66.146 + 31.758 42.933 £+ 11.528

4.2 Synthesis of First DCE-MRI Sequence

To systematically assess the quality of image synthesis, we compare metrics between synthetic
and real post-contrast MRI slices in the test set. After training the generative model, we generate
T1-weighted DCE-MRI phase 1 images - often corresponding to peak enhancement in the studied
dataset?’ - for both the image synthesis test set (30 cases) and validation set (224 cases). Figures
5 present qualitative results, illustrating the model’s translation of entire axial breast MRI slices
to the post-contrast domain, along with corresponding subtraction images for six different patient
cases. It is observed that some false-positive contrast regions are hallucinated (e.g., see the 4
row), and some tumors are only partially contrast-enhanced (e.g., see the 5" row of Figure 5). In
the randomly chosen patient case 045, depicted in the 6™ row of Figure 5, the real post-contrast
image displays hypointense areas within the tumor, suggesting the presence of a necrotic core.
With this feature being not clearly visible in the pre-contrast domain, it is not reproduced in the
synthetic post-contrast image. Nevertheless, the respective synthetic subtraction image enables
detection and localization of the tumor, thereby preserving clinical utility for diagnostic and treat-
ment workflows®®°7 despite limitations in replicating the internal tumor microenvironment in full
detail for contrast kinetics assessment. Overall, the qualitative outcomes of our model underscore
its capability to proficiently translate pre-contrast to DCE-MRI, demonstrating strong potential in
synthetic contrast localization and enhancement.

Table 2 presents a comparison of the 2D full axial slice image dataset, evaluating the simi-
larity between the synthetic and real test case images. In this analysis, the synthetic DCE-MRI
images demonstrate a significantly closer semantic and perceptual resemblance (as measured by
FID scores, LPIPS, SSIM, MS-SSIM) to the real DCE-MRI phase 1 images compared to their
real pre-contrast counterparts. In the comparison of splitted test datasets, it is important to note
that the compared sets do not correspond to the same patient cases, enabling the assessment of
variability across different patient test cases. Interestingly, based on the domain-agnostic FIDy,,,,
the variability between real DCE-MRI cases is found to be higher than that between real and syn-
thetic DCE-MRI cases. Conversely, the FIDg,, indicates less variability between real DCE-MRI
datasets than between real and synthetic ones for the same dataset split. Specifically, according to
the radiology domain-specific FID g4, the variability across patient cases (splitted test) is generally
higher than the variability between the pre-, post-, and synthetic post-contrast sequences (test) of
corresponding cases. For real vs. synthetic DCE-MRI, this also holds for FIDy,,,4.
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Table 2: Multi-metric synthetic image quality evaluation on the test set containing 5186 images.
Synthetic images were generated after 30 GAN training epochs with SAMe score as epoch selec-
tion criterion. FID,,, and FID g, results are based on 2000 synthetic-real phase 1 DCE-MRI axial
slice pairs, while 5000 pairs where used for the reminder of the metrics. Real DCE vs. Real Pre
describes the upper bound baseline that compares paired real pre-contrast and real phase 1 DCE
slices. Subt refers to subtraction images, where pre-contrast images are subtracted from either
their real (Real Subt) or synthetic (Syn Subt) DCE counterparts. Splitted Test describes a random
by-patient split of the test set (i.e. without corresponding image pairs) that allows to capture the
variance across patient cases in distribution comparsion metrics (i.e., FID).

Metric
Comparison Dataset FID;yny | FIDg.,y  LPIPS | PSNR 1 SSIM 1 MS-SSIM 1 MAE | MSE |
Real DCE vs. Syn,,3) DCE Test 28717  0.0385 0.064+-0.04 32.91+1.35 0.726+0.089 0.798+0.08 85.623+38.297 34.882+10.520
Real DCE vs. Real Pre Test 59.644  0.1556 0.084+0.05 32.42+1.68 0.705+0.104 0.780+0.07 66.1214+-34.473 40.124+16.183
Real Subt vs. Synp3p Subt Test 46.931 02864 0.062+0.03 34.74+1.73 0.692+0.097 0.717+0.09 44.896+23.403  23.425+8.602

Real DCE vs. Syn,,50 DCE  Splitted Test ~ 43.865  0.7012
Real DCE vs. Real DCE Splitted Test ~ 49.808  0.2060

Additionally, we assess subtraction images created by subtracting a pre-contrast image from
either its real or synthetic DCE-MRI counterpart. Compared to the real vs. synthetic DCE-MRI
images, the corresponding real (Real Subt) vs. synthetic (Synepso Subt) subtraction images show
improved metrics in pretrained neural network-based image-level comparisons (i.e., LPIPS) and
reconstruction-based metrics (i.e., MSE, MAE). However, at least this latter improvement can be
attributed to the clipping of pixel values to 0 when they become negative after subtraction. In
terms of structural perceptual metrics (i.e., SSIM, MS-SSIM) and latent feature distribution-based
metrics (i.e., FID rqq, FID11,,4), the comparison between real and synthetic DCE-MRI images yields
better quantitative results than the subtraction image comparison.

4.3 Tumor Segmentation in First DCE-MRI Sequence

Given the potential variability in data availability between pre- and post-contrast domains across
different clinical environments, we conduct four types of tumor segmentation experiments. The
first set of experiments, shown in the 1* block of Table 3 , assumes that ground truth post-contrast
data is entirely unavailable for segmentation during both training and testing. In this scenario,
available pre-contrast training cases (baseline 1) are augmented with their synthetic post-contrast
counterparts. The second set of experiments assumes that pre-contrast data is available for training,
while the test data consists of post-contrast images. Here, we evaluate tumor segmentation perfor-
mance under a domain shift, examining the impact of adding synthetic post-contrast cases to the
pre-contrast baseline 2. The third set in Table 3 considers a scenario where real post-contrast data
is available and used for both training and testing, assessing whether synthetic data can enhance
the performance of the post-contrast baseline 3. Finally, the fourth set of experiments investigates
a situation where segmentation models are trained on real post-contrast data but tested on pre-
contrast cases. This scenario includes instances where contrast agents are not administered, such
as in patient sub-populations like pregnant women, patients with kidney issues, those who decline
contrast media, or those at high risk of allergic reactions to contrast agents.

In all data augmentation experiments, each training case is supplemented with its correspond-
ing augmented version (e.g., real and/or synthetic post-contrast volumes). Importantly, the model
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(a) pre-contrast MRI (b) real DCE-MRI (c) syn DCE-MRI (d) real subtraction (e) syn subtraction (f) ground truth mask

Fig 5: Synthesis of breast DCE-MRI as shown for six cases.*” Two cases were manually selected
from the validation set (1% row: Case 228 , 2" row: Case 886), two manually selected from the
test set (3" row: Case 378, 4" row: Case 907), and two randomly selected from the test set (5"
row: Case 041, 6™ row: Case 045). From left to right, we illustrate axial slices of the (a) real
T1-weighted pre-contrast MRI, (b) the real DCE-MRI sequence 1, (c¢) the synthetic DCE-MRI
sequence 1, the subtraction image based on the (d) real and (e) synthetic DCE-MRI subtractions,
and (f) the ground truth segmentation mask.

does not receive any indication that an original training data point (e.g., a pre-contrast volume)
and its augmented counterpart (e.g., a synthetic post-contrast volume) pertain to the same patient.
The reported Dice coefficients are based on ensemble predictions from five segmentation models
trained using 5-fold cross-validation,”® which is why standard deviations are not reported.
Reviewing the results for baseline I in Table 3 , we observe that synthetic post-contrast aug-
mentations do not enhance segmentation performance within the pre-contrast domain. However,
in the domain shift context of baseline 2, the inclusion of synthetic DCE-MRI volumes leads to a
marked improvement in the post-contrast domain. Specifically, augmenting real pre-contrast data
with synthetic post-contrast images increases the post-contrast Dice coefficient by 0.179 (from
0.484 to 0.663), while maintaining a similar performance level in the pre-contrast domain (with
Dice scores of 0.531 compared to 0.569). This finding aligns with the image quality analysis in
Table 2, which confirms that the GAN-generated images fall within the post-contrast domain dis-
tribution, highlighting their effectiveness in addressing domain shift scenarios. Baseline 3 demon-
strates strong tumor segmentation performance in the post-contrast domain, achieving a Dice score
of 0.790. Although the improvement with synthetic DCE-MRI augmentation is modest, it still en-
hances performance to 0.797, making it preferable over pre-contrast augmentations, which yield
a slightly lower score of 0.780. In contrast, baseline 4 shows a more significant Dice score in-
crease of 0.245 (from 0.164 to 0.409) in the pre-contrast test domain when synthetic post-contrast
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Table 3: Tumor volume segmentation results across four scenarios: (1) pre-contrast domain only,
(2) domain shift with post-contrast testing and no access to real post-contrast data during training,
(3) combined pre- and post-contrast training with post-contrast testing, and (4) synthetic post-
contrast data aiding models trained in the post-contrast domain but tested on pre-contrast data (e.g.,
due to patient pregnancy or allergy). Synthetic data improves performance notably in domain shift
and pre-contrast test cases. Reported Dice coefficients are from a model ensemble with each model
trained via one 5-fold cross-validation fold.

Scenario /. Pre-contrast training data and pre-contrast test data available Dice 1
train on: test on: Real pre-contrast
Real pre-contrast (baseline 1) 0.569
Real pre-contrast + syn post-contrast (augmentation) 0.531
Syn post-contrast 0.486

Scenario 2. Domain shift: Pre-contrast training data, but no pre-contrast test data available

train on: test on: Real post-contrast
Real pre-contrast (baseline 2) 0.484
Real pre-contrast + syn post-contrast (augmentation) 0.663
Syn post-contrast 0.687
Scenario 3. Post-contrast training data and post-contrast test data available Dice 1
train on: test on: Real post-contrast
Real post-contrast (baseline 3) 0.790
Real post-contrast + syn post-contrast (augmentation) 0.797
Real post-contrast + real pre-contrast (augmentation) 0.780
Real post-contrast + real pre-contrast + syn post-contrast (augmentation) 0.770
Syn post-contrast 0.687

Scenario 4. Domain shift: Post-contrast training data, but no post-contrast test data available

train on: test on: Real pre-contrast
Real post-contrast (baseline 4) 0.164
Real post-contrast + syn post-contrast (augmentation) 0.409
Syn post-contrast 0.486

augmentations are used. Despite the synthetic DCE-MRI images being closely aligned with the
DCE-MRI distribution (as indicated by an FIDpg,,; of 0.0385 between synthetic and real post-
contrast test data in Table 2), it nonetheless captures relevant pre-contrast signals that enable the
post-contrast segmentation model to generalize more effectively to pre-contrast test data. Notably,
training solely on synthetic images, without real post-contrast counterparts, further boosts segmen-
tation performance in the post-contrast domain by 0.077 (from 0.409 to 0.486).

4.4 Joint Synthesis of Multiple DCE-MRI Sequences

Based on the respective pre-contrast T1-weighted image of each patient, we jointly generate the
images corresponding to the first three DCE-MRI sequences acquisitions using a checkpoint after
30 training epochs of our multi-sequence conditional GAN.

As shown in Table 4, we use multiple metrics to quantitatively assess each generated DCE-MRI
sequence based on its similarity to its respective real DCE-MRI sequence. To facilitate interpreting
and evaluating the obtained metrics, we compute the metrics also for the similarity of pre-contrast
images with images from each of the real DCE-MRI sequences. It is observable that across each
of the three DCE-MRI sequences, the synthetically generated images by our GAN method are
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Table 4: Quantitative synthetic image quality assessment for joint synthesis of multiple DCE-MRI
image timepoints (Phase P1 to P3). Results include standard deviation where applicable and are
based on 100 test cases consisting of 4422 image pairs. Best results in bold. Real Post vs. Real Pre
indicates the lower bound baseline comparison between corresponding real pre-contrast MRI and
DCE-MRI images. GAN denotes our proposed Pix2PixHD-based post-contrast image synthesis
method. GAN Subt refers to subtraction images created by subtracting real pre-contrast images
from GAN-generated DCE-MRI images. U-Net refers to the subtraction image synthesis baseline
method adapted and modified from Schreiter et al,”® which directly predicts subtraction images
from pre-contrast images. In FRDgpir., , BB denotes that feature extraction is conditioned by
tumor bounding box annotations,*” while Tex denotes that only texture features were extracted,”!
i.e., glem, glrlm, gldm, glszm, ngtdm.

512x512 breast MRI slices with tumor Metrics

Set 1 Set 2 ‘ FID;,y  FIDpaa | FRDppyre. )  LPIPS ] PSNR 1 SSIMT  MS-SSIM 1 MSE | MAE |
Real Pre-Contrast ~ Real DCEp; 39.47 0.143 209.70 201 £.098 31.88+1.303 .712+.080 .785+.062 38.98 4 11.88 109.55 4 38.78
GAN: Syn DCEp;  Real DCEp, 20.32 14.91 116.37 139 £.071 3240 + 1.153 749 +.059 862 +.042 32.88 +8.331 77.65 + 37.50
U-Net: Syn Subtp;  Real Subtp, 296.65 14.91 2046.91 223+ .713  10.67 £5.786 .620 +.103 474 +.124 12.84 + 7.113  21.44 + 9.704
GAN: Syn Subtp;  Real Subtp, 49.22 4.531 264.25 175 4£.073  23.63 + 1.966 686 + .081 .690 & .088 24.56 +9.031 51.84 +25.86
Real Pre-Contrast ~ Real DCEpy 36.18 0.124 202.32 182 +£.085 31.92+£1.383 718 £.082 .811£.056 38.80+13.02 112.61+41.55
GAN: Syn DCEp;  Real DCEpy 1545 0.062 98.19 A31£.065 32.59 + 1121 764 +=.059 .871+.041 31.08 +7.686 83.37 + 38.74
U-Net: Syn Subtp,  Real Subtpy 282.00 14.07 1986.08 2124£.069 11.56 £5.771 630 £.105 .503 £.131 12.58 4 6.729  22.22 + 10.02
GAN: Syn Subtp,  Real Subtpy 27.88 2.839 202.48 156 +.066 2415+ 1.99 698 +.079 712+ .091 2425+ 8.646 56.81 + 25.00
Real Pre-Contrast ~ Real DCEp3 33.79 0.121 223.68 1754 .082 31.95+ 1.383 721 +.081 .821 +.053 38.59 +12.95 112.67 £42.04
GAN: Syn DCEp;  Real DCEpy 14.38 0.079 108.13 129 £.066  32.64 £ 1.122 765 £.060 .871 +.043 30.75 +7.495 80.88 + 37.31
U-Net: Syn Subtps  Real Subtpy 260.21 8.17 1679.39 182+£.062 1291 £5.761 638 £.113 550 £.133 12.60 = 5.684 23.82 + 11.64
GAN: Syn Subtp; ~ Real Subtp; 49.71 0.342 155.16 159 £.067 23.71 +2.067 .683 +.083 .692+.094 25.04 +£8563 57.41+23.98

substantially closer to the real DCE-MRI images compared to the lower bound pre-contrast based
baseline. This holds true across both image-distribution comparison metrics (FID;,,,4, FIDgq)
and image-level comparison metrics (e.g., LPIPS, SSIM, MSE). With the exception of MAE and
FIDg.s (DCEpy; to DCEp3), an improvement across metrics is observed with temporally later
DCE-MRI acquisitions, indicating enhanced performance at subsequent imaging phases. The
achieved FIDy,,, values (20.32 in DCEp;) are notably low even when compared to the single
DCE-MRI sequence experiments (28.71) from section 4.2 indicating that the training and joint
generation using multiple DCE-MRI sequences is likely to positively affect model performance.
To quantitatively evaluate the texture of the tumor area on the synthesized images, we em-
ploy the Fréchet Radiomics Distance (FRD),?® comparing radiomics texture feature distributions
extracted from both the real and synthetic images. The FRDgp 7., metric we compute restricts
feature extraction to tumor regions defined by bounding box annotations*’ for the 2737 respective
image-annotation pairs for each dataset. In FRDgp, 7., we include exclusively the texture-based
features of interest, namely glcm, glrlm, gldm, glszm, and ngtdm derived using the PyRadiomics
toolkit.”! The values of these features are z-score normalized across all features from both datasets
(e.g. synthetic and real) and, for better interpretation, are scaled to the range common for FID as
defined and recommended in Osuala et al.*® Our adapted formulation emphasizes tumor-specific
texture, which has been identified as a particularly challenging aspect of contrast-enhanced im-
age synthesis due to the subtle and heterogeneous appearance of cancerous lesions and the tumor
microenvironment. By focusing the analysis on this dimension, FRDpp7e, provides a robust
measure of how well the generative model captures clinically relevant tumor characteristics in syn-
thetic images. For our GAN-generated synthetic DCE-MRI data we observe a substantially lower
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FRD g g 7., scores compared to the real pre-contrast vs real DCE comparison baseline, e.g. 116.37
and 209.70, respectively, for the first DCE-MRI timepoint. This trend is present across all of the
temporal DCE-MRI sequences, demonstrating that tumor areas within our GAN-generated images
overall capture a range of meaningful texture features that are present in the real DCE-MRI tumor
areas. The GAN-generated subtraction images, while resulting in higher FRD g5 7., compared to
its generated DCE-MRI counterparts, obtained vastly lower FRDgg 7., compared to the U-Net
baseline across all DCE sequences.

Inspired by the work of Schreiter et al. (2024),”® which to our knowledge represents the clos-
est approach to multi-sequence DCE breast MRI slice generation, we implemented a benchmark
U-Net model”” for comparative evaluation. While our implementation is based on the MCO-Net
architecture proposed by Schreiter et al., it has been adapted to fit the specific requirements of
our application.Different to their setup, we use a batch size of 16 and apply a sigmoid activation
function in the final layer instead of tanh, as our output values lie within the range [0,1]. Unlike
the original work, which incorporates T2-weighted and multi-b-value diffusion-weighted images
as additional inputs, we restrict our input to T1-weighted non-contrast-enhanced MRI due to the
constraints of our dataset. The U-Net is trained to generate subtraction images, i.e., computed
by subtracting the non-contrast T1-weighted input from each corresponding post-contrast DCE
sequence, across all three DCE timepoints. While we also experimented with directly predict-
ing post-contrast images using this U-Net approach, the subtraction-based output yielded better
qualitative and quantitative performance and we report the latter in Table 4.

Overall, the U-Net generated subtraction images (compared to their real subtraction image
counterparts) show considerably lower performance (apart from MSE and MAE metrics) across all
DCE-MRI timepoints in terms of image distribution metrics, as well as image-to-image compari-
son metrics, when compared to the GAN-based approaches. The GAN-based approaches consist
of (a) the comparison of GAN-generated DCE-MRI images with their real counterparts and (b) the
comparison of real subtraction images with synthetic subtraction, where the latter are computed
based on real pre-contrast images subtracted from GAN-generated DCE-MRI images. Subtraction
images, particularly those generated by the U-Net, show strong performance on pixel-wise metrics
such as MAE and MSE. This is in part likely due to the high proportion of low-intensity pixels
present in both real and synthetic subtraction images, especially when compared to full DCE-
MRI slices. While the GAN-generated subtraction images otherwise have generally slightly lower
performance values compared to the GAN-generated DCE-MRI images, they (i) capture the real
subtraction image distribution reasonably well (e.g. see FIDy,,, of 27.88 for sequence 2 in Table
4) and (ii) also show desirable results on the image-to-image comparison metrics (e.g. see LPIPS
across all temporal sequences in Table 4).

Fig. 6 provides a respective qualitative comparison of three patient cases across the first three
DCE-MRI sequences. In these cases, and while noting a high similarity of images across DCE-
MRI acquisitions, both in the real as well as in the synthetic images a trend of increased lesion
contrast enhancement towards later DCE-MRI acquisitions is noticeable. This temporal enhance-
ment pattern is further reflected in the contrast enhancement curves, which show a generally in-
creasing mean pixel intensity across the DCE-MRI timepoints. This trend is consistently observed
in both the synthetic and real DCE data, indicating that the generative model captures patterns of
the underlying contrast kinetics.

To further explore the differences between DCE-MRI acquisitions, we additionally compute the
mean and standard deviation of the pixel intensity within the tumor area, which we locate based
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Fig 6: Qualitative results of joint multi-sequence DCE-MRI generation shown for 3 test cases
with real images in each first row and respective synthetic images displayed in each second row.
A single conditional GAN was trained to translate all test cases from pre-contrast to all three
DCE-MRI sequences. Contrast enhancement curves are also shown, visualizing changes in image
intensity across consecutive temporal DCE-MRI sequences for both real and synthetic data.
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Fig 7: llustration of temporal contrast enhancement patterns based on mean pixel intensity within
the tumor bounding box area aggregated over all tumor-containing axial slices of all test cases.
While gray coloring represents values computed for pre-contrast (T1) and post-contrast (DCE) of
real test case images, red denotes values extracted from their synthetic DCE-MRI counterparts.

on the bounding box information provided in the dataset.*’ The bounding box allows to capture
and assess contrast uptake within the lesion but also, as opposed to lesion-level delineation, its
closely surrounding tissue adjacent to the gross tumor region. Next, we aggregate the mean tumor
intensity over all test cases to get a value and standard deviation for intensity for each of the three
analyzed temporal DCE-MRI sequences. This process is repeated for pre-contrast and also for
each synthetic DCE-MRI sequence, with the results being summarized and plotted in Fig. 7.

Focusing on the differences between real and synthetic post-contrast mean intensity tempo-
ral patterns, it is noted that the intensities generally increase towards later-stages of DCE-MRI
acquisition, which is in line with aforedescribed visual assessment of Fig. 6. This trend in the
real mean pixel intensity patterns is also followed by their synthetic counterparts. While the syn-
thetic intensities have a slightly lower mean value than the real DCE-MRI ones, both synthetic
and real intensities have comparable corresponding variances. In both cases, these variances are
larger than the one of the pre-contrast tumor area intensity. This indicates more variety in the
DCE-MRI domain, which is present in the synthetic DCE-MRI images. A rational for this di-
versity is given, for instance, by the inter- and intra-tumor heterogeneity often manifesting in a
mixture of both hyper-intense and hypo-intense areas within the tumor in the DCE-MRI domain.
Moving from generative model evaluation towards clinical application, where contrast kinetics are
used as biomarkers for tumor characterization, malignancy estimation, and treatment planning, we
assess intensity changes per individual tumor area across DCE-MRI sequences. To this end, we
randomly select 33 test cases and visualize their mean lesion intensity value for synthetic (denoted
as x markers) and real (denoted as circle markers) for each sequence as well as for the respective
pre-contrast image (denoted as gray circle marker) in Fig. 8.

The observations in Fig. 8 corroborate conclusions drawn from Fig. 7 indicating the general
ability of the model to capture the dynamics of contrast uptake in the tumor lesion area. In the
more detailed per-case scheme in Figure 8, the majority of the cases (22 out of 33), the syntheti-
cally generated images feature the right order for the mean pixel intensity values, increasing over
time. Moreover, the standard deviation value between pixel intensity values in the tumor lesion
bounding box, depicted by the marker size, can also be seen to be captured overall correctly by the
generative model. However, while synthetic data generally follows the trend of the real data, an
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Fig 8: Visualization of temporal contrast enhancement patterns based on mean pixel intensity
within the tumor bounding box area aggregated over all tumor-containing axial slices for each
of a randomly selected 33 (out of 100) test cases. Circles denote real images while x denotes
synthetic counterparts. The mean pixel intensity standard deviation is represented by the marker
size. The marker color encodes the temporal DCE-MRI sequence, with gray circles indicating the
pre-contrast MRI sequence for comprehensiveness and comparability.

off-set between the mean intensity values for the real and the synthetic images can be observed.
To this end, Fig. 8 demonstrates both, the complexity of the general task at hand, which asserts
the generative model to detect, localize, highlight accordingly, and temporally adjust the high-
lighting for each heterogeneous tumor of each patient with variations in manufacturer, scanner,
tumor molecular subtypes and patient characteristics. Overall, it is further indicated that the gen-
erative model is able to learn and represent this complexity reasonably well despite the differences
between cases in contrast enhancement and tumor manifestation.

5 Discussion and Future Work

Based on the results described in Section 4, we confirm our initial hypothesis that (post-contrast)
DCE-MRI imaging data can be effectively generated from pre-contrast MRI inputs. Thus, the
pre-contrast MRI provides a signal that is learnable via extracting statistical patterns from pa-
tient cohorts that allow the generative model to detect, localize, and enhance cancerous lesions.
Our modeling approach can be viewed as unsupervised lesion detection method that enables to
identify cancerous lesions without the need of respective lesion-level annotations. Our modeling
paradigm is thus of particular interest for clinical settings considering the need for cost-effective
deep-learning methods, where annotation conducted by clinical experts commonly represents a
major cost-driving factor. Towards clinical application it is to be further noted that synthetic data
can occasionally produce false-positive tumor hallucinations. Despite of that, it can still be a
valuable tool for localizing and highlighting potential anomalies within the MRI volume, as such
anomalies can then be flagged for clinical revision and in-depth examination by clinical experts.
In cases where imaging of both virtual contrast and injected contrast are available, the difference
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it is to be explored whether insights can be derived from the difference between the contrast en-
hancement in both images. For instance, if the virtual contrast prediction model is trained on only
cancerous lesions (or e.g., tumors of a specific molecular subtype), then a different tumor man-
ifestation in the real contrast enhancement can indicate an out-of-distribution case (e.g., benign,
different molecular subtype). This consideration sheds light on the potential lying in research
synthesizing multiple possible (contrast-enhanced) lesion manifestations to explore the within-
distribution diversity and, thus, the uncertainty of a contrast prediction for a specific patient case.
A contrast prediction marked as being uncertain (e.g. based on a variance threshold) can warrant
the administration of contrast media in a clinical setting, where the risk-benefit tradeoff of physical
CA injection is evaluated on a case-by-case basis.

Apart from treatment applications, future clinical validation studies are also encouraged to
investigate generative modeling methods as diagnostic tools in DCE-MRI as screening modality in
high-risk populations (e.g., with change in BRCA1 or BRCA?2). Validating CA-free MRI screening
regimes with synthetic DCE-MRI requires evaluation on additional dataset, where, apart from
cancerous lesions, a variety of benign findings are present. As compared to the present dataset
assembled from neoadjuvant treatment cohorts, tumors in the screening regime can differ being
smaller in size, earlier in stage, while also the potentially younger median age of patients can
affect manifestations on the imaging data.

Going beyond unsupervised lesion detection, the prediction of contrast enhancement kinetics
via multi-sequence DCE-MRI generation unlocks further additional clinical use-cases. As also
indicated by our work, the progress in the field of computer vision, which rapidly expands the
capabilities of deep generative models, narrows the gap towards wide-spread clinical application
of such complex temporal modeling tasks. We note that multi-sequence DCE-MRI synthesis can
potentially result in higher quality synthetic images than single-sequence synthesis, likely due to
the generative model having to learn more nuanced patterns in the temporal synthesis task. Consid-
ering our exploratory results for multi-sequence synthesis of DCE-MRI, such synthetic temporal
contrast enhancement patterns can be considered a promising alternative for patients where CA
injection is too risky. In this realm, biomarkers based on contrast kinetics are to be further in-
vestigated, particularly towards a comparison between real and synthetic biomarkers. This can
enable future studies to define a benchmark for the research community that assesses the clinical
meaningfulness of a generative model’s produced synthetic biomarkers. Such a benchmark can fur-
ther be extended by assessing the usefulness of real and synthetic biomarkers for specific clinical
downstream tasks such as lesion malignancy prediction or treatment response prognosis. We note
additional potential for enhancement of our approach by integrating time-since-event variables®®
that condition the generative model to generate DCE-MRI images for specific moments in time e.g.
based on milliseconds passed since pre-contrast acquisition or CA injection. This methodological
extension introduces new possibilities of clinical application such as synthetically covering time-
points of interest in DCE-MRI protocols that could not have been acquired, for instance due to the
limitation of lengthy acquisition times of MRI scans. Multi-variable conditioning of the generative
model can further allow counterfactual generation of DCE-MRI sequences, where for instance the
malignancy level, tumor subtype, patient age, tumor staging, selected treatment, or other variables
can be varied thereby resulting in insightful comparisons of alternative tumor manifestations.

While an exhaustive hyperparameter search was beyond the scope of this work due to com-
putational constraints, future research is to explore alternative training schedules and optimizer
configurations,”®!% enhancing the stability and generalization of our generative models. Notably,
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the observed performance degradation beyond epoch 30 suggests that more refined learning rate
strategies can help mitigate overfitting and enable sustained training stability. In this context, a
future direction is to quantify the impact of these strategies, such as cosine annealing learning
rate schedules, which have been shown to facilitate smoother convergence and help avoid sharp
minima'®" and learning rate warm-up strategies.'*?

Additional potential realms of research include the comparison of fine-tuning vs training from
scratch of the generative model, assessing different GAN and generative model architectures such
as denoising probabilistic diffusion models.?*>° Using larger-scale datasets will further invite for
a stratified analysis as per tumor type, CA type, bolus volume, scanner type, field strength, and
clinical center. A further line of research is to investigate the effect of integrating additional 2D
and 3D imaging data such as diffusion-weighted (DWI) MRI, T2-weighted MRI, non-fat-saturated
images as well as subtraction images either as (additional) inputs or as outputs that can be useful to
enhance image fidelity.?*731% In this regard, such input modalities provide complementary infor-
mation to conditioning the generative model likely resulting in increased anatomical accuracy and
reliability of lesion characteristics of the synthetic post-contrast sequences, particularly in complex
cases. For instance, T2-weighted images can depict lesion morphology better as well as perifocal
or prepectoral edema within the breast, while DWI captures higher signal intensity without relying
on contrast agent administration.”® However, including these modalities is associated with addi-
tional challenges, such as the need for accurate image registration across modalities to avoid the
introduction of respective alignment errors or artifacts, as well as the limited availability of such
MRI acquisitions in real-world settings.

Another avenue to explore is to probe whether DCE-MRI synthesis quality can be enhanced
by (a) iteratively enlarging the proportion of tumor-containing slices or (b) by gradually increasing
the patch size around the tumor region-of-interest'® during training.

As exemplified by row 1 in Figure 5, we observe the difficulty in distinguishing fibroglandular
tissue from tumor enhancement in contrast enhancement synthesis. This distinction is inherently
challenging, especially in dense breasts, where benign fibroglandular enhancement can mimic ma-
lignant uptake. To avoid such cases to lead to an increase in false positives future work can apply
region-aware loss functions or incorporating annotated fibroglandular maps can improve tissue
differentiation in complex breast compositions. In general, adding and correctly weighting a re-
construction, perceptual, or adversarial loss for only the tumor area in DCE-MRI synthesis holds
potential to increase fidelity, diversity, and usefulness of the synthetic data. Such approaches can
potentially allow models to better capture particular those tumor features that lie in the long-tail of
the distribution such as, for instance, tumors with particular necrotic cores. Future studies can in-
clude these tumor-focused modifications additionally in the evaluation methods extending SAMe
and its components by adding and weighting tumor-area restrict computation of metrics for 2D
slices as well as 3D volumes.

Based on tumor segmentation, we show that stacked synthetic DCE-MRI volumes can be useful
in increasing the robustness of downstream task models. Enhancing segmentation model general-
izability across imaging domains is particularly advantageous in DCE-MRI, especially for patient
populations restricted to pre-contrast imaging due to CA administration contraindications such as
allergic reactions, absence of consent, pregnancy, or compromised renal function. Additionally,
in some cases, fat-saturated DCE-MRI sequence may closely mimic pre-contrast images due to
small-sized tumors, low CA doses or rapid washout, emphasizing the necessity for models that
maintain robust performance across both pre-contrast and post-contrast settings.
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Focusing on the use of synthetic DCE-MRI for training via augmentation and domain adap-
tation, another dimension worth exploring is testing models trained on real post-contrast images
using synthetic post-contrast images at inference. While this may offer technical insights into
the interchangeability of real and synthetic data, it remains a clinically open and critical question
whether decision-making can rely on synthetic inputs, given the risk of artifacts or hallucina-
tions.* 10519 The clearer clinical utility of synthetic data lies in enhancing model performance as
training input, both within and across modalities, where it has shown value in improving general-
ization and robustness, 344 107.108

As an alternative to data augmentation, we guide future work to also explore pre-training on
synthetic DCE-MRI for downstream model training. Related to that, a promising approach is to
analyze the impact of concatenated corresponding multi-modality image inputs into the segmen-
tation model during training and testing (e.g., pre-contrast with multiple DCE-MRI sequences, as
well as synthetic sequences) while also separately evaluating challenging bilateral and multifocal
cases. While this study explores synthetic DCE-MRI in the context of tumor segmentation, addi-
tional downstream applications such as radiomic feature analysis represent important directions for
future research. Radiomic features quantify tumor heterogeneity, morphology, and enhancement
dynamics, which are essential for diagnosis and treatment planning.”® In this context, the proposed
SAMe metric may serve as a useful proxy for evaluating the preservation of structural and textural
features relevant to radiomic tasks. Conversely, insights from radiomic analysis can inform future
extensions of the SAMe metric to enhance its interpretability and robustness as a quantification
tool of medical image synthesis. As a unified score of multiple quantitative measures, a next step
in the evaluation of SAMe is to assess its alignment with clinical relevance. The latter can be as-
sessed based on radiologist feedback or expert-driven image validation to correlate SAMe scores
with visual assessments, diagnostic confidence, or lesion detectability. Guiding potential refine-
ments to its weighting or formulation, such future work can help to establish the metric in clinical
workflows.

6 Conclusion

Following the SynTRUST framework* for trustworthy medical image synthesis studies, our work
demonstrates that virtual contrast injection can generate high-quality synthetic DCE-MRI images,
effectively supporting tumor detection, localization, and segmentation. Our findings highlight the
potential of integrating deep generative models into MRI workflows as a non-invasive alterna-
tive for patients who cannot undergo standard contrast-enhanced imaging, thereby enabling more
accurate and personalized treatment strategies. The potential of DCE-MRI synthesis is further
demonstrated as a training data augmentation method to enhance downstream breast tumor seg-
mentation models, which, for instance, increases robustness across modalities. We further define
trustworthy synthetic data based upon which we introduce the SAMe as a unified metric to eval-
uate synthetic data quality and guide generative model training checkpoint selection, addressing
the limitations of conventional single-metric assessments. Additionally, generating multiple sub-
sequent DCE-MRI sequences facilitates a deeper assessment of tumor response to contrast media,
offering critical insights for tumor characterization and individualized care planning. Overall, this
work marks a significant step toward incorporating virtual contrast and deep generative models
into clinical practice, paving the way for improved diagnostic accuracy and patient outcomes in
breast cancer management.
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Depiction of the generally applicable dimensions of trustworthy synthetic data
alongside respective examples (in blue font) for their adoption in deep generative
models for medical image synthesis. The present study evaluates fidelity, diversity,
condition adherence, and utility. Privacy and fairness are included herein for the
comprehensiveness of the dimensions encompassing trustworthy synthetic data.
Quantitative (a) and qualitative (b) illustrations of SAMe applied to DCE-MRI
synthesis

Synthesis of breast DCE-MRI as shown for six cases.*’” Two cases were manually
selected from the validation set (1% row: Case 228 , 2" row: Case 886), two
manually selected from the test set (3™ row: Case 378, 4" row: Case 907), and two
randomly selected from the test set (5" row: Case 041, 6" row: Case 045). From
left to right, we illustrate axial slices of the (a) real T1-weighted pre-contrast MRI,
(b) the real DCE-MRI sequence 1, (c¢) the synthetic DCE-MRI sequence 1, the
subtraction image based on the (d) real and (e) synthetic DCE-MRI subtractions,
and (f) the ground truth segmentation mask.

Qualitative results of joint multi-sequence DCE-MRI generation shown for 3 test
cases with real images in each first row and respective synthetic images displayed
in each second row. A single conditional GAN was trained to translate all test cases
from pre-contrast to all three DCE-MRI sequences. Contrast enhancement curves
are also shown, visualizing changes in image intensity across consecutive temporal
DCE-MRI sequences for both real and synthetic data.

Illustration of temporal contrast enhancement patterns based on mean pixel inten-
sity within the tumor bounding box area aggregated over all tumor-containing axial
slices of all test cases. While gray coloring represents values computed for pre-
contrast (T1) and post-contrast (DCE) of real test case images, red denotes values
extracted from their synthetic DCE-MRI counterparts.
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Visualization of temporal contrast enhancement patterns based on mean pixel in-
tensity within the tumor bounding box area aggregated over all tumor-containing
axial slices for each of a randomly selected 33 (out of 100) test cases. Circles de-
note real images while x denotes synthetic counterparts. The mean pixel intensity
standard deviation is represented by the marker size. The marker color encodes the
temporal DCE-MRI sequence, with gray circles indicating the pre-contrast MRI
sequence for comprehensiveness and comparability.
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Example of quantitative image quality results, based on SAMe and reported with
standard deviation on the validation set where applicable, for different GAN train-
ing epochs (ep). FIDy,,,, FIDRg,q are based on 3000 and MSE, MAE, SSIM are
based on 5000 synthetic-real DCE-MRI axial MRI image slice pairs. As upper
bound, the Real DCE vs. Real Pre baseline compares corresponding real pre-
contrast and real DCE pairs.

Multi-metric synthetic image quality evaluation on the test set containing 5186 im-
ages. Synthetic images were generated after 30 GAN training epochs with SAMe
score as epoch selection criterion. FIDy,,,, and FID g, results are based on 2000
synthetic-real phase 1 DCE-MRI axial slice pairs, while 5000 pairs where used for
the reminder of the metrics. Real DCE vs. Real Pre describes the upper bound
baseline that compares paired real pre-contrast and real phase 1 DCE slices. Subt
refers to subtraction images, where pre-contrast images are subtracted from either
their real (Real Subt) or synthetic (Syn Subt) DCE counterparts. Splitted Test de-
scribes a random by-patient split of the test set (i.e. without corresponding image
pairs) that allows to capture the variance across patient cases in distribution com-
parsion metrics (i.e., FID).

Tumor volume segmentation results across four scenarios: (1) pre-contrast do-
main only, (2) domain shift with post-contrast testing and no access to real post-
contrast data during training, (3) combined pre- and post-contrast training with
post-contrast testing, and (4) synthetic post-contrast data aiding models trained in
the post-contrast domain but tested on pre-contrast data (e.g., due to patient preg-
nancy or allergy). Synthetic data improves performance notably in domain shift
and pre-contrast test cases. Reported Dice coefficients are from a model ensemble
with each model trained via one 5-fold cross-validation fold.
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Quantitative synthetic image quality assessment for joint synthesis of multiple
DCE-MRI image timepoints (Phase P1 to P3). Results include standard devia-
tion where applicable and are based on 100 test cases consisting of 4422 image
pairs. Best results in bold. Real Post vs. Real Pre indicates the lower bound
baseline comparison between corresponding real pre-contrast MRI and DCE-MRI
images. GAN denotes our proposed Pix2PixHD-based post-contrast image syn-
thesis method. GAN Subt refers to subtraction images created by subtracting real
pre-contrast images from GAN-generated DCE-MRI images. U-Net refers to the
subtraction image synthesis baseline method adapted and modified from Schreiter
et al,”® which directly predicts subtraction images from pre-contrast images. In
FRDpp7e: » BB denotes that feature extraction is conditioned by tumor bounding
box annotations,*’ while Tex denotes that only texture features were extracted,’!
i.e., glem, glrlm, gldm, glszm, ngtdm.
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Chapter 4

Time-Conditioned Pre- To
Post-Contrast Breast MRI

Synthesis using Latent Diffusion
Models

This chapter presents a novel method to simulate breast MRI contrast enhancement
without using gadolinium-based (GA) agents, addressing safety concerns like allergic
reactions, kidney complications, and environmental impact associated with GA ad-
ministration. Exploring and leveraging ControlNet [234] and Latent Diffusion Models
(LDMs) [181], this approach generates synthetic DCE-MRI sequences from pre-contrast
images, supporting unsupervised cancer detection while reducing reliance on physical
contrast agents. Going beyond the dissertation author’s previous work [166], this
study, among others, proposes a methodology that integrates the exact timepoint
of each synthetaic DCE-MRI image into the generation process thereby allowing to
iteratively generate an image for each DCE-MRI acquisition, but also for all timepoints
in between physical acquisitions. This is particularly important considering that in
clinical settings the time passed between acquisition varies and depends, for instance,
on scanner setup and scanning times, patient well-being and physiology especially
after contrast agent injection, as well as hospital policies and number of scans to be

obtained. This variation is thus integrated into our modelling approach enhancing the
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flexibility of the generative model. A further novel consideration is the importance
of biomarkers in the assessment of temporal contrast enhancement patterns that, for
example, characterize disease type and severity. This motivates our proposal of imaging
biomarkers and, in particular, their variation between real and synthetic data, as means
of evaluation of synthetic DCE-MRI images in particular, as well as synthetic medical

imaging data at large. ~

4.1 Towards learning contrast kinetics with multi-

condition latent diffusion models

Summary:

This paper introduces a novel approach to synthesizing dynamic contrast-enhanced
magnetic resonance imaging (DCE-MRI) sequences using diffusion models. DCE-
MRI, critical for the detection and characterization of tumors, traditionally requires
gadolinium-based contrast agents, which are associated to several health risks and
require an invasive procedure. To address this, ContrastControlNet (CC-Net) is
proposed, a diffusion model capable of generating post-contrast MRI images from non-
contrast data, simulating the time-dependent contrast uptake in tumors. The model
incorporates imaging metadata and time intervals to generate realistic, multi-sequence
MRI images, offering a potential non-invasive alternative to contrast agents.

In addition to the diffusion model, the paper introduces the Fréchet Radiomics
Distance (FRD), a novel evaluation metric that measures the quality of synthetic
medical images by comparing biomarker variability between real and generated data.
Through qualitative and quantitative validation on a breast DCE-MRI dataset, it
is demonstrated that the model produces high-quality synthetic images that closely
resemble real contrast-enhanced images, both visually and in terms of key clinical
features. The FRD metric is shown to effectively capture the quality of such synthetic
images, making this method a promising tool for unsupervised non-invasive tumor detec-

tion, localization and characterization, e.g., via the analysis of contrast kinetics patterns.

Main Contributions:

e Development of a Multi-conditional Latent Diffusion Model: The paper
introduces a novel diffusion model (CC-Net) for generating contrast-enhanced
MRI sequences from non-contrast images. It thus provides a potential alternative

to the use of contrast agents addressing the associated health risks and expanding
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the applicability of DCE-MRI to patient populations where contrast injection is

contraindicated.

e Simulation of Time-dependent Contrast Uptake: This is the first work to
use diffusion models to simulate the time-dependent contrast uptake patterns
in medical imaging, particularly DCE-MRI, enabling the generation of dynamic

sequences from static pre-contrast images.

e Introduction of Fréchet Radiomics Distance (FRD): The paper proposes
and validates the FRD as a new image quality metric specifically designed for
evaluating synthetic medical images by measuring biomarker variability between

real and synthetic data.

Contributions | The dissertation author led the conceptualization and development
of the study including the manuscript preparation as well as the ideation, design, imple-
mentation, validation, and analysis of the multi-conditional latent diffusion model, the
synthesis of multiple DCE-MRI timepoints, as well as the Fréchet Radiomics Distance
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Garrucho, L., Pinaya, W.H.L., Diaz, O., Schnabel, J.A., Lekadir, K. provided critical
feedback and assisted in manuscript preparation. Joshi, S., Garrucho, L., and Lang,
D.M. helped in the curation of the dataset. Tsirikoglou, A. assisted in the visualization
of multi-sequence DCE-MRI synthesis results. Verma, P. assisted in the validation of
the Fréchet Radiomics Distance.

Declaration of Doctoral Use | None of the co-authors have used, either implicitly
or explicitly, this publication for the development of their own doctoral thesis, nor do
they intend to do so in the future.

Source Code | The reproducible source code of this work is made readily available at
https://github.com/Richard0bi/ccnet. The code providing the Fréchet Radiomics
Distance library is made readily available at https://github. com/Richard0bi/frd-score.
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and real imaging data. Our results demonstrate our method’s ability
to generate realistic multi-sequence fat-saturated breast DCE-MRI and
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1 Introduction

Magnetic resonance imaging (MRI) and, in particular, dynamic contrast
enhanced (DCE)-MRI are remarkably sensitive and effective modalities for
tumor detection, localization and characterization and, thus, have become ubig-
uitous in clinical cancer treatment planning and monitoring. The uptake of con-
trast in DCE-MRI sequences plays a pivotal role as biomarker for cancer detec-
tion, tumor molecular subtype and malignancy differentiation, as well as cancer
recurrence and treatment response prediction [1,21]. However, intravenously-
injected gadolinium-based contrast agents (CA) used in DCE-MRI have been
associated with a wide range of concerns [11], such as a risk of nephrogenic
systemic fibrosis, bioaccumulation in the brain, and its invasiveness causing a
non-applicability in patient populations with pregnancy, adverse reactions, kid-
ney malfunction or where consent is missing. Furthermore, due to its multiple
temporal acquisitions, DCE-MRI is costly and time-consuming, prone to motion
artifacts, and the contrast injection an uncomfortable procedure for patients
[11,12,25].

Public health institutions, such as the European Medicines Agency, recom-
mend to restrict gadolinium-based CA [3|, which further emphasizes the need to
develop alternative methods. A potentially faster, cost-effective, motion artifact-
free, and non-invasive alternative is the synthetic generation of DCE-MRI using
deep generative models. First studies applied generative adversarial networks
(GANS) [4] to generate post-contrast images from pre-contrast images [10,12,25].
Recent works have further used diffusion models [17] and latent diffusion models
(LDMs) [15] to synthesize medical images [2,7,14], such as pre-contrast breast
MRI conditioned on anatomical segmentation masks [8]. Despite their recent
successes in computer vision, diffusion models and LDMs have, to the best of
our knowledge, not been applied to pre- to post-contrast DCE-MRI translation.

A largely unaddressed aspect in medical image synthesis is domain-specific
image quality evaluation. To date, popular methods, such as the Fréchet incep-
tion distance (FID) [5], are based on feature extractor models trained on natural
image datasets. Despite a considerable domain gap, these methods are commonly
applied to medical imaging data without alteration, thereby failing to capture
medical nuances such as abnormalities [2]. Recently, an FID calculation based on
a radiology domain-specific feature extractor was proposed [13|, which neverthe-
less showed some volatility and no significant correlation with human judgement
[20]. A further limitation of such methods is the pretraining of the feature-
extractor on 2D data (with unknown inherent biases), which is not applicable
nor readily extendable to 3D medical images.

In this work, we aim to address the aforementioned gaps, resulting in the
following three contributions:

— Design, implementation and validation of a multi-conditional latent diffusion
model for pre- to post-contrast MRI synthesis.

— We present the first work that simulates time-dependent contrast uptake on
imaging data using diffusion models.
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— We propose and validate the Fréchet radiomics distance (FRD), a novel
radiology-specific quality evaluation method of 3D and 2D synthetic images
based on biomarker variability.
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Fig.1. Overview of our proposed methods, including ContrastControlNet (CCNet)
and the Fréchet radiomics distance (FRD). CCNet trains the denoising U-Net and
the ControlNet in consecutive stages under contrast enhancement-specific conditioning
(pre-contrast image, text, acquisition time). During inference, E is discarded (in violet)
and, based on a random latent zr and w-weighted ControlNet guidance, the U-Net
generates the post-contrast image latent zp¢. zro is divided by factor S and decoded
via D into image space. Finally, FRD compares extracted real and synthetic imaging
biomarker distributions. (Color figure online)

2 Methodology

2.1 Multi-condition Latent Diffusion Model

Recently, diffusion models [6,17] have emerged as a promising new class of gen-
erative models due to their exceptional ability to model complex distributions.
Such diffusion models consist of two processes, namely, a forward diffusion pro-
cess and a reverse denoising process. The forward process is a Gaussian transition
that gradually destroys the structure of a real data point g ~ p(xg) by adding
noise with different scales to obtain a series of noisy variables x1, za, ..., T7:

q(x¢|x0) = N (x¢]v/@rx0, (1 — @)I). (1)

The reverse process is parameterized by another Gaussian transition which grad-
ually denoises x7 in T timesteps resulting in restoration of initial data point zq:

po(Xe—1]%t) = N (xe—1]pg (X, 1), Zo (4, 1)) - (2)
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Latent diffusion models (LDM) [15] are designed to iteratively denoise a learned
latent representation zr of image x7 rather than operating directly on image
space, which allows for more memory-efficient training and improved condition-
ing. The latter includes high-quality image synthesis based on textual input
[2,15]. However, text descriptions have been shown to be either inefficient or
insufficient to accurately convey detailed controls upon the final generated
images (e.g., to control the fine-grained semantic layout).

ControlNet [23] introduces plug-and-play condition encoders tailored for pre-
trained diffusion models. We adopt ControlNet as auxiliary encoder to integrate
the conditioning pre-contrast image while preserving the integrity of the original
post-contrast LDM generator. As shown in Fig. 1, the ControlNet encoder out-
puts are reintegrated into the diffusion model through zero-convolutional layers.
We enhance this approach by extracting and propagating relevant textual meta-
data. We parse a clinical tabular dataset to assemble free-text prompts based on
factors influencing DCE-MRI contrast manifestation. The final text is input to
the denoising U-Net of both the LDM and the ControlNet via cross-attention and
contains manufacturer, scanner, field strength, contrast agent, and bolus volume
information. Furthermore, we integrate the time passed since pre-contrast acqui-
sition into the model. Here, we extract pre- and post-contrast acquisition times
from respective DICOM headers and input them as continuous variables into
two dense layers before concatenating the resulting output with the timestep
embedding of ControlNet and the denoising U-Net. Through optimization of
the mean squared error between predicted and added noise per timestep, our
ContrastControlNet (CC-Net) method learns to (i) extract meaningful patterns
from pre-contrast, (ii) interpret conditions, (iii) reconstruct the corresponding
post-contrast image, (iv) localize the lesion, and (v) predict realistic hyper- and
hypo-intense lesion contrast uptake patterns.

2.2 Biomarker Variability as Image Quality Measure

Despite the significant domain gap stemming from its feature extractor being
trained on natural RGB images, FID [5] is a commonly used metric in medi-
cal imaging, measuring the diversity and fidelity of synthetic images via real-
synthetic distribution comparison. However, high-fidelity (and high-diversity)
synthetic data can still be of low clinical utility and vice versa [22]. For analyzing
synthetic data, we note the need to ideally encompass (a) image utility indica-
tors, (b) medical imaging domain-specific measurement, (c) scalability from 2D
to 3D settings, and (d) explainable results based on interpretable features. Bal-
ancing these requirements, we propose measuring synthetic data quality based
on imaging biomarker variability. In particular, we measure the feature distribu-
tion distance of multiple normalized biomarker values extracted from real and
synthetic images. In radiology settings, 2D and 3D radiomics features can be
extracted as non-invasive imaging biomarkers that quantify phenotypic charac-
teristics [9,19]. Further noting the capabilities of radiomics to capture tumor
heterogeneity [9], or as predictor of treatment response [1] and tumor subtype



Towards Learning Contrast Kinetics 717

[16] in DCE-MRI, we introduce the Fréchet radiomics distance (FRD) as syn-
thetic data quality measure. While the selection of radiomics features included in
FRD is flexible, we compute FRD based on the common set of features suggested
by [19] including first-order statistics (n = 19), co-occurrence gray level matrix
(GLM) (n=24), run length GLM (n = 16), size zone GLM (n = 16), neighbouring
gray tone difference matrix (n=>5) and dependence GLM (n = 14). Features are
computed given the image and, optionally, a respective region of interest annota-
tion. As depicted in Fig. 1, to compute the FRD between two imaging datasets,
we extract and normalize FRD features per image and dataset and model the
resulting two feature sets as Gaussian distributions, allowing us to compute a
distance between them. Hence, for each image x; in a dataset, we extract a value
vj; for each FRD feature j. Then, each v;; is min-max normalized based on the
values v;1,vj2, ..., Ujn over all images X in the dataset. Next, the resulting values
v; of feature j are scaled to the common range observed for FID latent feature
values, i.e. [0, 7.456]. This calibration later allows for interpretation of final FRD
value and its comparison to FID, considering the intuition the image synthesis
field has developed for FID value interpretation [2,13,14,20,22]. The obtained
synthetic and real feature sets V are fitted to multivariate Gaussian distribu-
tions. These distributions are defined by their means (x) and covariance matrices
(X). The FRD value is computed as the dissimilarity between real data X and
synthetic data Y via the Fréchet distance defined as:

FD(X,Y) = |lux — py |3 + tr(Zx + Xy — 2(2)(21/)%)- (3)

3 Experiments and Results

3.1 Dataset and Implementation

In this study, we use the public Duke-Breast-Cancer-MRI Dataset [16]. The
dataset and its imaging metadata encompasses 922 biopsy-confirmed breast can-
cer cases, each comprising one fat-saturated T1 sequence (pre-contrast) and up to
4 corresponding fat-saturated T1-weighted DCE sequences (post-contrast) with
a median of 131s passed between DCE sequences. The 1.5T or 3T MRI scans
come in dimensions of either 3202, 4482 or 5122 in the coronal and sagittal planes,
with varying slice numbers in the axial plane. As we extract tumor-containing
axial slices, we note considerable changes between pre- and post-contrast in non-
tumor related areas (e.g., heart area). Hence, we crop the extracted slices first
increasing the width and height of the tumor bounding box to half the width and
height of the full image (e.g., 2242 in case of a 4482 image) thereby resulting in a
tumor-containing single breast image. We split the dataset by patient into train
(n=842), validation (n=50), and test (n=30) sets. All models were trained on
a single GPU, either Nvidia A100 (80 GB RAM) or RTX A6000 (48 GB RAM),

using Python3.11’s pytorch, diffusers and monai-generative libraries [14].
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3.2 Fréchet Radiomics Distance as Image Perturbation Correlate

(a) Image degradation scale example [in %] (b) FRD [y| per %-scale [x]
1% 10% 250

100
50

Gaussian Noise

Original

—@— 3D Noise
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Fig. 2. (a) Image perturbation scales in breast MRI, (b) resulting Frechét radiomics
distance (FRD) values (y-axis) per percentage scale (x-axis) per applied perturbation
for 2D axial slices and for 3D volumes based on DCE-MRI post-contrast phase 1 data
from 254 patient cases.

Adopting the validation strategy of the FID in its original publication [5]|, we
observe the correlation between the Fréchet radiomics distance (FRD) and the
amount by which the quality of an imaging dataset is reduced. Concretely, we
compare FRD feature distributions between an unchanged imaging dataset and
its quality-reduced equivalent, where the quality reduction is based on a scal-
ing factor. As visualized in Fig.2a, we apply this procedure to 254 DCE-MRI
(phase 1) cases of the Duke Dataset using Gaussian noise and Gaussian blurring
for image perturbation on scales from 1% up to 50%. Unlike the FRD results
shown in Table 1, in Fig. 2b we calculate the scores on full axial slices using the
tumor mask. We observe FRD monotonically increasing with perturbation scale
demonstrating FRD’s capability of capturing the quality-reduction level for both
2D and 3D data.

3.3 Generation of DCE Sequences from Pre-Contrast Images

In CC-Net, we first initialize a pretrained autoencoder (AE) from stable diffu-
sion (SD), and then (b) proceed to train the denoising U-Net (i.e., LDM) before
(¢) training the ControlNet, after which we finally (d) run inference on the test
set. In each step, we observe several hyperparameters to influence the empirical
results. In (a), we note visible differences between the generally accurate breast
MRI reconstructions of different pretrained SD AEs. We select the AE from SD
2-1-base over v1-5 and zl-base-1.0 [15]. In (b), we notice a high dependence
of output quality on scaling factor s with which the AE representation is mul-
tiplied before being used in U-Net training. We find s =0.1 to improve results
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upon the recommended s =0.18215. We further identify a tendency for explod-
ing gradients which was better addressed by clipping the gradient value rather
than its norm (e.g., at 15). Both fine-tuning the SD U-Net, but also training it
from scratch produced desirable outputs. We use a DDPM [6] noise scheduler
with 1000 timesteps, AdamW as optimizer, and batch sizes of 8, 16, and 32, and
learning rates of 2.57° and 5°, for which we obtain similar results. The U-Net is
trained for 100 epochs and selected from the epoch with lowest validation loss for
further use in (c¢) and (d). In (c), we follow the hyperparameter setup from (b)
with half the batch size and no gradient clipping. In (d), we increase inference
speed by using a denoising diffusion implicit model (DDIM) [18] scheduler with
200 timesteps without visible performance decrease. We set the text guidance
scale to 1 as higher scales did not improve output quality, however, increasing
the ControlNet guidance weight from 1 to a value in range (1, 1.6] enhanced per-
ceived image quality. In (a)—(c), following AE pretraining, the 224 x 224 input
images are stacked in 3-channels and normalized in range [—1, 1] before apply-
ing small-scale intensity and affine augmentations. As observable in Fig. 3a, the
contrast-enhanced tumors account for a large part of the difference between pre-
and post-contrast images. Bearing this in mind, we design experiments com-
paring the image and distribution-wise difference between our synthetic and
the real post-contrast images against the difference between corresponding real
pre-contrast and real post-contrast images. To quantify this difference, we use
our FRD and the common FID [5], LPIPS [24] and mean squared error (MSE)
metrics. Obtained results alongside ablations are summarized in Table 1. Overall,
CC-Net achieves substantially better results than the pre-contrast baseline across
metrics and across post-contrast phases. Surprisingly, providing textual informa-
tion not necessarily increases the performance of CC-Net 4,,,,. Training the LDM
from scratch instead of SD fine-tuning rather decreases performance (e.g., FID).
The impact of longer ControlNet training is positive although marginal. Increas-
ing the ControlNet guidance weight can be beneficial, and, in line with qualita-
tive visual analysis, improves FRD and LPIPS. In Fig. 3b, using CC-Net 4,,, we
further analyze the pixel intensity distributions in the tumor area across phases
aggregated over test cases. Synthetic images noticeably follow the principal trend
of real contrast kinetics, despite a scale difference. A similar pattern is observ-
able when taking contrast enhancements outside the tumor area into account
by normalizing (dividing) mean tumor intensity by mean intensity of all other
(tumor-free) pixels.
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Table 1. Synthetic image quality evaluation based on FRD, FID, LPIPS, and MSE
metrics. Where applicable, results are reported with standard deviation and are based
on 30 test cases consisting of 1010 images in each of the post-contrast phases P1, P2,
and P3, and 417 images in phase P4. Any refers to time-conditioned model training
on all post-contrast phases. In +7XT textual input is used in training and inference,
+LDM refers to LDM model training from scratch as opposed to stable diffusion 2-1-
base fine-tuning. +CG refers to a ControlNet guidance weight increase, e.g. from 1 to
1.6, during inference. +L7T stands for a 50 epoch longer training of ControlNet. Best
results are in bold.

224 x 224 Single Breasts with Tumor Metrics

Set 1 Set 2 FRD | FID |[LPIPS | MSE |

Real Pre-Contrast Real DCE-P1/49.07 |68.20 |0.223 +£.102 |51.18 £17.80
CC-Netany P1 Real DCE-P135.64 |41.38/0.192+.070 |46.92+15.40
CC-Net any+1zt P1 Real DCE-P1|39.98 |42.85 |0.186 £ .073/47.20+ 15.76
CC-Netany+rat+pm P1 Real DCE-P1/41.55 (62.41 |0.200£.074 |49.17+14.48
CC-Net any+Tat+LDM+0G16 P1 Real DCE-P1/22.50 64.61 |0.1944+.072 |46.12+14.21
CC-Netany+ret+LoMm+LT P1 Real DCE-P1145.19 |60.58 [0.193 +.073 |48.08 +14.44
CC-Netany+1at+LDM+cc1.6+0T7 P1Real DCE-P1|37.70 |62.21 |0.1924+.072 |45.48 +13.60
Real Pre-Contrast Real DCE-P2(74.26 64.90 |0.212+.095 |50.00 £+ 16.85
CC-Netany P2 Real DCE-P2/58.07 40.36/0.191 +.076/46.10 = 14.19
Real Pre-Contrast Real DCE-P3/84.13 |60.96 |0.208 £.092 49.23 £16.15
CC-Netany P3 Real DCE-P3/61.17 |37.80/0.190 £+ .074/45.75 £ 13.74
Real Pre-Contrast Real DCE-P4/100.27 |77.31 |0.199 £.078 |52.48 +£12.96
CC-Netany P4 Real DCE-P4/47.13 60.80/0.198 £+ .075/50.36 + 14.26

(a) Qualitative test set results
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Fig. 3. Qualitative (a) and quantitative (b) test set contrast enhancement. In (b),
marker size represents the standard deviation of the mean intensity within the tumor
region averaged across all test cases. When normalized, tumor region mean intensity is
divided by mean intensity of the remaining tumor-free pixels.
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4 Discussion and Conclusion

We propose a multi-conditional latent diffusion model to translate pre-contrast
into post-contrast images, thereby learning to highlight lesions by simulating
their contrast uptake. We further condition the model on textual imaging meta-
data and continuous time passed since pre-contrast acquisition and demonstrate
its synthesis capabilities on multi-sequence breast DCE-MRI data. We fur-
ther contribute the Fréchet radiomics distance (FRD), a novel radiology-specific
image quality metric measuring the distance between real and synthetic distri-
butions of extracted interpretable imaging biomarkers. We validate FRD demon-
strating its correlation with image perturbation scales on both 3D and 2D data.
In future investigations, we aim to generate images of multiple DCE-MRI time-
points jointly and to map from the latent space of 3D autoencoders to the one
from 2D-trained latent diffusion models. Further research avenues include confi-
dence metrics to determine cases where synthetic contrast is sufficient, encoding
additional clinical metadata using different biomedical text encoders, as well
as exploring FRD feature compositions and variability. In conclusion, our work
paves the way for practical applications of deep generative models in MRI as
a screening modality for unsupervised tumor detection and localization from
pre-contrast MRI. It further constitutes a step towards improved treatment of
patient populations where invasive contrast agent injection is contraindicated.
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Chapter 5

(cenerative Models for Patient

Privacy Preservation

In medical imaging, deep learning models have become invaluable for tasks such as
cancer detection, diagnosis, and treatment planning. However, training these models
requires large quantities of patient data, raising substantial concerns about data privacy.
These concerns are especially pronounced as deep learning models, by design, can
inadvertently memorize and leak sensitive patient information [203] [13] 86], making
compliance with stringent data protection regulations more challenging. The General
Data Protection Regulation (GDPR) [66] as one such regulation mandates robust
safeguards for personal data, including the "right to be forgotten," which allows
patients to request the deletion of their data, potentially causing extensive model
retraining efforts. This chapter addresses these challenges by presenting, comparing,
combining, and benchmarking privacy-preserving training of deep learning models with
application to the clinical problem of breast cancer diagnosis based on detected lesions

Oon mammograms.

5.1 Enhancing the Utility of Privacy-Preserving Can-

cer Classification using Synthetic Data

Summary
In this paper, we address the challenge of privacy-preserving deep learning combining

and comparing different techniques with breast cancer classification performance as

159
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downstream task. This study evaluates two main privacy-preserving approaches:
Differentially Private Stochastic Gradient Descent (DP-SGD) [I] and synthetic data
generation through a malignancy-conditioned generative adversarial network (MCGAN).
The MCGAN produces realistic, labeled synthetic mammography images (benign or
malignant), enabling model training without direct patient data.

To assess the effectiveness of these privacy-preserving methods, the study applies
them to a Swin Transformer model [140] for breast cancer classification and benchmarks
performance using two datasets, CBIS-DDSM [128] and BCDR [I43], the latter being
integrated into the study as external test set. Through various training setups, includ-
ing real data alone, synthetic data augmentation, and DP-SGD at different privacy
levels, it is shown that synthetic data can improve classification accuracy especially
under stronger privacy protection. The findings suggest that combining DP-SGD with
high-quality synthetic data offers an efficient and compliant solution for developing

privacy-preserving diagnostic models for clinical practice.

Main Contributions:

e Breast Cancer Classification Framework: Developed a transformer-based
model for breast cancer classification, achieving robust performance with privacy-

preserving techniques, and validated on two benchmark breast cancer datasets,
CBIS-DDSM [128] and BCDR [143].

e Synthetic Data Generation: Introduced and validated a malignancy-conditioned
GAN (MCGAN) to generate synthetic benign and malignant breast masses, en-
abling privacy-preserving model training and supporting effective data quality

for classification tasks.

e Privacy-Utility Tradeoff Analysis: Conducted a comprehensive privacy-
utility analysis evaluating various differential privacy guarantees and finding
that combining differential privacy (DP-SGD) with synthetic data improves
performance, enabling privacy-preserving model fine-tuning without extensive

retraining.

Contributions | The dissertation author led the conceptualization and development
of the study including the manuscript preparation as well as the ideation, design,
implementation, validation, and analysis of the malignancy-conditioned GAN, the
differential privacy module, as well as the mass classification framework. Lang, D.M.,
Riess, A., Kaissis, G., Szafranowska, Z., Skorpuko, G., Diaz, O., Schnabel, J.A., Lekadir,
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K. provided critical feedback and assisted in manuscript preparation. Szafranowska,
Z., Skorpuko, G. helped in the implementation of the mass classification framework.
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Abstract. Deep learning holds immense promise for aiding radiologists
in breast cancer detection. However, achieving optimal model perfor-
mance is hampered by limitations in availability and sharing of data
commonly associated to patient privacy concerns. Such concerns are fur-
ther exacerbated, as traditional deep learning models can inadvertently
leak sensitive training information. This work addresses these challenges
exploring and quantifying the utility of privacy-preserving deep learn-
ing techniques, concretely, (i) differentially private stochastic gradient
descent (DP-SGD) and (ii) fully synthetic training data generated by
our proposed malignancy-conditioned generative adversarial network.
We assess these methods via downstream malignancy classification of
mammography masses using a transformer model. Our experimental
results depict that synthetic data augmentation can improve privacy-
utility tradeoffs in differentially private model training. Further, model
pretraining on synthetic data achieves remarkable performance, which
can be further increased with DP-SGD fine-tuning across all privacy
guarantees. With this first in-depth exploration of privacy-preserving
deep learning in breast imaging, we address current and emerging clin-
ical privacy requirements and pave the way towards the adoption of
private high-utility deep diagnostic models. Our reproducible codebase
is publicly available at https://github.com/RichardObi/mammo_dp.

Keywords: Differential Privacy - Generative Models - Breast Imaging

1 Introduction

Breast cancer accounts for staggering estimates of 684.000 deaths and 2,26 mil-
lion new cases worldwide per year [11]. Part of this burden could be reduced

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
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Fig. 1. Overview of our privacy-preserving deep learning pipeline and malignancy-
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through earlier detection and timely treatment. Screening mammography is a
cornerstone for early detection and further associated with a reduction in breast
cancer mortality [21]. Recent literature emphasizes the potential of deep learning-
based computer-aided diagnosis (CAD) [15,22,24,30], e.g., demonstrating that
a symbiosis of deep learning models with radiologist assessment yields the high-
est breast cancer detection performances [21]. However, training deep learning
models on patient data poses a risk of leakage of sensitive person-specific infor-
mation during and after training [24], as models have the capacity to memorise
sufficient information to allow for high-fidelity image reconstruction [3,13]. To
avoid such leakage of private patient information, data needs to be protected
during model training, in particular when the objective is to develop models to
be used in clinical practice or shared among entities. Furthermore, international
data protection regulations grant patients the right to request the removal of
their information from data holders. For instance, point (b) of article 17(1) of
the EU General Data Protection Regulation (GDPR) [9] stipulates that data
subjects have a “right to be forgotten”. Given, for instance, the proven possibil-
ity of reconstructing training data given a model’s weights [3,13], these rights
can extend to the removal of patient-specific information from already trained
deep learning models [29]. However, it is known to be difficult to “reliably”
and “provably” remove patient information—present in only one or few specific
training data points—from already trained model weights [29]. A generic and
verifiable alternative is given by the removal of a patient’s data point from the
training data and retraining of the respective model with the reminder of the
dataset. This procedure is not only likely to have negative impacts on the perfor-
mance of algorithms, but also emerges as a deterrence and risk for hospitals to
adopt deep learning models, due to extensive economic, organisational, and envi-
ronmental costs caused by retraining. Anticipating patient consent withdrawals,
costly retraining can be avoided by demonstrating that deep learning model
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weights do not include personally identifiable information (PII) about any spe-
cific patient. To this end, a powerful technique to ensure privacy during model
training is given by Differentially Private Stochastic Gradient Descent (DP-SGD)
[1], which quantifiably reduces the effect each single training sample can have
on the resulting model weights. Furthermore, privacy-preservation can also be
achieved by diagnostic models exclusively trained on synthetic data, which is not
(unambiguously) attributable to any specific patient but rather contains anony-
mous samples representing the essence of the dataset [12,24]. The caveat of both
DP-SGD and synthetic data strategies is, however, that they generally lead to a
reduction in model performance, known as the privacy-utility trade-off. Investi-
gating this trade-off in the realm of breast imaging, our core contributions are
summarised as follows:

— We design and validate a transformer model, achieving promising performance
as a backbone for privacy-preserving breast mass malignancy classification.

— We propose and validate a conditional generative adversarial network capable
of differentiating between benign and malignant breast mass generation.

— We empirically quantify privacy-utility-tradeoffs in mass malignancy classifi-
cation, assessing various differential privacy guarantees, and further combine
and compare them with training on synthetic data.

2 Methods and Materials

Datasets and Preprocessing

We use the open-access Curated Breast Imaging Subset of Digital Database
for Screening Mammography (CBIS-DDSM) dataset [16], which consists of 891
scanned film mammography cases with segmented masses with biopsy-proven
malignancy status. After extracting mass images from craniocaudal view (CC)
and mediolateral oblique (MLO) views, we follow the predefined per-patient
train-test split [16], allocating 1296 mass images for training and 402 (245 benign,
157 malignant) mass images to testing. We further divided this training set
randomly per-patient into a training (1104 mass images, 525 malignant) and a
validation set (192 mass images, 102 malignant). As external test set, we further
adopt the publicly available BCDR cohort [19], which comprises 1010 patients,
totalling 1493 lesions (639 masses) with contours and biopsy information from
both digital mammograms (BCDR-DM) and film mammograms (BCDR-FM).
Our final BCDR test set contains 1106 mass images extracted from CC and MLO
views, 486 of which are malignant and 620 benign. To obtain mass patches from
the mammograms, the lesion contour information is used to define bounding
boxes, which enclose the mass. We then create a square patch around each
bounding box with a minimum length and width of 128 pixels. Next, we increase
the patch size by adding a margin of 60 pixels in each direction, before extracting
the resulting patch, and resizing it to a pixel dimensions of 128 x 128 using
inter-area interpolation. For classification, the mass patches are further resized
to 224 x 224px maintaining image ratios, and stacked to 3 channels. Models were
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trained on either a single 8 GB NVIDIA RTX 2080 Super or 48 GB RTX A6000
GPU using PyTorch and opacus [31] for DP-SGD.

Cancer Classification Transformer Model

Given its reported high performance on classifying the presence of a lesion in
mammography patches [30] and its shifted window mechanism, allowing to effec-
tively attend to shapes of varying sizes, we adopt a swin transformer (Swin-T)
[17] as cancer classification model, to distinguish between benign and malignant
masses. We inititalize ImageNet-pretrained [6] network weights and, after fol-
lowing the Swin-T hyperparameter setup [17] (stride, window size), we adjust
the last fully-connected layer of the swin transformer reinitializing it with two
output nodes each one outputting the logits for one of our respective classes
(i.e., malignant or benign). We only set the parameters of the adjusted fully-
connected layer as trainable and apply a learning rate of le-5. A weight decay
of 1e-8 is used following the fine-tuning experiment described in [17]. Further-
more, an adamw optimizer [20], label smoothing of 0.1, and a batch size of 128
are used. During training, random horizontal and vertical flips are applied as
data augmentation and a cross entropy loss is backpropagated. Training for 300
epochs using a cross entropy loss function, the model from the epoch with the
lowest area under the precision-recall curve (AUPRC) on the validation set is
selected for testing.

Malignancy-Conditioned Generative Adversarial Network

Going beyond unconditional mass synthesis in the literature [2,30], we propose
a malignancy conditioned generative adversarial network (MCGAN) to control
the generation of either benign or malignant synthetic breast masses. In general,
GANS consist of a generator (G) and a discriminator (D) network, which engage
in a two-player zero-sum game, where G generates synthetic samples that D
strives to distinguish from real ones [12]. We design G and D as deep convolu-
tional neural networks [27] and, as shown in Fig. 1, integrate class-conditional
information [23]. To this end, we extract the histopathology report’s biopsy infor-
mation for each mass from the metadata, and convert it into a discrete malig-
nancy label. Then, we transform this label into a multi-dimensional embedding
vector to either represent the (a) malignant or (b) benign class, before passing it
through a fully-connected layer yielding a representation with the corresponding
dimensionality to concatenate it to the generator input (100 dim noise vector)
and to the discriminator input (128 x 128 input image). As D learns to associate
class labels with patterns in the input images, it has to learn whether or not
a given class corresponds to a given synthetic sample. Furthermore, as the dis-
criminator loss is backpropagated into the generator, G is forced to synthesize
samples corresponding to the provided class condition. This results in G learning
a conditional distribution based on the value function

minmax V(D, G) = win max[Eyp,,,, 08 D(zly)] + Eevy, log(1 — D(G(]y))])
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Optimizing the discriminator via binary cross-entropy [12], we define its loss in
a class-conditional setup as

Lpycaan = ~Baonpau. 108 D(2]y)] + Eznp. [log(1 — D(G(z]y)))]-

We train our MCGAN on the CBIS-DDSM training data, applying random
horizontal (p = 0.5) and vertical (p = 0.5) flipping as well as random cropping
with resizing, where the resize scale ranges from 0.9 to 1.1 and aspect ratio from
0.95 to 1.1. We further include one-sided label smoothing [27] in a range of [0.7,
1.2]. Following [2], we employ a discriminator convolutional kernel size of 6 and a
generator kernel size of 4. We observe that this reduces checkerboard artefacts as
D’s field-of-view now requires G to create realistic transitions between the kernel-
sized patches in the image. MCGAN is trained for 10k epochs with a batch size
of 16. Based on the best quality-diversity tradeoff, we select the model from
epoch 1.4k after qualitative visual assessment of generated samples.

Patient Privacy Preservation Framework

Privacy protection is an ethical norm and legal obligation, e.g. granting patients
the right of their (retrospective) removal from databases [9]. Since (biomedical)
deep learning models are vulnerable to information leakage, e.g. sensitive patient
attributes [3,13,29], they can be affected by such (and future) regulations. How-
ever, privacy-preserving techniques can be integrated into deep learning frame-
works and, to some extent, avoid compromising confidential data. For instance,
(1) model training with DP-SGD [1] or (ii) training exclusively on synthetic data.

From a legal perspective, models trained on only synthetic data remain unaf-
fected by patient consent withdrawal if “relatedness” between the data and the
data subject cannot be established, or if “personal data has been rendered syn-
thetic in such a manner that the data subject is no longer identifiable” [18] e.g.,
according to article 4(1) and recital 26 of the GDPR [9]. It is to be noted that in
the “acceptable-risk” legal interpretation, a data subject’s re-identification risk
is reduced to an “acceptable” level rather than fully eradicated [18]. Hence, this
interpretation enables approaches such as synthetic data and/or Differential Pri-
vacy (DP) model training to be used as legally compliant privacy preservation
methods despite not guaranteeing a “zero-risk” of patient re-identification.

DP is a mathematical framework that allows practitioners to provide (worst-
case scenario) theoretical privacy guarantees for an individual sharing their data
to train a deep learning model. Consider two databases (e.g., containing image-
label pairs), we call them adjacent if they differ in a single data point, i.e.,
one image is present in one database but not in the other. Then, a randomised
mechanism M: D — R with domain D and range R is said to satisfy (e, ¢)-
differential privacy, if for any two adjacent databases d,d’ € D and for any subset
of outputs S C R, Pr[M(d) € S| < e* Pr[M(d') € S] + 6 holds. € and ¢ bound
a single data point’s influence on a model’s output (e.g. the models’ weights
or predictions). Thus, the smaller the value of these parameters, the higher
the model’s privacy and the harder it is for an attacker to retrieve information
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about any training data point. DP-SGD [1] is the DP variant of the well-known
SGD algorithm, and facilitates the training of a model under DP conditions. In
particular, a model trained under (e, §)-DP is robust to post-processing, meaning
only using its output for further computations also satisfies (e, §)-DP. Moreover,
the choice of these parameters is application-dependent and normative [5] and
varies strongly across real-world deployments [7]. In the case of mammography,
multiple lesions of the same patient are available in the datasets, i.e. one from
the CC view and one from the MLO view. Therefore, to preserve the privacy
of one patient it is necessary to protect all their data points (i.e. all images).
In such a case, DP group privacy is used to estimate a patient’s DP privacy
guarantee. However, for simplicity, in our subsequent experiments, we provide
image-level privacy guarantees rather than per patient.

3 Experiments and Results

Mahgnant Benign

Synthetic

Experimental Setup Metrics
Dataset 1 Dataset 2 ‘ FIDimg | FIDraa 4 FRD | e |
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Fig. 2. Qualitative and quantitative synthesis results: Images are randomly selected
malignant and benign real (CBIS-DDSM [16]) and MCGAN-generated masses. Ima-
geNet [6] and RadlmageNet [22,26] based FID [14] and FRD [25] scores are reported
as mean £ standard deviation based on 3 subsets randomly sampled per patient
(Nrear = 360, Ngyn ~ 3240). Row 4 indicates an BCDR-based[19] upper bound for
comparison with synthetic data metrics in row 1.

Real

Synthetic Data Evaluation. Qualitatively assessing the synthetic images in
Fig. 2, it is not readily possible to distinguish synthetic from real masses in
terms of image fidelity or diversity. We note the absence of clear visual indi-
cators to distinguish between malignant and benign images for both real and
synthetic images. This is in line with the difficulty of determining the malig-
nancy of a mammographic lesion shown by high clinical error rates and inter-
observer variability [8]. However, results for training our malignancy classifica-
tion model on only synthetic data (see Syn and SynPre in Table 1) show that
the synthetic data captures the conditional distribution effectively generating
either malignant or benign masses. Both, vanilla ImageNet-based Fréchet Incep-
tion Distance (FID) [6,14] and radiology domain-specific RadImageNet-based
FID [22,26], concur that the synthetic data (FID,e, = 58+.72) is substan-
tially closer to the real CBIS-DDSM [16] distribution compared to BCDR [19]
(FIDymy = 156.43+1.43). This is even more pronounced when comparing the
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Table 1. Results for within-domain (CBIS-DDSM [16]) and out-of-domain (BCDR
[19]) breast cancer malignancy classification masses extracted from mammograms. Syn
indicates 3k synthetic images being part of the fine-tuning training data, while Syn-
Pre represents pretraining all trainable model params with those 3k synthetic images
(without DP guarantee), before fine-tuning the last two layers on real data with DP
guarantee (RealFT). AUROC and AUPRC are reported as mean + std based on 3
random seed runs. Best results in bold.

Experimental Setup CBIS-DDSM [16] BCDR [19]

Model € 6 AUROC 1 |AUPRC 1 |AUROC 1 |AUPRC 1
SwinTReal o0 o0 0.7784.001 |0.85£.001 0.695+.002 |0.726+.003
SwinTsyn 00 00 0.597£.011 |0.696+.011 0.566+.064 |0.602+.048
SwinTsynpre 00 00 0.6394.016 |0.733+.001 10.622+.032 |0.660+.017
SwinTRreal 1 le™* 0.5254.043 0.6404.030 10.487+.020 |0.549+.020
SwinTReal +syn 1 le™* 0.553£.040/0.665+.0250.521+.023|0.573+.024
SwinTsynpre+RealrT!00—1 oo—1e740.661+.018 [0.741+.007 |0.637+.026 |0.674+0013
SwinTRreal 6 le™ 0.5724.031 |0.6794+.019 0.532+.031 |0.579+.029
SwinTReal+Syn 6 le~* 0.617+.013/0.708+.0150.609+.027/0.647+.024
SwinTsynpPre+RealFT/00—6 oco—1e740.6774.014 |0.7524.009 |0.647+.022 0.6794.009
SwinTRreal 12 le™* 0.596£.023 0.702+.013 10.559+.033 |0.600+£.030
SwinTReal+Syn 12 le™ 0.624+.010/0.704+.0120.6254+.020/0.663+.012
SwinTsynpretRealFT/00—12l00—1e7%/0.688+.012 [0.758+.011 (0.654+.019 |0.685+.007
SwinTRreal 20 le™* 0.6114.018 |0.715+.012/0.581+.028 |0.618+.026
SwinTReal+Syn 20 le™* 0.630=£.003/0.699+.008 0.641+.018|0.685+.012
SwinTsynPretRealrT!00—20 oco—1e740.697+.012 |0.763+.012 |0.659+.017 |0.689+.006
SwinTReal 60 le™* 0.6224.014 |0.721+.1100.605+.019 |0.640+.017
SwinTReal+Syn 60 le™* 0.629+.002/0.694+.005 0.6504+.013|0.696+.007
SwinTsynpPre+RealrT|00—60 oco—1e740.7124.013 |0.776+£.013 |0.671+£.014 [0.697+.004

variation of extracted radiomics features for CBIS-DDSM to synthetic (FRD =
18.12) and BCDR (FRD = 277.63) images using the Fréchet Radiomics Distance
(FRD) [25]. While this indicates desirable synthetic data fidelity, we also observe
good diversity. The latter is shown by comparing subsets of the same datasets
with each other, where the variation within the synthetic data (e.g., FIDrag =
0.32+.12) closely resembles the variation within the real CBIS-DDSM dataset
(e.g., FIDRag = 0.31+.19). Notwithstanding less variation in radiomics imaging
biomarkers within the synthetic data (FRDgyy, = 0.57 vs. FRDRea1 = 3.48), this
overall points to a valid coverage of the distribution and an absence of mode
collapse.

Mass Malignancy Classification. As shown in Table 1, we conduct experi-
ments with and without formal privacy guarantees. For scenarios where a for-
mal privacy guarantee is not strictly required and, thus, synthetic data suffices
as privacy mechanism, we compare the results of training SwinT on synthetic
data (Syn) and on real data (Real) with DP-SGD. Kaissis et al. [15] defined
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€ = 6 as suitable privacy budget for their medical imaging dataset. Compared
to DP-SGD with ¢ = 6, synthetic data achieves better AUPRCs for within-
domain tests on CBIS-DDSM (SwinTsy, = 0.696 vs SwinTgeai(c—g) = 0.679)
and is on par for out-of-domain (ood) tests on BCDR (SwinTgy,, = 0.602 vs
SwinTRea1(c=6) = 0.600). However, training all SwinT layers using synthetic data
(SynPre), achieves substantially better performance only approximated by DP
results for ¢ = 60 for within-domain (SwinTsynpre = 0.733 vs SwinTReai(c=60)
= 0.721) and ood (SwinTsynpre = 0.66 vs SwinTRreai(e—60) = 0.64) tests. Fur-
ther fine-tuning SwinTsynpre on real data using DP-SGD results in additional
improvement across all privacy parameters for within-domain and ood testing.
For instance, training SwinTsynpre+RealrT With € = 1 results in an AUPRC
of 0.74 and 0.67 for CBIS-DDSM and BCDR, respectively. To assess scenarios
where a formal guarantee is required, we further compare DP-SGD training of
SwinT on real data (Real) with DP-SGD training on a mix of real and synthetic
data (Real+Syn). To this end, our experiments show that such synthetic data
augmentation can improve the privacy-utility tradeoff. This is exemplified by
SwinTReal4+Syn(e=6) accomplishing an AUPRC of 0.708 within-domain and 0.647
ood, while SwinTgeai(c=6) achieved 0.679 and 0.579, respectively. We further
observe the trend that stricter privacy budgets (i.e., smaller €) can be associ-
ated with more added performance of synthetic data as additional classification
model training data.

4 Discussion and Conclusion

We introduce a privacy preservation framework based on differential privacy
(DP) and synthetic data and apply it to the diagnostic task of classifying the
malignancy of breast masses extracted from screening mammograms. We further
propose, train, and evaluate a malignancy-conditioned generative adversarial
network to generate a dataset of benign and malignant synthetic breast masses.
Next, we train a swin transformer model on mass malignancy classification and
assess, compare and combine training under DP and training on synthetic data.
This analysis revealed that when training with DP, synthetic data augmentation
can notably improve classification performance for within-domain and out-of-
domain test cases. Apart from that, we show, across privacy mechanisms and
across domains, that the performance of models pretrained on synthetic data
can be further improved by DP fine-tuning on real data.

This finding is particularly important considering that synthetic data, if not
directly attributable to any specific patient, can become a valid, legally com-
pliant alternative to strict DP guarantees in clinical practice. Consequently, it
is to be further investigated where and when deterministic mechanisms with-
out formal DP guarantees can suffice to shield against different privacy attacks
[4]. In particular, we motivate future work to analyse the extent to which the
inherent properties of synthetic data generation algorithms can provide empiri-
cal protection against attacks. In this regard, a comparison of generation algo-
rithms such as GANs [12] and denoising probabilistic diffusion models (DDPMs)
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[28] can provide insights towards further improving conditional mass synthesis,
while also enabling to quantify and compare the extent and effect of training
data memorization in these models. A methodological alternative to our app-
roach is to assess privacy-utility tradeoffs when training the generative model
itself using DP-SGD [10,24], resulting in formal privacy guarantees of the gen-
erated synthetic datasets. Thus, a further avenue to explore then lies within the
question whether randomness inherent in randomised data synthesis algorithms
(e.g., based on the noise in DDPMs or GANSs) can be used to amplify the pri-
vacy of the DP versions of such synthesis algorithms, thereby potentially further
enhancing privacy-utility tradeoffs. To this end, our study constitutes a crucial
first step leading towards the clinical adoption of diagnostic deep learning mod-
els, enabling practical privacy-utility tradeoffs all while anticipating respective
legal obligations and clinical requirements.
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Chapter 6

Sharing Generative Models to
Overcome Data Scarcity Issues

in Medical Imaging

Deep learning models often require large and diverse datasets to achieve accurate perfor-
mance and desirable generalization capabilities. In contrast, sharing patient data across
institutions is heavily restricted due to privacy regulations, limiting the development
of models that perform well across varied clinical settings. An emerging alternative
solution to this is the sharing of generative models, such as generative adversarial
networks [83], which can generate synthetic data that mirrors the statistical properties
of real patient data, thereby addressing both patient privacy while and data scarcity
in medical imaging. For instance, in the dissertation author’s previous work "Sharing
Generative Models Instead of Private Data: A Simulation Study on Mammography
Patch Classification" [206], it is demonstrated that GAN-generated mammography data
from clinical center A can be effectively used to augment lesion classification training
data from a second clinical center B resulting in classification performance increases in
B. This effect was in particular visible in data-limited environments, and was present
for both convolutional neural network [72] [127] [16] and Transformer-based models
[215] T40], suggesting that generative model sharing not only enhances performance
but also offers a scalable solution for deep learning model training in medical imaging

potentially supporting more equitable access to high-quality healthcare Al.

The aforementioned findings, thus, motivate the introduction of a general framework
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for efficiently sharing such generative models across centers and third parties. To this
end, we propose the medigan library. medigan is designed as Python package and
functions as a common platform for sharing and reusing of pretrained generative
models, thus lowering the technical and computational barriers associated with creating
synthetic medical data. By enabling researchers to access a broad selection of models
trained on diverse datasets across modalities to address the challenges of data scarcity,
privacy, and consistency in model training. The library allows to establish an operating
standard for generative models and, thus, contributing to the progress towards robust,

privacy-compliant deep learning solutions in healthcare and beyond.

6.1 medigan: a Python library of pretrained genera-

tive models for medical image synthesis

Summary:

The paper introduces medigan, a modular open-source Python library hosting multiple
generative models across modalities and medical imaging domains that can produce
synthetic, yet realistic, medical images that augment limited datasets. As training such
models requires notable effort, hardware, and time, medigan bridges this gap by pro-
vides an accessible platform where researchers can search, compare, select, contribute,
and utilize a variety of pretrained generative models. The library currently supports
20+ pretrained models across multiple modalities such as mammography, MRI, and
endoscopy, enabling researchers to quickly generate diverse synthetic datasets without
needing to train complex models from scratch. The paper demonstrates medigan’s
utility through several applications: supporting privacy-preserving synthetic data
sharing, enhancing clinical downstream task performance, and exploring standardized
evaluation metrics like Fréchet Inception Distance (FID) for synthetic data quality
assessment. While lowering technical barriers, medigan facilitates community-driven
synthetic data sharing and paves the way towards standardized generative model usage

in medical workflows.

Main Contributions:

e Accessible Platform for Generative Models: An comprehensive open-source
Python library that allows for reuse, sharing, and contribution of pretrained

generative models for synthetic medical image generation.

e Comprehensive Model Repository: Provides 20+ pretrained models spanning
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multiple modalities (e.g., mammography, MRI, endoscopy), with metadata for

each model to enable informed selection based on clinical and research needs.

e Standardized Evaluation Tools: Implements and tests synthetic data evalu-
ation metrics, including domain-agnostic (ImageNet [50]) and domain-specific
(RadImageNet [I51]) Fréchet Inception Distance, and, based on extensive experi-
ments, introduces best practices for reporting these metrics in medical imaging

contexts.

e Flexible Integration into AT Workflows: Offers easy-to-use functions to
integrate synthetic data generation directly into machine learning pipelines,
supporting a variety of applications in medical image analysis and improving

clinical task performance.

e Demonstration of Performance Increase in Data-Limited Scenarios:
Showed that medigan’s synthetic data improves model performance for different
clinical tasks ranging from mammography patch classification to tumor segmen-

tation.

Contributions | The dissertation author led the conceptualization and development
of the study including the ideation, design, development, implementation, experiments
and publication of the medigan library. Apart from that, the dissertation author led
the manuscript preparation, model integration, and the validation of the models in the
medigan library using image quality metric definition and comparisons. Skorupko, G.,
Lazrak, N., Garrucho, L., Garcia, E., Joshi, S., Jouide, S., Rutherford, M., Prior, F.,
Kushibar, K., Diaz, O., Lekadir, K. provided critical feedback and assisted in manuscript
preparation. Skorupko, G. assisted in the implementation of the visualization features
of the library and Lazrak, N. helped to design an initial proof-of-concept for model
loading and inference. Garcia, E., Joshi, S., Jouide, S., Kushibar, K., Garrucho, L.,
assisted in integrating some of the generative models into the library.

Declaration of Doctoral Use | None of the co-authors have used, either implicitly
or explicitly, this publication for the development of their own doctoral thesis, nor do
they intend to do so in the future.

Source Code | The reproducible source code of this work is made readily available at
https://github.com/RichardObi/medigan. Up until the time of writing (22.04.2025),
medigan had 154 stars and 19 forks on GitHub.

Python Package | The medigan library is available via the pip and conda package
managers from the Python Packaging Index (PyPI) at https://pypi.org/project/
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Abstract

Purpose: Deep learning has shown great promise as the backbone of clinical decision support
systems. Synthetic data generated by generative models can enhance the performance and
capabilities of data-hungry deep learning models. However, there is (1) limited availability
of (synthetic) datasets and (2) generative models are complex to train, which hinders their
adoption in research and clinical applications. To reduce this entry barrier, we explore generative
model sharing to allow more researchers to access, generate, and benefit from synthetic data.

Approach: We propose medigan, a one-stop shop for pretrained generative models imple-
mented as an open-source framework-agnostic Python library. After gathering end-user require-
ments, design decisions based on usability, technical feasibility, and scalability are formulated.
Subsequently, we implement medigan based on modular components for generative model
(i) execution, (ii) visualization, (iii) search & ranking, and (iv) contribution. We integrate pre-
trained models with applications across modalities such as mammography, endoscopy, x-ray,
and MRL

Results: The scalability and design of the library are demonstrated by its growing number of
integrated and readily-usable pretrained generative models, which include 21 models utilizing
nine different generative adversarial network architectures trained on 11 different datasets. We
further analyze three medigan applications, which include (a) enabling community-wide sharing
of restricted data, (b) investigating generative model evaluation metrics, and (c) improving
clinical downstream tasks. In (b), we extract Fréchet inception distances (FID) demonstrating
FID variability based on image normalization and radiology-specific feature extractors.

Conclusion: medigan allows researchers and developers to create, increase, and domain-adapt
their training data in just a few lines of code. Capable of enriching and accelerating the develop-
ment of clinical machine learning models, we show medigan’s viability as platform for gener-
ative model sharing. Our multimodel synthetic data experiments uncover standards for assessing
and reporting metrics, such as FID, in image synthesis studies.
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1 Introduction

1.1 Deep Learning and the Benefits of Synthetic Data

The use of deep learning has increased extensively in the last decade, thanks in part to advances
in computing technology (e.g., data storage, graphics processing units) and the digitization
of data. In medical imaging, deep learning algorithms have shown promising potential for
clinical use due to their capability of extracting and learning meaningful patterns from imaging
data and their high performance on clinically-relevant tasks. These include image-based disease
diagnosisl'2 and detection,’ as well as medical image reconstruction,*’ segmentation,(’ and
image-based treatment planning.””

However, deep learning models need vast amounts of well-annotated data to reliably learn to
perform clinical tasks, whereas, at the same time, the availability of public medical imaging
datasets remains limited due to legal, ethical, and technical patient data sharing constraints.”'°
In the common scenario of limited imaging data, synthetic images, such as the ones illustrated
in Fig. 1, are a useful tool to improve the learning of the artificial intelligence (Al) algorithm,
e.g., by enlarging its training dataset.”'""'> Furthermore, synthetic data can be used to minimize
problems associated with domain shift, data scarcity, class imbalance, and data privacy.’
For instance, a dataset can be balanced by populating the less frequent classes with synthetic
data during training (class imbalance). Further, as domain-adaptation technique, a dataset can
be translated from one domain to another, e.g., from MRI to CT'® (domain shift). Regarding
data privacy, synthetic data can be shared instead of real patient data to improve privacy
preservation.” 413

1.2 The Need of Reusable Synthetic Data Generators

Commonly, generative models are used to produce synthetic imaging data, with generative
adversarial networks (GANs)!® being popular models of choice. However, the adversarial train-
ing scheme required by GANs and related networks is known to pose challenges in regard to
(i) achieving training stability, (ii) avoiding mode collapse, and (iii) reaching convergence.'” !

Fig. 1 Randomly sampled images generated by five medigan models ranging from (a) synthetic
mammograms and (b) brain MRI to (c) endoscopy imaging of polyps, (d) mammogram mass
patches, and (e) chest x-ray imaging. The models (a)—(e) correspond to the model IDs in Table 3,
where (a) 3, (b) 7, (c) 10, (d) 12, and (e) 19.
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Hence, the training process of GANs and generative models at large is nontrivial and requires
a considerable time investment for each training iteration as well as specific hardware and
a fair amount of knowledge and skills in the area of Al and generative modeling. Given these
constraints, researchers and engineers often refrain from generating and integrating synthetic
data into their Al training pipelines and experiments. This issue is further exacerbated by the
prevailing need of training a new generative model for each new data distribution, which, in
practice, often means that a new generative model has to be trained for each new application,
use-case, and dataset.

1.3 Community-Driven Model Sharing and Reuse

We argue that a feasible solution to this problem is the community-wide sharing and reuse of
pretrained generative models. Once successfully trained, such a model can be of value to multi-
ple researchers and engineers with similar needs. For example, researchers can reuse the same
model if they work on the same problem, conduct similar experiments, or evaluate their methods
on the same dataset. We note that such reusing ideally is subject to previous inspection of gen-
erative model limitations with the model’s output quality having qualified as suitable for the task
at hand. The quality of a model’s output data and annotations can commonly be measured via
(a) expert assessment, (b) computation of image quality metrics, or (c) downstream task evalu-
ation. In sum, the problem of synthetic data generation calls for a community-driven solution,
where a generative model trained by one member of the community can be reused by other
members of the community. Motivated by the absence of such a community-driven solution
for synthetic medical data generation, we designed and developed medigan to bridge the
gap between the need for synthetic data and complex generative model creation and training
processes.

2 Background and Related Work

2.1 Generative Models

While discriminative models are able to distinguish between data instances of different kinds
(label samples), generative models are able to generate new data instances (draw samples). In
contrast to modeling decision boundaries in a data space, generative models model how data is
distributed within that space. Deep generative models®® are composed of multihidden layer neu-
ral networks to explicitly or implicitly estimate a probability density function (PDF) from a set of
real data samples. After approximating the PDF from observed data points (i.e., learning the
real data distribution), these models can then sample unobserved new data points from that
distribution. In computer vision and medical imaging, synthetic images are generated by sam-
pling such unobserved points from high-dimensional imaging data distributions. Popular deep
generative models to create synthetic images in these fields include variational autoencoders,?'
normalizing flows,?>* diffusion models,”?’ and GANs.'® From these, the versatile GAN
framework has seen the most widespread adoption in medical imaging to date.” We, hence,
center our attention on GANS in the remainder of this work but emphasize that contributions
of other types of generative models are equally welcome in the medigan library.

2.2 Generative Adversarial Networks

The training of GANs comprises two neural networks, the generator network (G) and the dis-
criminator network (D), as illustrated by Fig. 2 for the example of mammography region-of-
interest patch generation. G and D compete against each other in a two-player zero-sum game
defined by the value function shown in Eq. (1). Subsequent studies extended the adversarial
learning scheme by proposing innovations of the loss function, G and D network architectures,
and GAN applications by introducing conditions into the image generation process

m(%n max V(D,G) = mgn mgX[Eprdum [log D(x)] + E.., [log(1 — D(G(2)))]]. (1
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Fig. 2 The GAN framework. In this visual example, the generator network receives random noise
vectors, which it learns to map to region-of-interest patches of full-field digital mammograms.
During training, the adversarial loss is not only backpropagated to the discriminator as Lp but also
to the generator as Lg. This particular architecture and loss function was used to train medigan
models listed with IDs 1, 2, and 5 in Table 3.

2.2.1 GAN loss functions

Goodfellow et al.'® define the discriminator as a binary classifier classifying whether a sample x
is either real or generated. The discriminator is, hence, trained via binary-cross entropy with the
objective of minimizing the adversarial loss function shown in Eq. (2), which the generator, on
the other hand, tries to maximize. In Wasserstein GAN (WGAN),?® the adversarial loss function
is replaced with a loss function based on the Wasserstein-1 distance between real and fake
sample distributions estimated by D (alias “critic”’). Gulrajani et al.>” resolve the need to enforce
a 1-Lipschitz constraint in WGAN via gradient penalty (WGAN-GP) instead of WGAN weight
clipping. Equation (3) depicts the WGAN-GP discriminator loss with penalty coefficient A and
distribution P; based on sampled pairs from (a) the real data distribution Pg,, and (b) the gen-
erated data distribution P,

Lpgu = ~Erpy, [log D)) + E.,, [log(1 - D(G(2)))), @

Loy = Exnp, [D(X)] = Exp,,, [D(0)] + 2B [(V:D(E)]|, — 1)%]. ®
In addition to changes to the adversarial loss, further studies integrate additional loss terms into
the GAN framework. For instance, FastGAN> uses an additional reconstruction loss in the dis-
criminator, which, for improved regularisation, is trained as self-supervised feature-encoder.

2.2.2 GAN network architectures and conditions

A plethora of different GAN network architectures has been proposed’! starting with a deep
convolutional GAN (DCGAN)*? neural network architecture of both D and G. Later approaches,
e.g., include a ResNet-based architecture as backbone® and progressively-grow the generator and
discriminator networks during training to enable high-resolution image synthesis (PGGAN).*

Another line of research has been focusing on conditioning the output of GANs based on
discrete or continuous labels. For example, in cGAN this is achieved by feeding a label to both
D and G,** whereas in the auxiliary classifier GAN (AC-GAN), the discriminator additionally
predicts the label that is provided to the generator.*

Other models condition the generation process on input images unlocking image-to-
image translation and domain-adaptation GAN applications. A key difference in image-to-image
translation methodology is the presence (paired translation) or absence (unpaired translation) of
corresponding image pairs in the target and source domain. Using an L1 reconstruction loss
between target and source domain alongside the adversarial loss from Eq. (2), pix2pix® defines
a common baseline model for paired image-to-image translation. For unpaired translation,

3640
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cycleGAN? is a popular approach, which also consists of an L1 reconstruction (cycle-consis-
tency) loss between a source (target) image and a source (target) image translated to target
(source) and back to source (target) via two consecutive generators.

A further methodological innovation includes SinGAN,*' which, based on only a single train-
ing image, learns to generate multiple synthetic images. This is accomplished via a multi-scale
coarse-to-fine pipeline of generators, where a sample is passed sequentially through all gener-
ators, each of which also receives a random noise vector as input.

2.3 Generative Model Evaluation

One approach of evaluating generative models is by human expert assessment of their generated
synthetic data. In medical imaging, such observer studies often enlist board-certified clinical
experts such as radiologists or pathologists to examine the quality and/or realism of the synthetic
medical images.*** However, this approach is manual, laborious and costly, and, hence,
research attention has been devoted to automating generative model evaluation,*** including:

i. Metrics for automated analysis of the synthetic data and its distribution, such as the incep-
tion score (IS)!” and Fréchet inception distance (FID).*® Both metrics are popular in com-
puter vision,®! whereas the latter also has seen widespread adoption in medical imaging.”

FID is based on a pretrained Inception*’ model (e.g., v1,*® v3*7) to extract features from

synthetic and real datasets, which are then fitted to multivariate Gaussians X (e.g., real) and
Y (e.g., synthetic) with means uy and uy and covariance matrices Xy and Xy. Next, X and Y
are compared via the Wasserstein-2 (Fréchet) distance (FD), as depicted as

1
FD(X. ) = iy =y + (Zx + 2y - 2(3x2y)). @

ii. Metrics that compare a synthetic image with a real reference image such as mean squared
error (MSE), peak signal-to-noise ratio (PSNR), and structural similarity index measure
(SSIM).* Given the absence of corresponding reference images, such metrics are not
readily applicable for unconditional noise-to-image generation models.

iii. Metrics that compare the performance of a model on a surrogate downstream task with and
without generative model intervention.”'*3*>! For instance, training on additional synthetic
data can increase a model’s downstream task performance, thus, demonstrating the useful-
ness of the generative model that generated such data.

For the analysis of generative models in the present study, we discard (ii) due to its limitation
of requiring specific reference images. We further deprioritize the IS from (i) due to its limited
applicability to medical imagery stemming from it missing a comparison between real and
synthetic data distributions combined with it having a strong bias on natural images via its
ImageNet>>-pretrained Inception classifier as backbone feature extractor. Therefore, we focus
on FID from (i) and downstream task performance (iii) as potential evaluation measures for
medical image synthesis models in the remainder of this work.

2.4 Image Synthesis Tools and Libraries

Related libraries, such as pygan,53 torchGAN,>* Vegans,55 imaginaire,56 TF-GAN,”’ PyTorch-
GAN,® keras-GAN,” mimicry,60 and studioGAN,>' have focused on facilitating the implemen-
tation, training, and comparative evaluation of GANs in computer vision (CV). Despite a strong
focus on language models, the HuggingFace transformers library and model hub®! also contain
a few pretrained computer vision GAN models. The GAN Lab®? provides an interactive visual
experimentation tool to examine the training process and its data flows in GANs.

Specific to Al in medical imaging, Diaz et al.®* provided a comprehensive survey of tools,
libraries and platforms for privacy preservation, data curation, medical image storage, annota-
tion, and repositories. Compared to CV, fewer GAN and Al libraries and tools exist in medical
imaging. Furthermore, CV libraries are not always suited to address the unique challenges of
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medical imaging data.®*%® For instance, pretrained generative models from computer vision
cannot be readily adapted to produce medical imaging-specific outputs. The TorchIO library®*
addresses the gap between CV and medical image data processing requirements providing func-
tions for efficient loading, augmentation, preprocessing, and patch-based sampling of medical
imagery. The medical open network for AI (MONAI)*® is a PyTorch-based®” framework that
facilitates the development of diagnostic Al models with tutorials for classification, segmenta-
tion, and AI model deployment. Further efforts in this realm include NiftyNet,% the deep learn-
ing tool kit (DLTK),% MedicalZooPytorch,”’ and nnDetection.”’ The recent RadImageNet
initiative’ shares baseline image classification models pretrained on a dataset designed as the
radiology medical imaging equivalent to ImageNet.>>

To the best of our knowledge, no open-access software, tool, or library exists that targets
reuse and sharing of pretrained generative models in medical imaging. To this end, we expect
the contribution of our medigan library to be instrumental in enabling dissemination of gener-
ative models and increased adoption of synthetic data into Al training pipelines. As an open-
access plug-and-play solution for generation of multipurpose synthetic data, medigan aims to
benefit patients and clinicians by enhancing the performance and robustness of Al-based clinical
decision support systems.

3 Method: The medigan Library

We contribute medigan as an open-source open-access MIT-licensed Python3 library distributed
via the Python package index (Pypi) for synthetic medical dataset generation, e.g., via pretrained
generative models. The metadata of medigan is summarized in Table 1. medigan accelerates
research in medical imaging by flexibly providing (a) synthetic data augmentation and (b) pre-
processing functionality, both readily integrable in machine learning training pipelines. It also
allows contributors to add their generative models in a thought-through process and provides
simplistic functions for end-users to search for, rank, and visualize models. The overview of
medigan in Fig. 3 depicts the core functions demonstrating how end-users can (a) contribute
a generative model, (b) find a suitable generative model inside the library, and (c) generate
synthetic data with that model.

Table 1 Overview of medigan library information.

Title medigan metadata

1 Code version v1.0.0

2 Code license MIT

3 Code version control system Git

4 Software languages Python

5 Code repository https://github.com/RichardObi/medigan.
6 Software package repository Ref. 73

7 Developer documentation Ref. 74

8 Tutorial medigan quickstart (tutorial.ipynb)
9 Requirements for compilation Python v3.6+
10 Operating system OS independent. Tested on Linux,

OSX, Windows.

11 Support email address Richard.Osuala[at]gmail.com
12 Dependencies tqdm, requests, torch, numpy,

PyGithub, matplotlib (setup.py)
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Fig. 3 Architectural overview of medigan. Users interact with the library by contributing, searching,
and executing generative models, the latter shown here exemplified for mammography image
generation with models with IDs 1 to 4 described in Table 3.

3.1 User Requirements and Design Decisions

End-user requirement gathering is recommended for the development of trustworthy Al
solutions in medical imaging.”> Therefore, we organized requirement gathering sessions with
potential end-users, model contributors, and stakeholders from the EuCanlmage Consortium,
a large European H2020 project’® building a cancer imaging platform for enhanced Al in oncol-
ogy. Upon exploring the needs and preferences of medical imaging researchers and Al devel-
opers, respective requirements for the design of medigan were formulated to ensure usability and
usefulness. For instance, the users articulated a clear preference for a user interface in the format
of an importable package as opposed to a graphical user interface (GUI), web application,
database system, or APIL. Table 2 summarizes key requirements and the corresponding design
decisions.

3.2 Software Design and Architecture

medigan is built with a focus on simplicity and usability. The integration of pretrained models is
designed as internal Python package import and offers simultaneously (a) high flexibility to and
(b) low code dependency on these generative models. The latter allows the reuse of the same
orchestration functions in medigan for all model packages.

Using object-oriented programming, the same model_executor class is used to implement,
instantiate, and run all different types of generative model packages. To keep the library main-
tainable and lightweight, and to avoid limiting interdependencies between library code and gen-
erative model code, medigan’s models are hosted outside the library (on Zenodo) as independent
Python modules. To avoid long initialization times upon library import, lazy loading is applied.
A model is only loaded and its model_executor instance is only initialized if a user
specifically requests synthetic data generation for that model. To achieve high cohesion,” i.e.,
keeping the library and its functions specific, manageable, and understandable, the library is
structured into several modular components. These include the loosely-coupled model
executor, model_selector, and model_contributor modules.

The generators module is inspired by the facade design pattern® and acts as a single
point of access to all of medigan’s functionalities. As single interface layer between users and
library, it reduces interaction complexity and provides users with a clear set of readily extendable
library functions. Also, the generators module increases internal code reusability and
allows for combination of functions from other modules. For instance, a single function call
can run the generation of samples by the model with the highest FID score of all models found
in a keyword search.
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3.3 Model Metadata

The FID score and all other model information such as dependencies, modality, type, zenodo
link, associated publications, and generate function parameters are stored in a single compre-
hensive model metadata json file. Alongside its searchability, readability, and flexibility,
the choice of json as file format is motivated by its extendability to a nonrelational database.
As a single source of model information, the global.json file consists of an array of model IDs,
where under each model id the respective model metadata is stored. Toward ensuring model
traceability as recommended by the FUTURE-AI consensus guidelines,”> each model (on
Zenodo) and its global.json metadata (on GitHub) are version-controlled with the latter being
structured into the following objects.

i. execution: contains the information needed to download, package, and run the model
resources.
ii. selection: contains model evaluation metrics and further information used to search,
compare, and rank models.
iii. description: contains general information and main details about the model such as title,
training dataset, license, date, and related publications.

This global.json metadata file is retrieved, provided, and handled by the config_manager
module once a user imports the generators module. This facilitates rapid access to a model’s
metadata given its model_id and allows one to add new models or model versions to medigan via
pull request without requiring a new release of the library.

3.4 Model Search and Ranking

The number of models in medigan is expected to grow over time. Potentially this will lead to the
foreseeable issue where users of medigan have a large number of models to choose from. Users
likely will be uncertain which model best fits their needs depending on their data, modality,
use-case, and research problem at hand and would have to go through each model’s metadata
to find the most suitable model in medigan. Hence, to facilitate model selection, the model__
selector module implements model search and ranking functionalities. This search workflow
is shown in Fig. 4 and triggered by running Code Snippet 1.

The model_selector module contains a search method that takes search operator (i.e
OR, AND, or XOR) and a keyword search values list as parameters and recursively searches
through the models’ metadata. The latter is provided by the config_manager module.

Medigan
Medigan %
user Generators class ConfigManager class
Search workflow
9 Get config
o Request
Request ModelSelector class
—_—
0 Find search values in
@ Return @ each model’s config
Model list Reti
{ “ModelMatchCandidates™ {...} } * (5) Rank found models

by evaluation metric

Fig. 4 The search workflow. A user sends a search query (1) to the generators class, which trig-
gers a search (2) via the ModelSelector class. The latter retrieves the global.json model metadata/
config dict (3), in which it searches for query values finding matching models (4). Next, the
matched models are optionally also ranked based on a user-defined performance indicator (5)
before being returned as list to the user.

Journal of Medical Imaging 061403-10 Nov/Dec 2023 « Vol. 10(6)



Osuala et al.: medigan: a Python library of pretrained generative models for enriched data access. ..

Code Snippet 1: Searching for a model in medigan.

1. from medigan import Generators # import

2. generators = Generators () # init

3. values=['patches’, 'mammography’] # keywords of search query
4. operator='AND’ # all keywords are needed for match

5. results = generators.find_model (values, operator)

The model_selector populates amodelMatchCandidates object with matchedEntry
instances each of which represents a potential model match to the search query. The
modelMatchCandidates class evaluates which of it is associated model matches should
be flagged as true match given the search values and search operator. The method rank__
models_by performance compares either all or specified models in medigan by a
performance indicator such as FID. This indicator commonly is a metric that correlates with
diversity, fidelity, or condition adherence to estimate the quality of generative models and/or
the data they generate.” The model_selector looks up the value for the specified perfor-
mance indicator in the model metadata and returns a descendingly or ascendingly ranked list of
models to the user.

3.5 Synthetic Data Generation

Synthetic data generation is medigan’s core functionality toward overcoming scarcity of (a) train-
ing data and (b) reusable generative model in medical imaging. Posing a low entry barrier for
nonexpert users, medigan’s generate method is both simple and scalable. While a user can
run it with only one line of code, it flexibly supports any type of generative model and synthetic
data generation process, as illustrated in Table 3 and Fig. 1.

3.5.1 Generate workflow

An example of the usage of the generate method is shown in Code Snippet 2, which triggers
the model execution workflow illustrated in Fig. 5. Further parameters of the generate method
allow users to specify the number of samples to be generated (num_samples), if samples are
returned as a list or stored on a disk (save_images), where they are stored (output_path),
and whether model dependencies are automatically installed (install_dependencies).
Optional model-specific inputs can be provided via the **kwargs parameter. These include
for example, (i) a nondefault path to the model weights, (i) a path to an input image folder
for image-to-image translation models, (iii) a conditional input for class-conditional generative
models, or (iv) the input_latent_vector as commonly used as model input in GANs.

Running the generate method triggers the generators module to initialize a mode-
1_executor instance for the user-specified generative model. The model is identified via its
model_id as unique key in the global.json model metadata database, parsed and managed by the
config_manager module. Using the latter, the model_executor checks if the required
Python package dependencies are installed, retrieves the Zenodo URL and downloads, unzips,
and imports the model package. It further retrieves the name of the internal data generation
function inside the model’s __init_ _ .py script. As final step before calling this function,
its parameters and their default values are retrieved from the metadata and combined with user-
provided arguments. These user-provided arguments customize the generation process, which
enables handling of multiple image generation scenarios. For instance, the aforementioned pro-
vision of the input image folder allows users to point to their own images to transform them using
medigan models that are, e.g., pretrained for cross-modality translation. In the case of large
dataset generation, the number of samples indicated by num_samples are chunked into
smaller-sized batches and iteratively generated to avoid overloading the random-access memory
available on the user’s machine.
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Medigan
Medigan (%
user Generators class
Generate ModelExecutor class
workflow e
@ request Init | @) Get model info from config Zenodo
(2] —
Find @ Check dependencies 6
=
model_executor R
©) Return or store samples by model_id @ Unzipand import model  Refrieve
Samples model

i @ Run generation method
>

Fig. 5 The generated workflow. A user specifies a model_id in a request (1) to the generators
class, which checks (2) if the model's ModelExecutor class instance is already initialized. If not,
a new one is created (3), which (4) gets the model’s config from the global.json dict, (5) loads the
model (e.g., from Zenodo), (6) checks its dependencies, and (7) unzips and imports it, before
running its internal generate function (8). Finally, the generated samples are returned to the user.

Code Snippet 2: Executing a medigan model for synthetic data
generation.

1. from medigan import Generators
2. generators = Generators ()
# create 100 polyps with masks using model 10 (FASTGAN)

generators.generate (model_id=10, num_samples=100)

3.5.2 Generate workflow extensions

Apart from storing or returning samples, a callable of the model’s internal generate function can
be returned to the user by setting is_gen_function_returned. This function with pre-
pared but adjustable default arguments enables integration of the generate method into other
workflows within medigan (e.g., model visualization) or outside of medigan (e.g., a user’s
Al model training). As a further alternative, a torch®” dataset or dataloader can be returned
for any model in medigan running get_as_torch_dataset or get_as_torch_
dataloader, respectively. This further increases the versatility with which users can introduce
medigan’s data synthesis capabilities into their AI model training and data preprocessing
pipelines.

Instead of a user manually selecting a model via model_id, a model can also be automatically
selected based on the recommendation from the model search and/or ranking methods. For
instance, as triggered by Code Snippet 3, the models found in a search for mammography are
ranked in ascending order based on FID, with the highest ranking model being selected and
executed to generate the synthetic dataset.

3.6 Model Visualization

To allow users to explore the generative models in medigan, a novel model visualization module
has been integrated into the library. It allows users to examine how changing inputs like the latent
variable z and/or the class conditional label y (e.g., malignant/benign) can affect the generation
process. Also, the correlation between multiple model outputs, such as the image and corre-
sponding segmentation mask, can be observed and explored. Figure 6 illustrates an example
showing an image-mask sample pair from medigan’s polyp generating FastGAN model.’!
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Code Snippet 3: Sequential searching, ranking, and data generation
with highest ranked model.

1. from medigan import Generators

2. generators = Generators ()

3. values = ['mammography’] # keywords for searching
4. metric = 'FID’' # metric for ranking

5. generators.find_models_rank_and_generate
(values=values, metric=metric)

Model 00010_FASTGAN_POLYP_PATCHES_W_MASKS

FastGAN model for patch generation of polyps with corresponding segmentation masks (trained on HyperKvasir)

Input latent vector

Generated mask

Offset 0.00 Generated image
z1 0.57
22 0.31
23 — _056
P — -1.20
76— 1.55
2] -1.86
P P —— 0.44
29 m—— -0.00

[ Seed ] [ Reset |

Offset: Add constant value to each latent variable
Input vector: Modify latent values used to generate image
Seed: Initialize new random seed for latent vector

Reset: Revert user changes to initial seed values

Fig. 6 Graphical user interface of medigan’s model visualization tool on the example of model 10,
a FastGAN that synthesizes endoscopic polyp images with respective masks.®' The latent input
vector can be adjusted via the sliders, reset via the Reset button, and sampled randomly via the
Seed button.

This depiction of the graphical user interface (GUI) of the model visualization tool can be
recreated by running Code Snippet 4.

Internally, the model_visualizer module retrieves a model’s internal generate method
as callable from the model_executor and adjusts the input parameters based on user inter-
action input from the GUL This interaction further provides insight into a model’s performance
and capabilities. On one hand, it allows one to assess the fidelity of the generated samples. On the
other hand, it also shows the model’s captured sample diversity, i.e., as observed output variation
over all possible input latent vectors. We leave the automation of manual visual analysis of this
output variation to future work. For instance, such future work can use the model_visualizer
to measure the variance of a reconstruction/perceptual error computed between pairs of images
sampled from fixed-distance pairs of latent space vectors z. The slider controls on the left of
the interface allow one to change the latent variable, which for this specific model affects, for
instance, polyp size, position, and background. As the size of the latent vector z commonly is
relatively large, each n (e.g., 10) variables are grouped into one indexed slider resulting in
z,, adjustable latent input variables. The seed button on the right allows one to initialize a new
set of latent variables, which results in a new generated image. The reset buttons allows one to
revert user’s modifications to previous random values.
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Code Snippet 4: Visualization of a model in medigan.

1. from medigan import Generators
2. generators = Generators ()
3. n=10 #groupinglatent vectorz dimensions by dividing themby 10

4. generators.visualize (model_id=10, slider_grouper=n)
# polyp with mask

3.7 Model Contribution

A core idea of medigan is to provide a platform where researchers can share and access trained
models via a standardized interface. We provide in-depth instructions on how to contribute
a model to medigan complemented by implementations automating parts of the model con-
tribution process for users. In general, a pretrained model in medigan consists of a Python __
init __ .py and, in case the generation process is based on a machine learning model,
a respective checkpoint or weights file. The former needs to contain a synthetic data storage
method and a data generation method with a set of standardized parameters described in
Sec. 3.5.1. Ideally, a model package further contains a license file, a metadata.json and/or
a requirements.txt file, and a fest.sh script to quickly verify the model’s functionalities. To
facilitate creation of these files, medigan’s GitHub repository provides model contributors
with reusable templates for each of these files.

Keeping the effort of pretrained model inclusion to a minimum, the generators module
contains a contribute function that initializes a ModelContributor class instance dedi-
cated to automating the remainder of the model contribution process. This includes automated
(i) validation of the user-provided model_id; (ii) validation of the path to the model’s __
init__ .pys; (ii) test of importlib import of the model as package; (iv) creation of the
model’s metadata dictionary; (v) adding the model metadata to medigan’s global.json metadata;
(vi) end-to-end test of model with sample generation via generators.test_model ();
(vii) upload of zipped model package to Zenodo via API; and (viii) creation of a GitHub issue,
which contains the Zenodo link and model metadata, in the medigan repository. Being assigned
to this GitHub issue, the medigan development team is notified about the new model, which can
then be added via pull request. Code Snippet 5 shows how a user can run the contribute
method illustrated in Fig. 7.

3.8 Model Testing Pipeline

Each new model contribution is being systematically tested before becoming part of medigan.
For instance, on each submitted pull request to medigan’s GitHub repository, a CI pipeline
automatically builds, formats, lints, and tests medigan’s codebase. This includes the automatic
verification of each model’s package, dependencies, compatibility with the interface, and correct
functioning of its generation workflow. This allows one to ensure that all models and their meta-
data in the global.json file are available and working in a reproducible and standardized manner.

4 Applications

4.1 Community-Wide Data Access: Sharing the Essence of Restricted
Datasets

medigan facilitates sharing and reusing trained generative models with the medical research
community. On one hand, this reduces the need for researchers to retrain their own similar gen-
erative models, which can reduce the extensive carbon footprint™ of deep learning in medical
imaging. On the other hand, this provides a platform for researchers and data owners to share
their dataset distribution without sharing the real data points of the dataset. Put differently,
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Fig. 7 Model contribution workflow. After model preparation (1), a user provides the model’s id
and metadata (2) to the generators class to (3) initialize a ModelContributor instance, which (4)
validates and (5) extends the metadata. Next, (6) the model’s sample generation capability is
tested after (7) integration into medigan’s global.json model metadata. If successful, (8) the model
package is prepared and (9-13) pushed to Zenodo via API. Lastly, (14 and 15) a GitHub issue
containing the model metadata is created, assigned, and pushed to the medigan repository.

sharing generative models trained on (and instead of) patient datasets not only is beneficial as
data curation step,'® but also minimizes the need to share images and personal data directly
attributable to a patient. In particular, the latter can be quantifiably achieved when the generative
model is trained using a differential privacy guarantee™ before being added to medigan. By
reducing the barriers posed by data sharing restrictions and necessary patient privacy protection
regulation, medigan unlocks a new paradigm of medical data sharing via generative models. This
places medigan at the center toward solving the well-known issue of data scarcity” in medical
imaging.

Apart from that, medigan’s generative model contributors benefit from an increased expo-
sure, dissemination, and impact of their work, as their generative models become readily usable
by other researchers. As Table 3 illustrates, to date, medigan consists of 21 pretrained deep
generative models contributed to the community. Among others, these include two conditional
DCGAN models, six domain translation CycleGAN models and one mask-to-image pix2pix
model. The training data comes from 10 different medical imaging datasets. Various of the

Code Snippet 5: Contribution of a model to medigan.

1. from medigan import Generators
2. generators = Generators ()

3. generators.contribute (

4. model_id = “00100_YOUR_MODEL", # assign ID

5. init_py_path =“path/ending/with/__init__.py", # model package root

6. generate_method_name = “generate”, # method inside__init__.py

7. model_weights_name = *10000",

8. model_weights_extension = ”.pt”,

9. dependencies = [“numpy”, “torch”],
10. zenodo_access_token = “TOKEN”, #zenodo.org/account/settings/applications
11. github_access_token = “TOKEN") #github.com/settings/tokens
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models were trained on breast cancer datasets including INbreast,’ OPTIMAM,** BCDR,%
CBIS-DDSM,® and CSAW.*® Models allow one to generate samples of different pixel resolu-
tions ranging from regions-of-interest patches of size 128 x 128 and 256 x 256 to full images of
1024 x 1024 and 1332 x 800 pixels.

4.2 Investigating Synthetic Data Evaluation Methods

A further application of medigan is testing the properties of medical synthetic data. For instance,
evaluation metrics for generative models can be readily tested in medigan’s multiorgan, multi-
modality, and multimodel synthetic data setting.

Compared to generative modeling, synthetic data evaluation is a less explored research area.
In particular, in medical imaging the existing evaluation frameworks, such as the FID* or the
IS,'7 are often limited in their applicability, as mentioned in Sec. 2.3. The models in medigan
allow one to compare existing and new synthetic data evaluation metrics and their validation in
the field of medical imaging. Multimodel synthetic data evaluation allows one to measure the
correlation and statistical significance between synthetic data evaluation metrics and down-
stream task performance metrics. This enables the assessment of clinical usefulness of generative
models on one hand and of synthetic data evaluation metrics on the other hand. In that sense, the
metric itself can be evaluated including its variations when measured under different settings,
datasets, or preprocessing techniques.

7

4.2.1 FID of medigan Models

‘We compute the FID to assess the models in medigan and report the results in Table 3. We further
note that the FID can be computed not only between a synthetic and a real dataset (rs) but also
between two sets of samples of the real dataset (rr). As the FID,, describes the distance within
two randomly sampled sets of the real data distribution, it can be used as an estimate of the real
data variation and optimal lower bound for the FID,; as shown in Table 3. Given the above,
it follows that a high FID,, likely also results in a higher FID,,, which highlights the importance
of accounting for the FID,, when discussing the FID,. To do so, we propose the reporting of
a FID ratio rgpp to describe the FID, in terms of the FID,,.

FID,, — FID,,

rep (FID, FID, ) = 1 FID
IS

, rgp € [0.1] CR. 5)
Assuming FID > FID,, bounds rgp between O and 1, rgp the simplifies the comparison of
FIDs computed using different models and datasets. A rgp close to 1 indicates that much of
the FID,; can be explained by the general variation in the real dataset. The code used to compute
the FID scores is available at https://github.com/RichardObi/medigan/blob/main/tests/fid.py.

The models in Table 3 yielding the highest ImageNet-based rgp score are the ones with
ID 10 (0.677, endoscopy, 256 x 256, FastGAN), ID 13 (0.650, mammography, 1332 x 800,
CycleGAN), 14 (0.564, mammography, 1332 x 800, CycleGAN), 20 (0.543, chest x-ray,
1024 x 1024, PGGAN) and 1 (0.497, mammography, DCGAN, 128 X 128). This indicates that
the rgp does not depend on the modality, nor on the pixel resolution of the synthetic images.
Further, neither image-to-image translation (e.g. CycleGAN) nor noise-to-image models
(e.g., PGGAN, DCGAN, FastGAN) seem to have a particular advantage for achieving higher
remp results.

The flow chart in Fig. 8 provides further insight into the comparison between the lower
bound FID,, and the model FID,. The red trend line shows a positive correlation between the
FID,, and FID,,, which corroborates our previous assumption that a higher model FID is to be
expected given a higher lower bound FID,,.. Hence, for increased transparency, we motivate
further studies to routinely report the lower bound FID,. and the FID ratio rgp apart from
the model FID,,. The three-channel RGB endoscopic images represented by orange dots have
an FID,, comparable with their grayscale radiologic counterparts. However, both chest x-ray
datasets ChestX-ray14°° and Node21*’ represented by green dots show a slightly lower FID,,
than other modalities. The model FID,; shows a high variation across models without readily
observable dependence on modality, generative model, or image size.

Journal of Medical Imaging 061403-17 Nov/Dec 2023 « Vol. 10(6)



Osuala et al.: medigan: a Python library of pretrained generative models for enriched data access. ..

40 114 — S
J-- 7
30 237 3 19 17 18

FID: real-real

60 80 100 120 140 160 180 200 220
FID: real-synthetic

Fig. 8 Scatter plotillustrating the FID,s of medigan’s models (real-synthetic) compared to the lower
bound FID,, between two sets of the model’s respective training dataset (real-real). The lower
bound can represent an optimally achievable model and, as such, facilitates interpretation. Each
model is represented by a dot below its model ID. The dots’ color encoding depicts model modality,
where blue: mammography, orange: endoscopy, green: chest x-ray, and pink: brain MRI. The
red regression line illustrates the trend across all data points/models.

4.2.2 Analysing potential sources of bias in FID

The popular FID metric is computed based on the features of an Inception classifier (e.g., v1,*

v3*7) trained on ImageNet’>—a database of natural images inherently different from the domain
of medical images. This potentially limits the applicability of the FID to medical imaging data.
Furthermore, the FID has been observed to vary based on the input image resizing methods and
ImageNet backbone feature extraction model types.’! Based on this, we further hypothesize a
susceptibility of the FID to variation due to (a) different backbone feature extractor weights and
random seed initializations, (b) different medical and nonmedical backbone model pretraining
datasets, (c) different image normalization procedures for real and synthetic dataset, (d) nuances
between different frameworks and libraries used for FID calculation, and (f) the dataset sizes
used to compute the FID.

Such variations can obstruct a reliable comparison of synthetic images generated by different
generative models. Illustrating the potential of medigan to analyze such variations, we report and
experiment with the FID. In particular, we subject the FID to variations in (i) the pretraining
dataset of its backbone feature extractor and by (ii) testing the effects of image normalization
across a set of medigan models. We experiment with the Inception v3 model trained on the recent
RadImageNet dataset’” released as radiology-specific alternative to the ImageNet database.’>
The RadImageNet-pretrained Inception v3 model weights we used are available at https:/
github.com/BMEII-Al/RadImageNet. We further compute the FID,; and FID,, with and without
normalization to analyze the respective impact on results.

In Table 4, the FID results are summarized allowing for cross-analysis between variations due
to image normalization and/or due to the pretraining dataset of the FID feature extraction model.
We observe generally lower FID values (1.15 to 7.32) for RadlmageNet compared to ImageNet
as FID model pretraining datasets (52.17 to 225.85). To increase FID comparability, we com-
pute, as before, the FID ratio rgp. The RadlmageNet-based model results in notably lower rgpp
values for both normalized and non-normalized images. Notably, an exception to this are models
with ID 5 (mammography, 128 x 128, DCGAN) and 6 (mammography, 128 X 128, WGAN-GP)
achieving respective RadlmageNet-based rgp scores of 0.593 and 0.550. In general, the
RadImageNet-based model seems more robust at detecting if two sets of data originate from
the same distribution resulting in low FID, values. Overall, for most models, the FID is
explained only by a limited amount by the variation in the real dataset and rgp < 0.7 for
all ImageNet and RadIlmageNet-based FIDs. The scatter plot in Fig. 9 further compares the
RadImagnet-based FID with the ImageNet-FID for the models from Table 4. Noticeably, the
difference between non-normalized and normalized images is surprisingly high for several mod-
els for both ImageNet and RadImageNet FIDs (e.g., models with IDs 6 and 8) while negligible
for others (e.g., models with ID 1, 10, 13-16, and 19-21). Another observation is the relatively
modest correlation between RadImageNet and ImageNet FID indicated by the slope of the red
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Table 4 Normalized (left) and non-normalized (right) FID scores. This table measures the nor-
malization impact on FID scores based on a promising set of medigan’s deep generative models.
Synthetic samples were randomly-drawn for each model matching the number of available real
samples. The lower bound FID,, is computed between a pair of randomly sampled sets of real data
(real-real), whereas the model FID,s is computed between two randomly sampled sets of real and
synthetic data (real-syn). The results for model 7 (Flair, T1, T1c, T2) and 21 (T1, T2) are averaged
across modalities.

Normalized images Non-Normalized images
47,52 72 47,52 72
FIDImageNel FlDF{adImageNet FlDImageNe( FIDRadImageNe(
real-  real- real- real- real-  real- real- real-
ID Dataset real syn rep real syn  rgp  real syn rep real syn  rgp

1 Inbreast 33.61 67.60 0.497 025 127 0.197 2859 66.76 0.428 0.29 1.15 0.252
2 Optimam 28.85 80.51 0.358 0.22 6.19 0.036 28.75 77.95 0.369 0.33 4.11 0.080
3 BCDR 65.94 150.16 0.439 0.80 3.00 0.265 66.25 149.33 0.444 0.80 3.10 0.259
5 BCDR 68.22 180.04 0.379 0.99 1.67 0.593 64.45 174.38 0.370 0.87 4.04 0.215
6 BCDR 68.22 221.30 0.308 0.99 1.80 0.550 64.45 206.57 0.312 0.87 2.95 0.295
7 BRATS 2018 30.73 140.02 0.219 0.07 5.31 0.012 30.73 144.00 0.215 0.07 6.53 0.010
8 CBIS-DDSM 37.56 137.75 0.272 0.46 3.05 0.151 32.06 91.09 0.352 0.36 6.58 0.055
10 HyperKvasir 43.31 63.99 0.677 0.11 7.32 0.015 43.31 64.01 0.677 0.11 7.33 0.015
12 BCDR 68.22 20529 0.332 0.99 5.69 0.080 64.45 199.50 0.323 0.87 4.25 0.205
13 OPTIMAM 65.75 101.01 0.650 0.17 1.14 0.153 65.83 101.15 0.651 0.18 1.10 0.163
14 OPTIMAM 4161 7377 0.564 0.16 0.83 0.190 41.71 74.03 0.563 0.15 0.81 0.184
15 CSAW 74.96 162.67 0.461 0.31 4.07 0.076 73.62 165.53 0.445 0.19 3.71 0.051
16 CSAW 42.68 98.38 0.439 0.38 271 0.142 4250 99.81 0.426 0.22 2.82 0.077
19 ChestX-ray14 28.75 96.74 0.297 0.19 0.77 0.243 28.75 96.78 0.297 0.19 0.66 0.286
20 ChestX-ray14 28.33 52.17 0.543 0.20 2.83 0.071 28.33 5238 0.541 0.20 2.59 0.077
21 CrossMoDA 2441 59.49 0.410 0.02 1.45 0.014 24.41 60.11 0.406 0.02 1.40 0.014
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Fig. 9 Scatter plot demonstrating the FID,s (real-synthetic) of medigan models from Table 4. The
FID, is based on the features of two different inception classifiers,*” one trained on ImageNet>
(x-axis) and the other trained on RadlmageNet’? (y-axis). Each model is represented by a dot
below its model ID. A black dot indicates an FID calculated from normalized (Norm/N) images,
e.g., with pixel values scaled between 0 and 1, as opposed to a blue dot indicating an FID calcu-
lated from images without previous normalization. The dots that correspond to the same model IDs
(normalized and non-normalized) are connected via black lines. The red regression line illustrates
the trend across all data points.
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regression line. Counterexamples for this correlation include model 2 (normalized), which has
a low ImageNet-based FID (80.51) compared to a high RadlmageNet-based FID (6.19), and
model 6 (normalized), which, in contrast, has a high ImageNet-based FID (221.30) and a low
RadImageNet-based FID (1.80). With a low ImageNet-based FID (63.99), but surprisingly high
RadImageNet-based FID (7.32), model 10 (both normalized and non-normalized) is a further
counterexample. The example of model 10 is of particular interest, as it indicates limited appli-
cability of the Radiology-specific RadImageNet-based FID for out-of-domain data, such as
three-channel endoscopic images.

Given the demonstrated high impact of backbone model training set and image normalization
on FID, it is to be recommended that studies specify the exact model used for FID calculation
and any applied data preprocessing and normalization steps. Further, where possible, reporting
the RadImageNet-based FID allows for reporting a radiology domain-specific FID. The latter is
seemingly less susceptible to variation in the real datasets than the ImageNet-based FID while
also being capable of capturing other, potentially complementary, patterns in the data.

4.3 Improving Clinical Medical Image Analysis

A high-impact clinical application of synthetic data is the improvement of clinical downstream
task performance such as classification, detection, segmentation, or treatment response estima-
tion. This can be achieved by using image synthesis for data augmentation, domain adaptation,
and data curation (e.g., artifact removal, noise reduction, super—resolution)7‘63 to enhance the
performance of clinical decision support systems such as computer-aided diagnosis (CADx) and
detection (CADe) software.

In Table 5, the capability of improving the clinical downstream task performance is
demonstrated for various medigan models and modalities. Downstream task models trained on
a combination of real and synthetic imaging data achieve promising results surpassing the
alternative results achieved from training only on real data. The results are taken from the respec-
tive publications' '8 and indicate that image synthesis can further improve the promising
performance demonstrated by deep learning-based CADx and CADe systems, e.g., in
mammography®® and brain MRL® For downstream task evaluation, we generally note the
importance of avoiding data leakage between training, validation, and test sets by training the

Table 5 Examples of the impact of synthetic data generated by medigan models on downstream
task performance. Based on real test data, we compare the performance metrics of a model
trained only on real data with a model trained on real data augmented with synthetic data.
The metrics are taken from the respective publications describing the models.

ID Test dataset Task Metric Trained on real Real + synthetic
2 OPTIMAM  Mammogram patch classification' F1 0.90 0.96
3 BCDR Mammogram mass detection®®  FROC AUC 0.83 0.89
5 BCDR Mammogram patch classification' F1 0.891 0.920
5 BCDR Mammogram patch classification'  AUROC 0.928 0.959
5 BCDR Mammogram patch classification' ~ AUPRC 0.986 0.992
6 BCDR Mammogram patch classification' F1 0.891 0.969
6 BCDR Mammogram patch classification™  AUROC 0.928 0.978
6 BCDR Mammogram patch classification' ~ AUPRC 0.986 0.996
7 BRATS 2018 Brain tumor segmentation® Dice 0.796 0.814

14 OPTIMAM Mammogram mass detection®®  FROC AUC 0.83 0.85

15  OPTIMAM Mammogram mass detection® FROC AUC 0.83 0.85
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Table 6 Examples of the impact of synthetic data generated by medigan models on downstream
task performance. Based on real test data, we compare the performance metrics of a model
trained only on real data with a model trained only on synthetic data. The metrics are taken from
the respective publications describing the models. n.a. refers to the case where only synthetic data
can be used, as no annotated real training data is available.

ID Test dataset Task Metric  Trained on real Trained on synthetic
4 BCDR Mammogram mass segmentation Dice 0.865 0.737

11 HyperKvasir Polyp segmentation®' Dice loss 0.112 0.137

11 HyperKvasir Polyp segmentation®' loU 0.827 0.798

11 HyperKvasir Polyp segmentation®' F-Score 0.888 0.863

20 ChestX-ray14 Lung disease classification®' AUROC 0.947 0.878

21 CrossMoDA Brain tumor segmentation®? Dice n.a. 0.712

21 CrossMoDA Cochlea segmentation®? Dice n.a. 0.478

generative model either on only the dataset partition used to train the respective downstream task
model (e.g., IDs 2, 3, 7, 14, 15) or to train the generative models on an entirely different dataset
(e.g., IDs 5, 6).

The approaches displayed in Table 6 represent the application, where synthetic data is used
instead of real data to train downstream task models. Despite an observable performance
decrease when training on synthetic data only, the results>'"> demonstrate the usefulness of
synthetic data if none or only limited real training data is available or shareable. For example,
if labels or annotations in a target domain are scarce but present in a source domain, a generative
model can translate annotated data from the source domain to the target domain to enable super-
vised training of downstream task models.”>%*

5 Discussion and Future Work

In this work, we introduced medigan, an open-source Python library, which allows one to share
pretrained generative models for synthetic medical image generation. The package is easily inte-
grable into other packages and tools, including commercial ones. Synthetic data can enhance
the performance, capabilities, and robustness of data-hungry deep learning models as well as to
mitigate common issues such as domain shift, data scarcity, class imbalance, and data privacy
restrictions. Training one’s own generative network can be complex and expensive since it
requires a considerable amount of time, effort, specific dedicated hardware, carbon emissions,
as well as knowledge and applied skills in generative Al. An alternative and complementary
solution is the distribution of pretrained generative models to allow their reuse by Al researchers
and engineers worldwide.

medigan can help to reduce the time to run synthetic data experiments and can readily be
added as a component, e.g., as a dataloader as discussed in Sec. 3.5.2, in Al training pipelines.
As such, the generated data can be used to improve supervised learning models as described
in Sec. 4.3 via training or fine-tuning but can also serve as plug-and-play data source for
self/semisupervised learning, e.g., to pretrain clinical downstream task models.

Furthermore, studies that use additional synthetic training data for training deep learning
models often do not report all the specifics about their underlying generative model.””> Within
medigan, each generative model is documented, openly accessible, and reusable. This increases
the reproducibility of studies that use synthetic data and makes it more transparent where the data
or parts thereof originated from. This can help to achieve the traceability objectives outlined
in the FUTURE-AI consensus guiding principles toward Al trustworthiness in medical
imaging.” medigan’s currently 21 generative models are illustrated in Table 3 and developed
and validated by Al researchers and/or specialized medical doctors. Furthermore, each model
contains traceable”” and version-controlled metadata in medigan’s global.json file, as outlined in
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Sec. 3.3. The searchable (see Sec. 3.4) metadata allows one to choose a suitable model for a
user’s task at hand and includes, among others, the dataset used during the training process, the
trained date, publication, modality, input arguments, model types, and comparable evaluation
metrics.

To assess model suitability, users are recommended to first (i) ensure the compatibility
between their planned downstream task (e.g., mammogram region-of-interest classification) and
a candidate medigan model (e.g., mammogram region-of-interest generator). Second, (ii) a
user’s real (test) data and the model’s synthetic data should be compatible corresponding, for
instance, in domain, organ, or disease manifestation. If the awareness of the domain shifts
between real and synthetic data remains limited after this qualitative analysis, (iii) a quantitative
assessment (e.g., via FID) is recommended. Finally, (iv) it is to be assessed if a downstream task
improvement is plausible. This depends, among others, on the tested scenario and the task at
hand, but also on the amount, domain, task specificity and quality of the available real data, and
the generative model’s capabilities as indicated by its reported evaluation metrics from previous
studies. If a positive impact of synthetic data on downstream task performance is plausible, users
are recommended to proceed toward empirical verification.

The exploration and multimodel evaluation of the properties of generative models and syn-
thetic data is a further application of medigan. medigan’s visualization tool (see Sec. 3.6) intui-
tively allows the user to explore and adjust the input latent vector of generative models to visually
evaluate, e.g., its inherent diversity and condition adherence’ (i.e., how well does a given mask or
label fit the generated image). The evaluation of synthetic data by human experts, such as radi-
ologists, is a costly and time-consuming task, which motivates the usage of automated metric-
based evaluation such as the FID. Our multimodel analysis reveals sources of bias in FID report-
ing. We show the susceptibility of FID to vary substantially based on changes in input image
normalization or in the choice of the pretraining dataset of the FID feature extractor. This finding
highlights the need to report the specific models, preprocessing, and implementations used to
compute the FID alongside the FID ratio rgp proposed in Sec. 4.2.1 to account for the variation
immanent in the real dataset. With medigan model experiments demonstrably leading to insights
in synthetic data evaluation, future research can use medigan as a tool to accelerate, test, analyze,
and compare new synthetic data and generative model evaluation and exploration techniques.

5.1 Legal Frameworks for Sharing of Synthetic and Real Patient Data

Many countries have enacted regulations that govern the use and sharing of data related to
individuals. The two most recognized legal frameworks are the Health Insurance Portability and
Accountability Act (HIPAA)?? from the United States (U.S.) and the General Data Protection
Regulation (GDPR)*® from the European Union (E.U.). These regulations govern the use and
disclosure of individuals’ protected health information (PHI) and assures individuals’ data is
protected while allowing use for providing quality patient care.”'?2

Conceptually, synthetic data is not real data about any particular individual and conversely to
real data, synthetic data can be generated at high volumes and potentially shared without restric-
tion. In this sense, under both GDPR and HIPAA regulation, the rules govern the use of real data
for the generation and evaluation of synthetic datasets, as well as the sharing of the original
dataset. However, once fully synthetic data is generated, this new dataset falls outside the scope
of the current regulations based on the argument that there is no direct correlation between the
original subjects and the synthetic subjects. A common interpretation is that as long as the real
data remains in a secure environment during the generation of synthetic data, there is little to
no risk to the original subjects.'"?

As a consequence, the use of synthetic data can help prevent researchers from inadvertently
using and possibly exposing patients identifiable data. Synthetic data can also lessen the controls
imposed by Institutional Review Boards (IRBs) and based on international regulations by
ensuring data is never mapped to real individuals.'® There are multiple methods of generating
synthetic data, some of which include building models from real data, which can create a set
statistically similar to real data. How similar the synthetic data is to real-world data often defines
its “utility,” which will vary depending on the synthesis methods used and the needs of the study
at hand. If the utility of the synthetic data is high enough then evaluation results are expected to
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be similar to those that use real data.'® Being built based on real data, a common concern is
patient reidentification and leaking of patient-specific features in generative models.”!'> Despite
the arguably permissive aforementioned regulations, deidentification®® of the training data prior
to generative model training is to be recommended. This can minimize the possibility of
generative models leaking sensitive patient data during inference and after sharing. A further
recommended and mathematically-proven tool for privacy preservation is differential privacy
(DP).”> DP can be included in the training of deep generative model, among other setups,
by adding DP noise to the gradients.

5.2 Expansion of Available Models

In the future, further generative models across medical imaging disciplines, modalities, and
organs can be integrated into medigan. The capabilities of additional models can range from
privatising or translating the user’s data from one domain to another, balancing or debiasing
imbalanced datasets, reconstructing, denoising or removing artifacts in medical images, or resiz-
ing images, e.g., using image super-resolution techniques. Despite medigan’s current focus on
models based on GANS,'® the inclusion of different additional types of generative models is
desirable and will enable insightful comparisons. In particular, this is to be further emphasized
considering the recent successes of diffusion models,” %’ variational autoencoders,?! and nor-
malizing flows?>* in the computer vision and medical imaging'®>~'"” domains. Before integrat-
ing and testing a new model via the pipeline described in Sec. 3.8, we assess whether a model is
to become a candidate for inclusion into medigan. This threefold assessment is based on the
SynTRUST framework’ and reviews whether (1) the model is well-documented (e.g., in a
respective publication), (2) the model or its synthetic data is applicable to a task of clinical
relevance, and (3) whether the model has been methodically validated.

5.3 Synthetic DICOM Generation

Since the dominant data format used for medical imaging is Digital Imaging and Communications
in Medicine (DICOM), we plan to enhance medigan by integrating the generation of DICOM
compliant files. DICOM consists of two main components, pixel data and the DICOM header.
The latter can be described as an embedded dataset rich with information related to the pixel
data such as the image sequence, patient, physicians, institutions, treatments, observations, and
equipment.%® Future work will explore combining our GAN generated images with synthetic
DICOM headers. The latter will be created from the same training images from which the medigan
models are trained to create synthetic DICOM data with high statistical similarity to real-world
data. In this regard, a key research focus will be the creation of an appropriate and DICOM-
compliant description of the image acquisition protocol for a synthetic image. The design and
development of an open-source software package for generating DICOM files based on syn-
thesized DICOM headers associated to (synthetic) images will extend prior work'® that demon-
strated the generation of synthetic headers for the purpose of evaluating deidentification methods.

6 Conclusion

We presented the open-source medigan package, which helps research in medical imaging to
rapidly create synthetic datasets for a multitude of purposes such as Al model training and
benchmarking, data augmentation, domain adaptation, and intercentre data sharing. medigan
provides simple functions and interfaces for users, allowing one to automate generative model
search, ranking, synthetic data generation, and model contribution. By reuse and dissemination
of existing generative models in the medical imaging community, medigan allows researchers to
speed up their experiments with synthetic data in a reproducible and transparent manner.

We discuss three key applications of medigan, which include (i) sharing of restricted datasets,
(ii) improving clinical downstream task performance, and (iii) analyzing the properties of gen-
erative models, synthetic data, and associated evaluation metrics. Ultimately, the aim of medigan
is to contribute to benefiting patients and clinicians, e.g., by increasing the performance and
robustness of Al models in clinical decision support systems.
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Chapter 7

Results and Discussion

This thesis represents a comprehensive exploration of the challenges and advancements
in leveraging generative models for cancer imaging, with a focus on addressing criti-
cal issues such as data scarcity, privacy, domain adaptation, and clinical integration.
Throughout the work, novel frameworks and methodologies were proposed, validated,
and applied to enhance tasks like synthetic data generation, tumor localization, diag-
nostic accuracy, and privacy-preserving machine learning. In this chapter, we provide a
reflective account of the methods, applications and findings presented in the preceding
chapters, alongside considering their limitations, implications and potential for future

research.

7.1 Contrast Localization and Characterization

7.1.1 Modeling of Contrast Patterns

In Chapter [3] and Chapter [, deep generative models were introduced for synthesizing
how non-contrast-enhanced MRI scans would visually appear if contrast media would
have been intravenously injected before acquisition of the MRI scan. The network
architectures presented for this task are (a) a conditional generative adversarial network
in Chapter [3|and (b) a multi-conditional ControlNet latent diffusion model in Chapter
[l The application of such generative models to this task introduces a non-invasive, cost-
effective, and clinically valuable alternative to the traditional injection of gadolinium-
based contrast agents (GBCA). The generative models were able to learn temporal

patterns based on learning from multiple DCE-MRI sequences acquired in irregular
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7.1. Contrast Localization and Characterization

time intervals after contrast agent injection. The respective time-signal intensity curves
observed and modelled in these sequences reflect the uptake, wash-in, peak contrast,
and wash-out phases of the contrast agent over time [227, [61] [[17]. Observing these
temporal patterns in the tumor area enables tumor characterization such as tumor
subtype and malignancy determination, and treatment response prediction and planning
[30, 208, B5]. Apart from tumor characterization, generative models are also useful
for tumor diagnosis and treatment planning. This is exemplified by their capability,
after learning the task of predicting contrast in non-contrast enhanced MRI, to localize,
detect and potentially also segment tumors without the need of direct supervision via

segmentation masks.

7.1.2 Impact and Benefit of Contrast Prediction Applications

Detecting tumors via virtual contrast injection is particularly relevant considering the
existence of multiple patient populations which receive breast MRI cancer screening
examinations in breast cancer screening programs. This is common, for example, in
patients with harmful BRCA1 or BRCA2 genetic changes, which have a prevalence
ranging between 0.2% to 0.3% in the general population [I6I]. Apart from unlocking
new diagnostic options, the simulation of contrast-enhancement does not bear the risks
associated with contrast injections, benefiting, among others, patients with contrast
agent contraindications such as pregnancy or kidney diseases. Simulating contrast
as opposed to using only non-contrast enhanced scans, can unlock better diagnostic
and therapeutic capabilities for these patients. One example are patients with chronic
kidney disease, which, as a progressive condition, has a global prevalence between 11%
to 13%, amounting to over 800 million individuals [90} [IT4]. In terms of adverse health
effects after iodinated contrast media (ICM) administration, overall incidence rates
have been reported to range between 0.15% and 0.69%, with severe reactions occurring
in 0.005% to 0.013% of cases, as assessed in a retrospective review of 456,930 doses in
a single center [95]. The study defined adverse effects as a reaction occurring in the
radiology suite during contrast administration or within 30 minutes of administration
[95]. Tt is to be noted that the reported numbers refer to a patient population that had
been previously filtered, as contrast agents were likely not administered in patients
with known allergies or any other contraindications. With some patients further
receiving premedication, the aforementioned percentages likely underrepresent the true
risk of adverse reactions in a broader unfiltered population. Apart from that, also

the long-term effects of contrast agents, such as gadolinium deposition in the body,
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are to be taken into consideration in separate long-term studies and assessments of
correlation and causality with health-related observations [165] 08| [165]. In this regard,
by simulating contrast uptake over multiple timepoints, generative models can unlock
personalized treatment planning for large patient cohorts, while also reducing imaging
costs, scan times, and patient discomfort, coupled with reduced examination times
for patients, reduction of motion artifacts, and reduced risk of adverse health effects.
Additionally, the generated synthetic data, as additional training or inference data,
can improve machine learning models, e.g. for tumor classification, detection, and
segmentation. Furthermore, the aforementioned generative models can become part of
a promising set of methods towards mitigating the environmental issues and concerns

related to gadolinium contamination [I80, 48] 29].

7.1.3 Extension of Modeling Capabilities and Input Data Sources

The research conducted as part of this thesis successfully demonstrates the feasibility
of generating high-quality synthetic contrast-enhanced MRI (DCE-MRI) images in
the realm of breast cancer using deep generative models. Despite this advancement,
challenges remain, including further improving temporal coherence in multi-sequence
DCE-MRI synthesis, refining contrast kinetics modeling, and validating the clinical
utility of the synthetic data. Such clinical utility can further be assessed in large-scale
clinical and translational studies in diverse clinical settings. To this aim, it is to be
measured how generative models, such as the ones proposed as part of this thesis,
can thus reliably support diagnostic workflows and/or personalized cancer treatment
planning. Apart from breast imaging, this extends to further modalities where the
aforementioned modeling methods are prone to result in clinically useful applications,
such as, by way of example, in liver DCE-MRI [210], 221}, [T02]. As real-world adoption
of new tools and methods are prone to follow an iterative approach, a first step towards
clinical application can comprise to synthetically increase the contrast agent dose
rather than generating the entire contrast synthetically. This can allow to reduce
the dose of the physical injection [I57]. Another feasible proof-of-concept for clinical
integration is the generation of unobserved time-points of contrast-enhanced scans. For
instance, based on the first DCE-MRI sequence x;, acquired after a specific time ¢;
has passed since contrast agent injection at ty, the generative model can predict the
subsequent DCE-MRI sequences z,, ..., 2+, , thus potentially reducing the acquisition
times. Similarly, the generative models can simulate unobserved DCE-MRI time points,

€.g. Ty, Ty, Tty, that complement observed time points, e.g. xy,, Z+,, ¢, , enabling the
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creation of a fine-grained video showing contrast-enhancement and contrast-diffusion,
rather than the common temporal extrapolation of contrast manifestations based on
a few acquired time points. Furthermore, from a generative modeling perspective,
multiple additional realms of further exploration exist to enhance synthetic data quality
and utility. These include, by way of illustration, the joint synthesis of multiple time-
conditioned DCE-MRI corresponding sequences, as well as the generation of the full
3-dimensional DCE-MRI volumes, ideally accomplishing high resolution not only in axial
direction, but also in the sagittal and coronal planes. As shown, multiple conditions
can be integrated into generative models, such as our proposed ContrastControlNet,
enabling the addition of further complementary information into the model including
clinical tabular data and/or textual descriptions of the patient, the respective medical
history, biopsy information, as well as further imaging data. Such imaging data, apart
from longitudinal data points, includes variations in acquisition protocols, scanner
types, and field strength, but also additional imaging modalities such as diffusion
weighted imaging from multiple different b-values, T2-weighted images, subtraction
image sequences [191], 236], as well as non-fat-suppressed pre- and post-contrast MRI
[77].

7.1.4 Measuring the Uncertainty of Synthetic Contrast

An important step towards clinical adoption is the introduction of a confidence measure
to quantify the trustworthiness and certainty of a synthetically highlighted tumor. A
suggested line of research is the output of a confidence map highlighting the confidence
the generative model assigns to each pixel or voxel of the output image [105]. Uncer-
tainty estimation is one methodological direction towards creating such confidence maps
and can be categorized into aleatoric uncertainty (data uncertainty e.g., due to inherent
data noise) and epistemic uncertainty (model uncertainty e.g. due to limited data).
Uncertainty estimation methods such as Monte-Carlo Dropout [74], Deep Ensembles
[120], Layer Ensembles [I19], or Test-time augmentation (TTA) [216], leverage the vari-
ability between multiple predictions to extract a per-pixel uncertainty estimates. Apart
from these methods, latent diffusion models such as the ContrastControlNet, contain
multiple potential sources and hyperparameters that can introduce a variation of the
output such as the steps of the DDIM scheduler [200] during inference, the controlnet
guidance scale (i.e. the multiplier of the controlnet latent representation when added to
the representation of the denoising unet [234]), or the classifier-free guidance scale (i.e.

the multiplier of the text prompt latent representation [I8T]). Using these techniques to
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vary the output of the generative model can produce useful uncertainty estimates that
can lead to interpretable guidance for clinical practice. Considering model biases and
best practices for responsible deployment of deep learning models in clinical practice
[130], the confidence of a generative model in its prediction of how a tumor visual
manifests on a medical scan can be used to aid clinical decision-making. Evaluating on
a case by case basis, if the confidence is below an empirically-defined threshold, then
an MRI scan with contrast agent injection can be the preferred option alongside its

synthetic counterpart before deciding on the course-of-action for an individual patient.

7.1.5 Detection of Anomalous Regions-of-Interest

A further interesting avenue to explore is the comparison between real and synthetic
contrast-enhanced MRI or respective subtraction images [122] to assess whether dif-
ference between the two scans can allude to a need for better understanding of the
case at hand. A divergence of the synthetic scan from the real counterpart may
indicate a tumor characteristic outside the training data distribution of the respective
generative model or a deviation from common patient population statistics. In analogy
to normative learning in anomaly detection methods [38] [I8], in this scenario the
non-healthy, disease-containing distribution is learned by the generative models. Hence,
detecting a divergence from the predicted manifestation of a disease (e.g., wash-in and
wash-out temporal patterns and hemodynamic features [61], [39], low-intensity necrotic
tumor cores [2], or changes in tumor vascularization and permeability [I53] [7]) can
point towards a clinically relevant anomalous characteristic. Upon identification of
such anomalies, these can thus be flagged for further investigation by clinical experts
to explore their medical root causes and clinical impact. Apart from the character-
ization of a single specific lesion, unsupervised detection allows to localize multiple
anomalous regions. By way of example, such methods can enhance the detection of
bilateral or multifocal breast cancer manifestations as well as non-mass enhancements,
as supervised lesion detection or segmentation models [I66] [105] are often trained
to localize only the primary lesion e.g. due to single-lesion annotation protocols of
respective datasets [80] [I85]. The output of supervised models can contain further bias,
e.g. due to inter-observer annotation variability [I05], varying annotation quality, as
well as shifts in annotation protocols [6l, B3]. Such biases are likely not present in the
comparison of pre- to post-contrast images and respectively trained generative models,
allowing the latter to be used to mitigate or adjust incoherent, imprecise, or biased

outputs of the supervised models.
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7.1.6 Additional Longitudinal Temporal Pattern Prediction

The aforementioned detection of divergence from expected population statistics learned
through deep generative models can further be used to assess temporal patterns. This
is particularly important for monitoring and assessing treatment success in patients.
Patient-specific prediction of both factual and counterfactual progression trajectories for
different interventions can inform personalized treatment choices and expectations for
disease evolution [59]. The response to treatments, such as Neoadjuvant Chemotherapy,
is often measured based on observations on breast MRI scans that are acquired
in intervals over the course of the intervention [I76 B0]. Such longitudinal data
acqusition is common in multiple scenarios, where patients have regular DCE-MRI
examinations for purposes ranging from inclusion in screening programs to lesion
monitoring, intervention planning, or disease recurrence detection. In this regard, the
generative model’s described in Chapter [ and [ can learn the additional temporal
pattern over such longitudinal intervals. To date, the described models predict, based
on the pre-contrast image zo,, acquired at timepoint lo,, the post-contrast images
of the first acquisition period a;. However, including a temporal

T T

ag? a1

dimension of multiple acquisition periods ay, ... a,,, such post-contrast images can
be predicted at one or several time-points 1, , ..., tn, . Such a prediction can be
based on different input data points, for example, the pre-contrast image z, , the
real post-contrast images x1, ..., x,, at one or several variable previous acquisition
periods a, their synthetic post-contrast counterparts Zi, ..., Z,, or a combination
thereof. Such future work, predicting the additional temporal dimension of images
across acquisition periods as, ..., a,, is envisioned to further extend the capabilities
and clinical utility of the presented generative modeling methods. For instance, models
can thus learn the temporal patterns of tumor growth, expected treatment response,
or disease progression patterns, including time-to-event prediction such as disease
occurrence [I67] [I72] or cancer recurrence, for which breast DCE-MRI data can hold
predictive value [135] [12], 209, [40]. Similar to the methods described in Section
a divergence from expected temporal patterns can be indicative of clinically relevant
characteristics. As an illustration, if a shrinking tumor volume is predicted by the model,
but not physically observed in the real DCE-MRI data between acquisition intervals,
this could describe interaction patterns between treatment and disease requiring further
root cause analysis. By way of illustration, if the tumor does not respond sufficiently,
this could, among multiple factors, be a potential indication of an emerging presence

of a growing or specifically evolving cell subpopulation or compartments within the
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tumor microenvironment (TME). Such specific cancerous cells and compartments could,
due to phenotypic characteristics or mutations, acquired for example due to selective
pressures caused by the applied treatment, affect the treatment response [91] [103] 228].
Due to the dynamics and heterogeneity of the TME such cell subpopulation might not
have been fully sampled in biopsy probes [20]. Apart from deviations from the expected
that inform clinical decision making, a further stream of application is the simulation
of potential or counterfactual scenarios. At time point t,,, generative models can
synthesize DCE-MRI data for time points ¢,,, ..., ta,, thereby modeling progression
patterns such as patient trajectories into the future. Such projected future scenarios can
have value for clinical decision making at the present timepoint ¢,,. One example of an
application in breast DCE-MRI is the longitudinal screening of cohorts with high-risk
profile such as carriers of pathogenic BRCA1, BRCA2 mutations [I16, 160]. At the
present timepoint t,,, generative models are thus to learn to detect signals of nuanced
precursors of breast cancer and visualize them in synthetic DCE-MRI imaging data Ty,
for future timepoint ¢,, . Furthermore, the capability of forecasting multiple potential
progressions based on variation in the input data can highlight the importance of each
input variable and indicate a personalized risk profile for each patient. For example,
the latent diffusion model proposed in Chapter [4] retrieves a textual input containing
information relevant to the modeling task at hand, such as type of contrast agent and
bolus volume. Such a textual input can be readily appended in longitudinal modeling
scenarios to include temporal, as well as patient (electronic health record, demographic
data, genetic data, previous symptoms), disease (e.g. subtype, biopsy, BI-RADS,
histology, etc) or treatment specific (type, dosage, frequency, duration, location, etc)
information. When slightly varying these inputs and re-running model inference, the
changes between inference outputs observed when comparing the respectively resulting
synthetic images or simulations, can bear potential prognostic and diagnostic value

that is to be quantified in subsequent studies.

7.2 Towards New Data and Model Sharing Paradigms

7.2.1 Solving Data Availability

The application of deep learning in medical imaging promises important improvements
in diagnostic accuracy, as has been discussed in this thesis on the examples of cancer
classification, unsupervised tumor localization via contrast inpainting, and breast

tumor segmentation. To date, large-scale clinical deployment and adoption of such
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models is hindered by limitations in data availability, data privacy concerns, and
the risk of patient information leakage during training and inference. Traditional
data-sharing methods, which are common in other fields related to computer vision,
are constrained in medical imaging due to ethical, legal, and technical barriers that
are, among others, defined to protect patient privacy. Exploring solutions within
the paradigm of generative model sharing as an alternative to direct dataset sharing
presents a promising approach to addressing the data demands of deep learning models
[206]. The utility of synthetic data, and thus of this shift, has been discussed, for
instance, for large language models (LLMs), where training generative models as well
as downstream task models on generated data is becoming increasingly prevalent
[76, 136, 204], 218].

7.2.2 Privacy-Aware Sharing of Models and Data

While enabling collaborative research and data sharing, encapsulating knowledge from
data into generative models allows medical institutions to share the essential features of
a data distribution while limiting the exposure of identifiable patient information. The
medigan library described in Chapter [6] presents an implementation of this concept,
providing an open-source repository of ready-to-use generative models trained on a
variety of medical imaging datasets. To this end, it can be argued that trained deep
generative models can still leak some patient-specific information, as has been explored
for instance for diffusion models [68, [32]. Furthermore, private information can be
exposed via privacy attacks [136] such as ones reconstructing the images that were

used as input during model training [86] [13].

Sharing Privacy-Preserving Synthetic Data Without Generative Model
Weights

One option to reduce this risk while still allowing data to be shared is to distribute
only the respectively generated data rather than the generative model itself. Arguably,
this can further decrease privacy risks as privacy attacks often rely on access to the
trained model weights [I3, B6]. Indeed, based on the European Union’s General
Data Privacy Regulation (GDPR) (Article 4(1) and Recital 26) [66] and related legal
interpretations, data is considered non-personal if rendered synthetic to the extent that
individual re-identification is no longer feasible [142]. To this end, the interpretation
of “acceptable-risk” further introduces a relaxation of this definition by stating that

the risk of re-identification does not need to be fully eradicated but rather reduced
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to an “acceptable” level [142]. This interpretation empowers synthetic data in model
training as potentially legally compliant privacy-preserving techniques, even without
guaranteeing “zero” re-identification risk. To complement and demonstrate such a legal
interpretation, it is to be assessed empirically to what extent the inherent properties of
synthetic data, when originating from one or several different generation algorithms,
provide protection against different privacy attacks. Moreover, in scenarios where
synthetic data is interpreted as being shareable, it also remains an open research
question to devise mechanisms that quantitatively indicate whether, when, where, and
to what extent synthetic data is a viable, and potentially even preferable, alternative

to real patient data.

Enhancing Utility in Scenarios with Strict Privacy Requirements

As discussed in Chapter [5] sharing of generative models or of respective synthetic
data can suffice as privacy preservation mechanism in multiple use-cases. However, in
particularly sensitive or regulated cases proven privacy guarantees can be a requirement,
ensuring plausible deniability. Wherever such strict privacy guarantees are necessary,
one option is to train generative models under a differential privacy guarantee [60]
using methods such as differentially-private stochastic gradient descent (DP-SGD)
[1]. Due to the post-processing theorem in DP, the synthetic data generated by a
generative models trained under a DP guarantee inherently retains this guarantee.
Viewing generative model training in analogy to a lossy data compression mechanism,
where data is stored in model weights, future research can explore whether, and to what
extent, the transition of data into generative model weights during training reduces the
presence of private information. In this realm, it is an open question if the inherent
randomness in generative model algorithms, including restoring [199] or sampling [83]
data from random noise, can enhance the privacy of their DP counterparts to improve
privacy-utility tradeoffs. First initial studies have shown the feasibility and utility of
training generative models under DP-SGD based privacy guarantees [81] in the medical
domain for 3D cardiac MRI synthesis [40].

Applying Local Differential Privacy After Model Training

Apart from training models under DP guarantees, a further practical alternative exists
to ensure DP protection of patient data, namely, Local Differential Privacy (LDP) [109].
LDP ensures privacy by adding controlled randomness directly to data, such as medical

images, rather than to model training mechanisms. LDPs potential for real-world
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applications in the clinical domain and beyond has been corroborated by its recent
deployments on the scale of millions of users [64] [54, [I5] enabling organizations to gather
meaningful insights from private data. With hybrid differential privacy models being
highlighted for their potential as backbone of future privacy protection frameworks
[9, [15], future research can investigate privacy-utility trade-offs [47] by adjusting the
strictness of LDP guarantees for individual training data points, considering factors
such as data sensitivity and patient preferences from whom the data was collected.
Integrating LDP with techniques such as DP-SGD presents a promising direction for
enhancing privacy-utility trade-offs with personalized privacy guarantees, while ensuring
a minimum global DP guarantee across the entire patient cohort in the training dataset.
While LDP is primarily applied during data collection, its relevance to generative model
sharing frameworks such as the medigan library lies in its potential to enhance privacy
at various stages of data utilization. Specifically, where required, medigan-generated
synthetic data can be subject to post-hoc differential privacy mechanisms, such as noise
injection or other privacy-preserving transformations. Nonetheless, it is to be noted
that post-hoc DP application can result in lower privacy-utility tradeoffs compared to

models trained under DP constraints.

Sharing Differentially-Private Downstream Task Models

Apart from sharing datasets or trained generative models, a further option is to provide
ready-to-use downstream task models. Despite a reduction in general applicability
compared to sharing data or generative models, the dissemination of downstream task
models can be less restrictive in terms of privacy concerns, while advantageous in
terms of reproducibility and standardization across centers. With downstream models
also potentially leaking sensitive information [86] [13], a viable mitigation measure is
training such models under privacy constraints, as was previously described for DP
generative model training. This is demonstrated in Chapter [5|, where downstream
cancer classification models are trained using DP-SGD to empirically explore the
impact of different privacy guarantees and synthetic training data. The exploration
demonstrated that synthetic data, used for either model pretraining or as training
data augmentation mechanism, can improve the downstream task performance of the
privacy-preserving classification models. This highlights the potential of synthetic
data to promote broader adoption of deep learning models in clinical applications by
improving privacy-utility trade-offs. This is particularly relevant in settings where (i)
model performance, (ii) privacy protection, or (iii) access to diverse datasets have been

critical limitations for respective development, assessment, deployment, and adoption
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of deep learning models.

Towards Combining Multiple Privacy Mechanisms

In terms of privacy preservation, a further promising future direction is the combination
of federated learning [I50] and generative model training as shown for different medical
imaging modalities by Chang et al [34]. Instead of transferring datasets or trained
generative models, institutions can train local generative models on their own data while
sharing (and receiving) only learned representations or compressed model updates. Such
federated multi-center collaborative settings can further enhance privacy by training
local models under DP-SGD [46], as discussed in Chapter [2| A further additional
option for privacy preservation applicable in this setting is the training of deep learning
models directly on encrypted data [I59] 23], 44]. Such measures reduce an attackers
possibility to reconstruct patient data when (a) accessing model weights, (b) retrieving

respective synthetic datasets, or (c) intercepting transferred gradient values.

7.3 Trustworthy Artificial Intelligence in Healthcare:
Synergizing FUTURE-AI and Generative Models

Developed in collaboration as part of this thesis, the FUTURE-AI framework is an
international consensus guideline for trustworthy and deployable artificial intelligence
in medical imaging [13I] and healthcare [130]. For healthcare, it formulates a compre-
hensive set of guidelines based on consensus from 117 interdisciplinary experts from
50 different countries, including AT scientists, clinical researchers, and social scientists.
The set of guidelines are structured into seven guiding principles including a total of 30
recommendations. The principles, apart from a General Principle (7 recommendations),
include the Fairness (3), Universality (4), Traceability (6), Usability (5), Robustness
(3), and Explainability (2) principles.

7.3.1 General: Privacy via De-Identifying Data Synthesis

Applicable to generative model solutions, recommendation 2 of the General FUTURE-
Al Principle guides to implement measures for data privacy and security. As discussed
in the previous section using data generated by generative models rather than
real data addresses data privacy requirements. This is aligned with General recommen-

dation 5 suggesting that one should identify and comply with applicable AI regulatory
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requirements during Al development and deployments. Such regulatory requirements,
stipulated for example by the GDPR [66] or HIPAA [212] regulations, can require
privacy protection of personally identifiable information. As investigated in Chapter [j]
and reviewed in Section [7.2.2] generative models can be a useful method to de-identify
a data source by providing and sharing only its synthetic data and/or by training

under strict differential privacy guarantees.

7.3.2 Fairness: Via Balanced Dataset Generation

In terms of the Fairness principle, FUTURE-AI recommends that one defines any
potential sources of bias from an early stage (1), collect information on individuals’
and data attributes (2), and evaluates potential biases and, when needed, bias correction
measures (3). For instance, a downstream task model trained predominantly on data
from a single ethnic, gender, or demographic group is prone to contain limitations in
generalizing to other underrepresented populations. This can be particularly concerning
in oncology, where tumor characteristics and imaging biomarkers can vary significantly
across genetic and demographic groups [4, [78] 33, [107]. If diagnostic models are biased
towards specific populations or types of cases from the training distributions, they can
demonstrate lower performance levels in other subpopulations or types of cases. For
example, a collaboration supervised by the author of the present thesis demonstrated
that fairness across populations with different skin colors is questionable and likely not
correctly assessed in current skin lesion classification models in dermatology [107]. A
further collaboration by the author showed that the performance of models detecting
breast masses in screening mammography varies for patient populations depending on
their breast density [79]. After defining, quantifying, evaluating and reporting such
biases, one potential next step is the mitigation of these biases, where one solution is to
generate synthetic data representing patient groups that are otherwise underrepresented
in the respective dataset. As was investigated in collaborative works [6], 107, [198], [79]
conducted alongside this thesis, adding such synthetic data to the training datasets of
supervised deep learning models can enhance performance and fairness across patient
subgroups. This emphasizes the potential of open sharing of generative model weights,
as discussed in Chapter [6] which can foster broad and equitable access to synthetic
datasets across institutions including those in resource-constraint settings. Such access
to the capabilities of pretrained generative, as well as downstream task models, allows
research institutions and hospitals to balance their respective datasets and to analyze

and ensure that their models benefit all sub-groups of their patient population.
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7.3.3 Robustness: Enhancement via Synthetic Data

Recommendation 3 of the Robustness principle suggests to evaluate and optimize
robustness against real world variations for both the research stage as well as the
deployment stage of Al solutions in healthcare. As elaborated in Chapter [2] generative
models are capable of simulating variations of respective data using techniques such as
image editing, conditional synthesis, and image-to-image translation. This enables the
generation of data that bridges existing domain gaps, populating low-density parts of
the data distribution at hand. One illustration of this principle includes the translation
of T1-weighted pre-contrast breast MRI to respective dynamic contrast enhanced
(DCE)-MRI using generative adversarial networks in Chapter 3] For clinical scenarios
where a tumor segmentation model encounters discrepancies between the training
and inference data distributions, i.e. training on pre-contrast images while having to
perform inference on post-contrast images as explored in Chapter [3] the segmentation
performance can be adversely affected due to such domain gaps. However, incorporating
synthetic post-contrast MRI volumes into the pre-contrast training dataset can notably
improve segmentation performance, highlighting both the existence and impact of the
domain shift, while also corroborating the potential of synthetic data in mitigating

such discrepancies.

7.3.4 Explainability: Via Controlled Variations in Input Condi-

tions

FUTURE-AI also recognizes the need for intuitive explanations allowing researchers,
clinicians, and patients to interpret and scrutinize the rationale behind a model’s
predictions. Taking this under consideration, the second recommendation of the
Explainability Principle suggests to evaluate explainability with end users, for example,
on correctness and impact on users, after defining the need and requirements for
explainability with end users respectively in the first explainability recommendation. In
this regard, a visually interpretable approach to explaining model predictions involves
systematically varying the model’s input and observing the corresponding changes in its
output. The generation of counterfactual data points can thus enables controlled input
variations, allowing for the exploration of alternative scenarios beyond the original
case. By conditioning the generative process on specific variables, such as patient age,
health status, or disease progression markers, the underlying factors influencing model
decisions can be analyzed. For instance, generative models can synthetically alter

disease manifestations or anatomical structures in organs such as the brain [168] or heart
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[31] based on conditioning variables like patient age. Feeding these altered images into
a secondary downstream model enables the assessment of prediction changes, thereby
enhancing model interpretability and supporting personalized clinical decision-making.
As generative models gain traction in clinical applications, their role as explainability
tools through counterfactual data generation can also improve usability and, overall,

trustworthiness of Al solutions in healthcare.

7.3.5 Explainability: Via Counterfactual Synthesis

Recommendation 3 of the Usability Principle encourages to provide training materials
and activities such as tutorials and hands-on sessions, facilitating know-how and ease
of adoption for Al tools in healthcare. In this realm, generated counterfactual data can
be useful as education material for clinical users of Al tools to interactively and visually
explore a model’s data sources and limitations. Even beyond tool usage, counterfactual
samples can also enhance the training curriculum of health professionals, exploring
simulated low-probability patient scenarios and augmenting the number of cases and

variations available as education material.

7.3.6 General: Definition of Adequate Evaluation Plans

Generative models are to become increasingly integrated into clinical practice, for
instance, as direct problem solvers for downstream tasks such as virtual contrast
synthesis discussed in Chapters [3] and [d] as tools for patient cohort anonymisation
and data sharing as suggested in Chapters [f] and [6] or as methods for augmenting
the training data of other downstream task models elaborated in Chapters and
[6l This highlights the growing importance of research into meaningful, reliable, and
systematic evaluation of both generative models and of the data they produce. To this
end, FUTURE-AI envisions in its fourth recommendation within its General Principle,
the importance of defining adequate evaluation plans, e.g., datasets, metrics, and
reference methods. However, research into the design of such concrete evaluation plans
has been limited, in particular for generative models and for their evaluation as they are
adopted in clinical settings. This motivates the exploration of evaluation frameworks,
dimensions, and metrics as part of the present thesis, with respective results being

summarized and discussed in the subsequent Section [7.4]
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7.4 The Intricacies of Evaluating Generative Models

Apart from proposing modeling methodologies and applications, this thesis places fur-
ther emphasis on the evaluation of generative models and corresponding synthetic data.
Ensuring the quality, reliability, and clinical applicability of synthetic data is critical
for its integration into medical imaging workflows. With proposed evaluation methods
distributed across Chapters this section constitutes a consolidated discussion of
these methods, providing a structured analysis of generative model assessment through

the defined frameworks, criteria, metrics, and domain-specific evaluations.

7.4.1 Evaluating Synthesis Studies using SynTRUST

Table 7.1: Summary of the SynTRUST framework defined in Chapter [2| alongside its
dimensions and building blocks for evaluating the trustworthiness of studies proposing synthetic

data or respective data generation methods in medical imaging.

Dimension Description and Rationale Concrete Measures

Thoroughness Ensuring rigorous and well- | Minimum test set size, multi-metric
validated experiments, with gen- | reporting, multiple result validation
eralizable results and compara- | runs, fair baseline comparison, princi-
bility across models, based upon | pled benchmark definition, significance
which generally applicable conclu- | testing, ablation of key components of
sions can be drawn. a method, effect of varying training set

size.

Reproducibility | Ensures that studies can be | Detailed reporting of design decisions,
repeated and verified by inde- | public availability of dataset, public
pendent researchers, promoting | availability of software code, public avail-
transparency in reporting meth- | ability of model weights.
ods, datasets, and models

Usefulness Practical applicability of syn- | Synthesis method usability testing,
thetic data and models, approx- | quantitative quality measurement, qual-
imating how well synthetic data | itative quality measurement, mode col-
serves real-world use-cases lapse analysis.

Scalability Transferability across datasets, | Real-world representing data, multi-
institutions, and clinical applica- | dataset evaluation, multi-centre evalua-
tions, measuring generalization | tion, multi-downstream task evaluation,
across a-priori known and un- | downstream task robustness evaluation.
known variations in real-world
settings

Tenability Trustworthiness, fairness, and pri- | Condition adherence testing, bias aware-
vacy considerations, addressing | ness analysis, model hallucination ten-
concerns regarding potential bi- | dency analysis, fairness variation testing,
ases and risks inherent in or as- | privacy preservation testing.
sociated with models and their
outputs.
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Considering existing frameworks for reporting healthcare-related Al studies such as
FUTURE-AI [129], TRIPOD+AI [43], and TRIPOD-LLM [75] focusing on general-
purpose tools, supervised learning methods, and large language models, this thesis
identified a gap in validation and reporting practices specific for image synthesis.
Addressing this gap, the Syn TRUST framework, introduced in Chapter [2] provides
a comprehensive approach for evaluating studies that utilize or propose data syn-
thesis. Consisting of 26 concrete measures distributed across its 5 core principles,
the SynTRUST framework is summarized and discussed in Table [7-1] with its core
principles being Thoroughness, Reproducibility, Usefulness, Scalability, and Tenability.
As visualized in Chapter [2] the number and variety of publications in the field of
deep generative models in computer vision and medical imaging has been notably
increasing. This demonstrates the timeliness and importance to define frameworks for
a specific and principled analysis of such types of studies. This further aligns with the
emerging need and ultimate objective of demonstrating the technology maturity and
readiness for clinical adoption of such models. To conduct clinical assessments and
trails of generative model, the validation-specific measures defined by SynTRUST can
be consulted as a solid indicator for deployment maturity. However, further dimensions
exists and are to be taken into consideration going beyond the technical validation of
the models. These include all areas where deployed models constitute a deviation from
the prevailing status quo, e.g., impacting clinical workflows, patient assessments, tool

usage and automation, as well as having societal or environmental effects.

Risks of Automation Bias

For instance, one particular real-world impact of clinical deep learning models is au-
tomation bias, which occurs when clinicians over-rely on Al recommendations and
potentially overlook their own judgment. Among other studies [I78], 82], Dratsch et
al. [58] recently showed that radiologists interpreting mammograms were significantly
influenced by incorrect Al suggestions. For instance, the diagnostic accuracy of the
group of less experienced radiologists notably plummeted from 79.7% to 19.8%. Think-
ing of automation bias in terms of generative models, one hypothesis is that frequent
visualization and assessment of synthetic images, e.g. to simulate patient trajectories
or virtual contrast agents, can reduce the awareness of clinicians to detect nuanced
synthetic anatomical deviations from real data. Frequent observation of image-to-image
translation outputs, for instance, could result in decreased capabilities of distinguishing
between correct and hallucinated image contents. Paired with disproportionate trust

in such outputs, such an automation biases can negatively impact clinical decision-
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making and highlight the need for training and safeguards to mitigate automation bias.
Ensuring that AI models serve as a clinical support tool rather than a replacement
for clinical expertise is, thus, a critical dimension for evaluation of models, calling for

adjustments in study designs and corresponding assessment measures and metrics.

Increasing Efficiency and its Causal Mechanisms

Other evaluation dimensions are to consider cost-effectiveness and efficiency of genera-
tive Al solutions, particularly when integrated into clinical workflows. For example,
measuring a reduction in the time it takes to conduct a clinical task by using a deep
generative model can potentially allude to increases in efficiency and cost effectiveness
[I10]. However, it is to be scrutinized whether a reduction in time for task completion
is rather caused in part, or entirely, by other factors associated to cost-cutting and
automation initiatives that can result in a reduced quality of care. Despite the potential
benefits of deep learning models, reducing human autonomy or the level of human
supervision of Al tools and of clinical decision-making, can become a risk for a declining
quality of the related diagnostic tasks, clinical interventions, and patient interactions.
To this end, such risks and effects are to be analyzed and evaluated, facilitating an
awareness whether a need emerges to define mitigation strategies or modifications of
Al-assisted clinical workflows to ensure improved health outcomes. For instance, an
earlier detection of breast cancer not only improves health outcomes, but also leads to

a substantial reduction in respective treatment costs [22].

Sustainability of Model Training and Inference

Further normative assessments and trade-offs exists that require in-depth evaluation
of deep learning models in general and of deep generative models in particular, such
as their resource efficiency and environmental impact. To this end, recent large-scale
deployments of autoregressive large language models (LLMs) have drawn attention to
the vast energy consumption of such generative models [I87) [06]. If the availability
and size of resource-intensive general-purpose models continues to expand, further
encompassing multi-modal generative models [205], vision-language models [25], and
agentic systems [196] alongside LLMs, overall energy consumption levels can be expected
to continue to rise substantially. In this regard, resource efficiency and sustainability,
for instance in terms of carbon emission [192] and water consumption [I34], of deep
generative model training and inference is a further dimension of impact that can be

integrated into model evaluation frameworks. Once a model’s environmental footprint
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is quantifiable, comparable, and embedded within standard evaluation practices, it
becomes easier to assess trade-offs associated with model training and adoption. This, in
turn, enables the development of strategies to optimize these trade-offs. For instance, the
CodeCarbon tool [45] provides estimations of CO2 equivalents produced by executing
compute-intensive code, supporting sustainability-aware decision-making in model
development. To this end, as part of a collaborative effort associated with this
thesis [70], CodeCarbon was used to analyze the resource efficiency of deep learning
models. This allowed to demonstrate that comparable performance levels on clinical
downstream tasks can be achieved while reducing CO4 equivalents and training runtime
by approximately 50% through the use of progressively increasing input patch sizes

within a curriculum learning framework [70].

Transparency in AI Supply Chains

Another additional evaluation dimension comprises the ethics of generative models,
extending beyond technical performance and including, for example, labor conditions
within AT supply chains [§]. Studies on outsourcing of data annotation processes
describe multiple issues within the supply chains of annotating the data of generative
models, including exploitative labor practices, low-wages, and job insecurity, challenging
the ethical integrity of AI development initiatives [I55] [I56]. To ensure responsible Al
deployment in medicine and beyond, evaluation frameworks are to assess the supply
chains leading to the provision of AI solutions, fostering fair sourcing and working
conditions, as well as transparency, accountability, and social responsibility across Al

value chains.

Overall, the SynTRUST framework represents a foundational step toward the
comprehensive evaluation of generative models and their publications while identifying
key directions for future research. Alongside the previously discussed aspects, these
directions include ethical, social, and clinical impact metrics, traceability measures
e.g. for assessing synthetic data provenance and modifications, as well as regulatory
evaluations informing stakeholders about legal, clinical, and societal implications.
Patients, for example, represent one such key stakeholder group that requires a (a)
rigorous evaluation of AT solutions, (b) transparency in their application, and (c) the
involvement of a radiologist in order to establish trust in AI, as was recently analyzed

for the case of breast cancer screening [104].
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Table 7.2: Summary, applications, and challenges of evaluation dimensions for synthetic
data in medical imaging based on Chapter E}

Evaluation Criterion

Description

Rationale

Example Applica-

tions

Challenges

Fidelity

Measures how well syn-
thetic images replicate
real-world imaging charac-
teristics, including visual
realism, texture, shape,
and statistical properties.

Ensures synthetic images
preserve desired target dis-
tribution features required
for medical diagnosis and
treatment planning.

Generating the exact
features expected in
real data in paried
image-to-image transla-
tion

Achieving high re-
alism while simul-
taneously avoiding
overfitting or mem-
orization of a spe-
cific training subset
of the real data dis-
tribution.

Diversity

Assesses variability in gen-
erated images, ensuring
representation of anatomi-
cal, pathological, and con-
textual variations.

Tmplicit measure of the
density of the model distri-
bution and potential mode
collapse, to ensure syn-
thetic datasets capture the
full spectrum of variability
found in respective real im-
ages.

Generating synthetic
data across different
disease stages, patient
demographics, and
imaging conditions.

Maintaining diver-
sity without intro-
ducing unrealistic
variations or arti-
facts.

Condition Adherence

Evaluates whether syn-
thetic images accurately re-
flect predefined attributes,
constraints, or conditions
specified during genera-
tion.

Ensures generated data
aligns with intended at-
tributes such as tumor
presence, lesion size, or
imaging modality charac-
teristics.

Conditional GANs
and diffusion models
generating  contrast-

enhanced images based
on conditional inputs
such as pre-contrast
images or labeled
lesion categories.

Maintaining  pre-
cise adherence to
input  conditions
while avoiding
confounding factors
or hallucinated
artifacts, and overly
focusing on condi-
tions causing mode
collapse.

that could lead to in-
equities.

mance across demographic
and clinical subgroups.

different patient demo-
graphics, disease types,
or imaging protocols.

Utility Measures how well syn- | Ensures that synthetic im- | Enhancing tu- | Ensuring synthetic
thetic data supports down- | ages contribute effectively | mor classifica- | images are useful
stream applications, in- | to specific practical tasks | tion/segmentation for (multiple) tasks,
cluding as augmentation | or to models solving those | performance when | despite training
of machine learning model | tasks. trained on synthetic | the synthetic data
training data data or a combination | generator on the

of synthetic and real | generic  objective

data. of approximating
or mapping to the
real-world data
distribution.

Privacy Assesses whether synthetic | Prevents  patient  re- | Make (synthetic) | Balancing the
images protect sensitive | identification while | datasets shareable e.g. | tradeof  between
patient information while | allowing secure AI model | by applying differential | privacy with image
maintaining clinical rele- | training and dataset | privacy to model train- | fidelity and utility,
vance. sharing. ing, protecting them | ensuring synthetic

against privacy attacks | data remains useful.
(e.g. membership
inference attacks).

Fairness Ensures synthetic data rep- | Prevents biased AT | Generating balanced | Detecting and miti-
resents diverse patient pop- | decision-making and | datasets with equal | gating hidden biases
ulations, avoiding biases | ensures equitable perfor- | representation of | in training data that

propagate into syn-
thetic images.

7.4.2 Quality Assessment for Medical Image Synthesis

Shifting from a holistic evaluation of synthesis studies to an assessment of synthetic
data itself, the present thesis identifies multiple desirable properties and characteristics
of synthetic data. Based on the definition and discussion in Chapter [3] such charac-

teristics of medical synthetic data can be structured into six evaluation dimensions,
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namely, (i) Fidelity, (ii) Diversity, (iii) Condition Adherence, (iv) Utility, (v) Privacy,
and (vi) Fairness. Table summarizes and discusses these dimensions alongside their
applications and respective challenges. Overall, these dimensions help to comprehen-
sively determine whether synthetic data accurately reflects real-world distributions and
applications while minimizing biases and ensuring regulatory compliance. Providing a
structured framework of evaluation dimensions of synthetic data is to increase trust
in Al-generated datasets, particularly when considering applications in high-stakes

environments such as healthcare and biomedical research.

Unexplored Interdependencies Between Dimensions

Nonetheless, some challenges remain in the assessment of these dimensions. Firstly,
it is to be noted that these six dimensions are often interrelated and often positively
correlated. For instance, intuitively, if a synthetic dataset exhibits a high diversity,
this will likely also cause a high score in fairness. Similarly, one may readily assume
that a higher fidelity of the synthetic data will also result in higher utility. In terms of
an increase of synthetic data privacy, on the other hand, it is likely that this causes
a decrease in utility, as recent studies explored [81], [46]. Despite these seemingly
intuitive assumptions, the cross-correlations between evaluation dimension are a-priori
unknown for each model and dataset. Scores per dimension can even be mutually
exclusive exhibiting a trade-off, as was recently shown for image fidelity, variety, and
privacy [230]. On the other hand, it was further possible to produce images that
simultaneously exhibited high utility and privacy, as well as high utility and low fidelity
[230]. In general, the relationship between the score of one dimension and that of
another remains unknown. This uncertainty further suggests that trade-offs between
dimensions may not be static but could vary dynamically as one score changes. To
measure such scores, commonly only approximations are observable, as synthetic data
evaluation metrics serve as surrogate measures for specific evaluation dimensions. For
example, while privacy is often assessed based on a differential privacy guarantee [60] or
approximated by results of different privacy attacks, utility is typically estimated using
downstream task performance. To this end, utility can vary based on the multitude
of possible metrics and tasks, as well as the choice and hyperparameters of a second
downstream task model trained with the synthetic dataset. Moreover, the Fréchet
Inception Distance (FID) [89] is often used as proxy for both fidelity and diversity. A
recent study found that different variations of the FID metric produced substantial
inconsistencies in their correlation with radiologists’ assessments in a visual Turing test

of synthetic datasets [224]. This finding further underscores the challenge of accurately
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measuring evaluation dimensions in synthetic data assessment.

Loss Function Designs for Multi-Dimensional Objectives

With future work aiming to increase the understanding of the interconnectedness and
functions between evaluation dimensions and their corresponding evaluation metrics,
another research question is how the objectives posed by each dimension can be ideally
integrated into model training. By way of illustration, this can include the ideation,
definition and integration of dedicated loss functions each optimizing its respective
evaluation dimension. This thought further leads to the subsequent research question to
define how to weight these loss functions in comparison to each other. Apart from the
challenge of finding technical best practices on how to achieve an overall best possible
tradeoff between all of these training objectives, the weighting of such objectives
inherently involves a normative component, initiating a philosophical debate. This is
exemplified by the challenge of determining, for instance, whether greater importance

should be assigned to privacy over fairness, fairness over utility, or utility over fidelity.

7.4.3 Metric Contributions for Image Synthesis Assessment

Further shifting from the evaluation dimensions of synthetic data to concrete mea-
sures, this thesis proposes several novel metrics to assess generative models and their
respectively generated dataset. These metrics, introduced in Chapters [3} @] and [0} are
summarized and discussed in Table

Noting limitations in current synthetic data evaluation metrics, one question is
how to ensure that metrics capture the nuances of medical data. For instance, FID
[89] is based on a feature extractor network [207] pretrained exclusively on natural
images [50]. In this regard, this thesis proposes domain-specific metrics such as
the FIDpg,q in Chapter [6 which computes the Fréchet Distance based on a feature
extractor network trained on a varied set of radiology images [I5I]. A further novel
metric introduced and validated as part of the present thesis in Chapter [ is the
Fréchet Radiomics Distance (FRD), which calculates the Fréchet Distance based on
extracted [213] and normalized radiomics features. Beyond being domain-specific,
key advantages of the FRD include the interpretability of its handcrafted features,
its flexibility in being extractable from both two-dimensional and three-dimensional
medical images, and the demonstrated utility [1211 [30, 145, 20} 04, 202] of radiomics
features as versatile imaging biomarkers across a wide range of pathological conditions,

health outcomes, and patient characteristics. In this regard, evaluating images based
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Table 7.3: Overview of generative model evaluation metrics in medical imaging proposed in
the present thesis across chapters @ El, and @

Metric Description Rationale Limitations
FIDRaq A variation of the Fréchet In- | Focus on the domain relevance of | Two-dimensional images required,
(Chapter ception Distance (FID) [89] that | FID, ensuring a domain-specific | without applying further opti-
uses a medical imaging-specific | distribution similarity assessment | mization, FID g,q has limited cor-
feature extractor pretrained on | based on features learned from | relation with human observer as-
RadImageNet [I51], instead of | medical data. sessment in current implementa-
an ImageNet-trained [50] Incep- tion [224].
tionV3 [207].
FID Ratio | A ratio of FID comparing the nat- | Using relative rather than abso- | The correlation with image qual-
(Chapter@ urally occurring variation within | lute FID values reduces sensitiv- | ity and task utility is to be fur-
sets of real data to the variation | ity of FID by canceling out exter- | ther analyzed to establish com-
between sets of real and synthetic | nal factors such as dataset varia- | mon ranges and intuition for in-
data tion, subset size, applied normal- | terpretation of calculated FID ra-
izations allow for better compara- | tios.
bility of FID between e.g. appli-
cations, organs, modalities, and
datasets.
SAMe Scaled  Aggregate  Measure | Perceptual, semantic, and pixel- | While particularly useful for
Score (SAMe) integrates multiple | wise metrics on image and distri- | checkpoint selection during train-
(Chapter generative evaluation metrics | bution levels can show contrary | ing, weighting of different compo-
into a single, weighted score to | results, but are complementary | nents is task-dependent and re-
assess synthetic data quality | meaningful motivating their com- | quires careful calibration, which
holistically. prehensive assessment as an ag- | may limit its generalizability
gregate score. across modalities.
FRD The Fréchet Radiomics Distance | Providing a domain-specifi qual- | Further investigation needed for
(Chapter is a medical imaging-specific met- | ity assessment by measuring | assessing sensitivity to noise and
ric that extends FID using ra- | distributional similarity in ra- | preprocessing variations to ensure
diomics features instead of deep | diomics feature space widely used | reproducibility.
learning embeddings in clinical analysis, FRD fea-
tures correlate with image qual-
ity, are domain-specific, inter-
pretable, work for both 2D and
3D datasets, and include well-
established clinically meaningful
imaging biomarkers

on imaging biomarker distributions constitutes a technique that merges the concepts
of clinical utility, image quality, and image diversity, as demonstrated in subsequent

work expanding the experimental validation of FRD [113].

Automated Assessment of Domain Shifts

Beyond synthetic data evaluation, the comparison of imaging biomarker distributions
has broader applications, highlighting the potential of further validation of the FRD in
these diverse contexts. This includes the automated assessment of domain shift between
datasets, ensuring the robustness of imaging studies in general. One respective example
is the evaluation of imaging protocols by comparing distributions from repeated scans
under identical conditions to validate their reproducibility. On the other hand, FRD

can be useful to analyze cross-center standardization, quantifying the extent to which
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images acquired from different hospitals or research centers remain consistent despite
variations in equipment or scanning protocols. This can enhance the awareness of
potential biases introduced by inter-center differences that ultimately can impact the

generalizability of image-based models and clinical decision-making.

Monitoring Consistency Across Processed Datasets

Similarly, comparing imaging biomarker distributions allows to monitor image prepro-
cessing pipelines, for instance by assessing the consistency across normalized, rescaled,
resized, denoised, or cropped datasets. In this regard, FRD can detect image degrada-
tions as shown in Chapter [4] by comparing distributions before and after processing
steps to identify artifacts and changes in image quality. Another application is the
validation of super-resolution and image restoration techniques, examining whether re-
constructed images maintain the biomarker distributions of real high-resolution images.
Similarly, data compression techniques can be evaluated to determine whether com-
pressed datasets retain the statistical properties of their original counterparts. Beyond
evaluation, a further research question involves whether image modification techniques
can be dynamically optimized using measures such as FRD, including investigations into
adjusting such techniques based on changes in biomarker distributions. Such changes
can be measured and optimized, for example, via the feature space distance between a
given sample and a target biomarker distribution or between specific reference points
within that distribution.

Evaluation of Annotation Variability

Since FRD allows passing segmentation masks alongside images to the radiomics feature
extractor, additional applications emerge in the realm of segmentation evaluation by
comparing features of the same images derived from different annotation masks. One
such application is to ensure consistency in organ or tumor annotations by comparing
feature distributions across different annotations from radiologists. By way of example,
this can enable the quantification of the reproducibility of segmentation tasks, as
well as intra-observer and inter-observer variability. Apart from manual annotations,
this approach is further applicable to automated segmentation algorithms, examining
their alignment with expert ground-truth annotations. Current standard metrics
for evaluating segmentation and object detection, such as the Dice coefficient or the
Intersection over Union (IoU), quantify geometric overlap between selected regions but

do not capture the semantic or downstream impact of those differences. In contrast,
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FRD provides a means to assess how variations in annotations influence feature
representations and potentially affect downstream tasks. For example, a segmentation
mask that includes slightly more surrounding healthy tissue (i.e., is zoomed out) can
influence radiomic features and respective downstream model predictions more than
one that is slightly too focused (i.e., zoomed in), as the latter captures only tumor
tissue with relevant intensity and texture-related features. Thus, FRD can offer a
more task-relevant perspective on segmentation quality compared to traditional spatial
overlap metrics. With this in mind, FRD can further be used to evaluate and track
segmentation and object detection outcomes after and throughout model training, as
well as in curriculum learning scenarios. Detecting model improvements and deviations
over time, FRD can be used both as a standalone measure as well as a complement to
traditional pixel-wise metrics, such as the Dice coefficient, or set-based metrics, such

as the Hausdorff distance.

Assessment of Test-Retest Variability

It is to be further examined to what extent FRD can detect consistency of imaging
patterns and respective shifts, such as prevalence and acquisition shifts [33], over time
by comparing distributions from repeated scans of the same patients in test-retest
setups [214] [174]. Similarly, this approach has the potential to detect disease-specific
distribution shifts, such as changes in disease manifestations [33], identifying alterations
in image distributions associated with medical conditions. This extends to monitoring
disease progression, where analyzing changes in biomarkers can enable tracking of
disease evolution and treatment responses. Comparing such distributions across patient
groups (e.g., age, sex, ethnicity) can help identify biases and population shifts [33],
where variations in biomarker manifestations can potentially be linked to medically

relevant findings and implications.

Detection of Adversarial Attacks

Metrics for imaging biomarker comparisons on image and distribution-level can further
emerge as technique to detect adversarial examples. Adversarial attacks manipulate
images to mislead machine learning models while maintaining a visually impercepti-
ble appearance [84 [5l, [I77]. In this regard, a reasonable hypothesis is that imaging
biomarkers can be used to identify subtle deviations in the feature space that do not
become readily apparent in semantic, perceptual, or averaged pixel-wise comparisons.

By comparing the feature distribution of seemingly identical images or datasets, imag-
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ing biomarkers can thus be useful to detect discrepancies introduced by adversarial
perturbations [I4]. Future work is to examine the respective sensitivity of biomarker-
based distribution comparisons to adversarial perturbations to gain insights into their

effectiveness as a defense mechanism against adversarial attacks.

7.4.4 Emerging Generative Model Evaluation Paradigms

Widely-acclaimed demonstrations and recent advances of the capabilities of deep-
learning [41], (115} (152} [83, [194] 195 215, (52} 173, 106, 182, [175] have sparked a Cam-
brian explosion of Al development, with global research endeavors rapidly advancing
the state-of-the-art of deep learning in general, and generative models in particular.
The respectively increasing complexity and capabilities of emerging model paradigms
highlight the need for further advancing evaluation mechanisms as well, in order to

assess such models and ensure alignment with their intended objectives.

Evaluation of Multi-Modal Generative Capabilities

Extending to the field of medical imaging, generative models are becoming increasingly
multi-modal as has been illustrated on the example of joint text and image model
inputs in Chapter 4 Multi-modal input and output mechanisms allow for novel
interaction mechanisms between users and Al models in medicine. Examples include
haptic, voice and, in particular, chat interfaces for models that are capable of producing
outputs based on nuanced patterns in input prompts [233] 132, 139, [133]. This ongoing
paradigm shift towards multi-modal model interaction requires ideating new avenues
in terms of the evaluation of such models and their generated outputs. For instance, it
is an open question whether the joint synthesis of multiple output modalities rather
requires a per-modality evaluation or a joint evaluation of all modalities of the output.
In the latter case, it is to be defined how these multiple modalities are to be assessed
together considering that their desired level of correspondence to each other and to
the outputs can vary between models, applications, and use-cases. This is paired
with an increase in complexity of modalities, where models can, for instance, output
entire medical histories and patient records in textual formats [I32] as compared
to binary labels to evaluate an input image. When multiple input modalities are
considered simultaneously to evaluate the quality and adherence of output images to
given conditions, determining an expected appearance of such outputs can become
unclear, subjective, and inconsistent. In addition, since often multiple factually correct

mappings exist from the same inputs to different outputs, assessing and comparing
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these outputs objectively becomes increasingly intricate. Among others, ambiguity of
the correctness of outputs is due to the complexity to define expectations for reasonable
input condition co-correlations, a model’s respective multi-modal pattern recognition
ability, as well as desired model-internal weighting mechanisms for each of its inputs.

Defining robust evaluation mechanisms becomes progressively more demanding in
the presence of ambiguity arising from multi-modal model inputs. This is depicted by
the hypothetical scenario where a model input consists of both a patient’s histopathology
scan and a corresponding radiology scan. If, for instance, a pathology image exhibits
patterns indicative of a benign finding, while features from the radiology scan suggest
malignancy, the discrepancy could stem from a biopsy sample that is too small or
outdated, or it may indicate an error in the radiology assessment. Without additional
guidance, it can remain uncertain to the model which of these modalities to prioritize
during processing. Further, it is challenging to determine how the model’s corresponding
output (e.g., a generated image, annotation, or diagnostic label) is to be evaluated given
expressive and potentially inconsistent inputs, where, moreover, such inconsistencies
may well be unknown to the person using the model or assessing its predictions.
Similar challenges can arise in multiple settings where nuanced input modalities can
simultaneously express multiple related concepts. For instance, considering textual
inconsistencies, gaps, and variations in input radiology reports, it is unclear how
generative models tasked with producing corresponding radiology scans are to resolve
such inconsistencies. These complexities allude to the need for evaluation frameworks
that account for uncertainty, potential diagnostic errors, and the complexity, potential
contradictions and inherent limitations of pattern recognition across multiple merged
modalities.

Taking the aforementioned aspects under consideration, it becomes apparent that
further work is needed on evaluation mechanisms that go beyond current distribution-
level [89] or image-level [219] 235] comparison methods. The latter are limited, for
instance, in terms of measuring the adherence to multiple and multi-modal conditions,
as well as particularly in cases where the generation is based on highly nuanced and

expressive conditional input modalities such as long free-text formats.

Evaluation of Sampling in Sparse Regions of the Distribution

A wide range of deep generative models exists including variational autoencoders (VAEs)
[111], generative adversarial networks (GANs) [84], diffusion models [199, 20T}, 92]
and their variants in latent space [I81], flow matching models [I37], normalizing

flows [179, [55), 56], as well as auto-regressive transformer models [2I5]. One common
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Figure 7.1: Creativity in deep generative models: Illustrative visual depiction of interpola-
tion and extrapolation capabilities of generative models. Out-of-distribution (OOD) samples
containing concepts that are not readily present in the training data distribution, but are
extrapolated abstractions thereof. The demonstrated images were generated by a DALL-E
model using the ChatGPT 4o interface (version date: 12.11.2024).

characteristic of these generative modeling methods is that they either implicitly or
explicitly learn a data distribution. This allows to sample from the learned model
distribution that approximates the real data distributions, resulting in the ability to
produce realistic samples from that distribution. This process is conceptually analogous
to learning the probability density function (PDF) of the target distribution, particularly
in models where the density can be explicitly estimated. The PDF characterizes the
likelihood of different data points occurring within the data space. One particularly
useful feature of generative models can be their ability to learn to capture and draw
samples from low-density regions of the PDF, i.e. areas that are underrepresented or
sparse in the real dataset. With future work advancing the possibilities of quantifying
and modeling these regions effectively, generative models can enhance the coverage of
the target distribution and improve the generalization of downstream models trained

on both real and synthetic data.

Emerging Interpolation Capabilities of Generative Models

Overall, future work into the ability and functionality within generative models to (a)
capture low-density regions, (b) interpolate between data points within a distribution,

(c) merge multiple concepts, and (d) exhibit emergent capabilities are important lines
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of research due to their wide-ranging implications in healthcare and beyond, as, in part,
discussed in Chapter [2] For example, in the context of emerging capabilities, generative
models, such as large language models, can acquire general-purpose skills that give
rise to novel behaviors that reflect a form of machine creativity and can enable new
applications such as complex reasoning and data manipulations [220]. In parallel to
advancing modeling techniques, a critical next step is to also include these learned
behaviors in evaluation frameworks, either by devising methods to directly measure
them or by defining suitable surrogate metrics that allow to effectively capture and
analyze respective aspects.

In this regard, Fig.[7.1] presents two generated examples illustrating the interpolation
capabilities of a general-purpose open-access vision-language model merging visual
concepts such as Planet Mars and Astronaut. The prompt for the top image requested
an image of an astronaut after landing on planet Mars, having arrived in a rocket, with
Earth and the universe in the background. This was further refined to request a more
realistic image as if actually taken on Mars with a normal camera, resulting in the final
output. The bottom image in Fig. was generated using the prompt now generate
the same image but with a realistic cow eating grass growing on one particular part of
the surface of Mars in the background. This prompt combines multiple semantically
distant concepts such as Cow, Planet Mars, Grass, Astronaut, Surface, which can be
observed to be effectively integrated to produce a coherent and visually realistic, yet
fictional, image. As there are, to date, no documented instances of manned expeditions
to Mars, the interpolation demonstrated by the generative model can be interpreted
as a form of creative synthesis, producing novel visual content. However, these newly
merged concepts are not entirely novel, but rather grounded in information the model

has already encountered in its training data, albeit as separate, uncombined concepts.

Potential Extrapolation Capabilities of Generative Models

In terms of generating entirely novel content, it can be hypothesized that generative
models, in a process arguably to some extent analogous to human cognition, can
become capable of extrapolating beyond the concepts represented in their training
data. This goes beyond the discussed model capability of filling low-density regions of
the data distribution, enabling near-complete coverage and high-quality interpolation
between data points. Rather, extrapolation, as a more speculative yet transformative
capability, involves a model’s ability to generate data points that fall outside the
boundaries of its training distribution. Fig. presents an example of a simple

prompt-based attempt to generate such an out-of-distribution data point using a recent
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general-purpose vision language model. The prompt was to generate an image of an
unseen planet in another universe with an unknown creature that follows an unknown
process for something along the lines of preservation and life support. The image
needs to be realistic as taken with a camera and cannot contain any known elements,
materials, concepts or life forms. While the intention was to fully exclude familiar
concepts, the resulting image still contains recognizable structures such as clouds,
mountains, and surface textures, highlighting the inherent challenge in both defining as
well as detecting true out-of-distribution extrapolation capability in generative models.
Future work on efficient training mechanisms towards extrapolation is to represent
substantial advancements, addressing key limitations of current generative models in
particular and artificial intelligence in general. This is due to the multiple implications
of extrapolative abilities, which, among others, can become a foundational pillar for
reasoning, artificial creativity [23] [I84] 217], and, potentially, guide the development
of ideas towards artificial curiosity [I90]. Abilities such as generating new knowledge,
formulating hypotheses, and proving existing or novel theorems represent a cornerstone
of scientific advancement and hold the potential to push machine intelligence toward
greater autonomy and creative problem-solving. A notable example is Move 37 by
the AlphaGo model, which has been interpreted as one of the first demonstrations of
out-of-distribution reasoning by a deep learning system [124]. Future research is to
continue to explore training paradigms that enable models to exhibit both (i) high-
quality interpolation and (ii) desirable extrapolation capabilities, while keeping the
development of corresponding evaluation mechanisms in mind to ensure comparison,

alignment, and interpretability of the modeling capabilities.

Current evaluation methods for generative models, commonly based on fidelity,
diversity, or similarity to training data, are prone to become insufficient for capturing
the higher-order capabilities such as reasoning, concept composition, and creative
synthesis, as discussed in this chapter. To date, conventional metrics are by design not
developed to assess whether a model can generalize beyond its training distribution
or produce outputs with interpolated, semantic, logical, or epistemic depth. As
generative models increasingly aim to support scientific reasoning and innovation,
the need emerges to devise novel frameworks to analyze and optimize such models
beyond the surface-level realism of their generated data. Future work is to explore
extensions of existing evaluation paradigms not only for ensuring robustness when
models encounter previously unseen data, such as novel imaging distributions, but also
for enabling creative problem-solving and alignment of generative models with their

intended objectives. Once corresponding evaluation mechanisms are well-informed,
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interpretable, and, ideally, also optimizable, they can serve as a foundation for designing

trustworthy and purpose-aligned generative artificial intelligence.
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Conclusion

This thesis explored and advanced generative deep learning methods to address critical
limitations in cancer imaging, focusing on issues related to data availability, patient
privacy, and diagnostic capabilities of deep learning models. Cancer imaging, partic-
ularly in fields like breast MRI, is often constrained by the scarcity of high-quality,
annotated datasets due to privacy concerns and the labor-intensive nature of manual
labeling. Traditional reliance on such data poses challenges for developing robust Al
models that can generalize across diverse patient populations and imaging protocols.
To address these challenges, this work investigated several approaches, including the
use of conditional GANs and multi-conditional latent diffusion models, for synthesizing
realistic cancer imaging data. These methods offer alternatives to conventional data
acquisition by generating synthetic data that retains diagnostic utility, enabling Al
models to learn from diverse and representative datasets without compromising patient
privacy.

First, this thesis presented a large-scale survey and analysis of generative models
applied in cancer imaging, identifying unmet needs and guiding further developments.
From this analysis, the Syn TRUST framework was introduced to systematically evaluate
the trustworthiness and maturity of cancer image synthesis studies, setting a benchmark
for the quality and reliability of synthetic data used in clinical research. Secondly a
research study was presented that defined the desirable characteristics of synthetic data
in a concise framework, while also developing conditional GANs for simulating dynamic
contrast-enhanced (DCE) breast MRI sequences, generating high-quality images without
the use of physical contrast agents. This approach not only circumvents health risks

associated with contrast agents but also provides robust synthetic training data that

235



8.0.

can be applied to unsupervised tumor detection, localization, and segmentation, thereby
addressing the cancer imaging challenge of data and annotation scarcity. To this end,
further methodological research proposed a multi-conditional latent diffusion model,
which effectively translates non-contrast-enhanced MRI into dynamic, time-dependent
synthetic DCE-MRI, allowing for improved tumor localization and presenting a first
study analyzing the prediction of tumor contrast enhancement kinetics using diffusion
models. This study further introduces the Fréchet Radiomics Distance (FRD), an
interpretable and domain-specific quality metric for synthetic data, which focuses on
clinical utility of synthetic imaging data by capturing the biomarker variability between

synthetic and real datasets for both 2D and 3D imaging data.

A further contribution of this thesis is the development of a malignancy-conditioned
GAN (MCGAN), designed to generate privacy-preserving mammography data that
allows training of diagnostic models without access to real patient information. Exper-
imental results demonstrated that MCGAN data, particularly when combined with
differential privacy techniques, notably improves the performance of cancer classification
models in privacy-sensitive scenarios. To facilitate broader access and collaboration,
the thesis introduced the medigan library, a platform for sharing pretrained generative
models across the research community, enabling accessible synthetic data generation
for various imaging modalities including radiology and endoscopy domains. medigan in-
cludes comprehensive evaluations of its models including an evaluation of the variability
of evaluation metrics like the Fréchet Inception Distance (FID) based on post-processing
operations such as image resizing. These assessments performed through both general
and radiology-specific feature extractors, ensuring that the synthetic data is validated
in a multi-faceted manner to approximate clinical utility. Additionally, the FID ratio
is proposed and included in this analysis, where the FID ratio considers the naturally
occurring variation in the respective real dataset to better assess its corresponding

synthetic dataset.

The advancements presented in this thesis lay a scientific foundation for genera-
tive models as pivotal tools in cancer imaging, supporting more accurate diagnostic
interventions, enhancing patient privacy, and promoting equitable healthcare access.
By addressing limitations in data availability and variability, this work brings the
field closer to integrating synthetic data and generative models in real-world clinical
settings. As generative deep learning models evolve, they offer a pathway toward
data-~driven healthcare solutions that improve diagnostic robustness, enable secure data
sharing across institutions, and reduce reliance on traditional, patient-derived datasets.

This thesis thus positions generative models not merely as supplementary tools but as
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core components in the future of medical artificial intelligence, enhancing diagnostic
outcomes while ensuring patient privacy. To this end, it contributes to a future where
deep learning can be applied responsibly and effectively in oncology, advancing both

individual patient care and the broader landscape of data-driven medical research.
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