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All we know is still infinitely less than all that still remains

unknown.

William Harvey

General introduction



2 | 1. GENERAL INTRODUCTION

UMAN VISION likely evolved from chemical processes in single-celled organ-

isms that converted sunlight into energy, to clusters of light-sensitive cells, and

finally to the complex retinas and brains that we know today [1]. In his On the
Origin of Species, Charles Darwin even called the evolution of the eye “absurd in the highest
possible degree” due to its extraordinary complexity [2]. Humanity has been striving to
replicate this highly sophisticated human vision by teaching machines to interpret digital
images, a major challenge in the field of computer vision. Computer vision is often said to
have started out as a - rather ambitious - student summer project in 1966 at MIT [3]. Ever
since, computer vision and artificial intelligence (Al) have seen major advancements and
achievements. An important and popular application of Al has been the interpretation
of medical images, such as for the identification of diseases in images of the eye itself.
This completes a fascinating cycle: human vision inspires computer vision, which, in
turn, aids in curing human vision. However, just as human vision and health have their
shortcomings and vulnerabilities in the form of diseases, computer vision models can
also fail in unexpected ways.

This thesis focuses on when such failures occur in Al for medical imaging and proposes
solutions to mitigate these. The concepts related to these challenges are introduced in Sec-
tions1land1.2. Theinitial goal of this thesis was to develop systems for the automated anal-
ysis of ophthalmic images to support the diagnosis and management of retinal diseases.
However, the onset of the coronavirus disease 2019 (COVID-19) pandemic during the first
year of this project led to our participation in a collaboration among research groups from
several Dutch hospitals, aimed at developing Al-based solutions for the analysis of COVID-
19 in CT. This collaboration not only addressed an urgent clinical need but also resulted in
practical, technical, and scientific developments related to deep learning-based medical
image analysis. As a result, this thesis investigates the robustness of Al for medical imag-
ing in the context of COVID-19 analysis using computed tomography (CT), introduced in
Section 1.3, and retinal imaging, introduced in Section 1.4. Section 1.5 provides an outline
of this thesis.

1.1 Deep learning for medical image analysis

Over the last decade, deep learning (DL) has substantially transformed the field of AL DL
is a collection of methods based on artificial neural networks, with major breakthroughs
every few years - if not more often [4-12]. Although other forms of machine learning may
still be at least non-inferior in certain cases [13], the capability of DL models to effectively
learn from vast amounts of information [11, 12, 14] and their consistent top-ranking po-
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sitions in machine learning benchmarks* make them very popular model choices. The
widespread adoption is further supported by their relative ease of development, facilitated
by well-maintained, open-source frameworks [15-17] and the fact that they do not require
hand-crafted features.

DL has revolutionized medical image analysis too [18]. It has become the norm for pro-
cessing images in numerous medical specializations, such as radiology [19], ophthalmol-
ogy [20], and histopathology [21]. More and more in-the-lab Al successes lead to products
approved for clinical use [22]. With this trend of shifting towards applications in the real
world, however, we should be wary of how models can fail unexpectedly during deploy-

ment.

1.2 Robustness and deep learning

A study by Beede et al. illustrates how a DL algorithm that demonstrated promising results
in controlled lab settings, encountered unforeseen challenges when implemented in real-
world environments [23]. They applied an Al system for screening diabetic retinopathy
using retinal images within a real screening setting in Thailand. A major issue was the sys-
tem’s strictness about image gradability, which led to a high rate of images being flagged
as ungradable (21% of all images). This had negative effects on the usability of the system
and user satisfaction. Nurses interacting with the system provided comments about the

DL tool, such as:

“It gives guaranteed results, but it has some limitations. Some images are blurry,
and I can still read it, but [the system] can't.” [23]

The discrepancy between expected and actual performance in this scenario can be pri-
marily attributed to differences in data acquisition conditions. Specifically, poorer lighting
conditions during real-world deployment contrasted with those in laboratory settings, ex-
emplifying the necessity and relevance of researching model robustness.

Many definitions of robustness can be found within the machine learning literature. Re-
search works often do not explicitly specify a definition of robustness when they use the
term, or they use a more specific definition of robustness, such as insensitivity to adver-
sarial attacks. To address this variability in definitions, Freiesleben et al. provide a general
definition of robustness that is broadly applicable across various scientific domains, yet

specifically developed for machine learning models:

*https://paperswithcode.com/sota/image-classification-on-imagenet


https://paperswithcode.com/sota/image-classification-on-imagenet

4 | 1. GENERAL INTRODUCTION

“The robustness target is said to be robust to the robustness modifier if relevant
interventions in the modifier, as specified by the robustness domain, do not lead
to greater changes in the target than specified by the target tolerance.” [24]

This definition describes a causal relationship between the “robustness target” and the

“robustness modifier”. In the context of machine learning models, the target is often the
model performance during deployment and the modifieris often the test data. Robustness
targets can also refer to other model properties such as explanations, and robustness mod-
ifiers can refer to matters such as the training algorithm or social dynamics [24]. Using this
definition as a foundation, we refer to robustness as a models stability - in terms of any
performance metric of interest — under variations in the test data distribution in the remain-
der of this thesis, unless stated otherwise. With this definition in place, we can highlight
several important facets of robustness and examine their implications on DL for medical
image analysis.
Generalization to distributions close or identical to the training distribution. A main objec-
tive of machine learning research is the generalization to distributions identical or similar
to the training distribution. Issues regarding this ability can arise when the training and
test datasets are not representative of the underlying data distribution [24].

This is particularly relevant in medical imaging, where obtaining enough data from

a sufficiently large number of patients can be difficult [25]. To address this, common
strategies include regularization approaches such as data augmentation, which involves
applying random image transformations such as rotations and contrast changes [24].
Well-tuned training pipelines with such straightforward techniques provide preferable
alternatives to complex, problem-specific solutions that may not generalize well across
different datasets [26,27].
Data shifts. Data shift, also known as distribution shift, occurs when the distribution of
test or deployment data diverges from that of the training data. This divergence can lead
to performance degradation at test time. Various factors including imaging artifacts, noise
level variations, or image resolution changes can cause data shifts.

Aprominent example of data shift can be observed in workflows for the automated anal-
ysis of retinal optical coherence tomography (OCT), where the plurality of protocols and
device manufacturers leads to diverse image characteristics, as we will discuss further in
Section 14.1. A possible mitigation strategy is transfer learning, in which the model con-
tinues training on data from the new distribution. However, it is not always known when
data has undergone a distribution shift. Moreover, this approach necessitates the collec-
tion of new data and corresponding manual labels every time the model is applied to a new
environment, which can be costly and unfavorable for the scalability of the system. Ad-
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ditionally, there is the risk of catastrophic forgetting, where the model forgets previously
acquired knowledge. Therefore, developing DL models that are inherently robust to data
shifts, requiring fewer resources and operating seamlessly under varying conditions, is
imperative.

Out-of-distribution detection. It is generally considered ideal for models to maintain sta-
ble performance under distribution shifts. However, occasionally, this is infeasible due to
the shift being too large. In such cases, it can already be sufficient to recognize that the
data distribution underwent such a shift, a practice known as out-of-distribution (OOD)
detection [28].

Within clinical workflows, the notification of an OOD sample could lead to a corrective
action such as the reacquisition of a scan or the reconsideration of the acquisition proto-
col, instead of the model silently failing. The task of identifying ungradable images, such
as those in the diabetic retinopathy screening program discussed at the beginning of this

section, could also be formulated as an OOD detection problem.

1.3 Al-based COVID-19 analysis in CT

The global COVID-19 pandemic presented unprecedented challenges to healthcare sys-
tems worldwide. Outbreaks overwhelmed hospitals and led to shortages in the availability
of viral testing using reverse transcription-polymerase chain reaction (RT-PCR) tests. As
RT-PCR assays could take up to multiple days [29] and COVID-19 rapid antigen tests were
not yet available in the first stages of the pandemic, chest CT became an additional highly
valuable instrument for the triage of COVID 19-suspected patients [30]. CT imaging allows
for the diagnosis and severity quantification of COVID-19 through, among other features,
the assessment of multifocal ground glass opacities and consolidations in the lungs [31].

Standardized systems, such as COVID-19 Reporting and Data System (CO-RADS) [29],
were developed for the interpretation and reporting of chest CT findings in COVID-19 cases,
aiming to improve communication among healthcare workers. Al solutions to automat-
ically grade CT scans with these standardized systems could help radiologists to reduce
their workload and potentially improve their accuracy. While numerous studies have fo-
cused on Al-based COVID-19 detection in CT [31-46], external evaluation, an important
practice for evaluating the robustness of Al systems, or adherence to standardized systems
for the reference standard were often lacking.

The development of Al solutions for COVID-19 CT analysis not only addressed an imme-
diate clinical need, but we think it also accelerated advancements in the broader field of
Al for medical image analysis. The urgency of the pandemic has led to efficient collabora-
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tions between healthcare professionals and engineers. Outcomes included generalizable
methods for the automated quantification and grading of diseases and the further devel-
opment of the online platform grand-challenge.org, including its capabilities allowing for
the collaborative annotation of 3D medical data, efficient algorithm sharing and evalua-
tion through public challenges. The features of this platform, which were actively being
developed during the writing of this thesis, were instrumental in addressing the practical

requirements of our research.

1.4 Al-based retinal image analysis

1.4.1 Fundus imaging

The first published image of the interior of the eye is often attributed to Adrien van Trigt,
who included hand-drawn images of the retina in his doctoral thesis in 1853 [47-49]. He
drew these images based on what he saw using the ophthalmoscope, which had been in-
vented a few years earlier [50]. An example of one of these images is shown in Fig. 1.1a. This
isafundus oren faceimage, i.e, a 2D representation of the 3D, semi-transparent tissues of
the retina, captured using reflected light [49]. Fundus imaging has undergone numerous
developments within the last 170 years, leading to substantially improved images.
Combining ophthalmoscopy and digital photography, we are now able to produce
and digitally analyze images called color fundus photographs (CFPs) (see Fig. 1.1b). Many
anatomical retinal structures can be made visible with CFPs, such as the macula and the
optic disc. The macula is the central region of the retina that contains the fovea, a small
pit in the middle of the macula that provides sharp central vision. The optic disc is the

location in the retina where the axons of retinal neurons leave the brain, delivering signals

Figure 1.1: A brief overview of the evolution of retinal imaging. (a) The first published “color fundus image”,
drawn by Adrien van Trigt in 1853, as part of his doctoral thesis [47]. Courtesy of the Utrecht University Library.
(b) A color fundus photograph. (c) A scanning laser ophthalmoscopy (SLO) image. (d) A B-scan from an optical
coherence tomography (OCT) volume.
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to the brain. In Section 1.4.3, we discuss two prevalent diseases that specifically impact
the macula and the optic disc.

Confocal scanning laser ophthalmoscopy (SLO) is another important retinal imaging
technique that produces en face images, invented in the early 1980s [51,52]. Itisbased on a
laser beam that moves over the retina in a 2D grid pattern, allowing for highly exact spatial
localization with minimal image obstruction from scattered light. An example of an SLO

image is shown in Fig. 11c.

1.4.2 Optical coherence tomography

OCTisanotherretinalimaging modality and has become commonplace in ophthalmic clin-
ics since the start of this millennium [53]. OCT is a fast and non-invasive way of generat-
ing 3D cross-sectional images of the retina, often considered the gold standard for diag-

nosing retinal diseases [54]. It works by estimating the depth of tissue based on the time

(© (d)

Figure 1.2: Optical coherence tomography (OCT) scans acquired with different imaging systems from (a) Spec-
tralis HRA+OCT (Heidelberg Engineering, Heidelberg, Germany), (b) Bioptigen, Inc (Research Triangle Park, North
Carolina, United States), (c) Topcon Corp. (Tokyo, Japan), and (d) Cirrus (Zeiss, Meditec, Oberkochen, Germany).
OCT volumes are displayed as cubes, illustrating the variety of B-scan spacing and signal-to-noise ratio in retinal
OCT imaging.
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it takes for backscattered light to return to a sensor, through interferometry [49]. A light
beam scans the retina in a 2D raster pattern, similar to the acquisition of an SLO image. For
each point on this raster, an A-scan is produced, which is a 1D representation of the signal
across various depths. A set of laterally aligned A-scans forms a 2D image, referred to as a
B-scan (see Fig. 1.1d). A collection of stacked B-scans is referred to as an OCT volume (or a
C-scan). Some scanners utilize SLO imaging as a reference for localization, while acquiring
the OCT scan [55]. This allows for eye movement corrections during OCT acquisition, but
also for easier registration of the OCT volume with the SLO image itself and other en face
modalities, such as CFPs. OCT imaging allows for distinguishing retinal layers and identi-
fying structural abnormalities of the retina, which is highly valuable when detecting and
monitoring diseases.

Since the introduction of OCT, many device manufacturers have entered the oph-
thalmic OCT market. Swanson et al. list fourteen companies that were in this space before
2015 [56]. This has led to a diverse array of scanning protocols and image characteristics
across different devices. A primary source of this heterogeneity is the technique of
acquiring multiple B-scans at the same location and averaging them, which improves
the signal-to-noise ratio. The inconsistent use of B-scan averaging across devices and
protocols leads to considerable variations in image noise levels (see Fig. 1.2). Moreover,
B-scan averaging substantially increases acquisition time, so OCT volumes acquired
using this method generally comprise fewer B-scans.

Additional factors contributing to inter-scanner variability include differences in how
imaging artifacts are managed. For example, some devices automatically retake B-scans
affected by blinking, while others do not, resulting in certain artifacts that are only present
in OCT scans from specific devices. These variations in OCT acquisition protocols and
image characteristics present challenges in data standardization, the comparability of

results across and within clinical studies, and Al model deployment.

1.4.3 Retinal diseases, their manifestation in imaging, and how Al can play a role

The overall well-being of a population is heavily influenced by eye health [57]. It has been
estimated that worldwide 43 million people are blind and 295 million people have moder-
ate to severe vision impairment [58]. On a positive note, however, many forms of blind-
ness can be prevented or their progression can be cost-effectively inhibited [57]. Leading
causes of blindness include age-related macular degeneration (AMD) and glaucoma, dis-
eases that both affect the retina. Al can play an important role in the screening, diagnosis,
and monitoring of these conditions.

Age-related macular degeneration. AMD is a medical condition affecting central vision,
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caused by a progressive deterioration of the macula. AMD has a worldwide prevalence of
8.7% [59] and is the fourth most common cause of blindness [57, 60]. AMD can be catego-
rized into early AMD, intermediate AMD, and late AMD. Clinical grading systems such as
the Beckman classification system define these stages [61]. This system, published in 2013
and established using fundus photography, defines these stages based on the presence of
(various sizes of) drusen, pigmentary changes, neovascularization, and geographic atro-
phy (GA). The two types of late (or advanced) AMD are wet AMD and dry AMD. The former
is characterized by neovascular lesions (new blood vessels) and the latter by GA (atrophy
of the retinal pigment epithelium (RPE)). More recently, the Classification of Atrophy Meet-
ing (CAM) group established more granular definitions for patients with GA, called incom-
plete RPE and outer retinal atrophy (iRORA) and complete RPE and outer retinal atrophy
(cRORA) [62]. The definitions of iRORA and cRORA are based on the degradation of spe-

cific retinal layers visible in OCT.

Multiple treatments for wet AMD have been available for many years, such aslaser pho-
tocoagulation and intravitreal injections of anti-vascular endothelial growth factor (anti-
VEGF) [63]. Asignificant advancement in AMD treatment occurred in 2023, with the United
States Food and Drug Administration (FDA) approval of the first drug for dry AMD treat-
ment, marking a major milestone in the prevention of vision loss [64]. Retinal imaging
plays animportant role in guiding treatment decisions and evaluating treatment response
[65]. Traditionally, clinicians have relied on the manual inspection of images to assess dis-
ease progression. However, precise quantification of disease-specific features, such as
fluid volume in wet AMD patients and GA area in dry AMD patients, particularly in volumet-
ric OCT data, is cumbersome and time-consuming. Consequently, such quantitative anal-
yses are often omitted in clinical practice, with disease progression typically estimated
through visual assessment. This approach is inherently more subjective and less accurate

compared to pixel-level quantification.

To address these limitations, there has been significant interest in the development
of automated segmentation algorithms for AMD-related features [66-69]. These studies
have demonstrated that Al-based approaches can perform at least as well compared to hu-
man experts in the quantification of AMD-related features, showcasing their potential to

enhance the efficiency and effectiveness of AMD management.

Glaucoma. Glaucoma is a collection of conditions that lead to the deterioration of the op-
tic nerve, affecting peripheral vision. It is the third most common cause of blindness [57]
and has been estimated to affect 111.8 million people by 2024 [70]. The delayed detection
of glaucoma is the main reason for severe visual loss and blindness [71,72]. While the dam-
age caused by this condition isirreversible, progression can be effectively stopped through
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cost-effective treatments that decrease intraocular pressure, such as eye drops or laser
therapy [73]. Therefore, screening could play a crucial role in preventing this disease, par-
ticularly in developing countries, where only 5 to 10% of glaucoma cases are diagnosed [74].
CFP-based screening programs may be a cost-effective strategy, allowing for a simple and
relatively inexpensive way of imaging the optic disc [74]. Robust Al systems for the auto-
mated analysis of CFPs could significantly enhance the economic and practical viability of
glaucoma screening programs by alleviating the need for human experts, which are espe-

cially scarce in developing countries.

1.5 Thesis outline

This thesis focuses on three facets related to the robustness of DL models for medical im-
age analysis, specifically for COVID-19 grading in CT scans and the assessment of AMD and
glaucoma with retinal imaging. Part I focuses on the ability of these models to perform
consistently across input data distributions close to or identical to the training distribu-
tion. Part II considers the identification of ungradable samples through OOD detection.
Part Il addresses the mitigation of performance drops under data shift, when the deploy-
mentdatais moderately orlocally unaligned with the training data. The following research
questions are addressed:

Research question 1: Can we develop a DL system for medical image classification that per-
forms well on external data closely following the training distribution?

The generalization to data similar or identical to the training distribution is a rudimen-
tary requirement of most deep learning models. Yet, in medical image analysis in partic-
ular, achieving and evaluating this requirement is not always trivial. We hypothesize that
we can maintain good performance on external data closely following the training distri-
bution by leveraging various popular DL architectures and methodologies. In Chapter 2,
we present CORADS-AI, a DL system for the evaluation of pulmonary COVID-19 in chest CT
scans through CO-RADS and CT severity scoring. In Chapter 3, we perform a more in-depth
technical evaluation of the CO-RADS classification model, comparing several commonly
used architectures and methodologies. The models are trained and internally tested on
data from the same distribution, from one medical center. We evaluate with two external
test sets from other centers, which exhibit minor differences in data characteristics com-
pared to the training data.

Research question 2: Can we develop a robust medical image classification pipeline that flags
ungradable data through OOD detection?

The application of DL models to OOD or ungradable data can lead to substantial per-
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formance degradation or silent failure in real-world settings. Therefore, identifying when
such data is presented is highly important in medical image analysis. By publicly releas-
ing alarge-scale dataset with labeled and gradable images, we expect that we can encour-
age the research community to develop robust methods for the identification of OOD and
ungradable data. Therefore, in Chapter 4, we introduce the Artificial Intelligence for RO-
bust Glaucoma Screening (AIROGS) challenge. With a diverse dataset comprising approxi-
mately 113,000 CFPs from 60,000 patients across 500 screening sites, we aim to accelerate
the development of Al solutions for glaucoma screening that generalize well in a wide va-
riety of deployment settings. By only allowing the use of gradable data to develop their so-
lutions, participants are encouraged to design robust OOD detection methods to identify
ungradable images. We evaluate the generalization of the participating methods on three

external datasets.

Research question 3: Does suppressing the influence of image parts associated with high

uncertainty improve model robustness to OOD imaging artifacts?

When individual images in the deployment data are only partially OOD, e.g., due to imag-
ing artifacts, model performance is often still affected for those samples. We hypothesize
that we can mitigate this compromised performance by identifing the OOD parts in the im-
age using uncertainty estimation techniques and suppressing their influence on the final
model prediction. In Chapter 5, we propose Uncertainty-Based Instance eXclusion (UBIX),
an approach to improve the robustness of deep learning classification models to locally
OO0D data. During inference, UBIX leverages multiple-instance learning and uncertainty
estimation to reduce the influence of corrupted image crops on the final classification out-
put. We train on data from a single OCT device, for the task of AMD staging in OCT, and eval-
uate on external datasets acquired with different devices that included vendor-specific ar-

tifacts.

Research question 4: Can domain adaptation mitigate performance drops due to acquisition

device-induced data shifts?

A common cause of data shift in medical imaging is the use of a different image ac-
quisition device during model deployment than during training. We expect that we can
employ domain adaptation (DA) techniques to keep up model performance as a result of
such shifts. In DA, we aim to align the source distribution to a target distribution, which, in
our case, are the deployment and the training distribution, respectively. In Chapter 6, we
explore the use of DA to enhance the robustness of segmentation models for iRORA and
cRORA lesions. We utilize a segmentation model trained on data from a single OCT scan-
ner. We employ a Cycle-Consistent Generative Adversarial Network (CycleGAN) to adapt
the visual characteristics of images from a new scanner to resemble those of the training
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data. This method is externally evaluated using data from MACUSTAR, a large prospective
European and multicenter study focusing on intermediate AMD and its progression.
Research question 5: Can we generate standardized, less anisotropic data from highly
anisotropic, volumetric medical images by conditioning 3D diffusion models on complemen-
tary image modalities?

Variability in the isotropy of image data, i.e, the variation in resolutions of the anatom-
ical planes, can cause data shifts in volumetric medical imaging. This can lead to perfor-
mance degradation in models optimized using imaging datasets with limited resolution
variability. We expect that we can leverage recent advancements in generative deep learn-
ing to address this variability across and within studies. Specifically, in Chapter 7, we de-
velop a super-resolution 3D diffusion model to reduce the anisotropy of retinal OCT vol-
umes. We propose to condition these models on en face imaging, enabling the generative
model to make well-informed decisions that adhere to the biological truth. Although the
approach could be extended to other en face modalities, in our experiments, we utilize SLO
imaging as conditioning information, which is often concurrently acquired by the OCT de-

vice and used internally as a reference for OCT acquisition.

An overview of the publications on which the thesis chapters are based can be found
in the Publications section, at the of this thesis. This overview includes author contribu-
tions, related contributed resources (source code, algorithms, and challenges), and other

publications to which the author has contributed.
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Abstract

Background: The coronavirus disease 2019 (COVID-19) pandemic has spread across the
globe with alarming speed, morbidity, and mortality. Immediate triage of patients with
chest infections suspected to be caused by COVID-19 using chest CT may be of assistance
when results from definitive viral testing are delayed.

Purpose: To develop and validate an artificial intelligence (AI) system to score the likeli-
hood and extent of pulmonary COVID-19 on chest CT scans using the COVID-19 Reporting
and Data System (CO-RADS) and CT severity scoring systems.

Materials and methods: The CO-RADS Al system consists of three deep-learning algo-
rithms that automatically segment the five pulmonary lobes, assign a CO-RADS score for
the suspicion of COVID-19, and assign a CT severity score for the degree of parenchymal
involvement per lobe. This study retrospectively included patients who underwent a
nonenhanced chest CT examination because of clinical suspicion of COVID-19 at two
medical centers. The system was trained, validated, and tested with data from one of
the centers. Data from the second center served as an external test set. Diagnostic
performance and agreement with scores assigned by eight independent observers were
measured using receiver operating characteristic analysis, linearly weighted x values,
and classification accuracy.

Results: A total of 105 patients (mean age, 62 years + 16 [standard deviation]; 61 men) and
262 patients (mean age, 64 years * 16; 154 men) were evaluated in the internal and ex-
ternal test sets, respectively. The system discriminated between patients with COVID-19
and those without COVID-19, with areas under the receiver operating characteristic curve
of 0.95 (95% CI: 0.91, 0.98) and 0.88 (95% CI: 0.84, 0.93), for the internal and external test
sets, respectively. Agreement with the eight human observers was moderate to substan-
tial, with mean linearly weighted « values of 0.60 + 0.01 for CO-RADS scores and 0.54 + 0.01
for CT severity scores.

Conclusion: With high diagnostic performance, the CO-RADS Al system correctly identi-
fied patients with COVID-19 using chest CT scans and assigned standardized CO-RADS and
CT severity scores that demonstrated good agreement with findings from eight indepen-
dent observers and generalized well to external data.
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2.1 Introduction

URING THE CORONAVIRUS DISEASE 2019 (COVID-19) PANDEMIC, chest CT imaging

has been found useful in the diagnosis and follow-up of patients with COVID-

19 [30]. Standardized CT scoring systems, such as the COVID-19 Reporting and
Data System (CO-RADS) [29], have been advocated to improve communication between
radiologists and other health care providers by translating radiologic findings into stan-
dardized scores [29,75,76]. The CO-RADS scoring system assigns scores from 1 to 5 that
increase with the level of suspicion of COVID-19 based on features seen on nonenhanced
chest CT scans. Additionally, beyond assessing the likelihood of COVID-19, this and similar
scoring systems also report on the extent of parenchymal involvement by assigning a CT
severity score to patients highly suspected of having COVID-19 [77,78]. Such standardized
scoring systems enable fast and consistent clinical decision making, which is especially

valuable in these enduring times of crisis [29, 75].

Artificial intelligence (AI) using deep learning has been advocated for automated read-
ing of COVID-19 CT scans, including those used to diagnose COVID-19 [34,35,37,38,79-82]
and quantify parenchymal involvement [42, 43, 83, 84]. Although these studies illustrate
the potential of Al algorithms, their practical value is debatable [85]. Without adhering to
radiologic reporting standards, it is doubtful that these algorithms provide any real ben-
efit in addition to or instead of manual reading, limiting their adoption in daily practice.
In addition, algorithms that follow a standardized scoring system need validation to con-
firm that they assign scores in a manner similar to that of radiologists and can be used to
identify patients with COVID-19 with similar or even better performance.

The purpose of this study was to develop and validate an Al algorithm (the CO-RADS Al
system) that automatically scores chest CT scans of patients suspected of having COVID-
19 according to the CO-RADS and CT severity score systems. We compared findings of the
CO-RADS Al system with readings of eight observers and with clinical assessments of the

patients, including reverse transcription polymerase chain reaction (RT-PCR) test results.

2.2 Materials and methods

Medical ethics committee approval was obtained prior to the study. The need for written in-
formed consent was waived, and data were collected and anonymized in accordance with
local guidelines.
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2.2.1 Study sample

We retrospectively included consecutive patients arriving at the emergency wards of an
academic center and a large teaching hospital in the Netherlands in March and April of
2020 who underwent chest CT imaging for clinical suspicion of moderate to severe COVID-
19. Criteria for CT were symptoms of lower respiratory tract infection, including cough, clin-
ically relevant dyspnea requiring hospital admission, and fever with anosmia. CO-RADS
and CT severity scores were reported as part of routine interpretation of the scans. Pa-
tients without scores in their radiologic report were excluded. Additionally, patients from
the teaching hospital were excluded if they were known to have COVID-19 (proved with RT-
PCR testing) prior to imaging or if RT-PCR test results were missing. The CT scanners were
from different manufacturers; the protocols are described in Appendix 2.A.

Because RT-PCR testing may initially yield false-negative results, we considered
patients to have COVID-19 if they had a positive RT-PCR test result or if their clinical
presentation made COVID-19 the probable diagnosis. Criteria were the lack of an alter-
native diagnosis explaining the symptoms and admission to the intensive care unit due
to respiratory failure, the need for high oxygen delivery, or unexplained death during

admission.

Training and development set

The data of 476 patients from the academic center were used for model development, in-
cluding 520 CT scans in total. CO-RADS scores were extracted from the radiologic reports.
Scans with a CO-RADS score of 6, which signifies a positive RT-PCR result prior to imaging,
were rescored independently by a chest radiologist with more than 30 years of experience
(E.T.S.) who assigned CO-RADS scores of 1-5 to simulate an unknown RT-PCR status (n = 52).
This observer was blinded to the original radiologic report and to all nonimaging data ex-

cept age and sex.

Internal test set

A prior observer study assessing CO-RADS [29] reported on the remaining 105 patients
included at the academic center. The data of these patients were set aside to verify the
performance of the Al model. For each patient, at least one RT-PCR result was available
within 5 days after CT scan acquisition. The earliest available scan of each patient was
scored independently after CO-RADS classification by seven chest radiologists and one ra-
diology resident (BG., ] K, L.B, M.P, HAG,]LS, C. Schaefer-Prokop, T.v.RV.) using a ded-
icated browser-based workstation (CIRRUS, Diagnostic Image Analysis Group, Nijmegen,
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the Netherlands*). The observers were familiar with the CO-RADS and CT severity scor-
ing systems from interpreting at least 30 scans. Four of them (B.G., ] K, JL.S, and Tv.RV.)
had less than 5 years of experience in reading chest CT scans, and the others had up to 27
years. Any available later scans from these 105 patients were not used in this study. All
observers were blinded to the RT-PCR test results and therefore could not assign a CO-
RADS score of 6. Instead, they assigned CO-RADS scores of 1-5 based on their suspicion
of COVID-19 pulmonary involvement. In addition, they semiquantitatively described the
extent of parenchymal involvement per lobe using a predefined CT severity score on a six-
point scale (0= 0%,1=1%-5%, 2 = 6%-25%, 3 = 26%-50%, 4 = 51%-75%, and 5 = >75%) [77].

External test set

The data of all patients included at the teaching hospital were set aside to verify the perfor-
mance of the Almodel on an external cohort. All these patients underwent RT-PCR testing
onthe same day as CT imaging. The CO-RADS score and the total CT severity score (the sum
of the scores per lobe, as described previously) were extracted from the radiologic report

of the earliest available scan of each patient.

2.2.2 Annotation of pulmonary lobes and opacities

Reference delineations of lung and lobar boundaries were automatically obtained for a
convenience sample of 400 scans from the training and development set and for all 105
scans in the internal test set using commercial software (LungQ, version 1.1.1; Thirona, Ni-
jmegen, the Netherlands), followed by manual correction. Reference delineations of areas
with ground-glass opacities, consolidation, and mixed patterns were obtained for a con-
venience sample of 108 scans from the training and development set, as follows: Regions
of parenchymal lung tissue with increased attenuation were identified with thresholding
and morphologic operations. Vessels and airways were removed using automatic meth-
ods. Lesion candidates in lobes not affected by COVID-19 following the radiologic report
were removed. The remaining lesion candidates were reviewed by a certified image ana-
lyst with atleast1year of experience in correcting segmentations of pulmonary structures
on chest CT scans. The analyst corrected the delineations and added and removed lesions,
as needed.

*Available at https://grand-challenge.org/reader-studies/


https://grand-challenge.org/reader-studies/
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2.2.3 Automated CT scoring

CT scans were scored automatically using three successively applied deep-learning algo-
rithms. These performed pulmonary lobe segmentation and labeling, lesion segmenta-
tion and CT severity score prediction, and CO-RADS score prediction.

For lobe segmentation and labeling, we used a relational two-stage U-Net architecture
specifically developed for robust pulmonary lobe segmentation [86]. The model was pre-
trained on 4000 chest CT scans from the Genetic Epidemiology of Chronic Obstructive Pul-
monary Disease study [87] and was fine-tuned with 400 scans from the present study.

For CT severity score prediction, we trained a three-dimensional U-Net using the nnU-
Net framework [88] in a cross-validated fashion with 108 scans and corresponding refer-
ence delineations to segment ground-glass opacities and consolidation in the lungs. The
CT severity score was derived from the segmentation results by computing the percentage
of affected parenchymal tissue per lobe.

For CO-RADS score prediction, we used the three-dimensional inflated Inception archi-
tecture [89,90], which is a three-dimensional extension of the state-of-the-art Inception
image classification architecture [91]. The model was pretrained on ImageNet [92] and Ki-
netics [93] data sets and was trained with 368 CT scans from the present study to predict
the corresponding CO-RADS score. The remaining scans from the training and develop-
ment set were used to monitor the performance during training. Input to the model was
the CT image together with areas of abnormal parenchymal lung tissue detected by the
severity scoring algorithm.

Further details about the methods are provided in Appendix 2.B. The algorithm is freely

accessible online'.

2.2.4 Statistical analysis

Lobe segmentation was evaluated using the average Dice coefficient per lobe in the inter-
nal test set. Diagnostic performance of the automated CO-RADS scoring algorithm was
evaluated using receiver operating characteristic curves and the area under the receiver
operating characteristic curve (AUC). Youden index was used to determine the optimal
threshold. Nonparametric bootstrapping with 1000 iterations was used to calculate 95%
CIs. To quantify agreement, linearly weighted « values and classification accuracy were
determined by comparing the predicted CO-RADS and CT severity scores to the median of
all combinations of scores from seven observers. The agreement of the Al system in terms

of the linearly weighted  value was compared with the agreement of the left-out observer

Thttps://grand—challenge.org/algorithms/corads—a'i/
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Table 2.1: Characteristics of training and test cohorts. Data are numbers with percentages in parentheses or
means + standard deviations. p values correspond to comparisons of the distribution of characteristics in the
training set and the respective test set. *p = 0.20. Tp <0.01. i[p = 0.79 for the internal test set, p = 0.68 for the
external test set.

Parameter Training set Internal test set External test set
(n=476) (n =105) (n=262)
Age 60+ 16 62+ 16* 64+ 16
Sex*
Male 267 (56) 61(58) 154 (54)
Female 209 (44) 44 (42) 120 (46)
No. of CT scans
per patient
1 438 (92) 105 (100) 262 (100)
2 34(7)
3 2(0)
4 2(0)

using Monte Carlo permutation tests. CT severity scores were evaluated only for patients
with a diagnosis of COVID-19. We tested for differences in demographic characteristics
between training and test cohorts using t tests (age) and x? tests (sex) and tested for differ-
ences in the sensitivity of the observers and algorithm at the specificity of the observers
using McNemar tests. The significance level was .05. Analyses were performed with sta-
tistical software (R, version 3.6.2; R Foundation for Statistical Computing, Vienna, Austria)
and Python, version 3.7.6 (scipy 1.5.0, sklearn 0.23.1, evalutils 0.2.3; Python Software Founda-

tion, Wilmington, Del).

2.3 Results

2.3.1 Patient characteristics

A total of 581 and 262 consecutive patients were included at the academic center and the
teaching hospital, respectively. The training and development set comprised 520 scans of
476 patients from the academic center, and the internal test set comprised 105 scans of the
remaining 105 patients. The external test set comprised 262 scans of 262 patients from the
teaching hospital. Six patients were excluded because CO-RADS scores were missing from
their radiologic reports (Fig. 2.1). Patient characteristics for training and test sets are given
inTable 2.1

There were 58 patients with a clinical diagnosis of COVID-19 among the 105 patients in
the internal test set (55%), and there were 179 such patients among the 262 patients in the
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Chest CT performed at Radboudumc (emergency ward) due to
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the CO-RADS scoring system (2) in previous study
(n=105) (n =482)

CO-RADS score missing from
, radiological report
(n=6)

CO-RADS score given in radiological
report (n =476)

,, !

Internal test set Al-system training and development
(105 CT scans for 105 patients) (520 CT scans of 476 patients)

Chest CT performed at Canisius-Wilhelmina Ziekenhuis (emergency ward)
due to suspicion of COVID-19 between March 20 and April 4, 2020

(n=262)
» Proven COVID-19 prior to
v imaging (positive RT-PCR)
(n=0)
Unconfirmed COVID-19
(n=262)
"l Missing RT-PCR results
v (n=0)

RT-PCR test results available
(n=262)

CO-RADS score missing
from radiological report
(n=0)

\ 4

h 4

CO-RADS score given in radiological
report (n = 262)

l

External test set
(262 CT scans of 262 patients)

Figure 2.1: Flowchart shows patient inclusion in the training and test sets. Note that n refers to the number of
patients. The number of CT images is higher in the training set, as several patients underwent multiple chest
CT examinations during the inclusion period. However, in the test sets, only the earliest available scan for each
patient is used. CO-RADS = COVID-19 Reporting and Data System, COVID-19 = coronavirus disease 2019,
RT-PCR = reverse transcription polymerase chain reaction.
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Table 2.2: CO-RADS and CT severity scores according to radiologic reports or radiologist. The radiologist re-
viewed scans with an initial CO-RADS score of 6 (proven COVID-19). CO-RADS data are numbers of CT scans
with percentages in parentheses. CT-severity-score data are medians and interquartile ranges and were reported
only for cases with CO-RADS scores greater than or equal to 3. CO-RADS = COVID-19 Reporting and Data Sys-
tem, COVID-19 = coronavirus disease 2019.

Parameter Training set Internal test set External test set
(n=476) (n =105) (nh=262)

CO-RADS categories
CO-RADS 1 236 (45) 20(19) 56 (21)
CO-RADS 2 66 (13) 10(10) 12 (5)
CO-RADS 3 80 (15) 19 (18) 26 (10)
CO-RADS 4 45 (9) 17 (16) 25(10)
CO-RADS 5 93(18) 39(37) 143 (54)

CT severity score 8(9) 10 (7) 11 (7)

external test set (68%). Of these patients, 53 of 58 (91%) and 145 of 179 (81%) had a positive
RT-PCR result, whereas the remaining patients diagnosed with COVID-19 had one or mul-
tiple negative RT-PCR test results but were diagnosed with COVID-19 on the basis of their
symptoms. Table 2.2 summarizes the distribution of CO-RADS and CT severity scores ac-
cording to the radiologic reports. The algorithm was executed successfully for all scans in
the test sets. For the 105 scans in the internal test set, the median runtime of the algorithm
was 212 seconds (range, 146-709), whereas the median reading time for radiologists was
82 seconds (range, 58-134 seconds).

2.3.2 Lobe segmentation

Reference delineations of lung and lobar boundaries were available for 104 of the 105 scans
inthe internal test set. In one image, the lobar boundaries could not be identified because
of severe emphysema and the presence of an open window thoracostomy after a Clagett
procedure in the right lung. In the remaining 104 images, the average Dice scores of the
automatic lobe segmentations were 95.2% + 2.0 for the left upper lobes, 92.4% + 10.1 for the
leftlower lobes, 95.2% + 3.1 for the right upper lobes, 92.2% + 10.7 for the right middle lobes,
and 94.7% + 3.7 for the right lower lobes.

2.3.3 Identification of patients with COVID-19

In the internal test set, the algorithm distinguished between patients without and those
with COVID-19 with an AUC of 0.95 (95% CI: 0.91, 0.98) on the basis of the probability of a
CO-RADS score of 5 predicted by the algorithm. At the optimal threshold, the sensitivity of
the algorithm was 85.7% (95% CI:73.1,98.2), and the specificity was 89.8% (95% CI: 79.6,100).
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Figure 2.2: Receiver operating characteristic (ROC) curves for automatically predicted probability of a Coro-
navirus Disease 2019 (COVID-19) Reporting and Data System (CO-RADS) score of 5 versus probability of a
COVID-19 diagnosis. The ROC curve is based on the probability that the algorithm assigned a CO-RADS score
of 5. The shaded area around the ROC curve reflects the 95% Cl. (A) The performance of the eight observers
is shown as individual points on the graph for the internal test set, and, (B), the diagnostic performance of the
scores from the radiologic reports is shown for the external test set. Different colors indicate different cutoffs,
in which patients were considered to be predicted as having COVID-19 if the observer assigned a CO-RADS
score of 5 (orange), 4 or 5 (green), 3-5 (magenta), or 2-5 (yellow). COVID-19 diagnosis meant either a positive
reverse transcription polymerase chain reaction (RT-PCR) test result or very high clinical suspicion of COVID-19,
despite at least one negative RT-PCR test result. AUC = area under the ROC curve, CORADS-AI = CO-RADS
artificial intelligence system.

In the external test set, the AUC was 0.88 (95% CI: 0.84, 0.93) and sensitivity and specificity
at the optimal threshold were 82% (95% CI: 69.7,94.3) and 80.5% (95% CI: 67.9, 93.1), respec-
tively. The corresponding receiver operating characteristic curves are shown in Figure 2.2,
together with the operating points of the eight observers for the internal test set and with
the operating points for the routinely reported CO-RADS scores for the external test set. In
the internal test set, the mean sensitivity of the eight observers was 61.4% + 7.9 (standard
deviation) at a mean specificity of 99.7% + 0.7, which was based on patients to whom they
assigned a CO-RADS score of 5. In the external test set, the CO-RADS scores reported as
part of clinical routine corresponded to a sensitivity of 134 of 179 (74.9%) and a specificity
of 74 of 83 (89.2%). The sensitivities and specificities of the observers for each operating
point and the sensitivities of the Al algorithm at the same specificities are given in Table
2.3. There was enough evidence for significantly better sensitivity of the observer for only

three of the tested 36 operating points (8.3%) of all observers combined.
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Table 2.3: Observer and Al sensitivity for identification of COVID-19 at specificity levels corresponding to vari-
ous operating points of observers. Data are percentages or percentages, with 95% Cls in parentheses. p values
correspond to comparisons of the sensitivity of the observer with that of the artificial intelligence (Al) algorithm.
CO-RADS = COVID-19 Reporting and Data System, COVID-19 = coronavirus disease 2019.

Parameter Specificity Observer sensitivity Al sensitivity p value

Internal test set (n = 105)

CO-RADS 5
Observer 1 100 60.3 71.9 (58.7, 84.8) 143
Observer 2 97.9 74.1 73.0(59.3, 88.3) >.999
Observer 3 100 62.1 71.9 (58.7, 84.8) 238
Observer 4 100 46.6 71.9 (58.7, 84.8) <.001
Observer 5 100 55.2 71.9 (58.7, 84.8) .064
Observer 6 100 58.6 71.9 (58.7, 84.8) .143
Observer 7 100 69 71.9 (58.7, 84.8) >.999
Observer 8 100 65.5 71.9 (58.7, 84.8) .607
CO-RADS 4 +5
Observer 1 95.7 87.9 76.1(61.2,92.3) 146
Observer 2 95.7 86.2 76.1(61.2,92.3) .302
Observer 3 97.9 77.6 73.0(59.3,88.3) 791
Observer 4 97.9 77.6 73.0(59.3,88.3) 791
Observer 5 100 72.4 71.9 (58.7, 84.8) >.999
Observer 6 100 84.5 71.9 (58.7, 84.8) 118
Observer 7 97.9 86.2 73.0(59.3, 88.3) .180
Observer 8 100 75.9 71.9 (58.7, 84.8) .815
CO-RADS3+4+5
Observer 1 63.8 98.3 97.2 (90.9, 100.0) >.999
Observer 2 61.7 98.3 97.5(91.4, 100.0) >.999
Observer 3 76.6 93.1 93.6 (83.1, 100.0) >.999
Observer 4 74.5 914 94.5 (84.7, 100.0) .549
Observer 5 89.4 93.1 85.6 (69.2, 96.6) .607
Observer 6 85.1 93.1 89.0(75.8,98.2) 791
Observer 7 76.6 94.8 93.6 (83.1, 100.0) >.999
Observer 8 87.2 87.3 87.3(72.0,96.9) .815
CO-RADS = 2
Observer 1 234 100 99.1(94.7, 100.0) >.999
Observer 2 34 100 98.2 (93.8, 100.0) >.999
Observer 3 38.3 98.3 98.2 (93.8, 100.0) >.999
Observer 4 14.9 98.3 99.9 (98.1, 100.0) 754
Observer 5 53.2 98.3 98.1(93.1, 100.0) >.999
Observer 6 53.2 98.3 98.1(93.1, 100.0) >.999
Observer 7 55.3 98.3 98.0 (92.9, 100.0) >.999
Observer 8 51.1 93.1 98.1(93.1, 100.0) .503
External test set (n = 262)
CO-RADS 5 89.2 74.9 67.6 (54.6,81.7) .035
CO-RADS 4 +5 83.1 86 77.1(63.1, 88.6) .020
CO-RADS3+4+5 62.7 91.1 92.5(86.3,96.7) .585
CO-RADS = 2 54.2 93.9 94.2(90.1, 97.7) >.999
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Table 2.4: Agreement of observers and Al System with median score assigned by remaining seven observers
in internal test set. Data are linearly weighted k scores with 95% Cls in parentheses. p values correspond to
comparisons of the K scores of the left-out observer and Al system using the median of the other seven observers
as the reference. Al = artificial intelligence, CO-RADS = Coronavirus Disease 2019 Reporting and Data System.

Left-out observer vs. Al algorithm vs.
Parameter R N p value
median observer median observer

CO-RADS classification
Observer 1 0.79 (0.73, 0.86) 0.59 (0.50, 0.70) <.001
Observer 2 0.78 (0.71, 0.86) 0.59 (0.49, 0.70) <.001
Observer 3 0.85 (0.80, 0.90) 0.60 (0.50, 0.69) <.001
Observer 4 0.72(0.65,0.79) 0.60(0.50, 0.71) .018
Observer 5 0.74 (0.66, 0.81) 0.61(0.51,0.71) .032
Observer 6 0.84 (0.79, 0.90) 0.61(0.52,0.71) <.001
Observer 7 0.82(0.77,0.88) 0.58 (0.48, 0.68) <.001
Observer 8 0.79 (0.73,0.86) 0.61(0.51,0.70) .002

Total CT severity score
Observer 1 0.80(0.74, 0.85) 0.53(0.44, 0.63) <.001
Observer 2 0.74 (0.68,0.81) 0.53(0.43,0.62) <.001
Observer 3 0.78 (0.71, 0.84) 0.54 (0.45, 0.63) <.001
Observer 4 0.76 (0.69, 0.84) 0.53(0.44, 0.63) <.001
Observer 5 0.80(0.74,0.87) 0.54 (0.45, 0.63) <.001
Observer 6 0.71(0.64,0.79) 0.55(0.45, 0.64) .004
Observer 7 0.81(0.75,0.87) 0.53(0.44, 0.63) <.001
Observer 8 0.73 (0.65, 0.80) 0.55(0.46, 0.64) .002

2.3.4 CO-RADS score prediction

When compared with the median CO-RADS score of all score combinations from seven of
the eight readers of the internal test set, the automatically assigned CO-RADS score was
in absolute agreement in 54.8% (460 of 8 x 105 = 840) of the patients and within one cat-
egory of the seven observers' score in 80.5% (676 of 840). The remaining reader was in
absolute agreement in 68.2% (573 of 840) of the patients and within one category of the
other observers' score in 96.2% (808 of 840) of the patients. In the external test set, the
Al algorithm score and the reference score were in absolute agreement in 64.12% (168 of
262) of the patients and within one category of one another in 85.50% (224 of 262) of the
patients. The cross-tabulated results are given in Appendix Tables 2.C1and 2.C.2.

There was moderate to substantial agreement between Al-predicted CO-RADS scores
and the observers' score according to the linearly weighted « value (Table 2.4). For the in-
ternal test set, the mean (+ standard deviation) x value was 0.60 + 0.01 for the Al system
and 0.79 £ 0.04 for the left-out observer (p <.001for all observers). For the external test set,
the & value was 0.69 (95% CI: 0.63, 0.75) for the Al system.
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Figure 2.3: CT severity score predictions versus median of observer scores. The distribution of the percentage of
affected lung parenchyma per lobe according to the automatic lesion (affected volume) and lobe segmentations
(total volume) for the internal test set are shown as box plots. The notch in each box plot illustrates the 95% Cl
around the median. The CT severity score cutoffs are marked on the y-axis. Al = artificial intelligence.

2.3.5 CT severity score prediction

Because the automatic prediction is based on a segmentation of the lobes and abnormal
regions in the lung, the algorithm outputs the percentage of affected parenchymal tissue
rather than just the categorical severity score. Figure 2.3 depicts the percentage of affected
parenchymal tissue perlobe with respect to the median severity score of the readers in the
internal test set. The predicted score was in absolute agreement with the median score
of all score combinations from seven of the eight observers in 17.2% (80 of 8 x 58 positive
patients = 464) and deviated by not more than one point per lobe (i.e, five points in total)
in 94.0% (436 of 464 patients). In the external test set, the radiologic reports contained
severity scores for 163 of the 179 patients with COVID-19. The Al algorithm was in absolute
agreement with these scores in 17 of 163 (10.4%) patients and within one point per lobe in
146 0f 163 (89.6%).

There was moderate agreement between Al-predicted severity scores and the ob-
servers’ score according to the linearly weighted x value (Table 2.4). For the internal test
set, the mean x value was 0.54 = 0.01 for the Al system and 0.77 + 0.03 for the left-out
observer (p <.001 for all observers). For the external test set, the x value was 0.49 (95% CI:
0.41, 0.56) for the Al system.

Representative examples of lobe segmentation results, CO-RADS score predictions, and
CT severity score predictions with corresponding pulmonary lesions are shown in Figures
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Figure 2.4: Coronavirus Disease 2019 (COVID-19) Reporting and Data System (CO-RADS) and CT severity score
(CTSS) predictions for a COVID-19-positive case with extensive parenchymal involvement. Scans from a 73-
year-old woman with a positive reverse transcription polymerase chain reaction test result are shown. Nonen-
hanced CT scans in the coronal view (top row) overlaid with the automatic lobe segmentation (middle row) and
the detected areas of abnormal parenchymal lung tissue (bottom row) are shown. This figure also shows the
probabilities that the artificial intelligence model assigned to each CO-RADS category (bottom left) as well as
the computed percentages of affected parenchymal tissue and the corresponding CT severity score per lobe
(bottom right). The eight observers assigned this case CO-RADS scores of 3 (three observers), 4 (one observer),
and 5 (four observers).

24,25,2.6,and Appendix 2.C.

2.4 Discussion

Artificial intelligence (AI) might be helpful in interpreting CT scans of patients highly sus-
pected of having coronavirus disease 2019 (COVID-19), especially when it produces stan-
dardized output with which radiologists and other health care providers are familiar. In
this study, we evaluated the performance of an Al system for automated scoring of chest
CT scans of patients suspected of having COVID-19 on the basis of the COVID-19 Report-
ing and Data System (CO-RADS) and CT severity score classifications. This system identi-
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Figure 2.5: Coronavirus disease 2019 (COVID-19) Reporting and Data System (CO-RADS) and CT severity score
(CTSS) predictions for a COVID-19-positive case with little parenchymal involvement. Scans from an 18-year-
old man with a positive reverse transcription polymerase chain reaction test result are shown. Nonenhanced CT
scans in the coronal view (top row) overlaid with the automatic lobe segmentation (middle row) and the detected
areas of abnormal parenchymal lung tissue (bottom row) are shown. This figure also shows the probabilities
that the artificial intelligence model assigned to each CO-RADS category (bottom left), as well as the computed
percentages of affected parenchymal tissue and the corresponding CT severity score per lobe (bottom right). The
eight observers assigned this case CO-RADS scores of 1 (two observers), 2 (five observers), and 3 (one observer).

fied patients with COVID-19 with high diagnostic performance, achieving an area under
the curve (AUC) of 0.95 in the test set with sensitivity and specificity similar to those of the
eight observers and achieving an AUC of 0.88 in the external test set. The automated CO-
RADS scoring was in good agreement with that of the observers, although agreement was
significantly higher between observers (mean x value, 0.60 for Al agreement vs 0.79 for in-
terobserver agreement; p <.001). Likewise, the automated CT severity score agreed well
with observer scoring, with a mean « value of 0.54 *+ 0.01, which was also lower than the
agreement among the observers (x = 0.77 + 0.03, p <.001). An explanation may be that visu-
ally estimating the amount of affected lung parenchyma is subjective; studies have shown
that human readers tend to overestimate the extent of disease [94]. In the four cases in
which automatic measurements were more than 10 points higher than the reference, un-
derlying causes were severe motion artifacts in three cases and opacifications caused by
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Figure 2.6: Coronavirus disease 2019 (COVID-19) Reporting and Data System (CO-RADS) and CT severity score
(CTSS) predictions for a COVID-19-negative case. Scans from a 54-year-old man with a negative reverse tran-
scription polymerase chain reaction test result are shown. Nonenhanced CT scans in the coronal view (top row)
overlaid with the automatic lobe segmentation (middle row) and the detected areas of abnormal parenchymal
lung tissue (bottom row) are shown. This figure also shows the probabilities that the artificial intelligence model
assigned to each CO-RADS category (bottom left), as well as the computed percentages of affected parenchymal
tissue and the corresponding CT severity score per lobe (bottom right). The eight observers assigned this case
CO-RADS scores of 1 (three observers), 2 (three observers), and 3 (two observers).

aspiration pneumonia in one case. This emphasizes the importance of verification of au-

tomatically determined severity scores by humans.

In the short period since the outbreak, many groups have already developed Al algo-
rithms for diagnosing COVID-19. Shi et al. [95] and Ito et al. [96] provide overviews of the
proposed approaches. Most studies analyze small data sets and employ two-dimensional
neural network architectures on axial sections. One of the first large studies by Li et al.
[80] with such a two-dimensional approach showed performance on an independent test
set comparable to ours but did not compare Al results with human reading. We experi-
mented with their CovNet architecture but found that our three-dimensional, inflated In-
ception approach gave higher performance. Zhang et al. [84] also took a two-dimensional
approach and showed in a large data set that segmentation of lesions per axial section
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and feeding these slices into a classification network gave excellent results on several Chi-
nese data sets, outperforming junior radiologists. Their method separates consolidations
and ground-glass lesions, and this seems to be a promising approach. We followed the CT
severity score that is part of CO-RADS and therefore have not separated different types of
lesions. When tested on data from Ecuador, performance of their system decreased con-
siderably. We also saw reduced performance on the external validation set for our method,
but for that set, the CO-RADS scores obtained from routine practice also showed lower per-
formance, comparable to the Al system. Similarly, Bai et al. [82] obtained good results with
a two-dimensional approach (AUC = 0.95), reducing to an AUC of 0.90 on external data. To
optimize Al software for data from different hospitals, Xu et al. [97] implemented a feder-
ated learning approach for COVID-19 diagnosis using CT scans and showed that this may

lead to better performance on external data.

Mei et al. [42] developed a COVID-19 diagnostic Al system and tested it on a held-out
set of 279 patients. They followed a two-dimensional approach similar to the methods dis-
cussed previously, but they added a separate neural network analyzing clinical symptoms
and five laboratory findings. The combination of both networks provided the best perfor-
mance (AUC = 0.92).

Given the overlap of morphologic features with other non-COVID-19-related diseases,
our study could be advanced with an Al analysis of imaging, clinical signs, and routine lab-
oratory parameters. There are other studies that have used visual scoring of imaging data

and have demonstrated the potential of such a combined approach [98,99].

None of the previously published works followed a standardized reporting scheme, and
these systems therefore provide an unstandardized uncalibrated output. The lack of ex-
plicability of the output of Al systems is often seen as a limitation. By adhering to a stan-
dardized reporting system already validated in human observers [29], the proposed sys-
tem overcomes this obstacle. The lobar output of the CT severity system is also familiar to
radiologists. We did not find any other publications in which the accuracy of automated
lobar segmentation and lesion segmentation on CT scans of patients suspected of having

COVID-19 was quantitatively evaluated and compared with human readers.

Our study had several limitations. First, we trained the Al system with data from one
medical center. More training is needed with multicenter data sets. Second, the study
sample represented a population of patients who arrived in a high-prevalence situation at
our hospital and underwent chest CT examinations because they were suspected of having
COVID-19. There was only a limited number of patients with extensive preexisting lung dis-
ease in the training set. Third, inclusion of the study group took place after the influenza
and respiratory syncytial virus season. Consequently, most CT images in this study were ei-
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ther normal or demonstrated COVID-19 features. Ultimately, Al systems need to be trained
with a larger data set before they can be expected to correctly interpret studies with over-
lapping abnormalities due to other types of pneumonia or other diseases, such as conges-
tive heart failure, pulmonary fibrosis, or acute respiratory distress syndrome in patients
without COVID-19.

In conclusion, our study demonstrates that an artificial intelligence (AI) system can
identify patients with coronavirus disease 2019 (COVID-19) on the basis of unenhanced
chest CT images with diagnostic performance comparable to that of radiologic observers.
It is noteworthy that the algorithm was trained to adhere to the COVID-19 Reporting and
Data System categories and is thus directly interpretable by radiologists. We believe the
Al system may be of use to support radiologists in standardized CT reporting during busy
periods. The automatically assessed CT severity scores per lobe may have prognostic

information and could also be used to quantify lung damage during patient follow-up.
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2.A CT protocol

At the academic center, scans were obtained on 160 or 320 multidetector CT (Canon Med-
ical Systems, Otawara, Japan) without intravenous contrast injection, with a tube energy
0f 100, 120 or 135kV depending on body weight, collimation of 80 x 0.5 mm, rotation time
of 0.275s, and were reconstructed using hybrid iterative reconstruction (AIDR 3D) with a
preset noise tolerance of 35 into axial slices with 0.5 mm thickness and 0.5 mm increment.
Median CTDI,, was 0.9mGy (IQR 0.6-1.6), and median DLP was 30.9 mGy*cm (IQR 18.2—-
50.3).

At the teaching hospital, scans were obtained on a 128 multidetector CT (Philips Medical
Systems, Best, Netherlands) without intravenous contrast injection, with a tube energy of
100KV, collimation of 64 x 0.625 mm, rotation time of 0.4s, and were reconstructed using
model-based iterative reconstruction (IMR1, SharpPlus kernel) into axial slices with 1 mm
thickness and 1 mm increment. Median CTDI,, was 2.9mGy (IQR 1.8-4.2), and median DLP
was 109.5 mGy*cm (IQR 72.3-162.0).

In both centers, a deep inspiration breath-hold technique was applied whenever feasi-
ble.

2.B  Components of the Al system

The CORADS-Al system for automatic assessment of CO-RADS score and CT Severity Score
in chest CT scans of patients with suspected COVID-19 is composed of three successively
applied deep learning algorithms for (1) pulmonary lobe segmentation and labeling (2), CT
severity score prediction and (3) CO-RADS score prediction. Following standard practice,
we chose the architectures and hyper-parameters that obtained the highest accuracy on
our development set (520 CT images). The test sets were not used for model development.

The first component of the CORADS-AI system automatically segments the pulmonary
lobes in a CT scan using a deep learning algorithm based on a relational two-stage U-Net
architecture (RTSU-Net) [86]. RTSU-Net is based on a cascade of two 3D U-Net architec-
tures [100] and integrates a relational module to capture the global context of a large 3D
CT volume using appearance and geometric information. This architecture takes a full CT
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volume as input and outputs the corresponding segmentation mask of the five pulmonary
lobes. The algorithm was first trained with 4000 chest CT scans from the COPDGene study
[87] and then fine-tuned with 400 scans from the present study to increase the robustness
to COVID-19 typical pulmonary abnormalities, such as consolidated areas. The remain-
ing scans were used for validation during training, i.e, for tuning the model parameters.
Further details of the RTSU-Net architecture and training procedure can be found else-
where [86].

Prior to executing the second and third components, which perform automated CO-
RADS and CT severity scoring, the original CT volumes were resampled to an isotropic reso-
lution of 1.5 mm x 1.5 mm x 1.5 mm voxel spacing to ensure that allimages are interpreted at
the same resolution. The volumes were cropped to the lungs based on the automatic lobe
segmentation by cropping to the minimum bounding box of the union of all five lobes plus
a 10 mm additional margin on each side. Since the CO-RADS model made use of transfer
learning and therefore expected input values in the range 0 to 1, the images were addition-
ally normalized for this model by clipping intensities below -1100 HU and above 300 HU
and mapping the range 1100 HU to 300 HU to the range O to 1.

For CT severity score prediction, we trained a 3D U-net using the nnU-Net frame-
work [88] with 108 scans in which we semiautomatically delineated ground-glass
opacities and pulmonary consolidation’. The network was trained using a five-fold
cross-validation scheme. The resulting probability maps were resampled to the original
resolution of the CT scan and then thresholded at 50% probability. False-positive detec-
tions outside the lobes were automatically removed using the lobe segmentation mask.
The volume of all detected lesions per lobe was divided by the volume of the corresponding
lobe and the resulting percentage of affected parenchymal tissue was used to derive the
CT severity score (0% = CTSS 0, 0%-5% = CTSS 1, 5%-25% = CTSS 2, 25%-50% = CTSS 3,
50%-75% = CTSS 4, >75% = CTSS 5).

For CO-RADS score prediction, we used a deep learning model based on a 3D inflated
Inception V1 architecture (I3D) [89, 90]3. The I3D architecture builds upon the state-of-
the-art Inception vl model for 2D image classification but inflates the filters and pooling
kernels into 3D. This enables the use of an image classification model pretrained with 2D
data for a 3D image classification task. The model was pretrained in 2D with the ImageNet
dataset [92], converted into a 3D model and then further pretrained using the Kinetics
dataset [93], a 3D image classification dataset. The resulting pretrained 3D image classi-
fication model was trained with 368 scans of patients with a clinical suspicion of COVID-19

for CO-RADS score prediction, the remaining scans were used for validation during train-

*Source code available at https: //github.com/MIC-DKFZ/nnUNet.
$Source code available at https: //github.com/deepmind/kinetics-13d.
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ing (i.e, for tuning the model parameters). Because the pretrained I3D models expect the
3D input data to have the same dimensions as the data the model was pretrained with, the
cropped and isotropically resampled CT volumes were further cropped or padded to a fixed
size 0f 240 x 240 pixels in-plane. In axial direction, 128 slices were uniformly sampled from
thelungregion. Lesion masks generated by the CT severity score model were preprocessed
to the same shape and fed to the model together with the CT image. Since the I3D model
expected a 3-channel input due to pretraining with RGB data, the first channel was the im-
age, the second channel was the lesion mask, and the third channel was all zeros. All batch
normalization layers in the model were fixed after pretraining. We trained the model with

a batch size of 2, alearning rate of 0.0001 with Adam optimizer and cross entropy loss.

2.C Example output of the CORADS-AI system

We randomly selected two images for each CO-RADS score category (1to 5) from the 105 CT
scans in the internal test set, i.e, images that the CORADS-AI system was not trained with,
using the CO-RADS scores from the radiologic reports. The images, segmentation results
and CORADS score and CTSS predictions are shown in Figures E1to E5. Note that the CT
severity score is intended for assessment of patients with clinical suspicion of COVID-19
who require hospitalization and is therefore typically not reported for unsuspicious cases.
The radiologic reports of these 10 example cases therefore contained CT severity scores

only for cases scored CO-RADS 3 or higher, these are reported in the figure captions.

Table 2.C.1: Scores of the Al-system cross-tabulated against the median scores of all combinations of seven
observers for the internal test set. Data corresponds to the comparison of the Al-predicted CO-RADS scores
with median scores of all leave-one-reader-out combinations, i.e., 8 x 105 patients = 840 reference CO-RADS
scores.

Median of all combinations of seven of the eight observers

CO-RADS 1 CO-RADS 2 CO-RADS 3 CO-RADS 4 CO-RADS 5
CO-RADS 1 64/840 (8%) 56/840 (7%) 0/840 (0%) 0/840 (0%) 0/840 (0%)
CO-RADS 2 32/840 (4%) 64/840 (8%) 0/840 (0%) 0/840 (0%) 0/840 (0%)
Al CO-RADS 3 24/840 (3%) 24/840 (3%) 24/840 (3%) 0/840 (0%) 16/840 (2%)
CO-RADS 4 16/840 (2%) 16/840 (3%) 48/840 (6%) 24/840 (3%) 16/840 (2%)

CO-RADS 5 0/840 (0%) 8/840 (1%) 72/840 (8%) 56/840 (7%) 280/840 (33%)
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Figure 2.C.1: Model output for CO-RADS 1 cases according to the radiologic report. Shown are coronal slices
(top row) overlaid with the lobe segmentation results (middle row) and the lesion segmentation results and the
corresponding CT Severity Score (CTSS) per lobe (bottom row). The eight observers scored the scans 8x CO-
RADS 1 (top), and 3x CO-RADS 1, 4x CO-RADS 2 and 1x CO-RADS 3 (bottom).
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Figure 2.C.2: Model output for CO-RADS 2 cases according to the radiologic report. Shown are coronal slices
(top row) overlaid with the lobe segmentation results (middle row) and the lesion segmentation results and the
corresponding CT Severity Score (CTSS) per lobe (bottom row). The eight observers scored the scans 3x CO-
RADS 1 and 5x CO-RADS 2 (top), and 4x CO-RADS 1, 1x CO-RADS 2 and 3x CO-RADS 3 (bottom). There was
evidence of extensive emphysema with bilateral areas of ground glass (top) and of situs inversus (bottom).
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Figure 2.C.3: Model output for CO-RADS 3 cases with CTSS 12 (top) and CTSS 2 (bottom) according to the
radiologic report Shown are coronal slices (top row) overlaid with the lobe segmentation results (middle row)
and the lesion segmentation results and the corresponding CT Severity Score (CTSS) per lobe (bottom row). The
eight observers scored the scans 3x CO-RADS 1, 2x CO-RADS 2 and 3x CO-RADS 3 (top), and 8x CO-RADS 2
(bottom). There was evidence of small ground glass areas in the peri-hilar regions (top) and patchy consolidation
in the right lower lobe (bottom).
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Figure 2.C.4: Model output for CO-RADS 4 cases with CTSS 5 (top) and CTSS 11 (bottom) according to the
radiologic report Shown are coronal slices (top row) overlaid with the lobe segmentation results (middle row)
and the lesion segmentation results and the corresponding CT Severity Score (CTSS) per lobe (bottom row). The
eight observers scored the scans 3x CO-RADS 2, 4x CO-RADS 3 and 1x CO-RADS 4 (top), and 3x CO-RADS 3
and 5x CO-RADS 4 (bottom). There was evidence of ground glass areas in the periphery of the left lower lobe
and areas of band-like collapse bilaterally (top), and of ground glass in the right upper lobe, dense consolidation
in the entire middle lobe and posterior-basal in the right lower lobe (bottom).
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Figure 2.C.5: Model output for CO-RADS 5 cases with CTSS 8 (top) and CTSS 9 (bottom) according to the
radiologic report Shown are coronal slices (top row) overlaid with the lobe segmentation results (middle row)
and the lesion segmentation results and the corresponding CT Severity Score (CTSS) per lobe (bottom row). The
eight observers scored the scans 3x CO-RADS 4 and 5x CO-RADS 5 (top), and 2x CO-RADS 4 and 6x CO-RADS
5 (bottom). There was evidence of areas of ground glass peripheral in the right lung, especially the upper lobe
(top) and of extensive ground glass peripheral in the right lung as well as small areas in the left lung.
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Table 2.C.2: Scores of the Al-system cross-tabulated against the scores from the radiologic reports of the scans
in the external test set.

Median of all combinations of seven of the eight observers

CO-RADS 1 CO-RADS 2 CO-RADS 3 CO-RADS 4 CO-RADS 5
CO-RADS 1 37/262 (14%) 5/262 (2%) 7/262 (3%) 2/262 (1%) 0/262 (0%)
CO-RADS 2 11/262 (4%) 2/262 (1%) 4/262 (2%) 1/262 (0%) 1/262 (0%)
Al CO-RADS 3 7/262 (3%) 4/262 (2%) 8/262 (3%) 13/262 (5%) 14/262 (5%)
CO-RADS 4 1/262 (0%) 0/262 (0%) 3/262 (1%) 5/262 (2%) 12/262 (5%)
CO-RADS 5 0/262 (0%) 1/262 (0%) 4/262 (2%) 4/262 (2%) 116/262 (44%)
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Abstract

Amidst the ongoing pandemic, the assessment of computed tomography (CT) images for
COVID-19 presence can exceed the workload capacity of radiologists. Several studies ad-
dressed thisissue by automating COVID-19 classification and grading from CT images with
convolutional neural networks (CNNs). Many of these studies reported initial results of al-
gorithms that were assembled from commonly used components. However, the choice
of the components of these algorithms was often pragmatic rather than systematic and
systems were not compared to each other across papers in a fair manner. We systemati-
cally investigated the effectiveness of using 3D CNNs instead of 2D CNNs for seven com-
monly used architectures, including DenseNet, Inception, and ResNet variants. For the ar-
chitecture that performed best, we furthermore investigated the effect of initializing the
network with pre-trained weights, providing automatically computed lesion maps as ad-
ditional network input, and predicting a continuous instead of a categorical output. A 3D
DenseNet-201with these components achieved an area under the receiver operating char-
acteristic curve (AUC) of 0.930 on our test set of 105 CT scans and an AUC of 0.919 on a pub-
licly available set of 742 CT scans, a substantial improvement in comparison with a pre-
viously published 2D CNN. This paper provides insights into the performance benefits of
various components for COVID-19 classification and grading systems. We have created a
challenge on grand-challenge.org to allow for a fair comparison between the results of this
and future research.

Impact statement: Applied artificial intelligence (AI) research focuses disproportionately
on novel architecture modifications that do not necessarily generalize to other datasets,
while neglecting systematic comparisons between commonly used algorithm compo-
nents. This inhibits the deployment of Al for real-world applications. For automatic
COVID-19 grading specifically, attention for compatibility of Al with clinical workflow is
lacking. This paper presents a systematic investigation of COVID-19 grading algorithm
components using a large publicly available dataset. The results are published in an online
challenge. These contributions speed up the development of Al applications for COVID-19
grading by establishing insights into the components of such applications and by allowing
applications produced by future research to be compared in a fair manner. The adherence
to a standardized COVID-19 grading system may increase the compatibility between Al
and clinical workflow. Altogether, this work may increase the efficiency and accuracy of

radiologists when reading CT scans during this pandemic.
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3.1 Introduction

MAGING OF COVID-19 WITH CHEST COMPUTED TOMOGRAPHY (CT) has been found to

be helpful for diagnosis of this disease in the current pandemic [30]. With the aim to

reduce the workload of radiologists, various machine learning techniques have been
proposed to automatically grade and classify the presence of COVID-19 in CT images [31-
46,101-106]. Automatic COVID-19 classification methods have already been deployed in
several medical centers [36].

By far the most common technique for automatic COVID-19 classification from CT im-
ages is the Convolutional Neural Network (CNN) [107, 108], which is the current state-of-
the-art for image classification [4]. The works that use this approach can be divided into
those that use 2D CNNs [31, 32, 34, 35, 41-45,103] and those that use 3D CNNs [33, 37-41,
46,104,105]. While 3D CNNs are directly capable of exploiting 3D information present in
CT volumes, 2D CNNs can only indirectly use 3D information by aggregating their output

for individual slices of the image to produce an image level prediction. 3D CNNs are typ-
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Figure 3.1: Schematic representation of the different components used for CO-RADS grading from CT scans us-
ing convolutional neural networks in patients suspected with COVID-19. This processing pipeline was used in all
experiments of this work. (a) The input CT scan is fed into a lesion segmentation network. The CT and the lesion
segmentation are used as separate input channels to the classification network as described in Section 3.3.3. In
one of the ablation study experiments, this lesion segmentation input was left out. (b) We compared a variety
of 3D (top) and 2D architectures (bottom) as described in Section 3.3.3. The 3D architectures take as input
the full volume. The 2D architectures use individual slices as input. (c) We compared a continuous output to a
categorical output in the ablation study. Section 3.3.3 describes the continuous output in detail. The dashed
line indicates that the categorical output replaces the continuous output in one of the models in the ablation
study and all models in the architecture search, but it is not incorporated in the main approach.
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ically more memory intensive than 2D CNNs, but Graphics Processing Units (GPUs) with
sufficient memory to train 3D models are becoming increasingly available. Moreover, ra-
diologists are specifically instructed to take 3D information into account by inspecting dif-
ferent orthogonal views for assessing the suspicion of COVID-19 in CT scans [29]. This in-
dicates that 3D information is essential for radiologists in assessing the patterns indica-
tive for COVID-19. Additionally, the slice thickness of CT scans are increasingly becoming
smaller [109] so that the scans contain more detailed 3D information. We therefore hy-
pothesize that 3D CNNs are more suitable for COVID-19 classification from CT scans than
2D CNNs.

A major issue that inhibits the utilization of artificial intelligence in real-world appli-
cations, such as COVID-19 diagnosis from CT, is the excessive focus of research on novel
architectures, while scientifically sound comparisons and proper evaluations on external
datasets are lacking. Often, small additions and adaptations to model architectures for in-
cremental improvements on specific datasets are proposed that do not generalize well to
other datasets. This issue is increasingly being recognized and simple baselines have been

proposed which perform comparably to or better than over-engineered solutions [26,27].

The goal of this paper is therefore not to introduce novel architectural tweaks, but in-
stead to perform a comparative study that evaluates existing approaches. To indicate the
generalization capabilities of automatic COVID-19 classification systems, some methods
have been validated on data from different centers than the data that were used for train-
ing [33,40]. Also, the same validation methods, such as receiver operating characteristic
(ROC) curves and the area under the ROC curve (AUC), have been reported across differ-
ent studies [31-46]. However, since each study used different datasets for training and for
validation, the need for fair, direct comparisons of the performance of these algorithms
remains unsatisfied. Recently, the “CT images and clinical features for COVID-19” (iCTCF)
dataset was made publicly available [110], enabling a fair comparison of COVID-19 classifi-

cation methods.

This paper compares a variety of 2D and 3D CNN architectures for COVID-19 classifica-
tion. We trained and evaluated the approaches on the same internal dataset. Moreover,
in an ablation study, we investigated performance changes due to 1) using transfer learn-
ing for 2D and 3D COVID-19 classification models, 2) using prior information in the form
of COVID-19 related lesion segmentations as additional input to the network, 3) replacing

the categorical output with a continuous output.

We furthermore created a public challenge [111] for evaluating and comparing differ-
ent COVID-19 classification algorithms. Algorithms can be submitted to the challenge as
Docker containers and are evaluated on the iCTCF dataset that we used in this paper. This
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allows their performance to be compared to the methods presented in this paper, as well
as to other COVID-19 grading and classification algorithms that are submitted to the chal-

lenge.

3.2 Background

3D CNNs were initially proposed for processing video data [108], where the third dimen-
sion of the convolutional layers dealt with the temporal dimension. Inlater works, 3D CNN
architectures were derived from 2D CNN architectures by expanding the 2D filters into
3D [89]. Methods based on these inflated 3D CNNs, in particular the Inflated Inception-
v1 (I13D) model, have recently been successfully employed for lung nodule detection and
scan-level classification tasks from thorax CT scans [90,112].

The large majority of the architectures used for COVID-19 classification from CT scans
in previous works [31-40, 42-46,102,104,105,113] are heavily or completely based on the
ResNet [114], DenseNet [115], or Inception [91] architecture families. Especially ResNet ar-
chitectures have been used frequently [31,32, 34,36-38,42-44,104,105,113]. Some works
did not use a full ResNet architecture, but did incorporate residual blocks into their model
[45,102]. Architectures from the DenseNet [31,33,46] and Inception [35,40] families have
been used less frequently. Other architectures such as VGG-19 [6], Inception-ResNet-v2
[116], NASNet [117], and EfficientNet [118] have also been used in research for COVID-19
classification from CT scans [82,113,119-121]. Due to the lack of standardized data for test-
ing across different works, previous research does not identify which architecture pro-
duces the best performance for COVID-19 classification from CT.

Fine-tuning is a widely used technique in research on deep learning in medical imag-
ing [122] and COVID-19 classification specifically [123]. With fine-tuning, models are ini-
tialized with pre-trained weights from models trained on a different task or dataset. They
are commonly pre-trained on the ImageNet [124] dataset that contains a large variety of
2D natural images. Afterwards, the models are trained for the task at hand. Pre-training
speeds up training and can offer performance gains forlarge models [122]. Ithas been used
in several 2D CNN COVID-19 classification methods [32,34,35,43,44]. Pre-trained weights
have also been used for 3D CNN-based methods. Wang et al. [33] pre-trained their model
for COVID-19 classification on a large number of CT scans from lung cancer patients. In-
flated 3D CNNs can conveniently be initialized by inflating 2D weights. 2D weights have
been used to pre-train I3D models for video classification [89] and chest CT classification
[90] tasks.

Before presenting CT images to the CNN, they are often pre-processed by extracting
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the lung region using lung or lobe segmentation algorithms. These lung regions are then
used either for cropping around and centering to the lungs [33, 34, 40, 43,104] and/or by
suppressing non-lung tissue [32-34,36-39,42,105]. Yang et al. [31] used a lung segmenta-
tion as an additional input channel and used lesion masks as extra information by training
their model to perform lesion segmentation and COVID-19 classification simultaneously.
Lessmann et al. [40] also added a lesion segmentation to the input of their model.

Most studies on automated detection of COVID-19 employ a categorical classification
output format that uses a softmax or sigmoid activation [123]. Previous works have trained
models to discern between COVID-19 positive and negative patients [31,34,39,42-46,101,
102,104], COVID-19 positive patients and patients with other types of pneumonia [33, 35,
37], and between all three [32,38,105]. In this work, we followed Lessmann et al. [40] and
trained our models to produce CO-RADS [29] scores on chest CT scans of suspected COVID-
19 patients. The CO-RADS score denotes the suspicion of COVID-19 on a scale from 1to 5
and was developed to standardize reporting of CT scans of patients suspected with COVID-
19 [29]. Scoring systems, like CO-RADS, have been advocated for better communication

between radiologists and other healthcare providers [29,40].

3.3 Methodology

3.3.1 Data

Training and internal test data

The internal dataset contained CT scans from consecutive patients who presented at the
emergency wards of the Radboud University Medical Center, the Netherlands in March,
April and May 2020 and were referred for CT imaging because of moderate to severe
COVID-19 suspicion. The retrospective and anonymous collection of this data was ap-
proved by the ethical review board of Radboudumc (CM02016-3045, Project 20027) prior
to the study. Further details such as imaging parameters can be found elsewhere [40].

CO-RADS scores were reported by a radiologist as part of routine interpretation of the
scans. CO-RADS 1 was used for normal or non-infectious etiologies, having a very low
level of suspicion. CO-RADS 2 was used if the CT-scan was typical for other infections than
COVID-19, indicating a low level of COVID-19 suspicion. CO-RADS 3 implies equivocal find-
ings and features compatible with COVID-19, but characteristics of other diseases are also
found. CO-RADS 4 and 5 indicate a high and very high level of COVID-19 suspicion, respec-
tively.

We randomly split the dataset into a development set with 616 patients and an internal
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Table 3.1: Number of CT images in internal dataset.

CO-RADS
1 2 3 4 5 Total Neg Pos
Development set
Training 253 71 78 37 73 512 324 188
Validation 81 24 26 11 23 165 105 60
Internal test set 20 10 19 17 39 105 30 75
Total 354 105 123 65 135 782 459 323

Table 3.2: Number of CT images in external dataset.

Grade [41]
Control Mild Regular Severe Critically ill Total Neg Pos
207 23 363 117 32 742 207 535

test set of 105 patients. The patients in the development set were split into 75% for training
and 25% for validation using data stratification based on the CO-RADS scores. The distribu-
tion of CO-RADS scores over the different splits is displayed in Table 3.1. All data splits were

made such that all scans from a patient with multiple visits ended up in the same split.

External test data

For external evaluation, we used the publicly available CT images and clinical features for
COVID-19 dataset (iCTCF) dataset [41,110]. Since we focused on comparing architectures
for CT image processing for COVID-19 classification, we did not incorporate the clinical fea-
tures from this dataset into the input for our models. In iCTCF, patients were categorized
with a Chinese grading system that distinguishes the classes as Control, Mild, Regular, Se-
vere, Critically ill and Suspected. Since there was no etiological evidence available for the
presence of COVID-19 in Suspected cases [41], we did not use them for testing our mod-
els. The distribution of the other classes is displayed in Table 3.2. The grading system uses
etiological laboratory confirmation and other factors such as clinical features and CT imag-
ing [41]. The control cases include both healthy patients and patients with community ac-
quired pneumonia. Most of the iCTCF data has been made publicly available, but some CT
scans were not available at the time of conducting this study. We validated our models with
all available data from the first iCTCF cohort for which etiological evidence for the presence
of COVID-19 was available [110].
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3.3.2 2D and 3D architectures

We compared the performance of a variety of popular 2D and 3D CNN architectures for the
task of COVID-19 classification from CT. More specifically, we compared vanilla 2D and 3D
versions of DenseNet-121, DenseNet-169, DenseNet-201, Inception-v1, ResNet-18, ResNet-
34, and ResNet-50. Section 3.2 describes previous works that have used many of these ar-

chitectures.

Since we used scan-level labels for training and testing these models, the 2D architec-
tures required the integration of a slice-wise reduction step, while the 3D architecture did
not. For the 2D architectures, we therefore integrated the slice-wise reduction step pre-
sented by Liet al. [32]. First, the 2D CNN extracts features of individual axial slices. A global
max pooling step reduces these features to a 1D vector, to which a fully connected layer is

applied with an output size equal to the number of classes.

3.3.3 Ablation study

We investigated whether additional model components had an effect on COVID-19 clas-
sification performance in an ablation study. Fig. 3.1 shows a summary of the processing

pipeline that was used.

Since performing the ablation study for all 2D and 3D architectures would require a
large quantity of computational resources, the ablation study was instead performed with

only the best performing architecture in terms of quadratic weighted kappa (QWK).

Lesion map as prior information

To aid the model in localizing COVID-19 related parenchymal lesions, we provided a lesion
segmentation map as additional input in a separate input channel. More specifically, the
CT image was fed into the first input channel, the lesion segmentation into the second
channel, and the third channel was presented with zeros. When training models without
the additional lesion segmentation input, the CT image was fed into all three input chan-

nels.

A 3D nnU-Net [27] trained by Lessmann et al. [40], which segments ground-glass opac-
ities (GGOs) and consolidations, provided the lesion segmentations. GGOs and consolida-
tions are biomarkers with major importance in diagnosing COVID-19 [29].
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Dimensionality

Since various components were added to the models in the ablation study, we trained both
the 2D and 3D variants of the best performing architecture. This allows for an analysis of
the performance difference solely due to the dimensionality of the model in our complete

processing pipeline.

Pre-training

We investigated the performance changes due to pre-training on a natural image classifi-
cation task. The 2D models were initialized with weights pre-trained on ImageNet. The 3D
models were initialized with the same weights by inflating the pre-trained 2D convolution
kernels to 3D.

Continuous output

The standard output format of CNNs used for categorical classification does not capture
the ordinal nature of the CO-RADS scoring system. Furthermore, although the CO-RADS
scoring system allows for a higher level of interpretability than a binary system, the fact
that a CO-RADS suspicion score of 3 indicates that it is unclear whether COVID-19 is
present makes it difficult to decide on the onset of the positive class for the predicted
scores in ROC analyses. For these reasons, we considered the CO-RADS classification to be
aregression task. Hence, the model had one output node that was forced to the range (0, 1)
using the sigmoid function. CO-RADS scores were mapped to target values in the range
[0, 1] with a uniform spacing between CO-RADS classes such that CO-RADS scores of 1
and 5 were assigned target values of 0 and 1, respectively. As the network had one output
node, binary cross-entropy was used as loss function. With this method, unlike a standard
categorical approach with a softmax layer and categorical cross-entropy loss, predictions
that are further off from the target are penalized more heavily than predictions that are
closer. To obtain a CO-RADS score during inference, the sigmoid output was multiplied
by 4, rounded to the nearest integer and added to 1. De Vente et al. [125] explored this
approach for prostate cancer grading and found that it outperformed other regression
and categorical output methods.

3.3.4 Pre-processing

The CT scans were clipped between -1100 and 300 Hounsfield units, normalized between
0 and 1, and resampled to a voxel spacing of 1.5 mm? using linear interpolation. The scans
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were further pre-processed using a lung segmentation algorithm that was trained on data
from patients with and without COVID-19 [86]. More specifically, any slices with a distance
0f 10 mm or more to the lung mask were discarded and the remaining slices were cropped
to 240 x 240 pixels around the center of the mask. Following previous research with 13D
models [89,90,112], we trained our models with a fixed 3D input size. To achieve this with-
out adding extra slices that do not contain information regarding the presence of COVID-
19, we uniformly sampled 128 axial slices along the z-axis.

3.3.5 Training

We trained all networks with a batch size of 2, the Adam optimizer with 5, = 0.9, 85 =
0.999, and a learning rate of 10%. Data augmentation consisted of random zooming
between -20% and +20%, rotation between -15% and +15%, shearing between -10% and
+10% and elastic deformations in the axial plane, translation between -2 and +2 voxels in
the z-direction, -20 and +20 voxels in both the x- and y-direction, and additive Gaussian
noise with a mean of 0 and a standard deviation between 0 and 0.01 (after intensity
normalization between 0 and 1). To correct for the class imbalance, we monitored the
performance on the validation data in the development set during training with balanced
samples based on the distribution of CO-RADS classes in the training set. We used early
stopping with a patience of 10 000 training batches and the QWK on the validation set for
the stopping criterion. Gradient checkpointing [126] reduces GPU memory requirements
for training deep neural networks without affecting performance. This technique was
used when necessary to enable a batch size of 2 for the 2D models.

To rule out the possibility that performance differences between the 3D and 2D ap-
proach were due to other factors such as pre-processing or data augmentation, we kept
all hyperparameters the same during training.

Each model was trained on a single GPU, using NVIDIA GeForce GTX TITAN X, GeForce
GTX 1080, GeForce GTX 1080 Ti, GeForce RTX 2080 Ti, TITAN Xp, and A100 SXM4 cards.

3.3.6 Ensembling

The models were sensitive to the randomness of the training process introduced by initial-
ization of weights without pre-training, sample selection, and data augmentation. In or-
der to enable stable comparisons, we obtained ensembles by training 10 instances of the
same model with different random seeds. The ensemble output was obtained by simply
taking the mean of the individual model outputs. For categorical model ensembles, the
output was the mean of the probability output vectors of the individual models. All results
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Table 3.3: Architecture properties.

Dim.  Architecture Parameter count (x 106) Inference time (ms) FLOP count (x 10
DenseNet-121 6.88 151.09 + 8.76 8.43
DenseNet-169 12.33 255.21+17.47 9.93
DenseNet-201 17.87 326.30 + 3.81 12.70

2D Inception-v1 5.59 40.92 £ 10.16 4.47
ResNet-18 11.17 8.95+1.25 5.52
ResNet-34 21.27 13.53+1.42 11.06
ResNet-50 23.47 35.91 + 10.50 12.39
DenseNet-121 11.24 25.07 +8.49 10.88
DenseNet-169 18.54 31.49 +11.48 11.30
DenseNet-201 25.33 38.48 + 15.65 12.14

3D Inception-v1 12.29 36.74 + 16.75 5.13
ResNet-18 33.21 28.33+31.31 6.08
ResNet-34 63.52 22.56 + 14.37 9.29
ResNet-50 46.21 31.09 + 8.49 7.39

presented in Section 3.4 were obtained from ensembles unless stated otherwise.

3.3.7 Evaluation

We evaluated the CO-RADS scoring performance using the QWK score. This measure ac-
counts forthe ordinal nature of the CO-RADS score by weighting mismatches between true
and predicted labels differently based on the magnitude of the error. Following previous
works on COVID-19 classification and grading [32-41], diagnostic performance was evalu-
ated using the AUC and ROC curves.

We calculated 95% confidence intervals (CIs) with non-parametric bootstrapping and
1000 iterations [127]. Statistical significance was computed with the same bootstrapping
method [128].

The AUCs that our models achieved on the external test set are additionally listed on the
Grand Challenge platform [111] to allow for a direct comparison between our and future

COVID-19 grading and classification solutions.

Inference duration was calculated on the same machine for each architecture, using a
GeForce RTX 2080 Ti card. The reported durations were averaged over 50 forward passes

of a batch with one sample.
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Figure 3.2: Performance of 2D and 3D CNN architectures on the internal test set for the task of CO-RADS

grading from CT images is shown in QWK and AUC, respectively. The error bars indicate the 95% Cls. The AUC
was computed with CO-RADS 1-2 as the negative class (30 scans) and CO-RADS 3-5 as the positive class (75

scans).
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3.4 Results

3.4.1 Architecture selection

Fig. 3.2 shows the QWK and AUC for the different 2D and 3D architectures. Table 3.3
shows the number of trainable parameters, single-model inference time for one sample
and FLOP count for each architecture. All 2D architectures were outperformed by their
3D counterparts both in terms of QWK and AUC. The 3D DenseNet-201 architecture
performed best in terms of QWK, followed by the 3D Inception-v1 architecture. In terms
of AUC, the DenseNet-169 obtained the best performance, again followed by the 3D
Inception-vl architecture.

In the architecture selection, on average, training of the individual 3D models required
approximately 26 700 iterations, while it required about 29 800 iterations for the 2D mod-

els.
Since the QWK takes into account the ordinal nature of the CO-RADS score, this metric
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Figure 3.3: Comparison of 2D and 3D DenseNet-201 models and ablation study with this architecture for the
task of CO-RADS grading from CT images. The analysis was performed on the internal test set. The error bars
indicate the 95% Cls. The AUC was computed with CO-RADS 1-2 as the negative class (30 scans) and CO-RADS

3-5 as the positive class (75 scans).
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Figure 3.4: Example input-output pairs for the task of CO-RADS grading on the internal test set for the trained
DenseNet-201 ensembles. Input examples are shown on the left. Top row: Coronal slices of an input CT scan.
Bottom row: Lung segmentation used for centering and cropping are displayed with colored overlays. Delin-
eations of the lesion masks that were used as a separate input channel are depicted as black lines. Output
examples of the ensembles (wide, light bars) as well as the individual models these ensembles are composed of
(narrow, dark bars) are shown on the right. (a) Radiology report: "GGO and consolidations especially lower lobes
and posterior. Has had prior lung carcinoma. COVID-19 is probable, but other infection intrapulmonal is also
possible.” (b) Radiology report: "COVID-19 not probable, but also not ruled out. Known post-traumatic thorax,
persistent pleura fluid, slice pneumothorax. Small amount of GGO and consolidation (left). Some pneumonia
at thorax trauma, post-traumatic deviations.” (c) Consolidation and GGO in all lobes. According to radiologist:
"Very suggestive for COVID. Also positive PCR. Proven comorbidity.”

was used to select the architecture to execute the ablation study with. In the rest of this sec-
tion, we refer to the 3D DenseNet-201 ensemble as the 3D model and to the 2D DenseNet-

201 ensemble as the 2D model.
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3.4.2 2D vs. 3D CNNs

Ontheinternal dataset, both the AUC and the QWK scores were significantly higher for the
full 3D model (with transfer learning, lesion maps and continuous output) than for the full
2D model (p = 0.006 for AUC and p = 0.007 for QWK). Figures 3.3 and 3.6 show the corre-
sponding CIs and ROC analyses respectively. Fig. 3.4 shows prediction examples from the
full 3D, full 2D and ablated 3D models in blue, yellow, and black respectively.

We also trained an ensemble with the COVNet pipeline from Li et al. [32], which contains
a ResNet-50 backbone that was pre-trained on ImageNet. With COVNet, we obtained a
lower performance on the internal test set than when we applied the 3D model in our own
pipeline. COVNet obtained a QWK of 0.567 (95% CI: 0.411-0.703, p = 0.004) and a lower AUC
of 0.828 (95% CI: 0.741-0.906, p = 0.017) Our 2D model also outperformed COVNet in terms
of both the QWK (p = 0.074) and AUC (p = 0.179).

Fig. 3.5 shows confusion matrices for the two dimensionalities. For 13 scans, the full
3D approach had predictions that were more than one CO-RADS category off. For the full
2D approach this was the case for 19 scans. Furthermore, the full 3D approach and 2D ap-

proach both had two cases that were further off than 2 categories.

3.4.3 Ablation study

The results of an ablation study to investigate the effect of each of the additional compo-
nents added to the 3D CNN are shown in Fig. 3.3. The 3D model without ablations obtained
an AUC of 0.930 (95% CI: 0.872-0.971) and a QWK of 0.785 (95% CI: 0.705-0.852). Remov-
ing any of the additions had a smaller effect on these performance metrics than changing

the dimensionality of the architecture to 2D. Removing pre-training reduced the QWK to
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Figure 3.5: Confusion matrices for CO-RADS grading of the 2D and 3D DenseNet-201 model predictions on
the internal test set. These models were trained with transfer learning, lesion maps and produced continuous
output. The true label reference is from the radiology report. Cells contain the number of CT scans.
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Figure 3.6: ROC analysis for the 2D and 3D DenseNet-201 models on the internal test set from Radboudumc
(105 CT scans) for the task of CO-RADS grading. The analysis was performed with CO-RADS 1 and 2 as the
negative class (30 scans) and CO-RADS 3-5 as the positive class (75 scans). It was performed for the full 2D and
3D models trained with transfer learning, lesion maps and continuous output.

0.770(95% CI: 0.682-0.789, p = 0.278), but increased the AUC to 0.932 (95% CI: 0.857-0.977,p =
0.428). When the lesion segmentation input was removed from the model, the QWK was
increased to 0.812 (95% CI: 0.738-0.875, p = 0.091) and the AUC was reduced to 0.920 (95% CI:
0.859-0.969, p = 0.292). Replacing the regression approach with a categorical target had a
negative effect on both metrics, reducing the QWK to 0.799 (95% CI: 0.680-0.863, p = 0.421)
and the AUC to 0.919 (95% CI: 0.868-0.964, p = 0.324). Fig. 34 shows prediction examples
from the ablation study models in black.

The 3D model required 31 550 iterations for training on average. The 2D model, the net-
work without pre-training, and the model without categorical output all required less iter-
ations (25 650, 31 000 and 22 450, respectively). The model without lesion input required
more iterations (32 750).

3.4.4 External evaluation

Fig. 3.7 shows the ROC curves of the full 3D and the full 2D model for the external iCTCF test
set.

The 3D approach obtained an AUC of 0.919 (95% CI: 0.898-0.938) and outperformed the
2D approach that obtained an AUC of 0.915 (95% CI: 0.893-0.934, p = 0.215).
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Figure 3.7: ROC analysis for the 2D and 3D DenseNet-201 models on the external iCTCF test set (742 CT scans)
for the task of COVID-19 classification. The analysis was performed with 207 COVID-19 negative (Control)
cases and 535 positive (Mild, Regular, Severe, Critically ill) cases.

3.4.5 Lesion segmentation model

For a single patch the lesion segmentation model inference time was 178.66 ms * 14.56 ms,
using 9.41 x 10" FLOPs. The CT scans in the test set contained 12.8 patches on average. The
model had 29.69 x 10° parameters. Performance metrics for this model were reported by

Lessmann et al. [40].

3.5 Discussion

In this paper, we identified and tested components of CNN based automated COVID-19
grading models. More specifically, we investigated how the performance of such models
is affected by using different 2D and 3D CNN architectures, adopting pre-trained weights,
using automatically computed lesion maps as additional network input, and predicting a
continuous output instead of a categorical output. We evaluated all models with the same
datasets to allow for a fair comparison between models.

Based on the architectures used in earlier automated COVID-19 classification research,
we selected and compared the performance of the 2D and 3D variants of 7 CNN architec-
tures for this task. We found that for all architecture types, the 2D models were outper-
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formed by their 3D counterparts. The best performing model was a 3D DenseNet-201. In
the rest of this section, we refer to the 3D DenseNet-201 as the 3D model and to the 2D
DenseNet-201 as the 2D model.

The full 3D model (with transfer learning, lesion maps and continuous output) outper-
formed the full 2D model in terms of AUC and QWK score on the internal test set for COVID-
19 classification and CO-RADS grading.

We compared our 2D model with COVNet, an architecture previously used in a similar
COVID-19 classification task in CT [32], for which the authors reported an AUC of 0.96 for
differentiating between COVID-19 positive and negative patients. The substantial differ-
ence between this result and our observations with COVNet illustrates the importance of

using the same dataset when comparing different approaches.

We also observed a better diagnostic performance for COVID-19 classification by the
3D model on the external test set, although this performance increase was not statistically
significant for a significance level of 0.05. AUC was 0.919 for the full 3D model, while it was
0.915 for the full 2D model. Ning et al. [41] developed a 2D model with slice-level annota-
tions indicating if the slice was COVID-19 positive, negative or non-informative. Using a
superset of the external set used in this paper for evaluation an AUC of 0.919 was obtained,
which is the same as the AUC of our 3D model, even though our 3D model was trained with
weaker labels and on data from a different population. This further emphasizes the impor-

tance of using 3D rather than 2D models.

The internal test set was comprised of data from the same population as the data the
model was trained on, while the external test set was comprised of data from a different
population. For the full 2D model, a lower AUC was obtained on the internal test set than
onthe external test set. This difference might be due to population differences between the
internal and external test set, or due to the different definitions of the positive class, which
were presence of COVID-19 and high suspicion of COVID-19 for the internal and external

test sets respectively.

On the external test set, the full 3D model outperformed the full 2D model by a smaller
margin in terms of AUC than on the internal dataset. This difference could be partly due to
the different definitions of the positive class. However, we also found that it partly arises
from the larger overall slice thickness in the external test set. All scans in the internal test
set had a slice thickness of 0.5 mm. In contrast, 207 scans (40 COVID-19 positive, 167 nega-
tive scans) in the external test set had a slice thickness larger than 1.5 mm, which was the
inputresolution in our training and testing pipeline. When evaluating only on these scans,
we obtained an AUC of 0.885 (95% CI: 0.835-0.931) for the full 3D model and an AUC of 0.891
(95% CI: 0.843-0.932) for the full 2D model. The external test set contained 535 scans (167
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COVID-19 positive, 368 negative) with a slice thickness smaller than or equal to 1.5 mm. On
these scans we obtained an AUC of 0.926 (95% CI: 0.902-0.947) for the full 3D model and an
AUC of 0.918 (95% CI: 0.892-0.941) for the full 2D model. The performance of both models
is lower for scans with a large slice thickness, but this effect is more apparent for the 3D
model. Taking into account the increasingly smaller slice thickness of CT scans [109], this
observation further supports our hypothesis that 3D models are better suited for COVID-19
grading applications than 2D models.

A possible explanation for why adding the extra dimension to the convolutions im-
proves the performance is that it allows the CNN to take into account the 3D structure and
full volume of individual lesions. This explanation is in line with the fact that radiologists
typically use both the axial and coronal views to visualize the spread of COVID-19 related
lesions across the lungs in CT scans, such as GGOs [29].

We could not directly compare the CO-RADS classification performance on the external
set, since CO-RADS labels were not available. Moreover, the CO-RADS grading cannot be
directly translated to the system used in the iCTCF dataset, since the former measures the
probability of COVID-19 presence, while the latter quantifies the severity of the disease.

The ablation study on the internal test set showed that the further additions to the
network and training procedure did not have a significant effect on the performance. Re-
gardless of performance increases, using a continuous output removes the disadvantage
of having to decide on the onset of the positive class for the predicted CO-RADS scores.
Adding lesion maps as input and using inflated ImageNet weights for pre-training might
both be ineffective for 3D automated CNN based COVID-19 grading methods.

The full 2D DenseNet-201 model obtained a better performance than the 2D DenseNet-
201 model without pre-training, additional lesion map input, and continuous output. This
indicates that some of these additional components positively affected the performance
of the 2D model. However, even with all additional components, it was still outperformed
by the vanilla 3D DenseNet-201.

We did not use clinical features available for the external dataset as input to the models
trained in this work, since the main goal of this paper was to demonstrate the effect on

performance of different COVID-19 grading and classification algorithm components.

3.6 Conclusion and future work

We compared a variety of 2D and 3D Convolutional Neural Network (CNN) architectures
for COVID-19 classification from computed tomography scans and found that for all archi-
tectures considered, the 3D variants outperformed their 2D counterparts. We investigated
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how the performances of the best performing architecture and its 2D counterpart were af-
fected by including COVID-19 related lesion segmentations as additional input, using pre-
trained weights, and replacing the categorical output with a scalar continuous output.

We intentionally did not develop novel non-trivial architectural tweaks for small per-
formance improvements, as many of them have been shown to be unnecessary and to not
generalize well to other datasets and tasks [26,27]. We leave systematic comparisons that
explore other transfer learning schemes, make use of slice-level annotations, and use clin-
ical features as model input for future work.

Radiologists can be aided in assessing CT scans on the presence of COVID-19 by auto-
matic COVID-19 grading systems. This paper advances and speeds up the development of
such systems in the following ways. Firstly, our findings aid in advancing the performance
of automated COVID-19 grading systems and provide insight into the performance bene-
fits of several of their components. These insights primarily indicate that future research
and clinical applications should move towards using 3D CNNs for COVID-19 grading in CT
scans. Secondly, the models and the automatic evaluation method used in this paper have
been made available on the online Grand Challenge platform [111]. This allows researchers
to obtain and compare the performance of their COVID-19 grading and classification solu-
tions to other solutions on the platform. Thirdly, the output of all models used in this paper
adheresto the standardized CO-RADS reporting system to facilitate easier integration into

clinical workflow.

Acknowledgements

This publication is made possible in part by funding from the European Regional Develop-
ment Fund (ERDF) East Netherlands.



PART I I

Flagging ungradable and

out-of-distribution data






“Inthe whole history of medicine there is no more beautiful episode
than the invention of the ophthalmoscope, and physiology has few

greater triumphs.”

Edward Loring

International challenge on robust glaucoma

screening

Authors: Coen de Vente, Koenraad A. Vermeer, Nicolas Jaccard, He Wang, Hongyi Sun,
Firas Khader, Daniel Truhn, Temirgali Aimyshev, Yerkebulan Zhanibekuly, Tien-Dung
Le, Adrian Galdran, Miguel Angel Gonzalez Ballester, Gustavo Carneiro, RG Devika, PS
Hrishikesh, Densen Puthussery, Hong Liu, Zekang Yang, Satoshi Kondo, Satoshi Kasali,
Edward Wang, Ashritha Durvasula, Jénathan Heras, Miguel Angel Zapata, Teresa Aragjo,
Guilherme Aresta, Hrvoje Bogunovi¢, Mustafa Arikan, Yeong Chan Lee, Hyun Bin Cho,
Yoon Ho Choi, Abdul Qayyum, Imran Razzak, Bram Van Ginneken, Hans G. Lemij, Clara I.

Sanchez
Original title: AIROGS: Artificial Intelligence for RObust Glaucoma Screening Challenge

Published in: IEEE Transactions on Medical Imaging (Volume: 43, Issue: 1, Pages: 542-557,
January 2024)

https://doi.org/160.1109/TMI.2023.3313786


https://doi.org/10.1109/TMI.2023.3313786

66 | 4. INTERNATIONAL CHALLENGE ON ROBUST GLAUCOMA SCREENING

Abstract

The early detection of glaucoma is essential in preventing visual impairment. Artificial
intelligence (AI) can be used to analyze color fundus photographs (CFPs) in a cost-
effective manner, making glaucoma screening more accessible. While Al models for
glaucoma screening from CFPs have shown promising results in laboratory settings, their
performance decreases significantly in real-world scenarios due to the presence of out-
of-distribution and low-quality images. To address this issue, we propose the Artificial
Intelligence for Robust Glaucoma Screening (AIROGS) challenge. This challenge includes
a large dataset of around 113,000 images from about 60,000 patients and 500 different
screening centers, and encourages the development of algorithms that are robust to
ungradable and unexpected input data. We evaluated solutions from 14 teams in this
paper and found that the best teams performed similarly to a set of 20 expert ophthalmol-
ogists and optometrists. The highest-scoring team achieved an area under the receiver
operating characteristic curve of 0.99 (95% CI: 0.98-0.99) for detecting ungradable images
on-the-fly. Additionally, many of the algorithms showed robust performance when tested
on three other publicly available datasets. These results demonstrate the feasibility of

robust Al-enabled glaucoma screening.
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4.1 Introduction

LAUCOMA IS ONE OF THE MAIN CAUSES of irreversible blindness and impaired vi-

sioninthe world. It affects the optic nerve, which connects the eye with the brain,

and leads to progressive visual field damage. This damage initially passes unno-
ticed by the patient. Only in later stages will glaucoma patients experience visual loss. Ac-
cording to estimates, by 2040, over 110 million people will have varying degrees of visual
impairment caused by glaucoma [70], with 10% becoming blind in both eyes and 25% in
one eye [129]. Many people experience visual impairment from glaucoma because it is of-
ten not detected until later stages [71,72]. Current treatments of glaucoma cannot repair
the damage, but can only halt or slow the progression of the condition [130]. Implement-
ing screening programs to identify patients early on for treatment can alleviate the con-
sequences of the disease. Artificial intelligence (AI) may be the enabling technology for
the cost-effective implementation of these programs by automatically detecting perimet-

ric glaucoma (i.e, glaucoma in which there is already visual field damage) in color fundus
photographs (CFPs) [131-135].

Existing Al solutions have been shown to drop in performance in real-world screening
practice due to comorbidities, poor quality images, different ethnicities, or unexpected
out-of-distribution (OOD) samples [134]. Ad-hoc quality check modules have been added

to Al solutions to overcome this performance drop, but recent research has indicated that

Table 4.1: Statistics of the Rotterdam EyePACS AIROGS dataset. # = number of. CFPs = color fundus pho-

tographs.

Full set Training set Test set

# CFPs / # patients 112,732 / 60,071 101,442 / 54,274 11,290/ 5,797
Prevalence RG 4,872 (4.3%) / 3,531 3,270(3.2%) / 2,336 1,602 (14.2%) / 1,195
NRG 106,306 (94.3%) / 58,388 98,172 (96.8%) / 53,400 8,134 (72.0%) / 4,988

(# CFPs (% within set) / # patients)

U 1,554 (1.4%) / 1,415 0(0.0%)/0 1,554(13.8%) /1,415

All classes 56.9 +10.3 56.7 £10.2 59.3 4+ 10.9

Age at encounter (mean -t std. dev) RG 63.3 £ 10.5 63.0 = 10.5 63.9 £10.7
NRG 56.5 + 10.2 56.5+ 10.1 57.5+ 104

U 63.7 £11.0 N/A 63.7 £11.0

# sites 500 486 376

Canon CR1 11,462 (10.2%) / 6,013 10,274 (10.1%) / 5,422 1,188 (10.5%) / 591

Canon CR2 10,523 (9.3%) / 5,538 9,179 (9.0%) / 4,866 1,344 (11.9%) / 672

Canon DGl 10,644 (9.4%) / 5,690 9,581 (9.4%) / 5,145 1,063 (9.4%) / 545

Optovue  iCam 100 29,108 (25.8%) / 16,166 26,480 (26.1%) / 14,742 2,628 (23.3%) / 1,424

Cameras TopCon NW200 3,109 (2.8%) / 1,588 2,888 (2.8%) / 1,478 221 (2.0%) / 110

(# CFPs (% within set) / # patients) TopCon NW400 22,519 (20.0%) / 11,736 20,557 (20.3%) / 10,737 1,962 (17.4%) / 999
Centervue DRS 1,805 (1.6%) / 988 1,598 (1.6%) / 879 207 (1.8%) / 109

Nidek AFC300 61(0.1%) / 31 53(0.1%) / 27 8(0.1%)/ 4

Crystalvue ~ NFC-700 8(0.0%)/ 4 6(0.0%)/ 3 2(0.0%) /1

Unknown 23,493 (20.8%) / 12,323 20,826 (20.5%) / 10,981 2,667 (23.6%) / 1,342
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Training Phase
Opened December 1, 2021
Closed* March 4, 2022

Published labeled
color fundus images
in the training set

351 teams from 51 countries
joined AIROGS

Preliminary Test Phase 1
Opened December 1, 2021
Closed* March 4, 2022

No metrics computed
20 submissions per day
10 images from training set

31 teams from 19 countries
submitted to this phase

Preliminary Test Phase 2
Opened February 1, 2022
Closed* March 4, 2022

All metrics computed
3 submissions in total
10% of test set

29 teams from 18 countries
submitted to this phase

Final Test Phase
Opened February 1, 2022
Closed* March 4, 2022

All metrics computed
1 submission in total
100% of test set

15 teams from 13 countries
submitted to this phase
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Figure 4.1: Overview of all phases in the AIROGS challenge. A world map is shown for each phase that indicates
with red circles from which countries the teams that participated in that phase originated. A circle is shown for
each country from which at least one team participated and its size represents the number of teams that joined
from that country. The relevant subset of the AIROGS dataset for each phase is shown at the bottom of the
figure. *All phases reopened for new submissions after the winning teams were announced.

these quality checks are not sufficiently accurate when deployed in real-world settings [23].
To allow a safe and effective deployment in screening, the reliability and robustness of such
solutions need to be assessed. Medical image analysis challenges often exclusively focuses
on performance metrics that are potentially unrealistic and overestimated due to the use
of test sets that do not represent real-world scenarios. Moreover, metrics to measure re-
liability and robustness are often neglected due to the difficulty of estimating them in the

provided test sets.

To develop solutions that overcome the aforementioned issues related to robustness in
glaucoma screening, we organized the Artificial Intelligence for RObust Glaucoma Screen-
ing (AIROGS) challenge. The goal of this challenge was to evaluate the feasibility of the de-
velopment of a state-of-the-art, reliable Al solution that takes a CFP as input and provides
as output the likelihood of referable glaucoma, accompanied with outputs for robustness
(i.e, predicting whether the input image can be graded reliably or not). The screening task
was to distinguish no referable glaucoma (i.e, either no glaucoma at all or non-referable
glaucoma, that is suspected pre-perimetric glaucoma) from referable glaucoma. This is
different from, for example, distinguishing between multiple glaucoma severity stages.

To encourage the development of solutions that are robust to any kind of ungradable
and unexpected input data and are equipped with inherent robustness mechanisms, the
training set we provided was a subset of the full AIROGS dataset where only gradable im-
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ages were included and ungradable images excluded. The test set, however, is unfiltered,
containing all images found in screening settings (gradable and ungradable), representing
a real-world scenario.

AIROGS was part of the International Symposium on Biomedical Imaging (ISBI) 2022
challenge program. It reopened after presenting the results during ISBI 2022 and submis-
sions can still be made on Grand Challenge*.

Our challenge, along with the dataset we made publicly available, distinguishes itself
from previous glaucoma challenges. First, to the best of our knowledge, our dataset is the
largest publicly available CFP dataset with glaucoma labels by a large margin. In total, our
dataset contains 112,732 CFPs, exceeding the size of other publicly available datasets con-
taining CFPs with glaucoma, of which the sizes range from 22 to 2,000 CFPs [136-144]. It
is a highly diverse dataset as it originates from 500 screening centers across the United
States of America and was acquired with a large variety of cameras. Second, the AIROGS
challenge is the first challenge to emphasize robustness in glaucoma screening. Third,
AIROGS is one of the first types of challenges on grand-challenge.org that requires partic-
ipants to submit an algorithm (a Type 2 challenge), rather than a file with their predictions
on the test set (a Type 1 challenge), as is done in more traditional challenges. This makes
human intervention in the generation of test set results impossible, reducing the possibil-
ity of cheating. Moreover, it greatly improves reproducibility, allowing everyone to reuse
the trained algorithms that were submitted and apply them to new data in a cloud-based
environment. Fourth, the reproducibility enabled testing of the participating algorithms
on three external datasets: two for evaluating the screening task and one for evaluating

robustness.

4.2 Datasets

4.2.1 The Rotterdam EyePACS AIROGS dataset

The Rotterdam EyePACS AIROGS dataset contains 112,732 CFPs from 60,071 subjects and
500 different sites with a heterogeneous ethnicity. The images were originally acquired
for a diabetic retinopathy screening program [145]. For grading of the CFPs, all graders
were trained and then selected for this task using the European Optic Disc Assessment
Trial (EODAT) [146], containing 110 stereoscopic optic nerve photographs, in which all glau-
comatous eyes had reproducible visual field defects on standard automated perimetry. 90

experienced ophthalmologists and optometrists were examined and those who scored at

*https://airogs.grand-challenge.org
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least 85% overall accuracy and 92% specificity were selected tolabel images for the present
study. Eventually, 30 out of 90 candidates passed.

For each eye, three images were taken by the camera operators to reduce the number of
ungradable eyes. When labeling the images, graders classified one eye at a time. The label-
ingtool first presented the first CFP for each eye, upon when graders could choose from the
options “Referable glaucoma” (RG), “No referable glaucoma’ (NRG), or “Ungradable” (U). If a
grader selected U for the first image, the tool showed the consecutive CFP. The third image
was presented if the second image was also deemed U. Each eye was scored by two sepa-
rate graders, who were both unaware of the identity of the other grader. If the two graders
agreed on the label of a CFP, this became the final label. If they disagreed, the image was
scored by one of the glaucoma specialists who passed the EODAT test with at least 95% ac-
curacy. The final label was then based on his judgment.

The graders were instructed to select RG if they found glaucomatous signs which they
expected to be associated with visual field defects on standard automated perimetry. The

”ow

signs that could be selected were “appearance neuroretinal rim superiorly”, “appearance

» o n o

neuroretinal rim inferiorly”, “baring of the circumlinear vessel superiorly”, “baring of the

nou

circumlinear vessel inferiorly”, “disc hemorrhage(s)”, “retinal nerve fiber layer defect su-
periorly”, “retinal nerve fiber layer defect inferiorly”, “nasalization (nasal displacement) of
the vessel trunk”, “laminar dots” and “large cup”. If the graders did not expect any glauco-
matous visual field defects, NRG was to be selected, ignoring any comorbidities (e.g., age-
related macular degeneration and diabetic retinopathy). If there was not enough informa-
tion visible in the CFP to decide between RG and NRG, graders were instructed to select U.
Since the goal of this study was to develop solutions for automated screening, glaucoma

severity was not reported by the human graders.

The graders were not only evaluated at the start, but they were periodically monitored
during the grading process, as well. If their sensitivity or specificity dropped below 80%
or 95%, respectively, they were removed from the study and all images they labeled were
re-graded by any of the remaining graders. In case a grader wrongly classified a CFP as U,
while its final label was NRG or RG, their specificity or sensitivity went down, respectively.
Inthe end, 20 graders remained.

Out of the three CFPs that were available for each eye, we only included the RG or NRG
photograph in the dataset if it was available. Otherwise, only one of the U photographs
was used. We split the data into a training set of 101,442 CFPs and a test set of 11,290 CFPs,
ensuring that data from patients in the training set was not in the test set. We randomly
sampled patients when making the split, oversampling patients with ungradable and RG
CFPs for the test set, such that approximately 1,600 RG and 1,600 U photographs ended up
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inthe test set. When making the split, we ensured that data from a single patient ended up
in either the training set or the test set. Since we were interested in Al solutions that can
identify ungradable data without training on ungradable data, weleft out all U photographs
that ended up in the AIROGS training set. Table 4.1 shows statistics about RG, NRG, and U
prevalence, age, sites, and cameras for the full dataset, the training set, and the test set. For
further information about the acquisition process, labeling, and dataset statistics, includ-
ing the prevalence of ethnicity, please refer to the paper on the REGAIS dataset, of which
ATROGS is a subset [147]. The AIROGS dataset includes 99% of the data from the REGAIS
dataset. The difference in size is due to the exclusion of ungradable eyes of patients in the
AIROGS set, which was not done in the REGAIS set. The dataset included data from “people
of African descent, Whites, Asians, Latin Americans, native Americans, people from the
Indian subcontinent, people of mixed ethnicity, and people of unspecified ethnicity” [147].
Approval from the Institutional Review Board of the Rotterdam Eye Hospital was obtained

to conduct this research.

4.2.2 External datasets

The participants uploaded their trained algorithms, rather than a file with predictions on
our test set, to our challenge platform. This enabled us to reuse the developed models on
external data after the challenge ended. To evaluate model generalization and to demon-
strate this reusability, we applied all trained algorithms to three external datasets: Retinal
Fundus Glaucoma Challenge (REFUGE) [142], Glaucoma grAding from Multi-Modality im-
Ages (GAMMA) [144] and Diabetic Retinopathy Image Database (DRIMDB) [148]. The for-
mer two are datasets with positive and negative glaucoma CFPs, which we used for exter-
nally evaluating the screening performance. We used the latter dataset, which contained
different types of ungradable images, to evaluate the robustness externally.

The REFUGE test set contained 400 CFPs, of which 40 CFPs showed glaucoma and 360
CFPs did not. The definition of glaucoma was glaucomatous damage in the optic nerve
head area and reproducible glaucomatous visual field defects, which is similar to our defi-
nition of glaucoma described earlier [142].

The GAMMA datasetis a multi-modal dataset with optical coherence tomography scans
and CFPs for each eye. We used the CFP data from the 100-sample training set as only that
subset of the GAMMA dataset had publicly available labels. We defined positive glaucoma
in the same way as Wu et al. [144], i.e., as the union of the early, intermediate, and advanced
glaucoma stages. These stages were defined using the mean deviation (MD) from the visual
field reports as follows: an MD less than -6 dB the early stage, an MD between -6 dB and
-12 dB for the intermediate stage, and an MD worse than -12 dB for the advanced stage [144].
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This resulted in 50 negative and 50 positive glaucoma samples.

DRIMDB is a dataset with 125 “Good” CFPs, 69 “Bad” CFPs, and 22 “Outlier” CFPs. Ac-
cording to Sevik et al. [148], one of the criteria of the “Good” category was OD presence.
We also manually confirmed the OD was visible in all CFPs that were labeled “Good” in the
DRIMDB dataset. Therefore, we assumed the CFPs with the category “Good” were gradable.
The images labeled “Bad” and “Outlier” were assumed to be ungradable. This resulted in

125 gradable and 91 ungradable images.

4.3 Challenge setup

The ATROGS challenge consisted of four phases (see Fig. 4.1). The Training Phase opened
on the 1% of December 2021 and closed on the 4™ of March 2022, providing the partic-
ipants with approximately three months to develop their solutions. At the start of this
phase, the training set was released and has since been available for download under the
CC BY-NC-ND license on Zenodo'.

To ensure fair competition and to encourage the development of inherent robustness
mechanisms, teams were not permitted to use additional fundus image training data, in-
cluding weights pre-trained on fundus image data or in pre-processing steps such as OD
segmentation. Manually labeling the challenge data and using the resulting annotations
during training was allowed.

To test the algorithms developed by participants, they needed to wrap their trained al-
gorithm in a Docker’ container and submit it to our challenge platform. This allows the
submitted algorithms to be run on data that is not directly accessible by the participat-
ing teams. Example code for generating such a containerized submission can be found
on GitHub®. Preliminary Test Phase 1 opened and closed simultaneously with the Training
phase and served as a check for whether the submitted algorithms could be run on the chal-
lenge platform and produced the output in the expected format. Algorithms were tested
on 10 images from the training set for this check. All algorithms were executed on the chal-
lenge platform using an NVIDIA T4 GPU (16 GB VRAM) with 8 CPUs (32 GB RAM).

The test set was and stillis closed, meaning the image data and the labels are private and
cannot be downloaded. Preliminary Test Phase 2 opened on the 1% of February 2022 and we
allowed three submissions per team to this phase, as it used 10% of the test set for eval-
uation. All challenge metrics were also computed and reported back to the participants.
The Final Test Phase opened simultaneously with Preliminary Test Phase 2, but algorithms

Thttps://Zenodo.org/record/5793241
“https://docker.com
§https://g'ithub.com/qurAI—amsterdam/a'irogs—example—algor'ithm


https://zenodo.org/record/5793241
https://docker.com
https://github.com/qurAI-amsterdam/airogs-example-algorithm

4.3. CHALLENGE SETUP | 73

were tested on 100% of the test data and only one submission per team was allowed. The
challenge metrics computed for this phase were used for the final team ranking.

The algorithms were expected to produce four outputs, of which two were related to
glaucoma screening performance (i.e, image classification of RG and NRG) and the other
two to robustness (i.e, the identification of U). The glaucoma screening outputs were a like-
lihood score for RG (O;) and a binary decision for RG (O,, positive if RG and negative if NRG).
The ungradability outputs were a binary decision on whether the image is ungradable (Os,
positive if ungradable and negative if ungradable) and a non-thresholded scalar value that
is positively correlated with the likelihood for ungradability (e.g., the entropy of a proba-
bility vector produced by a machine learning model or the variance of an ensemble) (O.).
Output O, was not used in the evaluation pipeline for the challenge leaderboard, but it was
requested by the challenge organizers for further analysis.

The evaluation was also based on the two aspects of screening performance and ro-
bustness, with two metrics per aspect. Screening performance was evaluated using the
standardized partial area under the receiver operating characteristic curve [149] (90-100%
specificity) for RG (pAUCyg), and the sensitivity at 95% specificity (SE@Q95S5 Ps). These
metrics were based on these specificity ranges, as a high specificity is required for cost-
effective glaucoma screening due to its relatively low prevalence [150, 151]. pAUCs and
SEQ95S Pg are both based on output O;. For evaluating the robustness, we determined
the model's agreement with the human reference on ungradability using Cohen’s kappa
score (ky), calculated using output O3. Furthermore, we calculated the area under the re-
ceiver operator characteristic curve using the human reference for ungradability as the
true labels and output Oy as the target scores (AU Cy).

To determine the final ranking, we first ranked all participants on the four individ-
ual metrics pAUCs, SEQ955Pg, ki, and AUCy resulting in the rankings Ryavcs,
Rspagssps, ik, and Rayc,,, respectively. The final score S, was then calculated as

the mean of those rankings:

Ryavcs + Rsgpagssps + Rey + Ravey

1 (42)

Sfinal =

The final ranking (later also referred to as Mean position), was based on S'f;,,,;, where a
lower value for Sf;,q; resulted in a higher ranking.

We calculated 95% confidence intervals (CIs) with non-parametric bootstrapping using
1000 iterations [152]. The code for evaluating submissions can be found on GitHub'. The
performance of human graders was calculated by comparing the labels given by the indi-
vidual graders (excluding the two glaucoma specialists, since the final labels were equal to

ﬂhttps://github.com/qurAI—amsterdam/airogs—evaluation
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their decision in case of disagreement) to the final labels as defined in Section 4.2.1. To com-
pute the performance of all human graders combined, each image was weighted equally
in the calculation of the metrics. We also evaluated ensembles of participating algorithms,

which were generated by averaging the outputs of these algorithms.

4.4 Participating methods

Fifteen teams submitted a working solution to the Final Test Phase, of which one team did
not opt-into contribute to the current paper. In this section, we present the methods of the
fourteen participating teams. More extensive descriptions are available on the ATROGS
challenge website**. Table 4.2 and 4.3 summarize the participating methods in a struc-

tured manner.

4.4.1 PUMCH-eye [161]

The PUMCH-eye team proposed an approach with five trained models in their workflow.
The first model (My;,.) was a segmentation model with ResNet101-UperNet [162] as the
backbone that segmented the OD in the input CFP. For the development of this model, they
manually labeled the OD in 40 images. In case My; ;. successfully detected the OD, they
computed the center ¢ and the diameter d of the segmentation to crop the input image
around c with size 3d. This cropped image was then fed into a vision transformer [163] for
the binary classification of RG and NRG. If the OD detection was unsuccessful, they fed the
original input image to a different vision transformer for binary classification of RG and
NRG.

The team also developed a vessel segmentation model with 40 images in which they
manually annotated vessels (M,¢sse;). They trained a ResNet-18 (R, qss.;) Which took the
output of M,.ss¢; as input data, using the first 500 images in the training dataset and 100
manually selected images in the training set with relatively poor image quality. This clas-
sification model served as one of the inputs for ungradability classification. The second
input was taken from My;,.. The ungradability likelihood output (O,4) was then defined
as the output likelihood of the binary classification model R,¢sse; (i.€., Oyesser) OF, if My;se
could not detect an OD, as Ryesser + 0.75. O3 was positive if O, was at least 0.95 and neg-
ative otherwise. The vessel segmentation model was evaluated on four randomly selected
images, on which a Dice score of 0.787 was achieved. This was lower than the state-of-the-
art for this problem [164]. However, this was expected to be sufficient for the downstream

task of ungradability detection.

**https://airogs.grand-challenge.org/evaluation/final-test-phase/leaderboard/


https://airogs.grand-challenge.org/evaluation/final-test-phase/leaderboard/

Data augmentation
during training

optic disc. #0Ds = number of CFPs in which the OD was manually labeled. #vessels
imbalance

Screening

Manual

processing labels

Pre-

Architecture

number of CFPs in which the vessels were manually labeled.

Table 4.2: Method overview from all participating teams for the screening task. OD
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Table 4.3: Method overview from all participating teams for the ungradability task and the deep learning frameworks they used. OD = optic disc. AE = autoencoder. VAE =
variational autoencoder. rec. error = reconstruction error. OOD = out-of-distribution.

Robustness General
OD detection  Threshold based on .
# Team . . . . Input size for Deep
for uncertainty manual identification of - Rk
Method . . ungradability learning
or confidence  low-quality images in
. approach framework
estimation the development set
1 PUMCH-eye Vessel and OD segmentation v v 3842 PyTorch
2 RWTH-CuP OD detection confidence v v 2242 PyTorch
2 Eyelab OD presence detection Ve v 3842 PyTorch
4 Tien AE rec. error + probability classification model 1,024° PyTorch
5 UPF+AIML Synthetic image degradations v 5122 PyTorch
6 FMS-CETCV Interpolated Gaussian descriptor 2567 PyTorch
7 ICT_HCI Probability classification model v 5122 PyTorch
8 SK Energy-based OOD + activation rectification 2562 PyTorch+Lightning
9 SACM AE and VAE rec. error + OD detection confidence Ve v 2882 PyTorch
10 UPRetina-UR  Test-time augmentation + probability classification model 5122 PyTorch+fast.ai
11 OPTIMATeam Deep Dirichlet uncertainty 2242 TensorFlow+Keras
11 MA Ensemble 512° TensorFlow+Keras
13 YC Monte-Carlo Dropout 6082 TensorFlow
14 Mirazzak Regret function 224%/384% PyTorch
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4.4.2 RWTH-CuP [165]

The RWTH-CuP team proposed an approach with two steps consisting of cropping around
the OD by employing a detection network, followed by an ensemble of transformers
(Swin Transformer-B [166] and DeiT-S [167]) and convolutional neural networks (CNNs)
(EfficientNet-B4 [118] and EfficientNetV2-M [168]) that classifies the cropped image. They
manually labeled the OD and its environment in 3,221 CFPs to develop this detection
network, for which they trained a YOLOVS5 [169] object detector network.

For ungradability classification, the team used a hybrid approach. As the probability
that an image is ungradable is high if the OD could be found by the object detector network,
they employed the confidence score of the YOLOV5 detection model as one of the ungrad-
ability measures. To capture other ungradability causes, such as blurred depictions of the
OD, they trained an additional classifier on a manually selected subset of the CFPs in the
development set. The team considered the 4000 CFPs with the lowest confidence score of
the object detector and manually selected 600 images that were assumed by the team to be
very close to being classified as ungradable. They used another set of 2,000 high-quality
images to train an EfficientNet-B4 [118] ungradability classification model. O, was then
defined as (1 — ¢) + g, where c is the object detection confidence and g the output the
ungradability classification model. The binary O3 output value was determined using a
cut-off manually determined by a medical doctor in 20,000 images from the development
set for which O, was computed.

4.4.3 Eyelab[170]

The Eyelab team employed a two-stage approach for glaucoma classification. The first step
was to detect and crop the OD area and the second step was a vision transformer [171] that
classified the cropped image from the first step. For the detection model, they trained a
YOLOV5 [169] model using semi-automatically generated labels. Their method for ungrad-
ability detection was based on whether the optic disc detection model from the first step
found an optic disc to be present.

444 Tien[172]

Tien used an ensemble of an EfficientNet [118] and DenseNet [115] for the classification of
RG and NRG. For the ungradability task, they used an autoencoder network and a blending
engine. They used the reconstruction error as a measure of the likelihood of ungradabil-
ity. The higher the reconstruction error, the more likely it is that the image is ungradable.
The blending engine fused the probability output from the binary classification model as
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aweight factor to the reconstruction error. The highest weight was 1 (when the probability
was 0.5) and the weight was lowest when the probability is certain (either 0 or 1).

445 UPF+AIML[173]

Team UPF+AIML trained two separate models, both based on the MobileNet-V2 [174] ar-
chitecture for lightweight training, and both optimized with the Sharpness-Aware Mini-
mization (SAM) [155] technique for better generalization. The first model was trained on
the available training set for the screening task. The second model was tasked with iden-
tifying out-of-distribution data, i.e, ungradable images in this case. For this, ungradable
images were simulated by applying four image transformations (brightness, gamma, satu-
ration, and blur) online to the data, with such a strength that they would destroy image con-
tent and turn images useless for diagnostic purposes. The ungradability detection model
was trained on a mixture of gradable (sampled directly from the original training set) and
ungradable (simulated). After training, this model was applied to the training set, where all
images were expected to be gradable. The threshold that would classify 0.1% of the training

set as ungradable was selected for ungradability detection.

4.4.6 FMS-CETCV [175]

The FMS-CETCV team used a binary classifier with ResNet-50 as the backbone for classify-
ing RG and NRG. They used focal loss [176] to account for the class imbalance in the training
set.

For the classification of ungradable images, they used a self-supervised learning ap-
proach, inspired by the work of Oza et al. [177], where a one-class classification method
was presented for unsupervised anomaly detection. The one-class classifier builds a fea-
ture space by extracting the features of the training sample which contain only the posi-
tive samples (i.e, gradable images). They used an encoder with ResNet-18 as the backbone,
which is trained on the AIROGS test set that only contains gradable images. The feature
space produced by this encoder is then used by a Gaussian anomaly classifier to distin-

guish gradable and ungradable images.

4.4.7 ICT_HCI[178]

Team ICT_HCI used ResNet-50 for their RG and NRG classification model. During infer-
ence, they made five random 512 x 512 crops of the image and then provided all crops sep-
arately to the model and get five scores. If the maximum of five scores was greater than 0.9,
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they let it be the output of the model, otherwise, they took the mean of the five scores as
the output of the model.

The team used the minimum class probability of the two classes RG and NRG as the like-
lihood for ungradability. If and only if the ungradability likelihood was greater than 0.1, they

set O3 to be positive.

448 SK|[179]

The SK team employed ResNet-RS [180] for RG and NRG classification. They replaced the

final linear layer of ResNet-RS with a single linear layer with two channel outputs.

For ungradability classification, they used an inference-time OOD energy-based
method [181] combined with activation rectification [182]. The energy-based method uses
a scoring function based on energy, instead of softmax, to discriminate in-distribution
(ID) and OOD data. In activation rectification, the outsized activation of a few layers can be
attenuated by rectifying the activations at an upper limit. After rectification, the output
distributions for ID and OOD data become much more well-separated. It is based on the
observation that the mean activation for ID data is well-behaved with a near-constant
mean and standard deviation, and the mean activation for OOD data has significantly
larger variations across units and is biased towards having sharp positive values.

449 SACM [183]

Team SACM used the YOLOvS5 [169] detection model to crop the optic disc in the CFP input
image. In a semi-automated process, they manually labeled the locations of 735 optic discs
and trained the detection model with 4,088 in total. The cropped image was then passed
through an ensemble of classifiers (SeResNext-50 [184], VGG-16 [6], DenseNet-161 [115],
EfficientNet-B5 [118], EfficientNet-B7 [118] and Inception-V3 [185]) to make the final pre-
diction. They also used test-time augmentation.

Forthe robustness task, they used the detection model confidence, an autoencoder, and
avariational autoencoder (VAE) [186]. They combined these three aspects of their pipeline
using this formula to achieve a final ungradability score for O4 as (1 — ¢) - s - Pautoencoder *
Puae, Where c refers to the detection network confidence, and pautoencoder aNd pyqe refer
to the mean squared error between the input and output of the autoencoder and VAE, re-
spectively.
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4.4.10 UPRetina-UR [187]

The UPRetina-UR team used ResNet-RS-50 [180] for the classification of RG and NRG. They
oversampled cases with RG during training to account for the class imbalance.

They employed a closed-set classification approach for the ungradability task based on
the method proposed by Vaze et al. [188]. They applied test-time augmentation to obtain

five predictions that are averaged to produce Oy.

4.4.11 OPTIMATeam [189]

OPTIMATeam used the first two blocks from the Inception-V3 [185] network for the classi-
fication of RG and NRG. They only used these two blocks to reduce the receptive field size,
which was necessary for their ungradability approach.

The ungradability approach was based on the direct modeling of the uncertainty follow-
ing the evidential deep learning approach [190]. They used Deep Dirichlet uncertainty es-
timation as the ungradability score O4. To set a threshold for getting a binary value for
O3 based on Oy, they assumed that diagnosis is only possible if the OD has enough image
quality for diagnosis, as glaucoma’s main structural manifestation occurs in that region.
They applied Grad-CAM [191] on the trained model for the screening task and occluded out
the region where Grad-CAM was greater than 0.5. This allowed them to produce ID and
OOD samplesin theirvalidation set, with which they computed the threshold for the binary
ungradability decision. In particular, they constructed a receiver operating characteristic
(ROC) curve using their values for O, with these ID and OOD samples. The ROC threshold

where the sensitivity was 0.5 was set to calculate Os.

4412 MA[192]

Team MA used an ensemble of these twelve different architectures for the glaucoma
screening task: SeNet-154 [184], SeResNet-101 [184], SeResNeXt-101 [184], EfficientNet-
B1 [118], EfficientNet-B2 [118], EfficientNet-B3 [118], EfficientNet-B4 [118], EfficientNet-
B5 [118], EfficientNet-B6 [118], EfficientNet-B7 [118], DenseNet-201 [115], Inception-
ResNet-v2 [116]. The RG likelihood was computed by averaging the likelihoods of all
respective models in the ensemble.

The ungradability output O, was the sum of the variances between all models in the
ensemble for the positive and negative class probabilities. O3 was positive if O, exceeded
0.2 and negative otherwise.
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4.4.13 YC[193]

The YC team used two DenseNet-121 networks to classify RG and NRG in the CFPs. The
first network was trained with the full CFP as input and the second network used a version
of the CFP that was cropped around the optic disc as input. After the last convolutions of
these networks, a fully connected layer with dropout was added. The outputs of these fully
connected layers were then concatenated and used as the input to another fully connected
layer with dropout, which was followed by the final layer of the network. For cropping the
CFPs around the optic disc, they trained a U-Net [9] with a DenseNet-121 [115] backbone.
To train this segmentation network, they first roughly annotated the position of the optic
disc in 101 CFPs in the training set. Subsequently, they generated reference segmentation
maps using a probability density function of the multivariate normal distribution around

the annotated optic disc position.

They used Monte-Carlo drop-out [194] with 20 predicted probabilities per image for the
robustness task. Then they statistically tested a Wilcoxon one-sample test whether the
mean of the predicted probabilities was equal to 0.5. The team defined ungradability for

predicting glaucoma as the logarithm of the p-value for the Wilcoxon test.

4.4.14 Mirazzak [195]

Team Mirazzak used an ensemble of ConvNeXts [196] and a vision transformer for the

screening performance task.

For the ungradability task, they employed the regret function, which was proposed by
Bibas et al. [197] as the generalization error of an explicit expression of the predictive nor-
malized maximum likelihood learner. If the value of regret function was high, the samples

were considered OOD and they were marked as ungradable.

4.5 Results

This section presents the glaucoma screening performance and robustness of the four-
teen participating teams. The final rankings and mean positions of the teams are shown
in the first plot of Fig. 4.2. Four teams shared a rank with another team, since their mean
positions were exactly equal, causing there to be two teams for each of the ranks #2 and
#11.
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Figure 4.2: Final rankings of all participating teams. The teams are sorted by their final ranking and therefore also
by their mean position. The mean position is shown in the left plot and the four challenge metrics are shown in
the other four plots. The kg7 of all human graders is indicated with a red dotted line. The width of the horizontal
lines in all plots and the shaded area in the plot for Ky are 95% Cls. We consistently use the same colors to
refer to teams in other figures in this manuscript.

4.5.1 Glaucoma screening performance

The glaucoma screening performance of the participating teams is summarized in Fig. 4.2,
showing pAUCg and SE@95S Ps in the second and third plot, respectively. The highest
scores for pAUCg and S EQ95S Py were 0.90 (95% CI: 0.89 — 0.91) and 0.85 (95% CI: 0.83 -
0.87), respectively. These scores were both achieved by team PUMCH-eye.

Fig. 4.3a and Fig. 4.3b show the pAUCs and SE@Q95S5 Ps for the ensembles when av-
eraging the RG likelihood output O; of the best M participants in terms of the relevant
metric. An optimal pAUC's of 0.91(95% CI: 0.90 - 0.92) was achieved at M = 3. At M = 2,
an optimal value for S E@95S Pg was reached, which was 0.87 (95% CI: 0.85 - 0.89).

Fig. 4.4a shows the partial ROC curves between 90% and 100% specificity for all partic-
ipants. The plot also presents the sensitivity and specificity of the human graders with a
95% CI. These were 0.86 (95% CI: 0.84 — 0.87) and 0.94 (95% CI: 0.94 — 0.95), respectively.

In Fig. 4.5, we compare the performance on the REFUGE test set of the final ATIROGS
algorithms, which were trained on the AIROGS train set, to the performance of the algo-
rithms that were submitted to the REFUGE challenge, which were trained on the REFUGE
train set. The top three participants of the REFUGE algorithms achieved AUCs of 0.99, 0.98
and 0.96. For the AIROGS algorithms, the best three AUCs were 0.98, 0.97 and 0.97. The
mean =+ std. dev. AUC of all REFUGE and AIROGS algorithms were 0.94 + 0.04 and 0.95 +
0.02, respectively. Fig. 4.6 presents the relation between the two glaucoma screening per-
formance metrics of all participating AIROGS algorithms on the AIROGS test set and that
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performance on the REFUGE test set. For both metrics, almost all ATROGS algorithms (ex-
cept for team PUMCH-eye for S E@Q95S5 Ps) scored higher on REFUGE than on AIROGS. Of
all AIROGS participants, the best pAUCg and S F@Q955 Ps on REFUGE were 0.94 and 0.88,
respectively.

In Fig. 4.7, the relation between the glaucoma performance of all participating AIROGS
algorithms on the AIROGS test set and that performance on GAMMA is shown. For both
screening metrics, all AIROGS algorithms scored higher on GAMMA than on AIROGS. Of
all ATROGS participants, the best pAUCs and S E@Q95S5 Ps on GAMMA were 1.0 and 1.0, re-

spectively.

4.5.2 Robustness

The robustness metrics of the participating teams are summarized in Fig. 4.2, showing x;
and AU Cy in the fourth and fifth plot, respectively. The highest scores for x; and AUCyy
were 0.82 (95% CI: 0.80 - 0.84) and 0.99 (95% CI: 0.98 - 0.99), respectively. These scores
were achieved by team Temirgali and RWTH-CuP, respectively.

Fig. 4.3c and Fig. 4.3d show the k¢ and AUCy; for the ensembles when averaging out-
put O3 and output Oy, respectively, of the M best algorithms in terms of these respective
metrics. An optimal x; of 0.85(95% CI: 0.84 - 0.86) was achieved at M = 6. Alsoat M = 6,
an optimal value for AU Cy; was reached, which was 0.99 (95% CI: 0.99 - 0.99).

In Fig. 4.4b, ROC curves for robustness are shown for all participants. The plot also
presents the sensitivity and specificity for separating ungradable from gradable images
of the human graders with a 95% CI. These were 0.95 (95% CI: 0.94 - 0.96) and 0.97 (95% CI:
0.97 - 0.97), respectively.

The results on the external DRIMDB dataset are shown in Fig. 4.8, indicating the rela-
tion between the ungradability metrics ky and AUCYy of all participating AIROGS algo-
rithms on DRIMDB and those metrics on AIROGS. Of all AIROGS participants, the best x;
and AU Cy on DRIMDB were 0.94 and 1.0, respectively.

4.5.3 Inference time

The time that each algorithm took to perform inference on the test set of the Final Test
Phase is shown in Fig. 4.9. Please note that these results reflect the total time it took to run
the Docker containers provided by the participants. The time it took for the software toload
the model weights and to run other setup code defined by the teams was also included in
this analysis. Since the test set was split into 38 separate chunks, this initialization and
setup code was run at least 38 times for each participating team, as well.
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The algorithms were fused by averaging the outputs of all algorithms in the ensemble. The vertical lines in the left plot and the shaded areas in the right plots indicate 95%

Cls.
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Figure 4.4: ROC curves for both challenge tasks. The sensitivity and specificity of all human graders on the
AIROGS test set combined are indicated with black lines. Respectively, the width and height of the black hori-
zontal and vertical lines are 95% Cls. In (a), the partial ROC curve (90%-100% specificity) for screening is shown,
with 1,602 positive (RG) and 8,134 negative (NRG) images from the AIROGS test set. In (b), the ROC curve for
robustness is shown with 1,554 positive (ungradable) and 9,736 negative (gradable) images from the AIROGS
test set.

REFUGE AIROGS
Challenge of origin

Figure 4.5: Comparison of the AIROGS and REFUGE algorithms, tested on the REFUGE test set, visualized as
violin and swarm plots. The final algorithms that were developed for the REFUGE challenge itself and for the
AIROGS challenge are shown on the left and right, respectively. The AIROGS algorithms were only trained on
the AIROGS train set and were not retrained with the REFUGE dataset.

4.6 Discussion

Al models have been shown to be effective at detecting glaucoma in CFPs, but most studies
lack evidence of robustness to real-world scenarios in which unexpected OOD data can
be presented due to various causes. To this end, we relied on the community to develop
robust Al solutions for glaucoma screening based on the largest multi-center real-world
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Figure 4.6: Performance of the participating AIROGS algorithms on the REFUGE dataset, compared to their
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Figure 4.7: Performance of the participating AIROGS algorithms on the GAMMA dataset, compared to their
performance on the AIROGS dataset. Both screening metrics (a) pAU C's and (b) S EQ95S Ps are shown.

CFP datasetwith glaucoma labels. We organized the ATROGS challenge around this dataset,
ensuring the resulting algorithms are reusable in a cloud-based environment. We applied
these algorithms to ungradable data, while the participants could only train on gradable
data to ensure robustness to any kind of ungradable data, and to other publicly available

datasets to assess their generalization.

4.6.1 Overall findings

The team with the highest S EQ955 Pg scored expert-level screening performance on the
ATROGS test set with a sensitivity of 0.85 (95% CI: 0.83 - 0.87) at 95% specificity, similar to
the sensitivity of 0.86 (95% CI: 0.84 - 0.87) at a specificity of 0.94 (95% CI: 0.94 - 0.95) of
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Figure 4.8: Performance of the participating AIROGS algorithms on the DRIMDB dataset, compared to their
performance on the AIROGS dataset. Both robustness metrics (a) Kk and (b) AU Cy are shown.
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Figure 4.9: Average inference time per CFP in the test set of the Final Test Phase. This time includes the actual
inference time, model initialization, and other setup code executed by the submitted Docker containers.

human graders. The highest p AU C's that was achieved by any of the teams was 0.90 (95%
CI: 0.89 - 0.91). Ensembling the different participating methods improved the screening
performance even further, to 0.91 (95% CI: 0.90 - 0.92) and 0.87 (95% CI: 0.85 - 0.89) for
pAUCs and SEQ95S Pg, respectively. Our analysis revealed that ensembling improved
the performance for all metrics up to a certain point at which adding further models to
the ensemble resulted in a decline in performance. A probable reason for this is that the
models added after this point under-performto such a degree that their outputs negatively
impact the performance of the ensemble, instead of improving it. Seven out of fourteen
teams exceeded the minimum performance of 80% sensitivity and 95% specificity that
was required by human graders who were periodically monitored during the grading pro-
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cess. This shows these models can provide similar performance to human graders for glau-
coma screening, suggesting that Al can potentially play a role in an automated screening

process.

We also evaluated the screening performance of the algorithms on two external test
sets. Even though the algorithms were trained on AIROGS data, they achieved very high
performances on the two external test sets, showing reproducible results in different sets
and populations. On average, the participating AIROGS algorithms scored slightly higher
on the REFUGE dataset than the REFUGE participants. We found that the participating al-
gorithms scored substantially higher on these external datasets than on the AIROGS test
set, indicating the value of a challenging real-world dataset. This strong generalization of
the developed solutions also shows the potential of models trained on our dataset to be
successfully implemented in screening programs with limited to no loss of performance.
Unlike the external datasets, the AIROGS dataset represents a screening population, which
likely consists of a relatively large amount of individuals with lower severity levels of glau-
coma compared to clinical populations. Since more severe cases are expected to be picked
up easier than less severe cases, the underlying ratio between less and more severe pos-
itive glaucoma cases could be a cause of the observation that the external test set perfor-

mance was higher than the internal test set performance.

The robustness to ungradable data in the AIROGS test set was evaluated for each team
using the metrics ky and AUCYy. The teams that performed the best in terms of these
metrics achieved 0.82 (95% CI: 0.80 - 0.84) and 0.99 (95% CI: 0.98 — 0.99) for k;; and AU CYy,
respectively. Human experts did reach a higher x; of 0.85 (95% CI: 0.84-0.86) for this task.
Moreover, they achieved a sensitivity of 0.95 (95% CI: 0.94 — 0.96) and a specificity of 0.97
(95% CI: 0.97 - 0.97) for detecting ungradable cases, while the team with the best AUCy
achieved a lower sensitivity at 97% specificity of 0.90 (95% CI: 0.88-0.92). Although the
teams achieved relatively high performances, they still achieved lower performance at the
robustness task than human experts. This shows this task was especially challenging, pos-
sibly because the participating teams could not use ungradable development data or be-

cause their robustness approaches focused on specific forms of ungradability.

We also assessed robustness on the external DRIMDB dataset. The best-scoring team
on this dataset scored very high performances; they achieved 0.94 and 1.0 for xy and
AU Cly, respectively. These two metrics were lower on the AIROGS dataset for that team.
This also indicates very strong generalization to other datasets for the robustness task.
The high ungradability detection performance also indicates robustness to other diseases
in the image, as diabetic retinopathy was prevalent in the gradable subset of DRIMDB and
the best algorithms did not classify these diseases as ungradable.



4.6. DISCUSSION | 89

A large difference in performance between participating teams can be observed, both
for the screening and the robustness task. Therefore, we think it is important to identify
which methodological choices were made predominantly by top-performing teams. One
of the most notable differences between the top three participants and the rest was the use
of transformers. Outside of the top three, only the latest-placed team used a transformer.
One of the possible reasons for this superiority that is achieved by transformers compared
to CNNs could be their effectiveness at modeling long-range dependencies [198,199]. This
allows for a better understanding of contextual information, which is generally believed to
be beneficial in medical imaging [199]. Empirically, transformers and methods that com-
bine transformers with CNNs have previously also been shown to outperform CNNs in
medical image analysis [200-202], which is in line with our findings.

Moreover, all best three participants manually labeled ODs for training either a segmen-
tation or detection model to crop around the OD during pre-processing. Even though this
was also done by two other teams, this seems like an effective strategy to achieve higher
screening performance. A likely reason for the effectiveness of this approach is that most
glaucoma-related imaging features can be found on or around the OD. This shows how a
priori medical knowledge could still be of value even when a large amount of data is avail-
able. Alessimportant factor appears to be the number of manually labeled ODs. A possible
reason for this could be that the OD detection or segmentation network is not required to
be extremely accurate, as combining a rough localization of the OD with a large enough

padding margin could also suffice to crop the image during pre-processing.

Since the development set only consisted of images that were labeled gradable (either
RG or NRG) and the use of external fundus data was prohibited, all teams came up with an
uncertainty or OOD detection method based on the gradable data for the robustness task.
The ungradability methods of the top three participants in terms of mean position, 7, and
AU Cy, allrevolved around the confidence of a neural network that localized the OD. Of the
other participants, only the ninth-placed team had such an approach. Apart from these
methodsbased on OD detection, only team UPF+AIML implemented a different robustness
technique that was also based on domain knowledge. This raises the impression that so-
lutions based on domain knowledge are more effective for robustness than more general
OOD detection solutions. However, it still needs to be evaluated if such approaches are
robust for other general tasks (not glaucoma screening) or other sources of OOD data.

For calculating the k¢ metric, the participants were required to output a binary deci-
sion on ungradability. A popular approach, especially among the top participants, was to
manually identify relatively low-quality images in the development set and base a thresh-
old for this binary output on that subset. This technique was employed by the best three,
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fifth, tenth, and twelfth teams in terms of x¢;. This indicates that this could be a successful
approach, although not in general as the accuracy of this binary value is also highly depen-
dent on the quality of the scalar output for ungradability O, that is being thresholded. We
found the difference between the ranking in terms of x; and AUCy of one team, in par-
ticular, stood out. Team YC ranked only eleventh for AU Cy; (which depended on the scalar
output Oy), but ranked fourth in terms of x;; (which depended on the binary output Os),
indicating the approach they used for thresholding their scalar value was highly effective.
The difference between their AUCy and ki was 7, while the next biggest value of this dif-
ference was only 3. Team YC indeed came up with a relatively sophisticated method for bi-
narizing O, compared to others, based on a Wilcoxon one-sample test to statistically test
whether the mean of the predicted probabilities from a Monte-Carlo drop-out approach

was 0.5 or not.

4.6.2 Strengths and limitations

The dataset presented in this paper substantially exceeds what was publicly available be-
fore in terms of number of images and patients. The dataset is also highly diverse because
of the large number of different sites, cameras that were used, and ethnicities. Comorbidi-
ties were not excluded from the dataset, as our goal was to develop tools that are robust to
data with such conditions in real-world screening settings. These conditions should not
have an influence on the classification of glaucoma or ungradability. The quality of the
labels was controlled by the initial and periodical evaluation of human graders, the fact
that each image was independently labeled twice by two trained graders, and, in case of
disagreement, by a highly experienced reader. The participants submitted their solutions
as containerized algorithms, allowing reproducibility, facilitating inference on other data,
and preventing manual manipulation of the test set.

One of the rules of the ATROGS challenge was the prohibition of the use of external fun-
dus data for development. A limitation of this work is the fact that we cannot be sure if any
of the teams used such data in their development process. A possible approach to prevent
this and make the process fairer is to have participants submit a containerized algorithm
for training, which would be trained by the challenge organizers with private challenge
training data. Nevertheless, with such an approach it would still be challenging and time-
consuming for the challenge organizers to verify if the training containers do not contain
any weights pre-trained on other data.

The teams that participated in the competition were permitted to create their own man-
ual annotations on the data and employ them in the development of their models. We
made a deliberate decision not to forbid this practice, as we believed that the possibility of
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achieving superior results outweighed the disadvantage of potentially introducing a slight
unfairness due to some teams having access to larger manual labor workforces than oth-
ers. Teams PUMCH-eye, RWTH-CuP, Eyelab, UPF+AIML, ICT_HCI, SACM, and YC took advan-
tage of this opportunity and produced at least one of the subsequent manual annotations:
OD detection or segmentation, vessel segmentation, and identification of low-quality im-
ages in the development set. As a result, the final rankings of the teams have likely been
influenced by this practice, and it is important to consider this potential bias when com-
paring solutions. We think it is also worth noting that the aforementioned solution for
promoting fairness of submitting a containerized algorithm for training on private data
would disable manual annotation of development data.

The dataset used for the challenge is diverse, but improvements could still be made in
thatrespect. All screening sites were based across the United States of America, raising the
question of whether a more generalizable model could be obtained with data from across
the world. On the other hand, we showed that many algorithms trained on the AIROGS
dataset performed at least as well on three external test sets, of which two originated from
China and one from Turkey, as on our internal test set.

Not all research groups working in the field of retinal image analysis participated in this
challenge and many teams that joined the challenge did not submit a solution to the Fi-
nal Test Phase. Possible reasons for this include that many teams saw their results did not
match to ones already present on the leaderboard, that the barrier for some teams was too
high to get a solution wrapped in a Docker container, or that they were not able to finish
in time. Therefore, we would like to stress the challenge is still open and we are curious to
see if the community can make further improvements. After all, especially for the robust-
ness task, there seems to be room for improvement, given the gap with the human grader

performance.

4.6.3 Future directions

Based on the solutions that were presented by the teams, we think it would be valuable
to combine methodologies from different participants and to work further on their ideas.
For example, as we mentioned before, team YC apparently had a highly effective method
for thresholding their ungradability scores as their x;; was very high compared to their
AUCYy. A possible future direction would be to combine methods of high performance
in terms of AU Cy with the binarization technique from team YC. Moreover, we observed
that algorithms that scored high in terms of robustness, used domain knowledge for this
aspect of the challenge. Possible future directions could be to explore other ways to incor-
porate domain knowledge into an ungradability method. This observation also leads to
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the question of whether there are more fields in medical image analysis in which domain

knowledge can be leveraged for uncertainty estimation and OOD detection.

Next to a decision on RG and NRG presence, the graders were asked to provide which
clinical, glaucomatous features were present in the eyes they classified as RG, as listed in
Section 4.2.1 and further described by [74]. This information was not yet included in the
dataset release for this challenge, as it fell outside the scope of this challenge. Future solu-
tions and challenges could be developed with this information, possibly resulting in more

explainable algorithms.

This challenge only focused on classification based on a single CFP. [t may be interesting
to explore the effect on screening performance and robustness of including various types
of metadata in our dataset, which we have available but have not been published yet. This
metadata, although missing for some images, includes the camera type, age, and anony-
mous patient identification (which can be used to link two eyes to a single patient).

In order to ensure the safe and effective implementation of the AI models for glau-
coma screening described in this paper, several important steps need to be undertaken.
Gonzalez-Gonzalo et al. [203] provide valuable insights into the key aspects that are

crucial for the integration of Al models in ophthalmic practice.

Among these aspects, additional retrospective validation studies play a significant role
in validating the performance and generalization of these models. An external evalua-
tion with substantially different data was already performed in this study. However, we
think it is crucial to evaluate with additional large screening datasets that represent real-
world scenarios before practical implementation. Prospective validation studies and cost-
effectiveness analyses are also essential for evaluating the accuracy, reliability, and gener-
alization of glaucoma screening Al models in real-world settings. These analyses are es-
pecially important for screening programs since screening solutions that are not specific
enough can have substantial negative financial impacts, as they can lead to unnecessary
hospital visits. It is also essential to identify and mitigate potential limitations such as data
quality, which the AIROGS challenge aimed to address, model interpretability, integration
with screening workflows, and potential biases. Finally, establishing mechanisms for post-
market surveillance is vital to monitor and evaluate the performance and safety of these
Al'models after their regulatory approval.

Further implementation and real-world evaluation of these algorithms are needed, as
described above. As this was considered out of the scope of the current manuscript, we
leave the execution of these steps to future work.
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4.7 Conclusions

We presented the results of community-acquired algorithms tested on real-world data for
robust glaucoma screening from CFP. The best algorithms performed similarly in terms of
screening to the carefully trained and selected human graders, and were shown to be ef-
fective at flagging images that could not be graded. Methodological choices predominantly
made by the best teams included, for the screening task, the use of vision transformers and
the incorporation of optic disc detection models in pre-processing and, for the robustness
task, out-of-distribution detection approaches based on domain knowledge. We hope the
unprecedented size and real-world nature of the dataset we released and the algorithms
that were developed using this dataset will help towards implementing robust Al for glau-

coma screening.
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Abstract

Deep learning classification models for medical image analysis often perform well on data
from scanners that were used to acquire the training data. However, when these models
are applied to data from different vendors, their performance tends to drop substantially.
Artifacts that only occur within scans from specific scanners are major causes of this poor
generalizability. We aimed to enhance the reliability of deep learning classification mod-
els using a novel method called Uncertainty-Based Instance eXclusion (UBIX). UBIX is an
inference-time module that can be employed in multiple-instance learning (MIL) settings.
MIL is a paradigm in which instances (generally crops or slices) of a bag (generally an im-
age) contribute towards a bag-level output. Instead of assuming equal contribution of all
instances to the bag-level output, UBIX detects instances corrupted due to local artifacts
on-the-fly using uncertainty estimation, reducing or fully ignoring their contributions be-
fore MIL pooling. In our experiments, instances are 2D slices and bags are volumetric im-
ages, but alternative definitions are also possible. Although UBIX is generally applicable
to diverse classification tasks, we focused on the staging of age-related macular degener-
ation in optical coherence tomography. Our models were trained on data from a single
scanner and tested on external datasets from different vendors, which included vendor-
specific artifacts. UBIX showed reliable behavior, with a slight decrease in performance
(a decrease of the quadratic weighted kappa (x.,) from 0.861to 0.708), when applied to im-
ages from different vendors containing artifacts; while a state-of-the-art 3D neural net-
work without UBIX suffered from a significant detriment of performance (x., from 0.852
to 0.084) on the same test set. We showed that instances with unseen artifacts can be iden-
tified with OOD detection. UBIX can reduce their contribution to the bag-level predictions,
improving reliability without retraining on new data. This potentially increases the ap-
plicability of artificial intelligence models to data from other scanners than the ones for
which they were developed. The source code for UBIX, including trained model weights, is
publicly available through https://github.com/qurAI-amsterdam/ubix-for-rel

iable-classification.


https://github.com/qurAI-amsterdam/ubix-for-reliable-classification
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5.1 Introduction

EEP LEARNING MODELS FOR MEDICAL IMAGE ANALYSIS APPLICATIONS are often

trained on data that is acquired with one or a selected number of scanner types

and/or acquisition protocols. When applying these trained models on data from
different scanners or protocols, the performance tends to plummet [204, 205]. This neg-
atively affects the reliability of these systems, which is a main aspect of trustworthy Al
[206,207], and its wide integration and adoption in clinical practice. In general, convolu-
tional neural networks (CNNs) are known to fail when they are applied under dataset shift
or to out-of-distribution (OOD) datasets; and approaches to address this effect are being
investigated [208]. This OOD nature of the data occasionally only stems from local areas
in images, such as local artifacts. These local artifacts occur frequently in data from spe-
cific vendors or particular scanning protocols, and can be found in multiple medical imag-
ing fields, such as contrast-enhanced mammography data [209] and optical coherence to-
mography [210]. Inimages with these types of artifacts, there generally are sufficient parts
in a sample which are in-distribution (ID) to form a correct prediction if the model would
in some way only focus on those parts of the data and neglect the OOD areas.

To achieve this increased robustness to local OOD areas in images, we propose
Uncertainty-based Instance eXclusion (UBIX). This approach builds upon multiple-
instance learning (MIL), a form of weakly supervised learning popular in medical image
analysis [211,212]. In MIL, alabeled bag (usually the whole input image) consists of multiple
unlabeled instances (usually image patches, regions or slices). During deep MIL, instances
are considered individually by a neural network, and the instance-level outputs, each
contributing equally, are combined to obtain a bag-level prediction using a MIL pooling
function [213]. Instead of assuming equal contribution, the UBIX approach assumes that
some of the instances might be corrupted due to local artifacts, identifies these instances
on-the-fly using uncertainty estimation, and reduces or ignores its contribution to the
bag-level prediction using the so-called UBIX function before the MIL pooling function
(see Fig. 5.1). To the best of our knowledge, this is the first method that uses OOD detection
in such a manner to increase reliability.

Although our method is applicable to any instance definition (such as 2D or 3D patches)
or bag definition, we focus on MIL problems in which slices are instances and full 3D vol-
umes are bags. Specifically, we focus on classifying age-related macular degeneration
(AMD) in optical coherence tomography (OCT), as there is a plurality of manufacturers and
scanner versions in the field of OCT. [56] list fourteen companies that produce OCT scan-
ners for ophthalmic applications and the type of imaging artifacts that occur can differ sub-
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Figure 5.1: Overview of the general MIL pipeline (left) and how the two UBIX variants are integrated into this
pipeline (right). Each MIL instance is fed into the same classifier. During inference time, a UBIX function converts
pre-UBIX instance-level features based on their respective uncertainties to post-UBIX instance-level features.
The instance-level post-UBIX features are then converted to bag-level outputs using MIL pooling. During train-
ing, the pre-UBIX features are fed directly into the MIL pooling function. The thin dashed blue arrows indicate
the flow of one example feature and its associated uncertainty. hf is the instance-level feature value for in-
stance % and feature j. hfm-n is the minimum instance-level feature value in the validation set for feature j. U;
is the uncertainty associated with instance 7. Uy,in and Uinae are the minimum and maximum uncertainty in

the validation set, respectively.
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Figure 5.2: Examples of real imaging artifacts in OCT. Subfigure (a) shows a normal B-scan without imaging
artifacts for reference. The other subfigures show various common imaging artifacts. The images (a) and (c) orig-
inate from the H,, dataset, while images (b), (d), and (e) originate from the Tist dataset, and image (f) originates
from the Biest dataset. (a) No imaging artifacts. (b) Blinking artifact. (c) Vertically flipped. (d) Shadow. (e) Noise.
(f) Noise.

(a) () (d)

stantially across scanners [210]. These artifacts include slices (B-scans) that are fully black
due to blinking, vertically flipped B-scans, shadows, and noise. For example, blinking arti-

facts and very noisy B-scans are much less common in certain scanners, specifically ones
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with higher speed and eye tracking software [210], due to internal B-scan averaging and
rescanning strategies [214]. A number of examples of imaging artifacts occurring in OCT
are shown in Fig. 5.2.

While our primary investigation centers on UBIX's assessment in ophthalmic applica-
tions, its potential utility spans diverse medical image tasks. UBIX aims to increase the ro-
bustness to local imaging artifacts, which may be under-represented during training but
at least sporadically manifest in clinical settings. A relevant example pertains to the ob-
servation from [215] of small colon tissue regions in a histopathology prostate training set,
leading to locally OOD instances. Furthermore, various artifacts in histopathology, such
as foreign objects, scratches, elastic deformations, and fingerprints, have been outlined
by [216]. These artifacts can result from natural origins, preprocessing, and digitization
steps. [217] discussed metal artifacts in CT scans. Commercially available CT scanners em-
ploy a range of techniques to address metal artifacts, leading to varied appearances of
these artifacts in scans [217]. In these CT and histopathology examples, instances could be
defined as crops (volumetric crops in CT, and 2D crops in histopathology), while the whole
slide image and CT volume could be the bags. We expect that classification models devel-
oped in these contexts may potentially benefit from UBIX as well.

We evaluate the generalizability of our proposed models by training on data acquired
with a scanner from one vendor, while evaluating with data from scanners of other
vendors. We show that UBIX increases this generalizability using a baseline compari-
son. Moreover, we systematically analyze the ability of UBIX to detect OOD instances by
gradually introducing artificial image artifacts that occur naturally as well. The trained

algorithm is publicly available for inference on the online platform of Grand Challenge*.

5.2 Related work

5.2.1 Multiple-instance learning in medical imaging

One of the most common medical application in which MIL is applied is histopathology
[218-221], mainly because it is very labor-intensive and time-consuming to manually an-
notate entire whole slide images on instance-level. [212] used an attention-based MIL pool-
ing layer and evaluated it on an MNIST-based dataset and histopathology datasets. Other
medical modalities to which MIL with deep learning has been applied include ultrasound
[222,223], computed tomography [224,225] and magnetic resonance imaging [226,227].

Several methods have been proposed to integrate confidence or uncertainty estima-

*https://grand-challenge.org/algorithms/amd-classification-in-oct-with-ubix/
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tion at instance-level in MIL approaches. For example, Integrated Instance-Level and Bag-
Level MIL (IIB-MIL) [228] is a MIL approach that integrates instance-level and bag-level su-
pervision, using a frozen instance-level encoder pre-trained with weak supervision. After
pre-training, it optimizes the instance-level features with a label-disambiguation module,
which incorporates a confidence bank, aiming to mitigate the effect of training with noisy
labels. This confidence bank is a form of uncertainty estimation but serves a different pur-
pose in their pipeline than the uncertainty estimation in UBIX does.

Weakly supervised knowledge distillation (WENO) [229] is a student-teacher frame-
work that consists of an instance-level classifier (the student) and a bag-level classifier
(the teacher). Attention-based scores from the teacher are used to train the student. It
also uses hard positive instance mining, which relies on a form of confidence estimation
to find hard examples. In WENO, this ensures that the model not only learns to define a
positive bag from easy positive instances but also predicts harder positive instances as pos-
itive. Even though [229] show this is an effective strategy to increase model performance,
they do not aim to increase robustness to OOD instances. This is in contrast with the aim
of UBIX.

Unlike our proposed method, these approaches may suffer from limited robustness
when transferred to other distributions, as they do not explicitly employ methods that aim

to improve robustness when transferring to OOD data.

5.2.2 Out-of-distribution detection

OOD detection is the identification of samples that originate from a different distribution
than the training distribution. Such samples generally have high model predictive uncer-
tainties, given a good uncertainty estimation method. [28] proposed a simple baseline for
OO0D detection using the maximum class probability as confidence scores. Another early
work was Monte Carlo dropout (MC-DO), in which they leveraged dropout to estimate un-
certainty [194]. [208] compared a number of methods for OOD detection and uncertainty
estimation including MC-DO. They found that deep ensembling [230] was one of the top-
performing methods for OOD detection. Since then, other popular methods for uncer-
tainty estimation and OOD detection have been published [181,231,232].

Uncertainty estimation has been investigated for medical image analysis as well, such
as [233], who used deep ensembles to calibrate probabilities in segmentation maps. [234]
detected incorrect orientation or anatomy in X-rays using an OOD detection metric called
FRODO, defined as the Mahalanobis distance of test samples to samples in the train set.
Furthermore, [215,235] used multi-head CNNs, an approach similar to deep ensembles, to

detect images with lymphoma in histopathology as OOD samples.
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Ingeneral, uncertainty estimationin medicalimages are used as an additional output to
assess the behavior of the developed models or to identify abnormalities as OOD samples.
In contrast, our proposed approach takes into account OOD detection during inference to

increase classification robustness against data shift.

5.2.3 Robustness against data shift in OCT

Related works have successfully applied machine learning methods for AMD classification
from OCT, but did not specifically focus on robustness to OOD data [236-241].

The following works studied robustness against data shift in OCT. [205] used an OCT
segmentation network of which the output was fed into a classification network, which
inturn outputted a referral suggestion, diagnosis probabilities for multiple retinal disease
features, such as choroidal neovascularization (CNV) and geographic atrophy (GA), and vol-
ume estimations of drusen and epiretinal membranes. The errorrate on their internal test
set with OCTs from the same scanner, as the development set, i.e., Topcon, was 5.5%, but
the error rate increased to 46.6% when transferred to an external set with OCTs from a dif-
ferent scanner, ie., Heidelberg Spectralis. When retraining their segmentation network
with data from this scanner, the error rate improved to 3.4%. [242] and [243] used a Cy-
cleGAN to transform OCT scans acquired on a device that was not used during training to
have a similar appearance as the training data. For retinal fluid [242, 243] and layer [243]
segmentation, they observed a generalizability improvement when applying this domain
adaptation technique, compared to traditional transformation strategies.

The main downside of these methods is their requirement for - albeit annotated or not
- data from the new setting. Acquiring and annotating this new data, as well as any po-
tential retraining, is a time-consuming and expensive process. Moreover, if these models
are unknowingly applied in settings that are highly different from the development set-
ting, models can fail silently, potentially causing misdiagnoses. We propose a method that
reduces the performance drop when a model is transferred to a setting unlike its develop-
ment setting, without the requirement for acquiring or labeling data originating from this

new setting.

5.3 Methods

Our paper introduces UBIX, a method that enhances the robustness of classification mod-
elstolocally OOD data. Specifically, our approach is designed for scenarios where a portion
of a given sample, such as a crop or slice of an image, differs from the training data distri-
bution. UBIX is implemented in the MIL paradigm and is solely applied during inference. It
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can theoretically be applied seamlessly to any existing MIL model that has already been
trained. In Section 5.3.1, we provide an introduction to MIL and related concepts. UBIX
relies on the identification of local OOD areas in the input sample, by performing uncer-
tainty estimation on MIL instances. In Section 5.3.2, we present various state-of-the-art
uncertainty estimation methods and propose variants of uncertainty measures that are
optimized for ordinal labels. Finally, Section 5.3.3 elucidates how UBIX works and how it

integrates instance-level uncertainty estimation into MIL models.

5.3.1 Multiple instance learning (MIL)

The MIL paradigm

MILis a form of supervised learning designed to address scenarios where our dataset is or-
ganized into bags of instances. Each bag, denotedas X = {x;,...,X;},cancontainavary-
ing number of instances, and each bagis associated with a bag-levellabel, Y € {1,...,C},
where C' represents the number of possible classes. Individual instances within a bag do
not have explicit labels. During training, only bag-level labels are available.

MIL employs an instance-level classifier, which transforms each instance x; into a
feature vector h; € RY using a function parameterized by 6;,,stance, represented as
h; = fo,,..0...(Xi). There are two primary types of MIL approaches: instance-based and
embedding-based. In the instance-based approach, J is equal to C, which means that
the instance-level classifier produces instance-level logits for each class. In contrast, the
embedding-based approach allows J to represent the number of features, potentially
using a higher-dimensional space.

Once the instance-level classifier has been applied, MIL pooling is employed to aggre-
gate these vectors into a bag-level feature representation, denoted as h x, using a function
hy,...,h;). In most MIL pool-

ing functions, hx € R”. However, when distribution pooling [244] is used, a marginal fea-

parameterized by fj More formally, hx = fy

pooling " ponzm_q(

ture distribution is estimated instead of a single scalar value for each feature. This case is
elaborated upon furtherin Section 5.3.1. Following MIL pooling, a bag-level representation
transformation function, parameterized by 0y,qns form, is applied to the bag-level feature
vector hy. This transformation maps h to the predicted bag-level label, denoted as Y,
andis expressedas ¥ = J0iransform (DX

In deep learning-based MIL, the instance-level classifier f,, .,.... is typically imple-
mented as a neural network. In the instance-based approach, the bag-level representa-
tiontransformation fy,, ... ;... iStheidentity function, enabling a directlink between each

class in the bag-level outputs and the outputs on the instance-level. In the embedding-
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based approach, f,, ... ... IS Parameterized using a neural network. Depending on the

chosen pooling function, even the MIL pooling function fy may be parameterized

pooling

using a neural network (see Section 5.3.1).

MIL pooling functions

The MIL pooling function 6,,01ing aggregates instance-level feature vectors hy, ..., hy,
where h; = [h},...,h/]and h! € R, to a bag-level feature vector hx = [hk,...,h%],
where hg( € R. Arequirement for the MIL pooling function is that it can be applied to
any number of instances J. The following common MIL pooling functions all follow this
requirement and are also described by [245]:

+ Max pooling: Max pooling selects the maximum value for each feature across all in-
stances in the bag:

e :méfhf, forj=1,2,...,J.

+ Mean pooling: Mean pooling computes the mean value of each feature across all in-

stances in the bag:

I
1 _
h&:YE hl, forj=1,2,...,J.
i=1

Attention pooling [212]: Attention pooling uses a weighted average of instances,
where the weights are determined by a neural network. This approach allows
for generating bag-level features based on the importance of each instance. The
Attention pooling mechanism is mathematically represented as follows:

I
Wy => aihl, forj=1,2,...,1J,
=1

where a; are the instance-specific attention weights, calculated as:

v = exp(w! tanh(VhI))
' S exp(wT tanh(VhT))

Here,w € RL*1and V € RY%” are learnable parameters.

- Distribution pooling [245]: Distribution pooling estimates marginal feature distri-
butions for each feature dimension. This provides a richer representation of the
data, as individual features are defined as distributions instead of single scalar val-
ues. The formula for distribution pooling involves estimating these marginal distri-
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butions. Given instance-level feature vectors hy, ..., hy, the goal is to find a bag-
level representation hy = [pﬁ( , pg(, R pg(], and p]}( is the estimated marginal dis-
tribution of the feature j. The estimated marginal distribution pg( iscalculated using

kernel density estimation with a Gaussian kernel having a standard deviation o:

I
1 L vch,‘)? .

TZ 27ra2 202 i forj=1,2,...,J.
Additionally, in order to use these distributions as vectors in a neural network, the
distributions are binned. These binned representations h , are obtained by sam-
pling the values v from pg( at M equally spaced bins within the range of possible val-
ues, v, = 725 forb=0,1,..., M — L ThisresultsinhX € RM forj =1,2,...,J,

and the binning formula can be expressed as:

W = [pJX(U:U,,)‘Ub:M_l,b:o,1,...,M—1

forj=1,2,...,J.

Distribution pooling is flexible and can capture rich information about the distribu-
tion of features within a bag. It avoids the loss of information associated with point

estimate-based pooling methods.

- Distribution with attention pooling [245]: Distribution with attention pooling com-
bines Attention pooling with Distribution pooling. Feature distributions are calcu-
lated in the same way for each feature as with distribution pooling, except an atten-

tion weight a; is incorporated:

e D forj=1,2,...,J.

271'02

1]
V=12 s

The instance-level weight a; is calculated in the same way as in Attention pooling
and, similarly to distribution pooling, binning is performed to transform these dis-

tributions into vectors.

« TransMIL [246]: TransMIL is a MIL pooling method that is based on the Transformer

architecture [10]. The TransMIL pooling function can be expressed as follows:

hy = TPT(hy, ..., h;),
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where the TPT is a module that consists of two Transformer layers and a position
encodinglayer. Further details about the architecture can be found in the paper from
[246].

5.3.2 Uncertainty estimation

Uncertainty estimation provides a measure of the uncertainty related to the model's
prediction. In this work, we define an uncertainty estimation technique as a function
funcertainty that maps input data to a single scalar representing an uncertainty estima-
tion value. This is typically executed on individual samples in a dataset, but can also be
applied to instances in MIL. Given an instance x;, the uncertainty can be estimated as
Ui = funcertainty(Xi)-

Several uncertainty estimation techniques also need the selection of an uncertainty
measure (fneasure) 10 aggregate multiple probability vectors. In the last part of this sec-
tion, we also define several of these uncertainty measure functions. Some popular uncer-

tainty estimation techniques are:

- Deep Ensemble [230]: This method utilizes multiple deep networks trained with var-
ious random model weight initializations. To estimate uncertainty, each model’s out-
put is considered:

funcertainty(xi) = fmeasure (fainstance,l (Xi)7 B meSmnce.,M (Xi))v

where each fy, _is the j-th instance-level classification model in the ensem-

instance,j

ble and M is the total number of models in the ensemble.

« Monte-Carlo dropout (MC-DO) [194]: This method estimates uncertainty by employ-

ing dropout at test time and performing multiple forward passes:

funcertainty (Xz) = fmeasure(f@mstance'MCDo (Xﬁ tl)v ceey

fé’msr,a,nce,MCDo (Xi; tT))v

where fy isaninstance-level classification model with dropout enabled

instance, MCDO

during test-time. The term ¢, represents the k-th stochastic forward pass out of a
total of T  passes.

- Test-time augmentation (TTA) [247]: This method augments the input sample at
test time and observes the variation in the classifier’'s output. The uncertainty is cal-
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culated as:
funcertainty (Xz) = fmeasure(f@msmr,we (Au.gl (Xz)a )a EERE
Joinsranc. (Augr (%i))),
where fp,, .,..... iS an instance-level classification model and Augy (x;) represents

the application of the k-th augmentation to the instance x; out of a total of 7" aug-

mentations.

MaxLogit [248]: This technique considers the maximum logit value (before softmax)

as a confidence measure. To obtain an uncertainty value, rather than a confidence
value, we take the negative of the maximum logit value. The uncertainty is directly
given by:

U; = —max(l;),

where 1, is the logit vector for the instance x;. Please note this is the only uncertainty

estimation technique described in this work that does not utilize fi,cqsure-

The list below describes a number of uncertainty measures. Each measure utilizes a
function fi,cqsure that operates on a series of model outputs for an instance, producing an
uncertainty value. Givenaseries of model outputsp; 1, p; 2, . . . , p;,7 forinstance x;, where
T can for example represent multiple models in an ensemble, stochastic forward passes
in MC-DO, or multiple augmentations in TTA, the uncertainty measure function f,,cqsure

produces:
U, = fmeasum(pi,lvpi,% cee 7pi,T)~

+ Maximum class probability:

T
c 1
fmeasure(pi,17pi,27 e 7pi,T) = - I?:a‘f( T ;pi,t»@
where U; is the uncertainty associated with instance x;, C'is the number of classes.
Dit,c is the probability assigned by the ¢-th model, stochastic forward pass or aug-
mentation for instance x; and class c¢. Since we are interested in obtaining uncer-
tainty values, rather than confidence values, we employ a minus-sign at the start of

the equation.
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+ Mean class variance:

T
1 1
fmeasure(pi,lvpi,% s api,T) = E cz:; T tz:; Dit,c — Hi, c ,

where p; . = % EtT:l Di.+,c is the mean probability of the c-th class for instance x;.

« Entropy:

fmeasure(pi,lvpi,% <oy D, T Z Hic IOg Hi e,

T . . .
where p; . = % > i—1 Dit,c is as previously defined.

For ordinal classification tasks, such as those with a staging scale, itis critical to note that
conventional uncertainty measures might not accurately capture the differences between
stages. Specifically, they might treat uncertainties between neighboring stages the same
as those between distant stages. Consider a scenario where probabilities for classes 1 and
2 are both 50%, rendering other classes at 0%. The uncertainty should be lower than a
scenario where class 1 and class 5 have probabilities of 50%. To address this, we propose
ordinal variants of mean class variance and entropy, known as ordinal variance and ordinal
entropy. These measures specifically consider the ordinal relationship between classes,
ensuring thatlarger uncertainties between distant classes are weighted more heavily than

those between closer classes:

+ Ordinal variance:
T
fm,easure(pi,lvpi,% -y iy T = E qit —

where ¢; ;, = 25:1 (¢ — 1) - p; 1. represents the weighted sum of class probabilities
by their ordinal rank for instance x;. This essentially converts the class probabilities
to a single scalar value, similar to a value that a regular regression model would out-
put. The term p; denotes the average of these weighted sums across all models or

stochastic passes, calculated as y; = % ZtT:l Qi t-
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+ Ordinal entropy:

fmeasure(pi,lvpi,% cee 7pi,T) =

-1 c c C C
- E E i,qlog E Hid + E i qlog E Hid |
c=1 d=1 d=1 d=c+1 d=c+1
Entropy of classesup to ¢ Entropy of classes beyond ¢

where p; . = % Zthl Di t,c represents the mean probability of instance x; being of
class c across all models or stochastic forward passes. This measure calculates mul-
tiple entropies based on binary partitions of the classes. For every class c except the
last class, C, it breaks down the classes into two groups: one with classes up to c and
the other with classes greater than c. By doing this, it constructs binary uncertainties
for each partition and computes their entropies. These entropies are then summed
up, producing a measure that captures ordinal relationships between classes.

5.3.3 Uncertainty-based Instance eXclusion (UBIX)

UBIX is neither a standalone MIL method, like Max pooling or Distribution pooling, nor
an alternative uncertainty estimation approach, such as deep ensembles or MaxLogit. In-
stead, it synergistically leverages existing MIL methods and uncertainty estimation tech-
niques. Moreover, UBIX can seamlessly integrate with a broad spectrum of MIL methods
and uncertainty estimation techniques.

In UBIX, there is a deliberate inference-time manipulation of instance-level features
based on the associated uncertainties. As opposed to assuming equal contribution, UBIX
identifies instances that might be corrupted due to local artifacts, and reduces or ignores
the contributions of these instances on-the-fly using these associated instance-level un-
certainties. We can categorize two distinct UBIX variants (see Fig. 5.1), which both perform
this manipulation in a different manner. Specifically, UBIX;.s reduces the contributions

of uncertain instances and UBIX},q fully removes their contributions.

+ UBIXoft: For clarity, we first present UBIX for a straightforward scenario, without
the intricacies introduced by techniques such as deep ensembles or TTA. UBIX sy iS

specifically designed for scenarios where fy employs Max pooling in conjunc-

pooling
tion with the instance-based MIL approach. We formulate this restriction because
this UBIX variant actively reduces instance-level features as uncertainty increases,

a behavior that is appropriate solely when Max pooling is applied.
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fuBrx can be conceptualized as a modified sigmoid function. During inference, it
maps the instance-level features, h;, based on the associated uncertainty, U;, to up-
dated instance-level features. These updated instance-level features are then used
in the downstream MIL pipeline. The intention is for fiy5sx (h;, U;) to remain close
to h; when uncertainty U, is minimal. Therefore, the sigmoid function approaches
h; as uncertainty decreases, i.e, the upper asymptote is set to h;. Conversely, when
U, is high, we desire the logits to be diminished. Therefore, the sigmoid function
converges towards the lowest feature value observed in the validation set as the un-

certainty increases.

More formally, the instance-level features are transformed by the UBIX function

fuBrx asfollows:

hi - hmzn

fuprx(hy,U;) = 1T o)

+ hmin7

where ¢ is a hyperparameter dictating the smoothness of fyyp;x. The term h,,;,
is the vector of length .J (which is equal to C in the instance-based approach), con-
taining the minimum instance-level outputs within the validation set for each class,
defined as:

hyim = [ min {h}},..., min {h}],

X; EDyal Xi€Dyal
with D,; representing the validation dataset. The steepest gradient of fy gy x with

respect to h; occurs when U, equals 4, which is defined as:

'3/(’7) = 7<Umaw - Umin) + Umiru

with + being a tunable hyperparameter. The extremities of uncertainties are
described by:
Unmin = min {U;},

X;€Dyar
and:

Uma:r = xirg%fal {Uz } .

In conclusion, the sole change that UBIX introduces is during the inference phase

where the MIL pooling function fy does not directly utilize h;. Instead, fy

pooling pooling

takes the transformed instance-level features fy s x (h;, U;) as input.

When multiple forward passes are employed during inference due to the use of
techniques like deep ensembles, TTA, or MC-DO, the UBIX function fy gy x operates
in the same way. There will be multiple values for h;, one for each forward pass.
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Jb1ranstorm (J0pooring (fUBIx (hi)))is performed separately for these different values
for h;. Only the bag-level probabilities are subsequently aggregated.

+ UBIXparq: This variant of UBIX operates by fully excluding certain instances based on
their uncertainty values. Specifically, the UBIX function is defined differently in this
approach:

h; itu; <t
fuprx(hi, U;) =
exclude otherwise
where 7 is a hyperparameter that determines the uncertainty threshold for instance
exclusion. In this approach, any instance with an uncertainty value exceeding 7 is
completely excluded from further processing.

When implementing UBIXy,,4, the MIL pooling function, fy isfed with a subset

pooling’

of instance-level features after exclusion.

5.4 Data

54.1 Data

Three different data sets from three different vendors were used to develop and evaluate
the proposed solution: a dataset with Heidelberg OCTs served as a training set, referred to
as Hipain, @ validation set, referred to as Hy,, and internal test set, referred to as Hiegt; and

two external test sets were used to evaluate the generalizability of our models, one with

Table 5.1: CIRCL grading system.

AMD Stage Criteria

1. No AMD No drusen or small, hard drusen only.

2. Early AMD >10 small (<63 um), drusen and pigmentary changes or 1-15 intermediate
(63-124 um) drusen.

3. Intermediate AMD >15 intermediate (63-124 pm) drusen or any large (2125 um) drusen or GA
not in the central circle of the ETDRS grid.

4. Advanced AMD: GA Presence of central GA.

5. Advanced AMD: CNV Evidence of active or previous

CNV lesion.

6. CNV without signs for AMD  Chosen if CNV is present but no drusen of any size are present within the
Field 2.

7. Cannot grade Image is regarded as not gradable.
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Table 5.2: AMD stage distribution in each dataset. The table shows the number of OCT scans.

Htrain Hval Htest Ttest Btest

No AMD 597 216 212 942 115
Early AMD 202 74 70
Intermediate AMD 329 106 114 149 269

Advanced AMD: GA 72 29 28 37
Advanced AMD: CNV 737 236 256 56

Topcon scans, referred to as T, and one with Bioptigen scans, referred to as Byest.

Heidelberg dataset (Hiy.in, Hyal and Hyest)

For development and internal testing, we used the European Genetic Database
(EUGENDA), a large multi-center database for clinical and molecular analysis of
AMD [249, 250], containing 3,278 OCT from 1,013 patients in total. The training set
Hirain, validation set Hyy, and test set Hies: contained 1937, 661 and 680 OCTs from 607
(60%), 202 (20%) and 204 (20%) patients, respectively.

Manual grading of the scans was performed by the Cologne Image Reading Center and
Laboratory (CIRCL). They categorized the OCTs using the criteria described in Table 5.1.
Samples with grade 6 and 7 were excluded from this study. The number of OCTs for each of
the remaining five stages is shown in Table 5.2. The OCTs were acquired with a Spectralis
HRA+OCT (Heidelberg Engineering, Heidelberg, Germany) scanner. We resampled all
B-scans to the same pixel spacing of 13.9 pm x 3.9 pm. The number of B-scans in each OCT
scan was left unchanged, which varied from 14 to 73.

Topcon dataset (Tiest)

One of the external test sets was derived from the Rotterdam Study [251]. This is a prospec-
tive cohort study in the city of Rotterdam, the Netherlands, that started in 1990 to investi-
gate age-related diseases. There were in total 1184 OCT scans available from this dataset,
originating from 713 patients. All OCTs were graded using the Wisconsin age-related mac-
ulopathy grading system (WARMGS) [252] and manually harmonized to the CIRCL grading
system. The number of OCTs for the resulting four classes is shown in Table 5.2. The OCTs
from this dataset were taken with an OCT scanner from Topcon Corp., Tokyo, Japan. Each
OCT volume contained 128 B-scans. Similarly to the Heidelberg set, all B-scans were re-
sampled to have a pixel spacing of 13.9 pym x 3.9 pm.
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Example #1 Example #2 Example #3

Original

Blinking

Vertically flipped
-scans

Shadow

Noise

Figure 5.3: Examples of artificial artifacts. Each row shows the middle B-scans of a random OCT volume from
Ttest- The image in the first row is the original, unaltered B-scan. The other rows each depict a different artificial
artifact applied to that B-scan.

Bioptigen dataset (Biest)

The other external test set was described by [253], containing normal patients and patients
with intermediate AMD. For each of these subjects, one OCT volume, acquired with an SD-
OCT scanner from Bioptigen, Inc (Research Triangle Parc, NC), was available. The AREDS2
system [254] was used for grading and was harmonized to the CIRCL grading system. The
number of OCTs for these two classes is given in Table 5.2. All OCT volumes contained 100

B-scans and all B-scans were again resampled to have a pixel spacing 0of13.9 pm x 3.9 pm.

5.5 Experimental design

5.5.1 Vendor generalizability and interpretability

To assess the vendor generalizability of UBIX, we first calculated the performance on the
internal test set, Hies, Which is from the same distribution as the one used for training,
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Himin- Subsequently, we evaluated the performance when transferring to the two exter-
nal datasets Tiest and Biest.  We evaluated the performance on these datasets for UBIXg
and UBIXp,rg. Additionally, we compared the performance of the proposed model with
three different approaches, namely a 3D CNN approach, a traditional MIL approach (with-
out UBIX) and an ensemble of multiple MIL approaches. The 3D CNN was a ResNet-18
[255] with 3D convolutions and the instance-level classifiers in the MIL approaches were
ResNet-18's with 2D convolutions. All models in our experiments were trained end-to-end.

To better show the effect of the proposed methodologies on scans with vendor-specific
artifacts, we also separately evaluated the performance of the five aforementioned UBIX
variants and baselines on a subset of OCT volumes in Tig; With blinking artifacts, referred
to as Tpink (0 = 33). These volumes generally have multiple B-scans in which the retina is
not visible.

The interpretability of UBIX is illustrated qualitatively by showing the instance-level

predictions and uncertainties for several OCT scans.

5.5.2 Effect of artificial artifacts

To demonstrate the effect of UBIX more clearly, we performed experiments where we ar-
tificially corrupted the dataset Tyt with artifacts that also occur naturally in OCT scans.
The different artifact types were blinking artifacts, vertically flipped B-scans, shadows and
noise. Fig. 5.3 shows a number of examples. We gradually introduced more OCT volumes
with artificial artifacts and compared the performance for UBIXg.f, UBIXparg and MIL.

When one of these artifacts was applied to an OCT volume, a portion of the B-scans were
affected, as happens in clinical scenarios. Artificial artifacts were then added to either one
or two groups of adjacent B-scans. Both scenarios had an equal probability. The sizes of
these groups had sizes of between 2% and 15% of B-scans, which we experimentally found
to be representative of real artifacts.

Vertically flipped B-scans are caused by a Fourier-domain detection artifact, as de-
scribed by [256]. Shadows and noise are usually caused by media opacities, such as

corneal scarring and cataract. The artificial artifacts were implemented as follows:

+ Togenerate B-scans with artificial blinking artifacts, we started with an image where
all pixel values were set to 0. Next, we added random Gaussian noise to this image.
The mean of this noise was set to the median pixel value found in the full OCT scan.
The standard deviation of this noise was matched to the standard deviation of the
OCT scan.
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« Thevertically flipped B-scans were generated by flipping the B-scans along the hor-

izontal axis.

To generate the shadow artifact for a particular B-scan, we adapted each A-scan (col-
umn in an OCT B-scan) a1, . . ., a4 separately, where A is the number of A-scans in

the B-scan. All A-scans a; were transformed using the shadow function S(a;):

S(a;) = a;(1 — s(7)), (52

where s(4) is sampled from a normal probability density function:

1 .
s(i) = e 3057 (5.2)

ovV2m

where p is randomly selected between 0 and A, and o is randomly defined between

A/4and 3A/4. ;pand o are kept the same within one OCT volume.

+ The noise artifact is Gaussian noise added to the original image with a mean of 0
and a standard deviation of 4 times the standard deviation within the original OCT

volume.

5.5.3 Applicability to several MIL settings and uncertainty estimation approaches

We performed several experiments to assess the applicability of UBIX to different uncer-
tainty estimation approaches and MIL settings. We evaluated this on the external test sets
Ttest, Thiink, and Best. The uncertainty measures and techniques that we evaluated were the
ones presented in Section 5.3.2. The MIL pooling functions we used in these experiments
were described in Section 5.3.1.

Some of the MIL pooling functions are only compatible with the embedding-based ap-
proach. Therefore, in the experiment where we compared these MIL pooling functions,
all uncertainties were calculated using MaxLogit, considering the other uncertainty mea-
sures cannot be combined trivially with the embedding-based approach. Max and Mean
pooling were implemented using the instance-based MIL approach, while the Attention,
Distribution, Distribution with attention, and TransMIL pooling were implemented using
the embedding-based approach. For Attention pooling, we followed the implementation
provided by [212]. For Distribution and Distribution with Attention pooling, we used the im-
plementation provided by [244] with 128 features in the attention layers and 11 bins in the
distribution pooling layer. For TransMIL pooling, we used the implementation provided
by [246]. The deep ensembles contained 5 models, as this was shown to be sufficient for
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uncertainty estimation [208]. For the MC-DO models, we used T' = 32 stochastic forward
passes, which is consistent with what was done by [215]. For TTA we used 7' = 10 different
forward passes. For the experiments with MaxLogit, we used the maximum value in the
output of the final layer of the instance-level classifier, while only considering this maxi-
mum value for the first model in case a deep ensemble was used. The UBIX hyperparam-
eters were separately optimized on the validation set Hy,) for each unique combination of
MIL pooling function and uncertainty estimation approach.

5.54 Metrics

For all models, to evaluate the classification performance, we calculated the area under
the receiver operating characteristic curve (AUC), where intermediate and advanced AMD
stages belonged to the positive class and the remaining stages to the negative class. Addi-
tionally, we computed Cohen'’s kappa score. For the datasets with more than two classes,
the quadratic weighted kappa score (x,,) was calculated to consider the class order. Other-
wise, unweighted kappa metric was used ().

To quantify artificial artifact detection performance for different uncertainty measures,
we used the AUC as well, where the score was the uncertainty measure and the labels were
the dichotomous variable of whether an instance had an artificial artifact or not. Further-
more, to estimate how well the uncertainty values were separated, we evaluated the sepa-
rability of the two groups, with and without artificial artifacts, based on the uncertainty
score. For this, the Xie-Beni index (XB) is calculated, defined as the ratio between clus-
ter separation (i.e., the minimum squared distance between cluster centers) and cluster
compactness (i.e,, the mean squared distance between each data point and its cluster cen-
ter [257]. The lower XB, the better the data is clustered. Statistical significance was deter-
mined using non-parametric bootstrapping with 1000 iterations [127]. We applied a Bon-

ferroni correction to account for the number of comparisons we made.

5.5.5 Training and optimization

The network weights were optimized with the Adam optimizer [258] and a learning rate of
10~* using the cross entropy loss. Allimages were normalized between 0 and 1. As a means
of regularization, we employed online data augmentation. With a 15% probability, random
affine transformations were applied of +20° rotation within the B-scan plane, +10% shear-
ing within the B-scan plane, +10% zooming within the B-scan plane, +20 voxels translation
inthe horizontal and vertical direction within the B-scan plane, £2 voxels translation in the
B-scan direction. B-scans were also horizontally flipped with a 15% probability. With a30%
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probability, random additive Gaussian noise with a mean of 0 and a standard deviation of
01 was applied. Also with a 30% probability, we applied brightness modifications using
the power law, varying the power between 0.75 and 3. To account for class imbalance, im-
ages were sampled during training based on their class, such that each class was sampled
with an equal probability. Because of GPU memory restrictions and given that the input
images were large, each batch contained one bag during training and inference. We used
early stopping, based on «,, and with a patience of 10 000 batches.

The hyperparameters 7, § and -y were optimized on the internal validation set Hy,. The
values for 7 in the grid search for UBIXnarq Were { Py g0, P01, - - - » Pu100 }, Where Py ; is
the percentile ; of alluncertainties in the validation set. For the UBIX grid search, the values
for s were {1, 5,10, ...,5-10%,10*} and the values for y were {—0.5, —0.45, ..., 1.5}. For
UBIX,os implemented using deep ensembles, ordinal entropy and Max pooling, the per-
formance was optimal at § = 5 and v = 1.05. For UBIX},q implemented using deep en-
sembles, ordinal entropy and Max pooling, the optimal value of the hyperparameter 7 was
Pyygsz.3 = 2.20.

5.5.6 Normalization type

All MIL and UBIX models (which do not differ from MIL models during training) described
in this section so far used batch normalization (BatchNorm) [259] followed by a rectified
linear unit (ReLU) activation layer [260] after every convolutional layer. This BatchNorm
layer was implemented such that the mean and variance were computed along the
instance axis (rather than the bag axis), spatial, and channel axes. This had the effect that
the instance-level classifier in these models used some information from other instances
than the instance it was classifying, specifically when calculating the mean and variance
values that are used in this layer. We studied the effect of replacing these BatchNorm
layers with InstanceNorm [261] layers on the generalization of both the MIL and UBIX
models. For InstanceNorm, the mean and variance values were only calculated along
the spatial and channel axes, so not along the bag or instance axes. Following the default
implementation of PyTorch, the BatchNorm models included learnable shift and scale
parameters, while the InstanceNorm models did not. The 3D model used in this paper
also had a batch size of 1, so the normalization layer was effectively InstanceNorm with
learnable shift and scale parameters. In all cases, the means and variances of the current
sample, rather than the moving averages, were used during both training and inference.
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Figure 5.4: Performance of UBIX, compared to the 3D and MIL baselines, evaluated on internal and external

datasets. The models were all trained and validated on Heidelberg data (H-.in and Hya). The UBIX methods in
this figure use deep ensembles with ordinal entropy to estimate uncertainty. The percentages displayed within

the bars indicate the difference in performance when transferring the model from the internal to the external test

set. Max pooling was used for each of the reported results. The horizontal black bars above the bar plots indicate
whether there was a statistically significant difference (p < 0.05) between the performance on the external

datasets of either of the UBIX variants and the other three models.

5.6 Results

Ine comparison

5.6.1 Basel

In this section, we compare the performance of the two UBIX variants with three baseline

models on the internal dataset. Additionally, we explore how these models differ in perfor-

mance when applied to external datasets. Fig. 5.4 provides an overview of these compar-

isons.

Ontheinternal dataset, we observe that most differences between models are relatively

small compared to the external datasets. When evaluating on external datasets, there is a

notable drop in performance for all methods. However, this drop is consistently smaller

for the UBIX models when considering ., as the performance metric.

UBIX exhibits superior performance in scenarios characterized by the presence of arti-

facts. For instance, on the Ty dataset, UBIX achieves a k., of 0.708, surpassing the scores
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Figure 5.5: Examples where UBIXs corrects volume-level and instance-level predictions. The figure also il-
lustrates instance-level interpretability. Each subfigure shows, from left to right, the uncertainty per instance,
the instance-level logits of the first model in the ensemble (only showing one model for clarity), the en face
image (the volume averaged over the y-axis), and two B-scans of interest. The uncertainty, logit and en face
plots correspond spatially in the horizontal direction. The left and right banner in the en face view indicate the
instance-level outputs for MIL and UBIX, respectively. The B-scans on the right are highlighted in the en face
view. In the bottom right of the en face views, volume-level probabilities are shown. (a) UBIX correctly predicts
"No AMD/Early AMD”, while MIL incorrectly predicts "Intermediate AMD". UBIX suppresses the instance-level
outputs at the location of the artifact around B-scan 57, causing it to be robust to that artifact, in contrast to
MIL. (b) Correct GA volume-level classification. Central GA is also well visible in the en face image as a white
circular object around B-scan 60, which is pointed out by the instance-level output in red.

of 0.479 for only MIL, 0.346 for MIL (no ensemble), and 0.084 for the 3D model. To illustrate
the interpretability of the model at the B-scan level, we provide visual examples of UBIX:
predictions in Fig. 5.5.

In Fig. 5.6, we investigate the impact of introducing artificial artifacts when using UBIX,
compared to MIL. We evaluate performance while varying the percentage of OCT volumes



5.6. RESULTS | 121

Noise

Blinking Vertically flipped B-scans Shadow

0.6 0.6 0.6 0.6

z 0.4 z 0.4 : 0.4 204
0.2 0.2 0.2

0.2
0.0 0.0 0.0

20 40 60 80 100 20 40 60 80 100 0 20 40 60 80 100 20 40 60 80 100
% of OCT volumes with artificial % of OCT volumes with artificial % of OCT volumes with artificial % of OCT volumes with artificial
artifacts added artifacts added artifacts added artifacts added
= UBIX_, ~ UBIX,,, = MIL

Figure 5.6: Robustness to different artificial artifacts of UBIX, compared to MIL, on Tit. The top image in each
column shows an example B-scan of the artificial artifact. The plots show the relation between the performance
and the percentage of OCT volumes in the dataset that contain these artifacts. The shaded areas indicate 95%
confidence intervals, obtained using bootstrapping with 1000 iterations.
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Figure 5.7: Density plots of uncertainty estimates at instances with artificial blinking artifacts compared to uncer-
tainty estimates at instances without artificial artifacts, applied to Tist. The AUC for artificial artifact detection
performance and the clustering metric XB (the lower, the better) are shown above the density plots.

affected by artificial artifacts within the T dataset.

5.6.2 Applicability to several MIL settings and uncertainty estimation approaches

We explored the applicability of UBIX.s in different MIL settings and uncertainty estima-
tion approaches. Fig. 5.7 and 5.8 show the generalizability of UBIXs.; when using differ-
ent uncertainty measures. The latter figure shows that for T and &, ordinal entropy
emerges as the top-performing measure. For B, the two ordinal variants also show the
highest performance.

Several uncertainty estimation methods were compared in Fig. 59. For Ty, the
biggest impact of UBIX could be observed when using deep ensembles as the uncertainty
estimation method. Fig. 510 shows the generalizability of several MIL pooling functions
and the effect of UBIX in combination with these different MIL pooling functions.
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Figure 5.8: Performance metrics for different uncertainty measures used for UBIX;, evaluated on the internal
and external test sets. The MIL method performance (without UBIX) is indicated on the left of each plot. The
models were all trained and validated on Heidelberg data (Hy.in and Hya). Deep ensembles were used in com-
bination with the reported uncertainty measures. Max pooling was used for each of the reported results. Max.
class prob. = Maximum class probability.

5.6.3 Normalization type

The effect of using InstanceNorm instead of BatchNorm on generalizability for MIL and
UBIX is shown in Fig. 5.11. Since the drop in performance is already substantially less when
transferring to the external datasets for the MIL models with InstanceNorm than with
BatchNorm, the effect of UBIX is less visible in this figure. However, when considering
images with different types of artifacts than blinking artifacts, we found that UBIX was
able to recover better than MIL, as illustrated in Fig. 512.

5.7 Discussion

We proposed a method using MIL with OOD detection to improve the generalizability of
deep learning models for classification of 3D medical images. The model aims to reduce
the effect of on-the-fly detected OOD instances in the final classification of the bag. By
suppressing the contribution of OOD instances, UBIX maintains performance on unseen
data distributions, particularly images coming from different scanners.

The robustness of the proposed approach was demonstrated by transferring UBIX mod-
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Figure 5.9: Performance metrics for different uncertainty estimation methods used for UBIX., compared to
MIL (without UBIX), evaluated on the internal and external test sets. The models were all trained and validated
on Heidelberg data (Hy.in and Hya). Max pooling was used for each of the reported results. For the MC-DO,
TTA, and MaxLogit experiments, one model was used, instead of an ensemble.

els and baseline models to external datasets from different vendors. As shown in Fig. 54,
UBIX variants are less prone to substantial performance drops than the other models. On
all external datasets, either UBIXgs or UBIXnarqa Showed better results than the baseline
models in terms of absolute performance. The performance drop was most notable on
Thiink, Where UBIXos maintained a x,, of 0.708, while the best and worst performing base-
line models (MIL and 3D, respectively) had a ., of 0479 and «,, of 0.084, respectively. It
was expected that these performance differences were more notable on Ty)ink, Which only
contained OCTs with blinking artifacts, because UBIX was designed to be robust to vendor-
specific artifacts.

It was noted that, depending on the inference data, it was preferable to fully exclude
the outputs of uncertain instances (UBIX4q) Or to only suppress them (UBIXgo). From
Fig. 5.6, we found that UBIXp,4 showed better robustness than UBIXg.g for OCTs with arti-
ficial artifacts. A possible reason for this could be that some of the artificial artifacts highly
corrupted the information, resulting in a notably strong incorrect signal and the require-
ment for full exclusion of uncertain instances. UBIXp,q Seemed to be especially robust
to shadow artifacts, given that the performance barely decreased when introducing more
OCT volumes with artificial artifacts. For some external datasets and metrics, however,
UBIX,os achieved better results than UBIX},q, €.9., for K, on Tpjink and AUC on Tieg;.
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Figure 5.10: Performance metrics for different MIL pooling functions when using UBIXha4, compared to MIL
(without UBIX), evaluated on the internal and external test sets. The models were all trained and validated
on Heidelberg data (Hiin and Hya)). UBIXparg Was used because UBIXsos: was only designed for MIL models
that utilize Max pooling. Uncertainties were calculated using MaxLogit in all reported UBIX models for this
experiment. Ensembles of models were used for prediction in this experiment.

The performed data augmentation might also have an effect on generalizability. Since
signal-to-noise ratios differ per scanner, noise augmentation probably aided our models
to generalize. Although we did resample all images to have the same pixel spacing within
B-scans, the original spacings that we had could have been slightly inaccurate. Therefore,
zooming could potentially also have a positive effect on generalizability. The same type of
data augmentation was applied in all experiments and measuring its effect was considered
out of the scope for this paper.

Large variability in B-scan spacing between scanners can also cause features learned by
3D CNNs to be poorly generalizable. MIL, which processes B-scans individually and com-
bines B-scan level outputs using a MIL pooling function to get a volume level output, im-
proves the robustness to this variability in slice spacing with respect to 3D models. We ob-
served that performance differences are minimal between a 3D CNN and MIL when evalu-
ated on data from the same vendor used during training. When evaluating on data from a
different vendor, a performance drop was observed for both methods, although this drop
is much larger for the 3D method (60.0% drop in k., on Tiest) than for MIL (29.3% in x,, on
Trest)-
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Figure 5.11: Performance of models using InstanceNorm instead of BatchNorm. Results are shown for UBIX,
compared to the MIL alternatives without UBIX, evaluated on internal and external datasets. The models were
all trained and validated on Heidelberg data (Hiin and Hya). The UBIX methods in this figure use deep ensem-
bles with ordinal entropy to estimate uncertainty and Max pooling as a MIL pooling function. The percentages
displayed within the bars indicate the difference in performance when transferring the model from the internal
to the external test set.

One of the advantages of using MIL as base of the UBIX model is that instance-level an-
notations are not required for training, while the model is able to produce a classification
output at this level (B-scan level in our case) as well as calculating instance-level uncer-
tainty. This introduces model explainability, increasing the transparency of our method,

and allowing surveillance of its behavior.

The extent to which UBIX improves generalizability depends highly on the quality of its
underlying OOD detection. Therefore, we compared three different commonly used un-
certainty measures in combination with deep ensembles, and we proposed two ordinal
variants. On T, entropy and its ordinal variant had the highest performance in terms
of k., and AUC, respectively. The ordinal variants seemed to distinguish the B-scans with
and without artificial artifacts the best. This can be seen in the density plots of Fig. 5.7, and
this is also reflected in the AUC and XB values, which were best for the two ordinal variants.
Hence, the ordinal variants led to higher performances on artificial artifacts, although in
the external test sets, we find mixed observations (see Fig. 5.8). A possible reason for this
could be that fewer evaluation data with real artifacts were available, resulting in a less ac-

curate performance measurement than when using artificial artifacts.
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Figure 5.12: Examples of UBIX;.s predictions when using InstanceNorm instead of BatchNorm. The subfigures
follow the same structure as Fig. 5.5. (a) A case where B-scans corresponding to the lower part in the en face
view suffer from an artifact that causes the retina to be displayed diagonally, falling out of view on the right.
This artifact was likely out-of-distribution, resulting in the classification of these B-scans as "Advanced AMD:
CNV”, while they actually do not show any signs of neovascularization. The ordinal entropy was also high for
these cases with artifacts, allowing UBIX to correct the bag-level prediction. (b) The same case was displayed in
Fig. 5.5a. As could be observed in that figure, the blinking artifact caused an incorrect classification of the MIL
model with BatchNorm, which was corrected by UBIX. However, the MIL model with InstanceNorm, as shown
in the current subfigure, already showed robustness to this artifact without UBIX.

Furthermore, uncertainty measures for which we found the most competitive perfor-
mance in terms of x,, did not always perform the best in terms of AUC. A possible explana-
tion forthisinconsistency could be that the properties these two metrics measure are quite
different. ., measures the grading performance (i.e., the capability of distinguishing - in
case of Tiest and Tpynk — four different grades), while the AUC only measures binary classifi-
cation performance (i.e.,, determining whether the sample has a grade higher or lower than
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Intermediate AMD). Therefore, we believe that for models with varying results like these, it
should be carefully considered which metrics are most relevant in which clinical settings.
In screening scenarios, for example, this binary classification task (using the AUC as met-
ric) may be more relevant. Conversely, in secondary care, a more granular grading (using

K as metric) may be desired.

In addition to the integration of various uncertainty measures with UBIX, we also exam-
ined its performance with uncertainty estimation techniques other than deep ensembles.
As depicted in Fig. 5.9, deep ensembles generally demonstrated the least performance
degradation when assessed on external datasets. This was particularly evident in the sub-
set featuring only blinking artifacts, denoted as Tynx. Notably, the effectiveness of UBIX
was most pronounced when paired with deep ensembles. This suggests that deep ensem-
bles may yield more precise uncertainty estimations compared to the other three methods.
This would allow UBIX to more effectively diminish the logits for instances in which this
is needed (i.e, where the model is prone to incorrect outputs due to OOD characteristics).
This aligns with findings in the literature [208], where deep ensembles were identified as

superior in detecting data shifts, outperforming other OOD detection techniques.

The observed variation in internal performance among different MIL pooling functions
was relatively small, particularly compared to their external performance (see Fig. 5.10). In
our comparative study of these MIL pooling functions, incorporating UBIX showed mini-
mal effect. This minimal effect is likely attributable to our choice of MaxLogit for uncer-
tainty estimation, a method identified as having limited influence (Fig. 5.9). Since not all
MIL pooling functions could be implemented with the instance-based approach, we were
restricted to MaxLogit in this experiment. We leave it to future research to explore other
uncertainty estimation techniques that may be more compatible with embedding-based
MIL pooling functions. In conjunction with Attention pooling on the Ty, dataset, adding
UBIX did show a small increase in performance. Both Mean and Attention pooling outper-
formed others on the internal test set and the external Bies; set. The unexpected efficacy
of Mean pooling, despite initial assumptions about its inadequacy in aggregating instance
scores [212], might be attributed to the nature of the reference standard, which relies on
counting drusen across multiple instances in the bag. Mean pooling may be able to do this
more effectively than Max pooling. The Distribution and Distribution with attention pool-
ing functions showed no substantial inferiority compared to the other functions on the
internal test set. However, on external test sets, they demonstrated underperformance in
terms of k,,. Interestingly, these effects were less pronounced for the AUC than for x,,,

suggesting a consistent shift in underlying probabilities.

Given the current experimental setup, it is challenging to recommend a single general
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strategy for future practice regarding the best combination of uncertainty estimation
technique and MIL pooling function for UBIX. In our experiments, we found that the
optimal combination depended on multiple factors, such as whether these approaches
were used with UBIX.; or UBIXy.rq, the evaluation dataset, and the metric of interest.
However, based on the experiments presented in Fig. 9 and Fig. 10, certain combinations
frequently performed best across various datasets and metrics. Specifically, for UBIXg
with Max pooling, deep ensembles as the uncertainty estimation technique came out best
most often. Furthermore, for UBIXy,4 With deep ensembles, Mean or Attention as the MIL
pooling function frequently yielded the best results. Therefore, we expect these should
generally be good options, even though more research is needed to provide more general

recommendations.

Asdiscussed in Section 5.5.6, the BatchNorm instance-level classifiers used in this work
may use information from multiple instances, not just the ones currently being classified.
We hypothesized that this characteristic might negatively impact model robustness. To
test this, we also trained models using InstanceNorm, which does not share this character-
istic. We found that replacing BatchNorm with InstanceNorm already improved the gen-
eralizability substantially (see Fig. 5.11). Because this generalizability without UBIX was al-
ready high, the effect of adding UBIX on the dataset-level metrics was negligible. However,
even with the InstanceNorm model, we found rare individual imaging artifacts in Ty, to
which the default model was not robust. An example of such artifacts is shown in Fig. 5.12a.
We observed that with the addition of UBIX, the model was able to recover. Moreover, as
shown before in this section, we showed that UBIX, for certain model choices, did enhance
robustness to OOD artifacts in terms of dataset-level metrics. This suggests that UBIX is

beneficial in cases of low generalizability and neutral otherwise.

Since the three datasets were acquired and annotated at different sites with varying pro-
tocols, the reference standards were set differently among these datasets. To minimize
the effect of this discrepancy, we merged the first two classes of the CIRCL grading when
evaluating with the WARMGS system which was available for Ts;. Moreover, when eval-
uating on Biegt for which only the binary labels No AMD and Intermediate AMD were avail-
able, we also binarized the CIRCL systems, where the positive class started at Early AMD.
This harmonization approach, however, was not perfect, causing the resulting class defi-
nitions to still not be completely equal. Despite this discrepancy, we think measuring per-
formance differences between methods is still well possible. Nevertheless, the absolute

performances can be underestimated because of these differences in reference standards.

As a potential undesired side effect, it should be noted that difficult cases, which are
assumed to be more uncertain, could be excluded which are in fact necessary for mak-
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ing a correct prediction. It will depend on the setting of model deployment whether the
benefits of robustness to OOD data outweigh this drawback. In screening, for example, a
high specificity is generally considered more important than a high sensitivity. Instances
that are falsely excluded by UBIX will often contain abnormalities, in which case especially
sensitivity would suffer, but specificity will not be affected in that case. When the task is
disease staging (as is the case in this work) and UBIX is implemented with an ordinal un-
certainty measure, this potential undesired side-effect is unlikely to occur. Difficulty in
such a case will usually lie in the uncertainty between two classes that are close together
in the staging scale (such as Early AMD and Intermediate AMD), resulting in a low estimate
of the ordinal uncertainty measure. As artifacts are not likely to cause uncertainties be-
tween two classes that are close on the staging scale, these artifacts will probably have a
much higher ordinal uncertainty measure. To give an indication of which instances were
assigned the highest uncertainties, we manually analyzed the B-scans with the highest or-
dinal entropies in Ties; in Section 5.A of the Appendix. There we found that more than half
of the B-scans in the first percentile of most uncertain ones contained one of the nine dif-

ferent types of artifacts that were seemingly related to image acquisition.

If relevant structures are entirely excluded because they are difficult for the model to
classify (for example because of an unseen lesion type or ambiguity), this is likely to be
because there is something atypical with the whole scan or setting in which the model is
used and the user should be alerted. So instead of only silently excluding instances, future
work could analyze a method for combining UBIX with alerting the user if there are too
many OOD instances detected. In future work, UBIX could also be adapted to work with
patches asinstancesinstead of slices. If an artifact is only locally present within a slice, the

entire slice would not be excluded and potentially useful information would not be ignored.

We did not compare our method to any other domain adaptation methods which often
require additional supervised or unsupervised training. Such a comparison would be un-
fair, as our method does not require any additional training. Nevertheless, our approach
could potentially be further improved with the incorporation of domain adaptation meth-
ods such as those proposed by [242] and [243].

Future work could also investigate different OOD detection methods to be incorporated
in UBIX, as UBIX is theoretically compatible with any OOD detection method. Performing
a systematic analysis for OOD detection methods was beyond the scope of this paper, so
we only applied deep ensembles in this study. Such a comparison might lead to valuable

insights and performance improvements.

We only evaluated our approach for AMD grading in OCT. The method is expected to be
applicable in more problem settings, such as the classification of other features and retinal
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diseasesin OCT, but potentially also in other medical image analysis applications. Potential
applications include histopathology, in which MIL is already common practice [212, 262]
and many types of artifacts can occur [216,263,264], and CT scans, which can contain metal
artifacts [217].

5.8 Conclusion

We showed that the generalizability of classification models to unseen scenarios can be
improved by UBIX, an approach that seamlessly suppresses the contribution of OOD in-
stances to the final classification during test-time based on the uncertainty associated
with these instances, in the context of MIL for AMD classification in OCT. Our proposed
approach alleviates the need for retraining on new data, which is an expensive process
in terms of data acquisition, model development, and human annotation time. This in-
creases reliability by improving the applicability of artificial intelligence models for OCT

classification in broader scopes than the settings in which they were developed.
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Chapter appendix

5.A Analysis of most uncertain B-scans

In this section, we analyze the most uncertain B-scans in the Topcon (external) test set, of
which the contributions to volume-level outputs were reduced the most.

The analysis was done on the first percentile of B-scans with the highest ordinal en-
tropy (n =1,516). We subsequently considered the embeddings (the latent features before
the fully connected layer in the first 2D ResNet-18 model of the MIL ensemble) of these
B-scans and reduced the dimensionality using t-SNE ( [265]). This resulted in the plot in
Fig. 5.A1. We also looked at this first percentile of most uncertain B-scans and reported
for those B-scans if we found any artifact or abnormality that was seemingly related to im-
age acquisition. In total we found 9 different types of such artifacts (see the embeddings
and examples per artifact type in Fig. 5.A.2, 5.A.3,5.A4,5A5,5A6,5A7,5A.8,5A9 and
5.A.10). Embeddings and examples of B-scans without any abnormalities related to image
acquisition can be found in 5.A.11.

t-SNE does not perfectly separate all classes, possibly because the model was trained

to separate AMD stages. Hence, its features were mainly optimized for that task and not
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Figure 5.A.1: t-SNE plot of the embeddings of the first percentile of B-scans with the highest ordinal entropy
(n =1,516). The types of artifacts and abnormalities related to image acquisition are colored differently.
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Figure 5.A.2: t-SNE plot and examples for "U-shaped retina” B-scans. There were 99 "U-shaped retina” B-scans
from 8 OCT volumes.
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Figure 5.A.3: t-SNE plot and examples for "Blinking artifact” B-scans. There were 108 "Blinking artifact” B-scans
from 14 OCT volumes.

for artifact classification. However, some artifact types are relatively isolated from others,
such as "Blinking artifacts” and "U-shaped retina”.
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Figure 5.A.4: t-SNE plot and examples for "Very noisy” B-scans. There were 22 "Very noisy” B-scans from 2 OCT
volumes.
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Figure 5.A.5: t-SNE plot and examples for "Shadow” B-scans. There were 82 "Shadow” B-scans from 16 OCT
volumes.
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Figure 5.A.6: t-SNE plot and examples for "Diagonal retina” B-scans. There were 357 "Diagonal retina” B-scans
from 21 OCT volumes.
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Figure 5.A.7: t-SNE plot and examples for "Partially inverted” B-scans. There were 18 "Partially inverted” B-
scans from 1 OCT volumes.
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Figure 5.A.8: t-SNE plot and examples for "Slightly noisy” B-scans. There were 14 "Slightly noisy” B-scans from
3 OCT volumes.
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Figure 5.A.9: t-SNE plot and examples for "Low contrast” B-scans. There were 29 "Low contrast” B-scans from
3 OCT volumes.
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Figure 5.A.10: t-SNE plot and examples for "Layers not discernible” B-scans. There were 41 "Layers not dis-
cernible” B-scans from 1 OCT volumes.

t-SNE plot of embeddings from
"No image acquisition abnormalities" B-scans that are in the
1st percentile most uncertain B-scans

Examples

20
L
[
L]
Yo
|
o o |
P
s
2
g
£
a
.
-20 .
-40 S0
-150 -100 -50 0 50

Dimension 1

Figure 5.A.11: t-SNE plot and examples for "No image acquisition abnormalities” B-scans. There were 746 "No
image acquisition abnormalities” B-scans from 55 OCT volumes.
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Abstract

Purpose: To develop a deep learning algorithm for detecting and quantifying incomplete
(i) and complete (c) retinal pigment epithelium and outer retinal atrophy (RORA) in optical
coherence tomography (OCT) that generalizes well to data from different devices and to
validate in an intermediate age-related macular degeneration (iAMD) cohort.

Methods: The algorithm comprised a domain adaptation (DA) model, promoting gener-
alization across devices, and a segmentation model for detecting granular biomarkers
defining iRORA/cRORA, which are combined into iRORA/cRORA segmentations. Manual
annotations of iRORA/cRORA in OCTs from different devices in the MACUSTAR study
(168 iAMD patients) were compared to the algorithm’s output. Eye level classification
metrics included sensitivity, specificity, and quadratic weighted Cohen’s x score (k).
Segmentation performance was assessed quantitatively using Bland-Altman plots and
qualitatively.

Results: For ZEISS OCTs, sensitivity and specificity for iRORA/cRORA classification were
38.5% and 93.1%, respectively, and 60.0% and 96.4% for cRORA. For Spectralis OCTs, these
were 84.0% and 93.7% for iRORA/cRORA, and 62.5% and 974% for cRORA. k,, scores for
three-way classification (None, iRORA, cRORA) were 0.37 and 0.73 for ZEISS and Spectralis,
respectively. Removing DA reduced ., from 0.73 to 0.63 for Spectralis.

Conclusions: The DA-enabled iRORA/cRORA segmentation algorithm showed superior
consistency compared to human annotations, and good generalization across OCT
devices.

Translational Relevance: The application of this algorithm may help towards precise and
automated tracking of iAMD-related lesion changes, which is crucial in clinical settings

and multicenter longitudinal studies on iAMD.
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6.1 Introduction

HE ROBUST AND RELIABLE DETECTION of structural biomarkers for early disease

progression in age-related macular degeneration (AMD) is crucial for validating

potential structural endpoints in future interventional trials [266-268]. Alongside
the recent emergence of fast, highly reproducible, and high-resolution multimodal reti-
nal imaging, various intermediate AMD (iAMD) biomarkers for early atrophy manifesta-
tion have been identified based on optical coherence tomography (OCT) [269-274]. This
advancement has enabled more accurate disease progression predictions in individual
patients [275-278]. The Classification of Atrophy Meetings (CAM) group, comprised of in-
ternational AMD and retinal imaging specialists, has defined OCT imaging-based lesions
of atrophy development as incomplete retinal pigment epithelium and outer retinal atro-
phy iRORA) and complete retinal pigment epithelium and outer retinal atrophy (CRORA)
[62,279]. Ongoing and potentially upcoming observational iAMD studies focus on utilizing

these lesions of atrophy development [266,280,281].

Despite these advancements, the improvement of multimodal retinal imaging data
presents practical challenges, as human assessment alone cannot keep up with the
large multicenter datasets that are becoming available. Therefore, we need automated
approaches to support image grading and data analysis. Various studies have presented
deep learning models for detecting iRORA and cRORA in OCT scans [68,282-284]. These
algorithms were all evaluated using OCT data from a single device (Heidelberg Spectralis),

which was also used to acquire their training data.

However, many studies investigating AMD progression and real-world clinical settings
use a wide variety of OCT devices [56]. At the same time, deep learning models trained
on data from one OCT device have been shown to generalize poorly to other devices with-
out any further training [205, 242, 285], illustrating the wider challenge of compromised
deep learning reliability under data shift in computer vision [208] and medical imaging
[286-289]. Automated approaches to localize iRORA, cRORA, and their underlying granu-
lar features that generalize well to data from different device manufacturers are still war-
ranted. A traditional fully-supervised learning approach would require extensive man-
ual annotation for the data of each OCT device, a process that is both time-intensive and

resource-demanding.

This study aims to develop and evaluate a machine learning pipeline for detecting the
underlying structural characteristics defining iRORA and cRORA lesions in OCT that is ro-
bust to data from two different devices, without requiring manually annotated training
data from those devices. We use the MACUSTAR study, a prospective, multicenter, and
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low-interventional clinical study in subjects with AMD, for evaluation [266]. It contains
standardized OCT data acquired with two common devices from different manufacturers,

enabling the rigorous assessment of model generalizability across these devices.

6.2 Methods

6.2.1 Dataset and study cohort

Evaluation data for iRORA and cRORA detection algorithm: The MACUSTAR study
cohort

MACUSTAR is a prospective, multicenter, and low-interventional clinical study (Clinical-
Trials.gov Identifier: NCT03349801) in subjects with AMD that is conducted at 20 sites in 7
European countries and consists of a cross-sectional and longitudinal study part. Detailed
information on the design and clinical study protocol of the study have been reported pre-
viously [266]. Human research ethics committee approval was obtained at all participat-
ing clinical sites before enrollment, complying with all applicable legal regulations as pre-
viously described. Participants provided informed consent before study recruitment and
data collection, and this study has been conducted according to the provisions of the Dec-
laration of Helsinki.

The study'’s inclusion and exclusion criteria have been described previously in detail
[290,291]. In brief, based on Ferris et al., iAMD was defined by the presence of large drusen
(>125 pum) and/or presence of pigmentary abnormalities associated with medium drusen
(> 63 um and < 125 um) [61]. Extrafoveal atrophy (< 1.25 mm?) outside the central subfield
of the Early Treatment Diabetic Retinopathy Study Grid was permitted in the fellow eye of
the iAMD study eye. If there was any geographic atrophy (> 01 mm? in fundus autofluores-
cence imaging) or macular neovascularization the study patient was included in the late
AMD group of MACUSTAR. The herein presented analysis is only based on iAMD study eyes
of the cross-sectional study part of the baseline visit (V2) of MACUSTAR.

6.2.2 Retinal imaging protocol of the MACUSTAR study

Following pupil dilation (tropicamide 0.5% and phenylephrine 2.5%) MACUSTAR study
patients underwent multimodal retinal imaging according to standard operational proce-
dures by certified study site personnel. The retinal imaging protocol comprised spectral
domain (SD) OCT imaging performed with the Cirrus (Macular Cube 200 x 200, centered
on fovea, signal strength at least 6/10, Zeiss, Meditec, Oberkochen, Germany) and the
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Figure 6.1: Overview of the methods used for the automated iRORA/cRORA detection pipeline. Spectralis
data was fed into a domain adaptation model. The transformed OCTs were subsequently used as input for the
Liefers et al. [68] segmentation model. ZEISS OCTs were directly fed into the segmentation model. The OCT
volumes were fully segmented for all segmented features, including iRORA/cRORA. In the CycleGAN training
diagram, Gs_,7 is the generator for transforming the appearance of Spectralis images to the appearance of Topcon
OCTs. Grs is the generator for transforming the appearance of Topcon images to the appearance of Spectralis
OCTs. DT is the discriminator for the Topcon image domain. HTR: hypertransmission. att.: attenuation. PD:
photoreceptor degeneration.

Spectralis device (HRA + OCT device, digital imaging resolution 768 x 768 pixels, 30° x 25°,
enhanced-depth-imaging mode, centered on the fovea, 241 B scans, distance between
scans 30 um, automatic real-time mode, 9 frames, Heidelberg Engineering, Heidelberg,
Germany). For each patient, the Spectralis and ZEISS OCTs were acquired at the same
study date and during the same visit. Further details on the standardized retinal imaging
protocol with additionally acquired imaging modalities within the MACUSTAR study have
been previously reported [290, 291]. All imaging data were transmitted to the GRADE

Reading Center (University of Bonn, Germany).
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6.2.3 Annotation of iRORA and cRORA lesions

Manual annotation of iRORA and cRORA lesions was performed at the B-scan level in
both the Zeiss and Spectralis SD-OCT imaging datasets by readers experienced in AMD
studies at the GRADE Reading Centre, who had received detailed training in iRORA/cRORA
detection. Therefore, each OCT B-scan of both imaging devices was reviewed and care-
fully screened for meeting predefined lesion criteria. According to the definition by the
CAM group [62], a lesion was graded and annotated as iRORA if there was: (1) a region
of choroidal hypertransmission < 250 um in diameter and (2) a zone of attenuation or
disruption of the retinal pigment epithelium (RPE) of < 250 pm in diameter, (3) evidence
of photoreceptor degeneration, and (4) absence of an RPE tear. A lesion was defined as
cRORA, if the aforementioned size criteria related to choroidal hypertransmission and
RPE attenuation or disruption exceeded 250 um [279]. This diameter was measured
automatically by calculating the Feret diameter (in any direction in the en face plane,
using scikit-learn [292]). Manual annotation of iRORA/cCRORA was performed in all
B-scans meeting lesion criteria. The screening of OCT B-scans as well as the annotation of
iRORA/cRORA lesions was first performed in the 200 x 200 Macular Cube SD-OCT scans
of each study patient, followed by the 241 B-scans Spectralis SD-OCT imaging dataset. The
grading and annotation of iRORA/cRORA lesions were performed on the Zeiss SD-OCT
imaging data in the device’s manufacturer platform (Zeiss Forum, Retina Workplace). For
the manual annotation of iRORA/cRORA lesions in the Spectralis data set, the 241 B-scan
SD-OCT imaging data were imported for each study patient in a raw file format to an at the
reading center developed annotation platform based on the Jupyter Notebook platform
(jupyter.org). Under detailed consideration of each OCT B-scan, OCT volumes of both man-
ufactures were graded for the presence of iRORA/cRORA by a medical reader who is highly
experienced in AMD trials. If a lesion was detected as present, the maximum horizontal
diameter of the lesion was manually annotated in each B-scan fulfilling lesion criteria
using the highlighting tools implemented in the corresponding platforms. Annotated
imaging data were subsequently exported for further detailed Al-based data analysis.

In a sub-analysis, manually performed annotations were revised in 12 study eyes with
SD-OCT imaging based on discrepancies between the artificial intelligence (AI) model out-
puts and manual references.

Development data for domain adaptation For the development of the DA algorithm, we
collected macula-centered SD-OCTs that were independent of the MACUSTAR data for
both the Spectralis and Topcon domains. An overview of these datasets is shown in Table
6.1

The data from the Spectralis domain originated from the RETOUCH dataset [66] and
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Table 6.1: Overview of the development data of the domain adaptation model.

Training Validation
Domain Source Patients OCT volumes  B-scans  Patients OCT volumes  B-scans
Spectralis  AUMC 20 20 446
RETOUCH 24 24 1,176 14 14 686
Topcon RETOUCH 21 21 2,688 13 13 1,664
Rotterdam Study 100 97 12,800

a proprietary dataset from the Amsterdam University Medical Centers (AUMC). RETOUCH
contains data from patients with AMD, retinal vein occlusion, and diabetic macular edema.
From the RETOUCH dataset, 24 Spectralis OCT volumes were used for the training data and
14 for the validation data. The RETOUCH OCTs contained 49 B-scans per volume with a size
0f 512 x 496 or 1024 x 496 pixels, in araster of 6 x 6 mm?. From the AUMC dataset, 10 patients
with AMD and 10 patients with X-linked retinoschisis were included in the training set. The
AUMC OCTs contained either 19 or 25 B-scans per volume with a size of either 512 x 496 or
1024 x 496 pixels, in a raster of approximately 6 x 6 mm?. For the Spectralis domain, this
resulted in a total of 1622 B-scans from 44 patients for training and 686 B-scans from 14
patients for validation.

The Topcon domain data originated from the RETOUCH [66] dataset and the Rotterdam
Study [251]. The Rotterdam Study is a prospective cohort study established in 1990 in the
city of Rotterdam, the Netherlands. From this study, 100 Topcon OCT volumes were ran-
domly selected for the training set of the Topcon domain. This resulted in a set of 100 OCTs
from 97 patients, as we included two OCTs from three patients and one OCT from all other
patients. From the RETOUCH training set, 21 Topcon OCT volumes were used for the train-
ing set of the Topcon domain and 13 for the validation data. The Topcon domain OCTs were
acquired using T-1000 or T-2000 devices, each containing 128 B-scans of 512 x 885 or 512 x
650 pixels in a raster of 6 x 6 mm?. For the Topcon domain, this resulted in a total of 15488
B-scans from 118 patients for training and 1664 B-scans from 13 patients for validation.

6.2.4 iRORA and cRORA detection model

For the detection of iRORA and cRORA in OCT scans, we processed each OCT volume with
our AMD biomarker segmentation model [68], obtaining the volumetric segmentation and
quantification of 13 different structural biomarkers. The biomarker segmentation model
was a deep learning model based on U-Net [9]. This model took 9 consecutive B-scans as
input, providing segmentations for the middle B-scan. It was a convolutional neural net-
work with 3 x 3 x 1 convolutions in U-Net layers and 1 x 1 x 3 convolutions in the deeper



144 | 6. GENERALIZABLE IRORA AND CRORA DETECTION MODELS

layers of the encoder. Following the iIRORA/cRORA definitions defined by the CAM group
[62,279], we combined three of these structural features, namely hypertransmission, RPE
loss or attenuation, and ellipsoid zone loss (as a criterion for photoreceptor degeneration),
as shown in Fig. 6.1. If the three features detected by the biomarker segmentation model
co-located in the A-scan (vertical) direction, the A-scans of that lesion were classified as
either iRORA or cRORA. If these three features did not co-locate, the A-scan was classi-
fied as background. Subsequently, if the hypertransmission and RPE loss of this poten-
tial iRORA/cRORA lesion had a Feret diameter (in the en face plane, calculated using scikit-
learn [292]) of at least 250 pm, the lesion was considered a cRORA lesion. If the diameter
was less than 250 pm, it was considered a lesion of iRORA.

Pre-processing of the Spectralis data was done using a domain adaptation (DA) ap-
proach, as described in the next section. For compatibility with the segmentation model,
all 3D OCT volumes were cropped or padded to 6 x 2.3 x 6 mm? around the volume center.
Subsequently, we resized the volumes to 128 x 650 x 512 voxels, preparing them for input

into the segmentation model.

6.2.5 Domain adaptation

The Spectralis OCT volumes were transformed using DA, based on Cycle-Consistent
Generative Adversarial Networks (CycleGAN) [293]. We aimed to modify the appearance
of the Spectralis scans to align with the appearance of Topcon OCT scans, intending to
promote compatibility with the training data distribution of the biomarker segmentation
model (trained on Topcon images). We did not employ DA in the ZEISS OCT processing
pipeline, as these OCTs already showed very similar image characteristics to the Topcon
OCTs used to train the biomarker segmentation model. This is supported by the settings
used in the ZEISS and Topcon devices, which do not use B-scan averaging, a scanning
protocol that substantially impacts the signal-to-noise ratio. In contrast, this protocol is
used in the Heidelberg Spectralis device [214].

CycleGANSs are designed for image-to-image translation, allowing the translation of an
image from a source domain to a target domain without paired data. It uses two gener-
ators, one for generating images from the Spectralis domain to the Topcon domain and
one for generating images from the Topcon domain to the Spectralis domain. Moreover,
one discriminator for each domain is trained to distinguish real images from fake images.
The aim of the generators is to fool the discriminators into classifying real images as fake.
Therefore, for validation and application of the CycleGAN in the iRORA/cRORA detection
pipeline, we only used the generator for transforming Spectralis into Topcon images. As
a pre-processing step, all Spectralis OCT volumes were resized to 512 x 650 x 128 pixels to
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ensure compatibility with our biomarker segmentation model.

We largely employed the same network and optimization settings as described in the
original CycleGAN paper. We used the Adam optimizer [153] with a learning rate of 2 x 10™.
The model was trained for 85 epochs (1,316,480 iterations). The adversarial loss was
implemented using the mean squared error. The cycle consistency loss and the identity
loss were implemented using the mean absolute error. The CycleGAN was trained on
2D patches of 256 x 256 pixels, randomly selected from the pre-processed OCTs. When
generating images during test time, the whole B-scans of 512 x 650 pixels were used as

model input.

6.2.6 Statistical analysis

We evaluated the agreement of iRORA/cRORA detection between the deep learning model
and manual annotations on both eye level and in terms of area. To convert voxel-level
annotations and outputs of iRORA/cRORA to eye level, we employed the following work-
flow. If any cRORA was found, the eye level class became cRORA. If no cRORA was present,
but iRORA was found, the eye level class became iRORA. Otherwise, the eye level label was

None.

For the eye level analysis, we evaluated the agreement using sensitivity, specificity, pos-
itive predictive value (PPV), negative predictive value (NPV), and quadratic weighted Co-
hen’s s score (k,,). The sensitivity and specificity were calculated both with an onset of
iRORA (None vs. iRORA/cRORA) and with an onset of cRORA (None/iRORA vs. CRORA). &,
was calculated on the three-category classification problem of None vs. iRORA vs. cRORA.
We reported the agreement between the human grader and the Al model using the afore-
mentioned metrics. Furthermore, we assessed the intra-rater agreement for the human
grader and the Al model separately using x,,. When calculating standard deviations and
p-values for k., we used non-parametric bootstrapping [152] with 1,000 iterations. We

calculated the agreement in terms of area using Bland-Altman plots.

The domain adaptation model was both qualitatively and quantitatively validated. For
the quantitative analysis, we computed the Dice score of the fluid segmentation perfor-
mance of a 2D nnU-Net [27] model that was trained on the Topcon data from RETOUCH.
The Dice score was calculated separately for each OCT volume. The mean and standard
deviation of these Dice scores were subsequently calculated. The qualitative analysis was
performed by visually inspecting artificially generated Topcon examples from real Spec-

tralis images.
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6.3 Results

The cross-sectional part of the MACUSTAR study included a total of 168 study eyes of 168
patients with iAMD (mean age * standard deviation: 71.2 + 7.55 years). Due to the absence
of 25 ZEISS 200 x 200 Macular Cube SD-OCT scans and insufficient image quality of one
241 B-scan Spectralis SD-OCT volume at baseline visit (V2), a total number of 143 iAMD
patients with ZEISS Macular Cube SD-OCT, and 167 iAMD patients with Spectralis SD-OCT

imaging were included for further analysis.

6.3.1 Segmentation and eye level classification performance

Table 6.2 presents the performance metrics of the iRORA/cRORA detection pipeline for eye-
level classification, evaluated using the ZEISS and Spectralis datasets. The table includes
comparisons both with and without the application of the DA approach to the Spectralis
data. The specificities were high for both OCT devices and onsets, ranging from 93.1% to
97.4%. The sensitivities were lower, ranging from 38.5% to 84.0%. The k., between the man-
ual annotations and the Al model was substantially higher for the Spectralis OCTs (0.73)
than for the ZEISS OCTs (0.37). Fig. 6.2 shows the confusion matrices for the eye level evalu-
ation. Qualitative segmentation results are shown in Figures 6.3 and 6.4 for the Spectralis
and ZEISS data, respectively. The figures illustrate scenarios of both high agreement be-
tween the model and the manual annotations, but also different types of disagreement, in
the form of a false negative and a false positive.

For most cases, OCT volumes from the ZEISS and Spectralis devices were available. The
Al model and human grader interpreted these independently, blinded to the OCT from the
other device. The discrepancies between the corresponding eye level outputs when inter-
preting the volumes from these two devices are visualized in Appendix Fig. 6.A1. In Ap-
pendix Fig. 6.A.2, Bland-Altman plots to compare the predicted areas of the manual and
Al segmentations of the iRORA and cRORA lesions are shown separately. An analysis of
the manual annotations that were updated based on the discrepancies between the initial
version of the annotations and the model predictions can be found in Appendix Fig. 6.A.3.

An example of such an update is shown in Appendix Fig. 6.A 4.

Effect of domain adaptation

The effect on «,, (between the manual annotations and the AI model) and the confusion
matrix of using DA in the iRORA/cRORA detection pipeline for the Spectralis data is shown
in Fig. 6.7. The k., score was 0.73 with DA, while it was 0.63 without DA. This difference
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Table 6.2: Performance for eye level iRORA and cRORA classification. n is the number of OCT volumes, which is
equal to the number of eyes and the number of patients. PPV: positive predictive value. NPV: negative predictive

value.

OCT device
ZEISS (n = 143) Spectralis (n = 167)
Sensitivity  38.5% 84.0%
. Specificity 93.1% 93.7%
N . iRORA/cRORA
one vs. IRORA/CRO PPV 35.7% 70.0%
NPV 93.8% 97.1%
Sensitivity  60.0% 62.5%
. Specificity 96.4% 97.4%
N RORA vs. cRORA
one/i Ve ¢ PPV 37.5% 71.4%
NPV 98.5% 96.1%
None vs. iRORA vs. cRORA Kaw 0.37 0.73
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Figure 6.2: Confusion matrices, comparing the manual reference with the Al model for the images originating
from the (a) ZEISS and the (b) Spectralis datasets.

was not statistically significant (p = 0.087). There were 6 cases with cCRORA according to

the manual reference which were classified as no iRORA/cRORA by the model without DA.

This was reduced to 2 cases when including DA in the approach. However, the number of

cases that the model classified as cRORA but were negative according to the manual refer-

ence did increase from 1to 3 when introducing DA into the pipeline. An example where the

model with DA picked up an iRORA lesion that the model without DA missed, is shown in

Fig. 6.8. The validation results of the DA model when used in a fluid segmentation pipeline
on the RETOUCH test set are shown in Table 6.A.1 of the Appendix.
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Figure 6.3: Examples of Heidelberg Spectralis results. Each subfigure shows a table in the top left, containing
the eye-level decisions and the en face iIRORA/cRORA areas, calculated from the segmentations, for both the
manual reference and the Al model. The middle and right cells of the first rows show the iRORA/cRORA seg-
mentations from the manual reference and the Al model, respectively, overlaid on the en face projection of the
OCT volume. The middle rows show the segmentations from the Al model for the three underlying granular
biomarkers of iRORA/cRORA, overlaid on the en face projection of the OCT volume. Each en face image shows
a white horizontal line, which corresponds to the B-scan shown in the last row. The last rows show the Al model
segmentation of the granular biomarkers. If IRORA/cRORA is detected, the last rows also show horizontal lines
labeled as either “IRORA/cRORA (Al)" for the Al model or “IRORA/cRORA (manual)” for the manual reference.
(a) True positive for cRORA. (b) False positive example for cRORA. These cases exhibit a mixed phenotype with
presence of sub-RPE drusen and subretinal drusenoid deposits as well as evidence of an overall on the B-scan
increased choroidal hypertransmission, leading to ambiguity for the human reader when assessing the presence
of iRORA/cRORA.

6.4 Discussion

In this study, we presented a generalizable deep learning pipeline for the detection of
iRORA/cRORA lesions in OCT. By using semantic segmentation of the underlying granular
biomarkers, rather than direct detection of these lesions, we aimed to be resilient to
possible definition changes of iIRORA/cCRORA. We employed DA in the pipeline to ensure
applicability to other devices beyond those used during training. We assessed the perfor-
mance of this approach in iAMD eyes of the cross-sectional part of the MACUSTAR study,
a prospective, multicenter, and low-interventional clinical study with data from multiple
OCT devices per visit and patient, by comparing the model outputs to human annotations

in areading center setting.

For both OCT devices, and the eye level classification with an onset of both iRORA and
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Figure 6.4: An example of ZEISS results. A table is shown in the top left, containing the eye-level decisions and
the en face iRORA/cRORA areas, calculated from the segmentations, for both the manual reference and the Al
model. The middle and right cells of the first row on the left show the iRORA/cRORA segmentations from the
manual reference and the Al model, respectively, overlaid on the en face projection of the OCT volume. The
middle row on the left shows the segmentations from the Al model for the three underlying granular biomark-
ers of iRORA/cRORA, overlaid on the en face projection of the OCT volume. Each en face image shows white
horizontal lines, which correspond to the B-scans on the right. On these B-scans, the Al model segmentation
of the granular biomarkers. If iRORA/cRORA is detected, these B-scans also show horizontal lines labeled as
either “iRORA/cRORA (Al)” for the Al model or “IRORA/cRORA (manual)” for the manual reference. B-scan 91
contains a false positive, where all three features were segmented by the Al model. In B-scan 118, the model
and the Al model both detected the same iRORA lesion. B-scan 124 contains an iRORA lesion according to the
manual reference. The model did find very small areas of ellipsoid loss and hypertransmission at this location,
but RPE loss/attention was not segmented. Therefore, iRORA was not identified by the model.

cRORA, the specificity of the Al model was substantially higher than the sensitivity. The
Bland-Altman plots indicate almost no systematic bias, but show a number of outliers that
are mostly due to the Al model segmenting larger areas than the human grader. Fig. 6.4
illustrates this phenomenon, where both the human grader and the Al model found iRORA
lesions, but the total en face area computed from the Al model segmentations was more

than twice as large as the area computed from the manual annotations.

Unambiguous manual delineation of lesions appeared particularly challenging in eyes
with mixed drusen phenotypes of subretinal drusenoid deposits and sub-RPE drusen as
well as evidence of an overall increased choroidal hypertransmission on the OCT line scan
(cp. Fig. 6.3b). Additional en face assessment of choroidal hypertransmission can further

help to delineate these lesions.

The AI model performance was generally higher on the Spectralis data than on the
ZEISS data. As can be observed in Table 6.2, the k., score was 0.73 for the Spectralis data,
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Figure 6.5: Confusion matrices showing the intra-rater agreements of both (a) the manual grader and (b) the Al
model when comparing their linked decisions on OCT-volume level for the ZEISS and the Spectralis data.

while it was 0.37 for the ZEISS data. This might be a consequence of the lower signal-to-
noise ratio of the latter OCT device, causing the task of reliably detecting iRORA/cRORA
lesions to be more challenging for both ATl models and human graders. This can lead to
a reference standard that is further away from the ground truth, causing performance
metrics to be lower. Furthermore, the Spectralis results depicted in Table 6.2 were based
on the manual labels that were updated based on the discrepancies between human and
manual labels. However, the x,, score computed when using the original manual labels
was 0.53, which was still higher than for the ZEISS OCTs. The use of DA for the Spectralis
data, which was not employed to the ZEISS data, could also explain these differences,
despite the high similarity between the ZEISS and training data (as described in the sub-
section “Domain Adaptation” of the “Methods” section). In future work, our assumption
that DA was not necessary for the ZEISS data could be tested empirically.

In the Spectralis dataset, the cases with a discrepancy between the Al model and ini-
tial manual labels on eye level were reconsidered manually. This sub-analysis resulted in
an updated label for 12 cases out of a total of 25 cases with iRORA/cRORA in the final man-
ual labels. 8 out of these 12 cases were positive iIRORA/CRORA cases that were initially a
less severe classification. This indicates the necessity of Al-based workflows in future clin-
ical settings and trials with iRORA/cRORA endpoints. Using Al to highlight missed cases or
presenting Al findings before a human starts grading can potentially increase clinical ac-
curacy. Therefore, we think initiating a discussion in the research and clinical community

on how to incorporate Al systems in these settings is highly important.

We evaluated the consistency of both the deep learning model and the human grader



6.4. DISCUSSION | 151

across different OCT devices. This intra-rater agreement was substantial for the Al model
(k. = 0.65) and fair for the manual grader (x.,, = 0.32). Nevertheless, there still appears to
be room for improvement in both cases, indicating the need for standardized OCT data.
DA approaches, such as the one described in this work, may contribute towards this goal

of data standardization.

An increase in terms of x,, from 0.63 to 0.73 was shown when introducing DA into the
processing pipeline of the Spectralis data. However, this difference was not statistically sig-
nificant (p = 0.087), which may be caused by the relatively small number of iRORA/cCRORA
cases in the evaluation set (n = 23 according to the manual labels, and n = 30 according to

the deep learning model).

Several previous studies have described the development and evaluation of algorithms
for iRORA/cRORA classification or segmentation [282-284]. A direct performance com-
parison of our deep learning framework to these other algorithms is challenging due to
the lack of benchmark datasets and standardized evaluation protocols. For example, Chi-
ang et al. [282] described a deep learning approach for iRORA/cRORA classification of in-
dividual B-scans. Their approach achieved higher sensitivities than ours, but our method
demonstrated higher performance in terms of specificity, PPV, and NPV. However, a direct
comparison of these classification metrics is problematic for several reasons. (1) The op-
erating points used in their and our work lead to highly different trade-offs between sen-
sitivity, specificity, PPV, and NPV. Therefore, it would be valuable to perform a compari-
son between these algorithms using receiver operating characteristic (ROC) curves in fu-
ture work. We did not present ROC curves in this paper because our current algorithm
does not provide probabilities for the detected iRORA/cRORA lesions, as this detection is
based on the binary presence of the underlying features. (2) We reported the iRORA/cRORA
(ie., the two classes of iIRORA and cRORA merged) and cRORA classification performance,
while they reported the classification performance of iRORA and cRORA separately. (3) For
some of their used datasets, they only reported metrics for classification on B-scan level
instead of eye level. (4) There is a large difference in the type of populations used between
the datasets used in their and our work, leading to highly varying class imbalances and

distributions of AMD stages.

Another work that presented a deep learning model for iRORA/cRORA detection is de-
scribed by Szeskin et al. [283] They only reported metrics for column classification, further
hampering a one-to-one comparison with the results of this study. Zhang et al. [284] pre-
sented an automatic quantification approach for iRORA/cRORA as well, but they also did

not provide metrics on eye level for iRORA/cRORA classification.

An important strength of this study was the large evaluation dataset, which included
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high-quality imaging OCT data and was prospectively collected as part of a multicenter
study. The OCT data from both acquisition devices used a highly dense OCT raster. This
ensured that small lesions were captured in each scan, which is important in the quan-
tification of lesions related to iAMD, such as iRORA. Furthermore, the human annotator
was highly experienced with reading retinal images within a reading center setting with

sophisticated training of readers.

The wide applicability of our deep learning framework is another strength. While other
works for iIRORA/cRORA detection in OCT tested their model performance on data from
one specific device [282, 283], we employed a DA approach to allow the generalization to
data from other devices, without the need for manually annotated training data from these
devices. This generalization was tested on data from two main OCT devices, making our al-
gorithm relevant for future multicenter studies where data from different imaging devices
are available. The availability of reliable Al models transferable to various OCT devices can
further help to identify patients at high risk for disease progression in need of more fre-
quent follow-up visits in our daily routine as well as potential candidates for upcoming in-
terventional study trials in iAMD. Moreover, the biomarker segmentation model [68], was
trained on more AMD disease-related features than the ones currently used. Thisindicates
the potential of our algorithm to be directly applied to other retinal OCT applications, such
as fluid segmentation for exudative AMD patients, ellipsoid zone loss detection for retini-
tis pigmentosa, or the segmentation of intraretinal cysts for X-linked retinoschisis. With-
out any further model development, our existing algorithm may already generalize well to
OCT data with these pathologies from the various devices used in this work, due to the DA
approach that we employed. Future work could focus on further validating this broader

applicability across various retinal conditions.

This study has various limitations. (1) While the MACUSTAR study consists of both a
cross-sectional and longitudinal part, we only used the data from the cross-sectional part,
as we did not have access to the longitudinal part yet [266]. Future work should aim to in-
corporate this longitudinal data to evaluate our approach further. Furthermore, this work
could be extended to predict disease progression with the use of Al (2) The number of cases
with iRORA/cRORA was relatively small. Specifically, based on manual annotations, there
were 22 OCTs with iRORA/cRORA in the Spectralis subset and 11 in the ZEISS subset. In
future analyses, more data should be included, including both the longitudinal and addi-
tional cross-sectional data beyond the iAMD subset from the MACUSTAR study, or even
datasets from other studies. This may, for example, lead to better estimates of the perfor-
mance estimates in general and statistically significant results when measuring the effect
of including DA in the deep learning framework. (3) We employed only a single modality
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and did not incorporate en face imaging from other modalities, which could have allowed
for a more accurate detection of iRORA/cRORA. (4) RPE tear is an exclusion criterion for
iRORA/cRORA [62], which was not taken into account by our deep learning model. (5) The
DA approach we used in the current work only took differences related to the appearance
of individual B-scans, such as the noise pattern, into account. However, there is also a
lot of variability in the spacing between B-scans across OCT devices, and vertical regis-
tration strategies in the software of these devices. These differences may also influence
biomarker quantification, especially given that we used a 3D segmentation model, but they
were not addressed by the DA approach in this work. (6) In some cases, the optic disc fell in
the 6 x 6 mm en face square we took around the fovea during pre-processing, which some-
times led to our model wrongly indicating iRORA/cRORA at the location of the optic disc.
Future iterations of our model should incorporate a mechanism against this, e.g., by intro-
ducing such samples in the training set.

In conclusion, we present a robust deep learning algorithm to automatically detect
iRORA/cRORA from SD-OCT. This algorithm is generalizable across various OCT devices,
while manually annotated development data was only required from one of these devices.
Applications of this model may enable precise automated tracking of AMD-related lesion
changes in numbers, size, area, and retinal position. This is of major importance for moni-
toring iAMD disease progression, particularly given the increasing amount of multimodal
retinal imaging data becoming available in studies.
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Figure 6.6: Qualitative comparison of manual reference and Al model outputs between OCTs from the two
devices. Each subfigure shows the ZEISS OCT first, followed by the Spectralis OCT, both taken from the same
eye during the same visit. The B-scans presented below in each subfigure approximately correspond to the
same location in the retina for both OCT devices. Each grid in the subfigures shows a table in the top left,
containing the eye-level decisions and the en face iRORA/cRORA areas, calculated from the segmentations, for
both the manual reference and the Al model. The middle and right cells of the first rows show the iRORA/cRORA
segmentations from the manual reference and the Al model, respectively, overlaid on the en face projection of
the OCT volume. The middle rows show the segmentations from the Al model for the three underlying granular
biomarkers of iRORA/cRORA, overlaid on the en face projection of the OCT volume. Each en face image shows
a white horizontal line, which corresponds to the B-scan shown in the last row. The last rows show the Al model
segmentation of the granular biomarkers. If iIRORA/cRORA is detected, the last rows also show horizontal lines
labeled as either “iRORA/cRORA (Al)” for the Al model or “iIRORA/cRORA (manual)” for the manual reference.
(Caption continues on next page.)
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Figure 6.6: (Caption continuation from previous page.) (a) An example where the outcomes are consistent be-
tween devices. Both the Al model and the manual reference agree on the presence of a cRORA lesion in the
ZEISS and Spectralis OCT. (b) An example with a discrepancy between the manual reference for the two devices.
The output of the Al model is more consistent regarding the detected iRORA and cRORA lesions in the OCTs
from both devices. The manual reader likely missed the lesion in the ZEISS OCT due to human error, given the
evident presence of all criteria for cRORA. A sub-analysis of all ZEISS OCTs with a discrepancy between the
manual and Al eye-level decisions, similar to what was done for the Spectralis OCTs in this study, would have
likely led to the manual delineation of this lesion.
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Figure 6.7: The effect of domain adaptation (DA) on eye level None/iRORA/cRORA classification in the Spectralis
dataset. (a) The effect on the quadratic weighted kappa score (between the manual annotations and the Al
model). The error bars are standard deviations from non-parametric bootstrapping with 1,000 iterations. (b)
Confusion matrix with DA. (c) Confusion matrix without DA.
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Figure 6.8: Example where the Al model with domain adaptation (DA) detected an iRORA lesion that was not
picked up without DA.
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6.A Additional results
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Figure 6.A.1: Confusion matrix visualizing the eye level agreement between the Al model and manual reference
for both ZEISS and Spectralis OCT data. For Spectralis, the updated labels were used. The numbers printed
in larger fonts represent the count of ZEISS OCTs, with a smaller confusion matrix for corresponding Spectralis
OCTs provided in smaller print. For enhanced readability, axis labels on these smaller confusion matrices were
omitted but mirror those of the main matrix. For example, the cell in the second row and column signifies
the Al model’s agreement with the manual reference on the classification of iRORA for ZEISS OCTs. However,
when evaluating their corresponding Spectralis OCTs, both the Al model and manual reference classified them
as cRORA.
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Figure 6.A.2: Bland-Altman plots comparing the Al model and manual reference for iRORA and cRORA en face
areas. The results are shown separately for the ZEISS and Spectralis OCTs. The Spectralis results are calculated
using the updated manual labels. The differences were calculated as: “area of the manual annotations - area of

the Al segmentation”.

Table 6.A.1: Validation results of the domain adaptation (DA) model on the RETOUCH test set. The results are
reported as the Dice scores, denoted as mean (standard deviation).

Trained on  Evaluated on Intraretinal fluid Subretinal fluid Pigment epithelial de-
tachment

Topcon Spectralis 0.71(0.114) 0.37(0.31) 0.61 (0.30)

Topcon Spectralis (Topcon ap-  0.74 (0.10) 0.42 (0.26) 0.64 (0.32)

pearance generated
using DA)
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Spectralis: Updated labels

Origina Original Original
None be 6 labels 3 labels
o 9 None None { 3
rA B RORA RORA { 0
ora [l cRORA GRORA { 0
[}
Qo
5
8 Original Original Original
®  RORA 2 labels 6 labels 1 labels
§ None { 0 None 1 2 None 1 0
é RORA { 2 RORA { 4 RORA { 1
GRORA { 0 cRORA { 0 GRORA { 0
Original Original Original
cRORA 2 labels 4 labels 10 labels
None { 0 None 1 1 None { 3
RORA { 1 RORA { 0 RORA { 1
CRORA { 1 cRORA { 3 CRORA { 6
None iRORA cRORA
Al model

Figure 6.A.3: Confusion matrix of the updated manual labels in the Spectralis OCTs. In each cell, it is indicated
in a smaller font what the original labels were for the OCTs within that cell.
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Figure 6.A.4: Instances where manual labels in Spectralis OCTs were revised based on discrepancies between the
Al model outputs and the original manual reference at the eye level. Each subfigure shows a table in the top left,
containing the eye-level decisions and the en face iRORA/cRORA areas, calculated from the segmentations, for
both the manual reference and the Al model. The middle and right cells of the first rows show the iRORA/cRORA
segmentations from the manual reference and the Al model, respectively, overlaid on the en face projection of
the OCT volume. The middle rows show the segmentations from the Al model for the three underlying granular
biomarkers of iRORA/cRORA, overlaid on the en face projection of the OCT volume. Each en face image shows
a white horizontal line, which corresponds to the B-scan shown in the last row. The last rows show the Al model
segmentation of the granular biomarkers. If iIRORA/cRORA is detected, the last rows also show horizontal lines
labeled as either “iRORA/cRORA (Al)” for the Al model or “IRORA/cRORA (manual)” for the manual reference.
The green dotted boxes indicate changes resulting from these revisions.
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Abstract

High anisotropy in volumetric medical images can lead to the inconsistent quantification
of anatomical and pathological structures. Particularly in optical coherence tomography
(OCT), slice spacing can substantially vary across and within datasets, studies, and clinical
practices. We propose to standardize OCT volumes to less anisotropic volumes by condi-
tioning 3D diffusion models with en face scanning laser ophthalmoscopy (SLO) imaging
data, a 2D modality already commonly available in clinical practice. We trained and evalu-
ated on data from the multicenter and multimodal MACUSTAR study. While upsampling
the number of slices by a factor of 8, our method outperforms tricubic interpolation and dif-
fusion models without en face conditioning in terms of perceptual similarity metrics. Qual-
itative results demonstrate improved coherence and structural similarity. Our approach
allows for better informed generative decisions, potentially reducing hallucinations. We
hope this work will provide the next step towards standardized high-quality volumetric

imaging, enabling more consistent quantifications.
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7.1 Introduction

Volumetric medical images can be highly anisotropic, i.e, having high-resolution slices in
one anatomical plane but poor through-plane resolution. This has been shown to lead to
imprecise volume and shape measurements of structures of interest [294], potentially re-
sulting in wrong diagnoses and severe negative clinical implications.

A prominent example of a modality often affected by this is optical coherence tomog-
raphy (OCT). OCT is commonly acquired as a raster, where multiple line scans generate
B-scans (slices), and multiple slices generate a volume (see Fig. 7.1a). The spacing between
slices can vary substantially between OCT devices and imaging protocols [66,253,295,296].
This can hamper consistent biomarker quantification [69,297-300]. Fig. 7.1b illustrates
this issue by demonstrating fluid volume estimations in a single retinal OCT volume for
various slice spacings. We can observe a 23.2% drop in estimated fluid volume when the
slice spacing increases by a factor of 8.

A possible solution to these imprecise measurements is to standardize volumes with
low slice density to high-resolution data through reliable super-resolution methods.
Several super-resolution approaches have been proposed for OCT [301-304] but they all
aim to improve the resolution within individual B-scans. Approaches to reduce anisotropy
have been proposed for other volumetric medical images, such as computed tomography
(CT) [305] and magnetic resonance imaging (MRI) [306]. These methods use deep learning
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(a) Medical terminology. (b) Problem statement. (c) Our solution versus baselines.

Figure 7.1: Overview of our proposed approach and background. (a) The medical terminology related to OCT
volumes. (b) Low slice densities in volumetric images can lead to inaccurate quantifications. (c) We propose to
upsample the number of slices by conditioning a diffusion model with en face images. In our experiments, we
use SLO as conditioning en face data but our method could be extended to other types. In the shown example,
our model is the only approach that correctly generates the druse (the bright bump in the retina).
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models to upsample the number of slices based solely on low-resolution input data during
inference.

A major drawback of these works is theirlack of knowledge about anatomical and patho-
logical structures that fall between two adjacent slices. This can lead to hallucinating mod-
elsthat generate incorrect biological features, potentially resulting in misdiagnoses or oth-
erwise harmful clinical outcomes. We hypothesize that including information about re-
gions between slices as input to a super-resolution model helps make better-informed
generative decisions that correctly reflect the biological truth.

Therefore, we propose a method based on 3D diffusion models to increase slice density
by utilizing additional imaging modalities as conditioning information (see Fig. 7.1c). We
use diffusion models, as they have been shown to outperform other popular generative
models such as generative adversarial networks at generating high-quality images [307],
super-resolution [308], and leveraging multimodal data as conditioning information [12].
These capabilities align well with the objectives of our study.

We evaluate our developed method on OCT data while conditioning on scanning laser
ophthalmoscopy (SLO) fundus images. SLO is a 2D en face (i.e., parallel to the coronal plane)
imaging modality that is commonly acquired alongside OCT scans. OCT devices internally
use SLO images as a reference to position the OCT acquisition at the desired anatomical lo-
cation [55]. Our method can be extended to include other modalities, such as color fundus
photography (CFP) and fundus autofluorescence (FAF), potentially resulting in even better-
informed models.

We hope this approach is a valuable step towards more isotropic, high-quality, and stan-
dardized volumetric imaging, allowing for more consistent biological measurements and

diagnoses in the future.

7.2 Methods

Our model is a 3D diffusion model trained to generate high-resolution volumes by upsam-
pling the number of slices (i.e, increasing the B-scan density in OCT). It is conditioned on
both en face imaging data and the low-resolution counterpart of the high-resolution tar-
get (see Fig. 7.2). We provide a brief introduction to diffusion models and their associated
symbols in Section 7.2.1. In Section 7.2.2, we describe how we adapt diffusion models for
en face conditioned super-resolution. In short, the low-resolution image is concatenated
with areshaped en face image along the channel dimension, which we subsequently input
as conditional information to the denoising model. The sampling process, including the
use of Denoising Diffusion Implicit Model (DDIM) [309] sampling, overlapping patches en-
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Figure 7.2: En face-conditioned diffusion model overview.

abled by RePaint [310], and classifier-free guidance (CFG) [311], is detailed in Section 7.2.3.
Finally, we present the network architecture and implementation details in Section 7.2.4.

7.2.1 Diffusion models

Diffusion models are generative models consisting of a forward diffusion process and a
backward diffusion process [312]. In the forward diffusion process, over many timesteps

T, more and more noise is gradually added to an input image x, resulting in noisy images

X1, ...,x7. This process q can be formulated with a variance schedule 31, ..., 87 as fol-
lows:
q(xt‘xt—l) = N(Xt; \/ 1-— tht—la BtI) (71)

As shown by Ho et al. [312], we can directly obtain x, given xq using the following equa-

tion:

Xt =V thO + 1-— (th, (72)

withe ~ N (0,I),a; := 1 — B¢, and &; := Hi:l Q.

In the backward diffusion process pg, x;—1 is predicted forany ¢ € {1,...,T} by denois-
ing x; using a trained denoising model, optimized by model parameters §. This model gen-
erally uses some variant of the U-Net [9] architecture (see Section 7.2.4 for the implementa-
tion we use). Following Salimans et al. [313], our trained denoising model does not predict

the noise e orimage x directly, but uses v-prediction parameterization as this prevents in-
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tensity shifting artifacts in super-resolution models [314], where v; := /az;e—+/1 — a;xq.
We use the mean squared error (MSE) loss to train our denoising model vg:

L = ||vg(xt,t) — ve|[3. (73)

7.2.2 En face conditioned super-resolution

To enable the use of diffusion models for en face conditioned super-resolution, we com-
bine the approach for generating high-resolution from low-resolution images from SR3
[308] with our proposed method of conditioning the denoising model with en face infor-
mation. In this paper, we use SLO images but our approach could be extended to other en
face data.

Specifically, we adapt the input to the conditional denoising model as follows:

‘A’t = Vg (Xt; tv XLR; Xenface)a (74)

where v, is the output of the denoising model, x; is the noisy image at timestep ¢, x . r is
the corresponding low-resolution image upsampled to match the dimensions of x; using
linear interpolation, and X, fqc. is the en face image.

X1 and Xep face are fed similarly into the denoising model. Following SR3 [308], we
concatenate the noisy input x; with the low-resolution image x r along the channel di-
mension. Since en face images generally do not align with their corresponding OCT scans
inthe en face plane, registration of these two images is required (see Section 7.A). This regis-
tration step results in spatial correspondence and ensures the en face image has the same
shape in the en face plane as the OCT volume. To reach an image with the same 3D shape as
x; and x g, we repeat the registered 2D Xy, fqc image in the y-direction H times, where
H is the height of x;. This 3D tensor is concatenated together with x; and x;, r along the
channel dimension. We subsequently input the resulting tensor into the model.

Due to computational limitations, we work with image crops for x;, Xz r, and Xen face-
These crops all correspond in terms of their location and size. No noise is added to xy,

and Xep, fqce for any timestep ¢.

7.2.3 Sampling process

During sampling, there are a few key distinctions in the processing pipeline compared
to the backward diffusion process during training. Firstly, we use DDIM [309] sampling,

which allows for accelerated sampling by reducing the number of timesteps while sam-
pling.
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Secondly, we train our denoising model with patches, but we are interested in generat-
ing full high-resolution volumes during sampling. To prevent artifacts near the borders
of patches, we use overlapping patches. We use RePaint [310] to facilitate this overlapping
strategy, an image inpainting approach for diffusion models (see Section 7.B for more de-
tails).

Thirdly, to minimize image artifacts showing an overall intensity in the generated
slices that is different from the overall intensity in the slices already existing in the
low-resolution volume, we implemented a post-processing normalization step. In this
step, we normalized the mean and standard deviation of the intensities in the generated
slices to match those in the slices that already existed in the low-resolution volume. This
normalization step was performed separately for each OCT volume.

Lastly, to influence how much the denoising model uses the en face information for
its generative decisions, we employ CFG [311]. In CFG, during training, the conditional
information is dropped for a random number of samples in each batch with some proba-
bility puncond- In practice, when the conditional information is dropped, we feed an image
with all pixels set to zero. This results in a jointly trained conditional denoising model
vg(X¢,t, XL R, Xen face) and unconditional denoising model vg(x;,t,xrr). During sam-
pling, we can then linearly combine the conditional and unconditional model predictions
using a guidance scale hyperparameter w:

179 (Xta ta XLR, Xenface) = (1 - w)UQ (Xtv ta XLR) + wug (Xt» ta XLR; Xenface)- (75)

7.2.4 Network architecture and implementation details

For our denoising network, we use the U-Net architecture described by Pinaya et al. [315],
in which the timestep embedding is integrated into the model via residual connections.
The U-Net uses 3D convolutions and has a depth of four U-Net levels with 32, 64, 128, and
256 channels, respectively, in each level with two residual blocks per level. We use self-
attention at the deepest U-Net level with a single attention head. We train using the Adam
optimizer with alearning rate of 5 x 10~?, a batch size of 16, for 20 000 epochs. Allimages
were normalized between -1and 1 before cropping.

In our experiments, the number of timesteps for the diffusion process was T'" = 1000
during training with a SCALED LINEAR [315] schedule and a 3; range of 0.0005 to 0.0195.
We employed DDIM sampling with 100 timesteps, resulting in a 10 x time efficiency im-
provement. We do not perform any resampling steps when inpainting using RePaint [310]
to allow for faster sampling. We use the MONAI generative Al framework [315] for imple-
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menting our diffusion model.

During training, we use 3D crops of size 128 x 128 x 16 for x; and x,r, and a 2D crop of
size 128 x 1 x 16 for Xy, fqce. During sampling, we use a crop size 0of 496 x 496 x 16 for x;
and xr r,anda2D crop of size 496 x 1 x 16 for Xe, face. When sampling full high-resolution
volumes, we used an overlap of 25%, 25%, and 50% for the x-, y-, and z-direction, respec-
tively. During training, we prepared our crops such that each 5™ and each 13% slice in x »
were identical to the 5™ and 13™ slice in x, respectively. The other slices were interpreted

using linear interpolation.

7.2.5 Data

Fortraining and evaluating our difftusion models, we used OCT volumes and corresponding
SLO images from the MACUSTAR study [266]. MACUSTAR is a clinical study on age-related
macular degeneration (AMD) that is carried out across 20 sites in 7 European countries.
The dataset from this study contains data from patients with varying disease severities (no,
early, intermediate, and advanced AMD).

We used the patient data from the cross-sectional part of the MACUSTAR study and only
included Heidelberg Spectralis OCTs with at least 237 B-scans. This resulted in a total set
of 302 patients. We randomly split this set of patients in 181 (60%), 60 (20%), and 61 (20%)
patients for training, validation, and testing, respectively. As multiple OCT volumes were
available for each patient (from both eyes and either one, two, or three visits in the cross-
sectional study) this resulted in 721 and 236 OCT volumes for the training and validation
set, respectively. For the test set, we only used the OCT volume from the study eye, defined
for the MACUSTAR study, from the first visit, resulting in 61 OCT volumes. More details

regarding the dataset and pre-processing can be found in Appendix 7.A.

7.3 Experiments

We evaluate our approach for the task of upsampling the number of slices in the image
volume with a factor of 8. For the sake of simplicity, when generating full volumes as de-
scribed in Section 7.2.3, we drop the last slice in the OCT volume in the test set, resulting
in OCT volumes with 240 instead of 241 slices. Hence, we upsample low-resolution vol-
umes with 30 slices to high-resolution volumes with 240 slices. The resolution of individ-
ual slices was not changed.

We refer to our proposed diffusion model with en face conditioning and CFG with guid-
ance scale w = 2 as DDIM,s. To measure the effect of en face conditioning and CFG, we
compare DDIM,¢ with the two models: DDIM¢¢ (no CFG), and DDIM. DDIM is the proposed
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approach with en face conditioning turned off during sampling. En face conditioning is
turned off by feeding an image with all pixels set to zero as the conditional image, which is
also done during training with a probability of p,,conq to enable CFG (see Section 7.2.3). The
proposed model with en face conditioning, but without CFG, will be referred to as DDIM¢
(no CFG). Furthermore, we compare these methods with the more traditional upsampling

method of tricubic interpolation.

7.3.1 Evaluation

We report the classical image similarity metrics MSE, SSIM [316], and PSNR, computed be-
tween the 8 x upsampled low-resolution images using DDIMs and tricubic interpolation,
and the high-resolution reference images. As noted by Saharia et al. [308], these classical
metrics may not be optimal for evaluating super-resolution methods, as they were shown
to correlate poorly with human perception and heavily penalize synthetic high-frequency
details that deviate from the reference, favoring than blurry images instead.

Therefore, we also evaluate with Learned Perceptual Image Patch Similarity (LPIPS)
[317]. We used the LPIPS metric implementation provided by the authors of the original
LPIPS paper [317] for their metric based on an ImageNet pre-trained AlexNet [4]. Since
this evaluation method was developed for 2D images, we modified it for 3D data by
calculating the LPIPS metric on all 2D slices in the axial, coronal and sagittal planes in
the volume, resulting in the metrics LPIPS,;, LPIPSo;, and LPIPSg,,, respectively. We
also report LPIPS, sp, which is the average of these three metrics. This approach for 3D
data is available in the publicly available implementation from the MONAI generative Al
framework [315]. Additionally, we calculated LPIPS.fyr,j, Which compares two OCT en face
projections generated by averaging all columns in each slice of the volume, resulting in a
2D en face image.

Even though LPIPS may be considered a more suitable evaluation approach than the
classical evaluation metrics, it is not guaranteed to consider the structures of interest
enough, since the underlying model was only trained on natural images. Therefore, we

also present qualitative examples.

7.4 Results

The first three rows of Table 71 shows the classical image similarity metrics MSE,
SSIM [316], and PSNR, computed between the 8x upsampled low-resolution images
using DDIMs and tricubic interpolation, and the high-resolution reference images. The
perceptual metrics based on LPIPS are shown in the last five rows of Table 7.1.
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Table 7.1: Classical image similarity metrics (MSE, SSIM, and PSNR) and perceptual metrics (all LPIPS variants)
calculated on the test set between the original high-resolution OCT volumes and low-resolution images that
were 8 X upsampled in the slice-direction using tricubic interpolation and our proposed DDIM methods. Results
are presented as the mean = standard deviation over all OCT volumes. Bolded values indicate the best values
in terms of the mean performance.

Tricubic DDIM  DDIM¢ (no CFG) DDIMet
MSE | 0.006 + 0.002 0.006 =+ 0.003 0.006 + 0.003 0.006 + 0.003
SSIM 1 0.451 +0.116 0.444 £ 0.107 0.447 £ 0.107 0.447 £ 0.107
PSNR (dB) 1 22472+ 1418 22401+ 1.644 22495 +1.673 22450 + 1.683
LPIPS..i 0.120 + 0.027 0.138 £ 0.030 0.138 £ 0.030 0.141 £ 0.031
LPIPScor | 0.548 £ 0.103 0.158 + 0.047 0.158 1 0.048 0.162 +£ 0.050
LPIPS | 0.540 =+ 0.088 0.144 + 0.049 0.144 £+ 0.049 0.147 £ 0.050
LPIPS,5p | 0.403 £ 0.072 0.147 £ 0.041 0.147 4+ 0.042 0.150 £ 0.043
LPIPSefproj 4 0.231 £ 0.055 0.063 £ 0.039 0.060 =+ 0.039 0.064 + 0.039

For the proposed method, ablated methods and the tricubic interpolation method,
we present several figures to illustrate the difference in structural similarity to the high-
resolution reference images, sharpness, and coherence within the generated volumes. In
Fig. 7.3 and 7.C.1, we aim to point out these aspects using the en face projections, allowing
one to observe the overall structure of the full generated volumes. Fig. 74 and Fig. 7.C.2
show additional examples of these en face projections while highlighting relevant regions,
alongside the corresponding image crops from the underlying OCT volume. Further
examples are presented in Fig. 7.C.3, which shows 3D renders of generated and reference
volumes, and in Fig. 7.C4, which shows crops of consecutive B-scans with difference
maps between generated and reference images. Fig. 7.C.5 shows generation examples
and difference maps for several randomly picked image crops. The effect of increasing
the guidance scale w from CFG is illustrated in Fig. 7.5. Specifically, a case of an example

OCT crop is shown with several drusen that are also visible in the SLO image.

Model training took approximately 9 days on an NVIDIA A100 GPU. Sampling a full vol-
ume with 240 B-scans of 768 x 496 pixels, the most common size in the test set, resulted in
58 patches. On the aforementioned GPU type, for DDIM, sampling a whole volume took
approximately 46 minutes. For DDIM and DDIM (no CFG), this sampling time was about
half (approximately 23 minutes), as CFG doubles the number of required forward passes
of the denoising model.
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High-res 8x downsampled
in B-scan direction Tricubic

Figure 7.3: Examples of en face projections of the OCT volumes generated using tricubic interpolation, the
unconditional diffusion model DDIM, and our proposed en face conditioned diffusion model DDIM. These
three projections are shown in the last three columns and were all generated from the 8 X downsampled (in
the B-scan direction) volume as input, which is shown in the third column. The first and second rows show the
corresponding high-resolution (high-res) reference and scanning laser ophthalmoscopy (SLO) image, respectively.
A separate example from a different test set patient is shown in each row. The top images in each row show the
full image. Zoomed-in versions of the image crops (red boxes) are shown at the bottom of each row.

7.5 Discussion

We addressed the large variability in anisotropy across OCT scans, which can lead to incon-
sistent quantifications. We propose a super-resolution approach that uses SLO images to
condition 3D super-resolution diffusion models, aiming for better informed image gen-
erations that are closer the biological truth. SLO is commonly already acquired alongside
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Figure 7.4: Examples showing the effect of using DDIMt, compared to leaving out the en face information
(DDIM), and tricubic interpolation. In the top rows, the SLO image is shown on the left, followed by the en face
projections of each OCT volume. The bottom rows show zoomed-in crops. The crop locations are indicated
in the top row with a lime circle. The lime horizontal line corresponds to the B-scan location from the shown
crops. (a) DDIM, reconstructs a druse that is present in the high-resolution reference, while it is missing in the
OCT crops from tricubic interpolation and DDIM. The druse also seems to be subtly visible in the SLO image. (b)
The large lesion in the center of the OCT crops are more similar to the reference for DDIM¢ than for tricubic
interpolation and DDIM. It is also visible in the SLO images as a hyper-intense lesion.

OCT scans, ensuring our method often will not require any additional data beyond what is
already available in clinical practice. Furthermore, SLO acquisition is relatively fast, while
OCT acquisition time increases with every additional line to be acquired, potentially speed-

ing up the overall acquisition process.

Our qualitative results indicate that our approach can upsample the number of B-scans
in OCT volumes by a factor of 8 while improving similarity to high-resolution reference



7.5. DISCUSSION | 173

SLO

High-res reference

Figure 7.5: The effect of CFG and increasing the guidance scale w. In the top left, the high-resolution reference
is shown. In the top right, the en face SLO image is shown, in which the crop location is indicated with a red box.
The vertical lime lines correspond to the same physical locations throughout the figure. The horizontal lime line
in the top right indicates the B-scan location of the shown OCT crops. The bottom two rows show the results
from our en face conditioned diffusion model with CFG for various guidance scales. w = 0 is equivalent to the
unconditional DDIM, w = 1 to DDIMgs (no CFG), w = 2 to DDIMg, and w > 2 is similar to DDIMe¢, but with
a larger guidance scale. The two drusen between the lime vertical lines seem to grow with a larger guidance
scale.

images and overall coherence, compared to a diffusion-based approach without en face
information as conditional input. Our method specifically improves the reconstruction of
superficial blood vessels and geographic atrophy (see Fig. 7.3 and 7.C.1). Furthermore, our
diffusion models demonstrate visually sharper images than tricubic interpolation.

In terms of the classical image similarity metrics MSE, SSIM, and PSNR, which are sub-
optimal for evaluating super-resolution methods [308], tricubic interpolation performed
roughly the same as our diffusion models. In terms of LPIPS o, LPIPSsag, and LPIPSefyr;,
our diffusion models outperformed tricubic interpolation but slightly underperformed in
terms of LPIPS,,;. This finding is in line with our visual observations in Appendix Section
7.D.

In terms of all reported quantitative metrics, using CFG to guide the diffusion model
more towards the information in the en face image either slightly decreased performance,
or showed no effect (see Table 7.1). Paradoxically, we found using CFG could lead to struc-
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tural features that more closely resembled those in the high-resolution reference than
when CFG was not employed. An example of this effect is shown in Fig. 7.5. Besides, this ex-
ample shows that setting the guidance scale w too high can lead to exaggerated structural

features (e.g., too large drusen) and artifacts.

This study has limitations. (1) Our DDIM models can sometimes introduce imaging ar-
tifacts (see Appendix Section 7.E). (2) When visually inspecting the dataset, we found that
the registration information between OCT B-scans and the SLO image was not always per-
fect, possibly not allowing the model to utilize the SLO/OCT mapping well sometimes. An
improved registration strategy will likely improve generation results and learning speed.
(3) Although we present various qualitative results, we only evaluated our approach quan-
titatively using image similarity metrics. Therefore, we cannot draw conclusions about
whether our super-resolution approach improves biomarker quantification. This requires
a vast amount of manual annotation labor or a reliable segmentation model for the type
of OCT data used in this work. As we did not have access to these resources, we leave this
evaluation to future work. (4) Hallucination is a large risk of most generative models, in-
cluding diffusion models [318]. In the context of medical imaging, generative models like
ours risk the generation of non-existent lesions (leading to false positives), inflating them
(leading to over-quantification), removing them (leading to false negatives), or shrinking
them (leading to under-quantification). Although our en face conditioning mechanism
may reduce hallucinations by providing more context to make well-informed generative
decisions, sufficient empirical evidence of our method completely preventing this is lack-
ing. (5) The sampling time for our diffusion model is relatively long. However, approaches
exist to reduce this sampling time [12,313].

We only explored the effect of conditioning OCT super-resolution diffusion models with
near-infrared SLO images. Future work could include more en face modalities as condi-
tional information, such as CFP and FAF. As images from those modalities would likely pro-
vide additional information than SLO images, we expect this could lead to more accurate
super-resolution models. Other metadata, such as functional vision exam data and OCT

scans from other devices or protocols, may contain even more useful information.

In our current implementation, we resize and vertically repeat the SLO image patch, en-
abling concatenation in the channel dimension with the OCT volume. This turns the 2D
SLO image into a volume that is processed by 3D convolutions. This is computationally in-
efficient and the initial resizing can lead to information loss. Future work could focus on
designing an architecture that more effectively leverages this multimodal data, possibly
using a separate encoder for en face images and a cross-attention mechanism to combine
the features from the different encoders.
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The approach of using relatively high-resolution 2D images from a certain modality to
condition diffusion models for super-resolving 3D data from another modality could po-
tentially be applied in other medical domains. For example, using high-resolution 2D X-
ray imaging as conditional information for super-resolution CT or MRI scans may be an
interesting future direction.

In conclusion, we have shown the feasibility of conditioning super-resolution diffusion
models to reduce anisotropy in volumetric images with additional and readily available
image data, enabling well-informed generative decisions. Specifically, we showed this in
the context of OCT super-resolution conditioning on en face images. We think this can
be an important next step towards standardized high-quality OCT and other volumetric
imaging, leading to more consistent measurements - obtained from either downstream
manual quantifications or machine learning models - within and across datasets, studies,
and clinical practices. Furthermore, our approach could facilitate the trustworthiness of
generative models and their regulatory approval by mitigating the risk of hallucinations

compared to uninformed super-resolution models.
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Chapter appendix

7.A Additional dataset and pre-processing details

For the training and validation set combined, the number of B-scans per OCT volume var-
ied, with 1 volume containing 237 B-scans, 927 volumes containing 241 B-scans, and 29
volumes containing 512 B-scans. The B-scan sizes ranged from 512 x 496 pixels to 1536
x 496 pixels, and the physical OCT volume size ranged from 2.9 x 1.9 x 2.9 mm? t0 9.2 x
19 x 7.7 mm?3. For the test set, all OCT volumes contained 241 B-scans. The B-scan sizes
ranged from 512 x 496 pixels to 1536 x 496 pixels, and all OCT volumes had a physical size
of approximately 8.8 x 1.9 x 7.3 mm?.

Next to the previously described set of OCT volumes, we used the near-infrared confo-
cal SLO images, which Heidelberg Spectralis devices acquire alongside the OCT, as en face
modality for our conditional diffusion models. The SLO image was registered to the OCT
volume according to the physical linkage information between these two images that was
provided by the camera software. We subsequently cropped and resized these SLO images
to the same width and height as, respectively, the width and depth from their correspond-
ing OCT volumes.

For some OCT volumes in the dataset, we observed that incidentally adjacent B-scans
were not correctly aligned vertically. Therefore, during sampling, B-scans were registered
vertically using a grid search for the vertical translation amount and MSE as a cost function,
based on a flattened representation of the B-scans (collapsed into columns by averaging

over the x-axis).

7.B  Overlapping patches and inpainting

During sampling of full volumes, we use overlapping patches, facilitated through inpaint-
ing with RePaint [310]. Inpainting is the task of filling in new content in a specific part of
an image, which can be defined by a binary mask. We refer to the image part that needs
to be filled in as “unknown” and the other part as “known”. During each timestep ¢ in the
sampling process, RePaint combines the “known” image part from the input image, which
has been noised to the appropriate noise level of timestep ¢ — 1, with the “unknown” part
from the denoised image x;_ (see the bottom part of Fig. 7.B.1). When we generate a com-
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plete volume using this patch overlapping strategy, the “known” region is defined as the
area previously generated from an adjacent patch, combined with slices from the original
low-resolution image volume (see the top part of Fig. 7.B.1). Besides, the patch size dur-
ing sampling is larger than the one used during training, as we empirically found this to

improve the coherence and fidelity of the generated volumes.

30 known slices

496 x 496 x 16

3 1'7 | (Enface conditioned)
I I denoising U-Net + RePaint
\ )

X, Conditioning information (XLR, X

s

Take
to be filled in

d mask part
Denoising -
g 3D U-Net Add noise
to filled in
mask part
Partially
known
input patch

Figure 7.B.1: Overview of our overlapping strategy facilitated through RePaint [310].
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7.C Additional results

High-res 8x downsampled
in B-scan direction

Tricubic

reference

bl

?
Whingy

Figure 7.C.1: Additional examples of en face projections of the OCT volumes generated using tricubic interpo-
lation, the unconditional diffusion model DDIM, and our proposed en face conditioned diffusion model DDIM¢¢
(presentation similar to Fig. 7.3). These three projections are shown in the last three columns and were all
generated from the 8 X downsampled (in the B-scan direction) volume as input, which is shown in the third
column. The first and second rows show the corresponding high-resolution (high-res) reference and scanning
laser ophthalmoscopy (SLO) image, respectively. A separate example from a different test set patient is shown
in each row. The top images in each row show the full image. Zoomed-in versions of the image crops (red boxes)
are shown at the bottom of each row.
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Figure 7.C.2: Additional examples showing the effect of using DDIM, compared to leaving out the en face
information (DDIM), and tricubic interpolation (presentation similar to Fig. 7.4). In the top rows, the scanning
laser ophthalmoscopy (SLO) image is shown on the left, followed by the en face projections of each OCT volume.
In the bottom row, zoomed-in crops are shown. The crop locations are indicated in the top row with a lime circle.
The lime horizontal line corresponds to the B-scan location from the shown crops. (a) A blood vessel is only
reconstructed by DDIMg. This vessel is also visible in the SLO image. (b) The hypertransmission pattern seems
to be best reconstructed by DDIM. The en face location of the hypertransmission area is also visible in the SLO
image.
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High-res 8x downsampled
reference in B-scan direction Tricubic DDIMey

Figure 7.C.3: 3D renders of full OCT volumes, depicted for the high-resolution (high-res) reference, downsam-
pled volume, tricubic interpolated volume, and our proposed method DDIM¢. The bottom row shows zoomed-in
versions of the renders in the top row. The lime squares in the top row indicate the zoomed-in area. The red
arrows point to a vessel on the inner retina.
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High-res DDIMer
reference Tricubic Tricubic error DDIMeys error

B-scan 124

B-scan 125

B-scan 126

B-scan 127

Absolute
error
1

B-scan 128

-1

B-scan 129

B-scan 130

B-scan 131

B-scan 132

Figure 7.C.4: An example showing a sequence of B-scans, illustrating that the volume generated with tricubic in-
terpolation is more smoothed than the volume generated by our diffusion model DDIMg, which is much sharper.
This is most evident around slice 128. The first and last shown slices were already present in the low-resolution
OCT volume. The third and fifth columns indicate the absolute error.
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High-res DDIMer
reference Tricubic Tricubic error error

Absolute

error
1

-1

Figure 7.C.5: Randomly picked 256 x 256 B-scan crops from “unknown” slices in the test set, depicting the origins
of absolute errors for tricubic interpolation and DDIM¢. The third and fifth columns indicate the absolute error.
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7.D LPIPS for different anatomical planes

We found that our diffusion models outperformed interpolation in terms of LPIPS.,
LPIPSg,g, and LPIPSefproj, but not in terms of LPIPS,,. This finding is in line with the visual
observations we make when manually inspecting slices from these anatomical planes.
This is illustrated in Fig. 7.D., in which DDIM,f shows higher visual similarity with the
high-resolution reference than the image upsampled with tricubic interpolation for the
coronal plane, sagittal plane, and the en face projection. For the axial plane, however, we
think this is less evident. The LPIPS values, which are also shown in Fig. 7.D.1 for the shown

slices, correlate well with these visual observations.

High-res reference Tricubic

LPIPS =0.182 LPIPS =0.185

Sagittal Coronal Axial

En face
projection

Figure 7.D.1: Examples of slices from the three orthogonal anatomical planes and the en face projection image.
All shown images originate from the same OCT volume. For tricubic interpolation and DDIMg¢, Learned Percep-
tual Image Patch Similarity (LPIPS) values, computed only using the depicted slices, are shown in the top left
corner of each image. For the anatomical planes, the middle slices are shown. For the axial (B-scan) slice, this
corresponds to a slice exactly in the middle of two slices that were also present in the low-resolution volume
(i.e., the slice was as far away from a “known” slice as possible, which is generally a slice that is more difficult to
generate accurately than a slice that is closer to a “known” slice).
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7.E Generated imaging artifacts

We found that a number of imaging artifacts can occur when generating volumes using
our DDIM approach (see 7.E.1). The occurrence frequency depends on the artifact type. For
example, small groups of white pixels are sometimes generated near the top of B-scans
(see an example in Fig. 7.E.1a). If they are present, they always seem to be located in the top
left of the sampling patches. Furthermore, sometimes very large, bright areas are gener-
ated in the vitreous body (see an example in Fig. 7.E.1b). This mainly seems to occur when

two adjacent B-scans in the low-resolution volume were not registered well.

Figure 7.E.1: Artifact types that sometimes occur in volumes generated by our diffusion models. These artifacts
were neither present in the low-resolution input nor the high-resolution reference. (a) Small groups of white
pixels in the top left of sampling patches. (b) White areas in the vitreous body. This artifact type mainly seems
to occur when two adjacent B-scans in the low-resolution volume were not registered well.

7.F Ethical approval

Ethical approval of the clinical study data has been obtained, as described in previous
works describing the MACUSTAR study [319].
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HIS THESIS EXAMINES THE ROBUSTNESS of deep learning (DL) models for medical
image analysis within radiology and ophthalmology applications. We investigated
model performance under varying degrees of data shift in several clinically rele-
vant settings. In addition, we evaluated methods for identifying out-of-distribution (OOD)
samples and explored approaches to mitigate performance degradation resulting from
data shifts. In this chapter, we provide a general discussion of the main results and contri-
butions of this thesis and outline future research directions. We summarize our key find-
ings on model robustness, discuss the clinical implications of our studies, and touch upon

our efforts to make the models in this thesis available to other researchers.

8.1 Improving robustness

As demonstrated by previous research, DL models can exhibit high performance in con-
trolled environments but are susceptible to failure under distribution shifts [23,208]. The
models in Chapters 2, 3, 4, 5, and 6 similarly showed strong performance for classification
and segmentation tasks on test data similar to the training data.

In Chapter 2 and Chapter 3, we observed good generalization of our COVID-19 models
could be achieved when applied to external data from, respectively, a teaching hospital
and the publicly available iCTCF dataset [110]. In some respects, the external datasets were
different compared to the training data, such as the patient population and the reference
standard. However, we found these discrepancies to be relatively limited in terms of the
overall computed tomography (CT) scan appearances, especially compared to the discrep-
ancies found between optical coherence tomography (OCT) datasets, which we will discuss
later in this section. Possible reasons for this include the more standardized nature of the
quantitative Hounsfield scale in CT and the general use of the standardized data format
Digital Imaging and Communications in Medicine (DICOM) in radiology. Consequently, we
considered these external datasets to at least closely align with our training distribution.

In Chapter 4, we also found the algorithms from the teams participating in the Artifi-
cial Intelligence for Robust Glaucoma Screening (AIROGS) challenge to generalize well to
both internal and external test sets. The algorithms performed similarly for referable glau-
coma classification to 20 expert ophthalmologists and optometrists on the AIROGS test set.
They generally achieved even higher performance on the external datasets. This could be
attributed to the large and diverse training set, which included color fundus photographs
(CFPs) from many different sites and devices. Furthermore, the external test sets likely
contained fewer borderline cases and more patients with advanced glaucoma stages, gen-
erally allowing for less ambiguous interpretations.
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Similarly, the DL models for OCT applications, specifically the age-related macular de-
generation (AMD) classification model in Chapter 5, and the underlying model from Liefers
etal forthe segmentation of AMD biomarkers [68] used in Chapter 6, demonstrated strong
performance on internal test sets. However, we observed substantial performance degra-

dations when these models were applied to external datasets from diverse OCT devices.

8.1.1 Robustness through uncertainty

Modern DL models are prone to produce inaccurate and over-confident probability out-
puts [28,320, 321]. To address this, uncertainty estimation has emerged and grown as a
research field over the last few years, aiming to answer the question: Can our models com-
municate to the outside world what they know and do not know? Furthermore, uncertainty
estimation techniques are known to be effective at OOD detection [215]. Given these ad-
vancements, we explored various ways of enhancing the robustness of DL models through
uncertainty.

When organizing the AIROGS challenge (Chapter 4), we only provided gradable CFPs
for model training. However, the unfiltered, real-world test set included both gradable
and ungradable data. The participating teams were tasked with identifying this ungrad-
able data, encouraging the development of general methods that are robust to any ungrad-
able or unexpected input data. The participating teams proposed diverse solutions, pre-
dominantly based on uncertainty estimation or OOD detection methods. These ranged
from techniques based on the image reconstruction error of (variational) auto-encoders
[172,183] to methods using multiple model forwards passes, such as Monte-Carlo dropout
[193,194], ensembles [192,321], or test-time augmentation [187,247]. Notably, the top three
teams allimplemented strategies based on domain knowledge. They developed DL models
to detect or segment relevant anatomical features in the images, such as the optic disc or
retinal vessels. The confidence or uncertainty of these models then served as a gradability
score. This finding raises questions about the effectiveness of domain knowledge-based
OOD detection methods for a wider range of medical imaging applications, a possibly in-
teresting direction for future research.

In Chapter 5, we introduced another approach leveraging uncertainty to improve DL ro-
bustness: Uncertainty-Based Instance eXclusion (UBIX). UBIX addresses the robustness of
classification models to data with localized OOD characteristics, such as local imaging arti-
facts. In OCT datasets, device-specific artifacts were found to significantly degrade perfor-
mance. By suppressing the influence of these artifacts on volume-level predictions, UBIX
can mitigate this degradation without requiring training on data with such artifacts. UBIX
was particularly effective when using deep ensembles as its underlying uncertainty esti-
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mation method. This is in line with previous research that identified deep ensembles as
an overall effective technique when compared to other predictive uncertainty quantifica-
tion methods under data shift [208]. Nevertheless, UBIX is expected to be compatible with
most uncertainty estimation techniques and may benefit from the integration with even
more effective OOD detection approaches. We validated UBIX for AMD staging in OCT, a
task well-suited for UBIX due to the variability and lack of standardization in OCT imaging
protocols and devices. Potential applications extend to other medical imaging domains

where dataset-specific artifacts can occur.

8.1.2 Generalization through generation

Recent advancements in generative DL have shown substantial progress, with models that
excel at a wide variety of tasks, including text [11], image [312], video [314], and audio [322]
generation. Generative models can be conditioned on specific information, such as text or
images [12,293,323], allowing generations guided by additional information. In this the-
sis, we aimed to enhance model robustness through conditional generative models that
realign shifted distributions of OCT datasets to a desired distribution.

In Chapter 6, we trained a Cycle-Consistent Generative Adversarial Network (Cycle-
GAN) to adapt the characteristics of OCT scans from one device to those in the training
data, aiming to enhance the robustness of a downstream segmentation model for delin-
eating incomplete retinal pigment epithelium (RPE) and outer retinal atrophy (iRORA)
and complete RPE and outer retinal atrophy (cCRORA). The downstream segmentation
model was trained on data from a Topcon OCT device whereas we applied it to OCT scans
from both Zeiss Cirrus and Heidelberg Spectralis devices. In particular, the contrast and
signal-to-noise ratio in scans from the latter device differed because of the use of B-scan
averaging. Our approach demonstrated good generalization and superior consistency
across devices compared to human annotations. We observed a 16% improvement in
quadratic weighted Cohen'’s x score when introducing the CycleGAN model. However,
establishing statistically significant differences in this dataset was challenging due to
low prevalence of iRORA and cRORA. Future research should focus on the evaluation
with more iRORA and cRORA cases to enhance the statistical power and reliability of the
findings.

In Chapter 7, we leveraged recent advancements in diffusion models as a generative
framework. Previous research has demonstrated that diffusion models are highly effec-
tive at utilizing information from other modalities, such as text, to generate high-fidelity
images and videos [324]. We extended this concept to standardize 3D OCT scans to
high-quality data based on 2D en face images by increasing their B-scan density. We
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think this standardization of OCT scans is important, as the variability in B-scan spacing
across datasets and vendors can result in highly inconsistent quantitative measure-
ments [297-300]. Our work demonstrated promising results in both qualitative and
quantitative evaluations. We quantitatively evaluated our approach in terms of classical
and perceptual image similarity metrics. However, future research should focus on
evaluating the benefits of these approaches for consistently and quantitatively measuring
biomarkers in OCT.

8.1.3 Model dimensionality

Throughout this thesis, our DL models were based on convolutional neural networks
(CNNs). When working with volumetric images like CT and OCT, we found that the
dimensionality of the convolutional kernels in these networks significantly influenced
model robustness. In our dimensionality experiments for CT data, detailed in Chapter
3, we observed that 3D architectures consistently outperformed their 2D counterparts.
The isotropic nature of the volumetric CT scans utilized in this work is well-suited for
vanilla 3D CNNs. It allows the model to use information from the additional dimension,
mirroring the workflow of radiologists when they consider multiple orthogonal planes

during the manual assessment of a scan.

For OCT scans, however, vanilla 3D CNNs may not always be the optimal design choice,
even though these scans are also volumetric. OCT scans are often anisotropic, typically
exhibiting larger B-scan spacing compared to the spacing within B-scans. Additionally, the
variability in B-scan spacing across different OCT datasets hampers the generalization of
trained 3D convolutional kernels, particularly when addressing robustness to data from
different devices. In Chapter 5, we found thata 3D CNN baseline performed well on internal
test data, but its performance dropped drastically on external data. This performance drop

was significantly less pronounced in 2D CNN-based architectures.

To effectively utilize information from multiple B-scans in anisotropic OCT, a hybrid ap-
proach has been proposed by de Fauw et al. [205], involving 2D convolutions in the xy-plane
combined with 1D convolutions in the z-direction in the deeper layers of the network. This
strategy was also implemented in the segmentation model from Liefers et al. [68] that we
used in Chapter 6. However, this method does not fully address all issues related to poor
generalization across different OCT devices. De Fauw et al. demonstrated this limitation
when their proposed model was applied to external data from a different device type than
the one used for training [205]. This underscores the need for data standardization tech-
niques, such as the approach proposed in Chapter 7.



192 | 8. GENERAL DISCUSSION

8.1.4 Concept shift

Aless explored aspect of robustness is concept shift [325], where the robustness modifier
(see Section 1.2) is not the deployment data but the definition of the labels. Changes in the
definition of a particular disease stage, forinstance, can resultin a decline in the measured
model performance. This phenomenon was observed in this thesis as a limiting factor for
the accurate estimation of external performance.

For example, in Chapter 3, CO-RADS labels were not available for the external test set,
which was labeled with a different classification system. We harmonized the classifica-
tion systems by binarizing the five-grade scoring system, which limited us in effectively
evaluating the models for the originally multi-class task. We encountered a similar issue
in Chapter 5 while standardizing AMD staging scales. In Chapter 4, we used a binary clas-
sification system (glaucoma vs. no referable glaucoma) for training, but the definitions
in the external evaluation sets, although similar, were not always identical. Notably, the
iRORA/cRORA detection model from Chapter 6 was based on more granular structural
features in OCT, likely making this approach more robust to future definition changes of
iRORA and cRORA. These observations highlight the necessity for well-defined reference
standards and their consistent adoption in research. This would not only limit concept

shifts, but also enhance the comparability of algorithms across different studies.

8.2 Clinical implications

8.2.1 Glaucoma screening

Population-wide screening for glaucoma is currently considered neither beneficial nor
cost-effective [326, 327]. However, targeted screening in high-risk populations, includ-
ing individuals with a family history of glaucoma, elderly individuals, and people with an
African American or Hispanic ethnic background, has demonstrated greater efficacy [328].
The implementation of broader screening programs is hindered by the subjectivity and low
specificity of many screening methods [328]. We expect that the relatively cheap imaging
modality of fundus photography could substantially enhance the widespread implemen-
tation of glaucoma screening. However, the subjectivity associated with CFP interpreta-
tion has been a constraining factor in its application for glaucoma screening [328]. In the
ATROGS challenge (Chapter 4), we used metrics based on high specificities, while limiting
subjectivity in our reference standard through the thorough training and continuous mon-
itoring of ophthalmologists and optometrists. Our results demonstrate that artificial intel-
ligence (AI) algorithms can achieve comparable performance to human graders.
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Previous Al solutions for CFP-based glaucoma screening suffered from low generaliz-
ability and the lack of transparency regarding which discriminatory factors algorithms
use to detect glaucoma [328]. We have addressed the generalization issue by releasing
the largest public CFP dataset for glaucoma screening, which includes patients from
diverse ethnic backgrounds and numerous screening sites, and demonstrated robust
performance on external test sets. A recent AIROGS follow-up challenge, the JustRAIGS
challenge®, aims to address the explainability issue by focusing on the identification of
ten specific glaucoma-related features.

An alternative approach to improve screening accuracy involves the use of more ad-
vanced imaging techniques such as OCT. However, cost and accessibility limitations re-
strict this deployment in a larger scope. As OCT technology continues to evolve and po-
tentially become more affordable, these limitations may be mitigated in the future.

Another promising approach is to integrate automated glaucoma screening algorithms
into existing diabetic retinopathy (DR) screening programs, where Al-based color fundus
analysis pipelines are already in place. Given the high performance of the AIROGS algo-
rithms, one would intuitively expect that setting a very strict operating point in such a set-
ting - one that avoids virtually any false positive - could still result in a significant number
of true positives with no additional costs related to overdiagnosis or the screening opera-
tion itself. However, studies investigating the cost-effectiveness of such approaches are

currently still lacking [329].

8.2.2 Managing AMD progression

Several applications and extensions of the models for AMD in OCT presented in this thesis
are conceivable. Firstly, generalizable models such as the one presented in Chapter 6 for
iRORA and cRORA segmentation can be of instrumental value in gaining better insights
into the disease progression from intermediate AMD to late AMD.

Utilizing these models in large-scale, longitudinal studies such as Macustar [266], a
multi-center study on intermediate AMD, may facilitate the development of novel inter-
ventions that could inhibit the progression of the disease. Such models may be beneficial
for conducting structure-function analyses, helping to elucidate which structural changes
are associated with vision loss. Additionally, implementing these segmentation models
and using their output as endpoints in clinical trials could improve the quantitative
assessment of intervention efficacy, resulting in more reliable trial outcomes.

The integration of Al models to assess the progression of wet AMD could revolution-

ize the management and clinical approval of anti-vascular endothelial growth factor (anti-

*https://justraigs.grand-challenge.org/
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VEGF) injections. Currently, wet AMD treatment strategies are predominantly based on
pro re nata or treat and extend regimens. We think that complementing these strategies
with Almodels - based on quantifiable growth measurements - may significantly enhance
the efficacy of these therapies, both during clinical trials and in clinical practice. As treat-
ments for geographic atrophy are becoming available [64], such strategies could also be

applied in the treatment of dry AMD patients.

8.3 Democratization and reproducibility through open source sci-

ence

There is a trend in machine learning towards larger models trained on increasingly bigger
datasets, seemingly outpacing the reduction in computational costs. This makes it diffi-
cult for smaller organizations to develop such models, concentrating the ownership of ad-
vanced Al models within large commercial entities. Often, these models will not be made
publicly available and open source, hampering academic researchers in using these mod-
els forless commercially viable, yet societally valuable, applications. Furthermore, the lack
of transparency and scientific documentation can introduce unknown biases and risks
that negatively impact society. Therefore, it is crucial for scientific Al research to maintain
an open source and scientific character. This is especially important for foundation mod-
els, which pose a promising next step for robust and generalizable DL models [14, 330].

In this thesis, we have made our code and models publicly accessible whenever feasible.
We have made our algorithms easily reproducible through the Grand Challenge platform
(grand-challenge.org). Through a web interface, users can freely apply their own data to
our CORADS-Almodel described in Chapter 2 and 3, as well as the participating algorithms
from the AIROGS challenge in Chapter 4, and the UBIX model discussed in Chapter 5. For
the remaining algorithms in this thesis, we are still in the process of making them compat-
ible with the Grand Challenge platform. Additionally, the evaluation code for the AIROGS
challenge is publicly available and the automated evaluation of new submissions is still
supported through the Grand Challenge platform. Relevant links to code and algorithms
are provided in the respective chapters of this thesis.

8.4 Concluding remarks

We have presented multiple approaches to enhance the robustness of DL models in oph-
thalmology and radiology settings. Specifically, we developed models for the detection and
quantification of COVID-19, the classification of glaucoma, and the grading and quantifica-
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tion of AMD. These models demonstrated good generalization to data distributions that
were similar to the distribution of the training data. In scenarios where the data signifi-
cantly diverged from the training distribution, we identified methods to accurately detect
these occurrences and strategies to mitigate the resulting performance degradation.

Incorporating mechanisms to increase robustness is important for the transition of DL
models from research settings to real-world medical applications. However, additional
challenges need to be addressed to ensure the clinical utility and trustworthiness of
these models. These challenges include the integration of models into clinical workflows,
which can be particularly challenging within the closed systems of ophthalmology, cost-
effectiveness analyses, and prospective validation studies to assess the clinical impact of
these systems.
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Summary

Deep learning (DL) models for medical image analysis have gained substantial popular-
ity over the past decade. Despite high performance in lab settings, these models often
fall short when applied in the real world. This can have considerable negative impact on
both trust in these algorithms and their clinical use. A major cause of this failure is the
absence of intrinsic mechanisms within most systems to enhance robustness. In this the-
sis, we addressed three facets of robustness: (1) the model’s ability to perform well on data
very close to or identical to the training distribution, (2) the model’s ability to flag ungrad-
able images or out-of-distribution (OOD) data, and (3) the model’s ability to maintain high
performance when data in the deployment setting is slightly or locally unaligned with the
training distribution. We developed and validated approachesto address these robustness
facets in radiology and ophthalmology applications. For radiology, we focused on the rapid
triage of pulmonary coronavirus disease 2019 (COVID-19) using chest computed tomogra-
phy (CT) scans, employing automated disease likelihood assessment and severity scoring.
For ophthalmology, we devised and evaluated methods for increased robustness of DL sys-
tems for various retinal diseases and imaging modalities. These approaches were applied
to systems for glaucoma screening using color fundus photographs (CFP), along with mod-
els for staging and biomarker quantification of age-related macular degeneration (AMD)
from optical coherence tomography (OCT) scans.

CHAPTER 2 introduces CORADS-AI a DL system for assessing pulmonary COVID-19
in chest CT scans using CO-RADS and CT severity scoring. This system comprises algo-
rithms for lobe segmentation, CO-RADS classification, and a CT severity score for measur-
ing the level of parenchymal involvement in each lobe. We evaluated the system under
conditions close to the training distribution, using internal evaluation with eight indepen-
dent observers, and external evaluation. We found high agreement between the system
and the observers for the CO-RADS and CT severity scoring tasks on the internal test set
and good generalizability to external data.

In CHAPTER 3, we present a more technical analysis of the CO-RADS grading model
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from Chapter 2. In DL research, there is a predominant focus on developing novel architec-
tural modifications, often at the expense of generalizability across different datasets. This
trend neglects systematic comparisons among commonly used algorithm components.
Therefore, we present a systematic analysis of commonly used approaches. This analy-
sis includes the evaluation of both the two-dimensional and three-dimensional variants
from seven commonly used classification algorithms. Moreover, we performed an abla-
tion study for network weight initialization strategies, methods for including prior infor-

mation, and ways of defining the model output format.

CHAPTER 4 introduces the Artificial Intelligence for RObust Glaucoma Screening
(AIROGS) challenge, promoting the development of robust glaucoma screening algo-
rithms capable of handling OOD and ungradable data. We presented a large dataset
of around 113,000 CFPs from 60,000 patients and 500 screening sites. The challenge
focused on both referable glaucoma classification, and ungradable image detection
without the use of ungradable training data. We evaluated solutions from 14 teams and
found they performed similarly to a set of 20 expert ophthalmologists and optometrists
on our test set. Moreover, using three external datasets, we demonstrated highly robust
performance on three other publicly available datasets. Popular methods amongst the
winning teams included vision transformers, the inclusion of optic disc detection models

in pre-processing, and domain knowledge-based OOD detection.

In CHAPTER 5, we propose Uncertainty-Based Instance eXclusion (UBIX), a method to
enhance the robustness of DL classification models. This method provides robustness to
locally OOD data, without the need for any additional training, either supervised or unsu-
pervised, on such data. UBIX employs multiple-instance learning and uncertainty estima-
tion to minimize the impact of corrupted instances during inference. While UBIX can po-
tentially be applied to various classification tasks, our study focused on its use for staging
AMD using OCT scans. We trained our models using data from a single scanner and then
tested them on external datasets from various vendors, which included vendor-specific
artifacts. Our results demonstrated that incorporating UBIX enhanced performance on

these external datasets, surpassing the outcomes observed in models without UBIX.

In CHAPTER 6, we apply domain adaptation (DA) techniques for the increased robust-
ness of segmentation models for biomarkers related to the intermediate stage of AMD in
OCT. For segmentation, we used a model trained on data from one scanner. We devel-
oped a Cycle-Consistent Generative Adversarial Network (CycleGAN) to transform the vi-
sual characteristics of scans obtained from another scanner into the appearance of the
scans used for training our segmentation model. This approach was evaluated on data
from MACUSTAR, a large European prospective and multicenter study on the progression
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of AMD. We showed improved segmentation performance when using DA in the process-
ing pipeline and found that our model was more consistent across scanners than the hu-
man annotator.

CHAPTER 7 also addresses the issue of the large variability in OCT appearances
between scanners. The variability in image resolution can impair the consistency in
biomarker quantification both within and across studies. In this chapter, we aimed to pro-
vide a first step towards a standardized, high-fidelity OCT scan by using a super-resolution
approach based on a 3D diffusion model. We proposed to condition this diffusion model
on en face images, allowing for well-informed generative decisions. We conducted both
qualitative and quantitative analyses to demonstrate the feasibility of employing this
super-resolution method. Specifically, the technique was used to enhance OCT volumes

with low B-scan density to volumes that are 8 times denser.
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Deep learning (DL)-modellen voor medische beeldverwerking zijn het afgelopen de-
cennium zeer populair geworden. Hoewel deze modellen in onderzoeksomgevingen
doorgaans goed presteren, schieten ze vaak tekort in de echte wereld. Dit kan aanzienlijke
negatieve gevolgen hebben op zowel het vertrouwen in deze algoritmen als hun gebruik in
de Kkliniek. Een belangrijke oorzaak van deze verminderde prestaties is het ontbreken van
intrinsieke mechanismen binnen de meeste systemen om robuustheid te bevorderen. In
dit proefschrift richten we ons op drie aspecten van robuustheid: (1) het vermogen van het
model om goed te presteren op data die zeer gelijkend of identiek is aan de verdeling van
de trainingsdata, (2) het vermogen van het model om niet-beoordeelbare afbeeldingen
of out-of-distribution (OOD) data te herkennen en (3) het vermogen van het model om
goed te blijven presteren wanneer data in de implementatiecontext enigszins of lokaal
verschilt van de verdeling van de trainingsdata. We hebben methoden ontwikkeld en
gevalideerd om deze robuustheidsaspecten te onderzoeken voor toepassingen binnen
de oogheelkunde en de radiologie. Binnen de radiologie richtten we ons op de snelle
triage van pulmonaire coronavirus disease 2019 (COVID-19) door middel van computed
tomography (CT) scans van de borstkas, waarbij we automatisch de waarschijnlijkheid
en de ernst van de ziekte analyseerden. Binnen de oogheelkunde hebben we methoden
ontwikkeld en geévalueerd om de robuustheid van DL-systemen voor verschillende
netvliesaandoeningen en beeldvormingsmodaliteiten te verbeteren. Deze methoden
zijn toegepast op modellen voor zowel de screening van glaucoom door middel van
kleurenfundusfoto’s (KFF’s), de herkenning van de verschillende stadia van leeftijdsge-
bonden maculadegeneratie (LMD) op basis van optische coherentietomografie (OCT) als
de kwantificatie van LMD-gerelateerde biomarkers in OCT.

HOOFDSTUK 2 introduceert CORADS-AI, een DL-systeem voor de beoordeling van
pulmonaire COVID-19 in CT-scans van de borstkas door middel van CO-RADS en een
CT-ernstscore. Dit systeem bestaat uit algoritmen voor segmentatie van de longkwabben,
CO-RADS-classificatie en de CT-ernstscore voor het meten van de hoeveelheid parenchy-
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male betrokkenheid in iedere kwab. We evalueerden het systeem onder omstandigheden
die vergelijkbaar waren met die tijdens het verkrijgen van de trainingsdata, met behulp
van een interne evaluatie met acht onafhankelijke waarnemers en een externe evaluatie.
De overeenstemming tussen de waarnemers voor de CO-RADS- en CT-ernstscore-taken

was hoog in de interne dataset en het systeem generaliseerde goed naar de externe data.

In HOOFDSTUK 3 presenteren we een technischere analyse van het CORADS-
classificatiemodel van Hoofdstuk 2. In DL-onderzoek ligt de nadruk vooral op het
ontwikkelen van nieuwe architectuuraanpassingen, wat vaak ten koste gaat van de gen-
eraliseerbaarheid over verschillende datasets. Deze tendens verwaarloost systematische
vergelijkingen tussen al bestaande, veelgebruikte algoritmecomponenten. Daarom pre-
senteren we een systematische analyse van veelgebruikte methoden. Deze analyse omvat
de evaluatie van zowel tweedimensionale als driedimensionale varianten van zeven
veelgebruikte classificatiealgoritmen. Daarnaast hebben we een ablatiestudie uitgevoerd
naar initialisatiestrategieén van netwerkgewichten, methoden om a-priori-informatie te

gebruiken en manieren om de vorm van de modeluitvoer te definiéren.

HOOFDSTUK 4 introduceert de Artificial Intelligence for RObust Glaucoma Screening
(AIROGS) challenge, gericht op het promoten van de ontwikkeling van robuuste algorit-
men voor glaucoomscreening die in staat zijn om OOD en niet-beoordeelbare data te
herkennen. We presenteerden een grote dataset met ongeveer 113.000 KFF's afkomstig
van 60.000 patiénten en 500 screeningslocaties. De challenge richtte zich op zowel de
classificatie van verwijsbaar glaucoom als het herkennen van niet-beoordeelbare af-
beeldingen, zonder gebruik te maken van niet-beoordeelbare trainingsdata. We evalueer-
den oplossingen van veertien teams en ontdekten dat ze op onze test set vergelijkbaar
presteerden met een groep van twintig ervaren oogartsen en optometristen. Verder
hebben we door middel van drie externe datasets laten zien dat de ontwikkelde algorit-
men zeer robuust waren. Populaire methoden onder de winnende teams waren vision
transformers, het gebruik van detectiemodellen voor de papil tijdens het voorbewerken
van de data, en op domeinkennis gebaseerde OOD-detectie.

In HOOFDSTUK 5 stellen we Uncertainty-Based Instance eXclusion (UBIX) voor, een
methode om de robuustheid van DL-classificatiemodellen te vergroten. Deze methode
biedt robuustheid tegen data die lokaal OOD is, zonder dat extra training, zowel supervised
als unsupervised, met dergelijke data nodig is. UBIX maakt gebruik van multiple-instance
learning en onzekerheidsschatting om de invloed van corrupte instances tijdens het
toepassen van het model te minimaliseren. Hoewel UBIX in potentie kan worden
toegepast op verschillende classificatieproblemen, richtte onze studie zich op het gebruik
ervan voor het herkennen van LMD-stadia in OCT-scans. Onze modellen zijn getraind op
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data van één scanner en vervolgens getest op externe datasets van verschillende lever-
anciers, welke artefacten bevatten die specifiek bij die leveranciers voorkwamen. Onze
resultaten lieten zien dat het gebruik van UBIX de prestaties op deze externe datasets
verbeterde, vergeleken met modellen zonder UBIX.

In HOOFDSTUK 6 passen we domain adaptation (DA)-technieken toe om de
robuustheid van segmentatiemodellen voor biomarkers gerelateerd aan het tussen-
stadium van LMD in OCT te verbeteren. We gebruikten een segmentatiemodel getraind
met data van één scanner. Vervolgens hebben we een Cycle-Consistent Generative
Adversarial Network (CycleGAN) ontwikkeld om de visuele kenmerken van scans van een
andere scanner om te zetten naar die van de scans die gebruikt zijn voor het trainen van
het segmentatiemodel. Deze aanpak is geévalueerd op data van MACUSTAR, een grote Eu-
ropese prospectieve en multicenterstudie naar de progressie van LMD. We hebben laten
zien dat de segmentaties verbeterden bij gebruik van DA en dat het model consistenter
was tussen scanners dan de menselijke analist.

HOOFDSTUK 7 richt zich ook op het probleem van de grote verschillen in OCT-beelden
tussen scanners. De variabiliteit in beeldresolutie kan nadelige gevolgen hebben op de
consistentie in biomarkerkwantificatie, zowel binnen als tussen studies. In dit hoofdstuk
hebben we ons gericht op een eerste stap richting een gestandaardiseerde OCT-scan
van hoge kwaliteit door middel van een superresolutiemethode gebaseerd op een dried-
imensionaal diffusiemodel. We stelden voor om dit diffusiemodel te conditioneren op
en-face-beelden, wat het model dient te helpen met het maken van beter geinformeerde
generatieve beslissingen. We hebben zowel kwalitatieve als kwantitatieve analyses
uitgevoerd om de haalbaarheid aan te tonen van een dergelijke superresolutiemethode.
De ontwikkelde techniek is gebruikt om OCT-volumes met een lage B-scandichtheid te

verbeteren tot volumes die acht keer dichter zijn.
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