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Abstract

The Coronavirus disease pandemic has highlighted the importance of artificial intel-
ligence in multi-institutional clinical settings. Particularly in situations where the
healthcare system is overloaded, and a lot of data is generated, artificial intelligence
has great potential to provide automated solutions and to unlock the untapped poten-
tial of acquired data. This includes the areas of care, logistics, and diagnosis. For
example, automated decision support applications could tremendously help physicians
in their daily clinical routine. Especially in radiology and oncology, the exponential
growth of imaging data, triggered by a rising number of patients, leads to a per-
manent overload of the healthcare system, making the use of artificial intelligence
inevitable. However, the efficient and advantageous application of artificial intelligence
in multi-institutional clinical settings faces several challenges, such as accountability
and regulation hurdles, implementation challenges, and fairness considerations. This
work focuses on the implementation challenges, which include the following questions:
How to ensure well-curated and standardized data, how do algorithms from other
domains perform on multi-institutional medical datasets, and how to train more robust
and generalizable models? Also, questions of how to interpret results and whether
there exist correlations between the performance of the models and the character-
istics of the underlying data are part of the work. Therefore, besides presenting
a technical solution for manual data annotation and tagging for medical images, a
real-world federated learning implementation for image segmentation is introduced.
Experiments on a multi-institutional prostate magnetic resonance imaging dataset
showcase that models trained by federated learning can achieve similar performance
to training on pooled data. Furthermore, Natural Language Processing algorithms with
the tasks of semantic textual similarity, text classification, and text summarization are
applied to multi-institutional, structured and free-text, oncology reports. The results
show that performance gains are achieved by customizing state-of-the-art algorithms
to the peculiarities of the medical datasets, such as the occurrence of medications,
numbers, or dates. In addition, performance influences are observed depending on
the characteristics of the data, such as lexical complexity. The generated results,



human baselines, and retrospective human evaluations demonstrate that artificial
intelligence algorithms have great potential for use in clinical settings. However, due
to the difficulty of processing domain-specific data, there still exists a performance
gap between the algorithms and the medical experts. In the future, it is therefore
essential to improve the interoperability and standardization of data, as well as to
continue working on algorithms to perform well on medical, possibly, domain-shifted
data from multiple clinical centers.



Zusammenfassung

Die Coronavirus-Pandemie hat die Bedeutung von kiinstlicher Intelligenz in multizen-
trischen klinischen Settings besonders deutlich gemacht. Vor allem in Situationen,
in denen das Gesundheitssystem uberlastet ist und gleichzeitig viele Daten generiert
werden, kann kinstliche Intelligenz automatisierte Losungen anbieten, um das hohe
Potenzial erfasster Daten besser zu nutzen. Dies trifft insbesondere in den Berei-
chen Pflege, Logistik und Diagnose zu. So konnten beispielsweise automatisierte
Anwendungen Arzte in ihrer téglichen klinischen Routine bei Entscheidungen enorm
unterstiitzen. Gerade in der Radiologie und Onkologie fithrt das exponentielle Wachs-
tum der auszuwertenden Bilddaten, unter anderem ausgelost durch eine steigende
Zahl von Patienten, zu einer permanenten Uberlastung des Gesundheitssystems, was
den Einsatz von kinstlicher Intelligenz unumganglich macht. Die effiziente und vorteil-
bringende Anwendung von kiinstlicher Intelligenz in klinischen Settings mit mehreren
Institutionen steht jedoch vor verschiedenen Herausforderungen, wie zum Beispiel
Hirden bei Verantwortlichkeiten und Regulierungen, Implementierungsproblemen und
Fairnessiuiberlegungen. Diese Arbeit konzentriert sich auf die Herausforderungen bei
der Implementierung, zu denen die folgenden Fragestellungen gehoren: Wie kénnen
gut kuratierte und standardisierte Daten erstellt werden? Wie schneiden Algorithmen
aus anderen Domanen angewandt auf medizinische Datensatze verschiedener Insti-
tutionen ab? Und wie konnen robuste und generalisierte Modelle trainiert werden?
Weiterhin wird diskutiert, wie die Ergebnisse zu interpretieren sind und ob es Korrela-
tionen zwischen der Performance der Modelle und den Eigenschaften der zugrunde
liegenden Daten gibt. Daher wird in dieser Arbeit nicht nur eine technische Losung fiir
die manuelle Datenannotation und das Tagging von medizinischen Bildern vorgestellt,
sondern auch eine praxisbezogene Implementierung von foderiertem Lernen fur die
Bildsegmentierung prasentiert. Experimente auf einem Prostata-Datensatz verschiede-
ner Institutionen zeigen, dass Modelle, die durch foderiertes Lernen trainiert werden,
ahnliche Ergebnisse erzielen konnen wie durch das Training auf zusammengefiithrten
Daten. Daruber hinaus werden Algorithmen der naturlichen Sprachverarbeitung auf
strukturierte und Freitext-Onkologie Befunde mehrerer Institutionen angewendet.
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Hierbei werden vor allem die Themenbereiche der semantischen Ahnlichkeit zwischen
Texten, sowie der Klassifizierung und der Zusammenfassung von Texten behandelt. Die
Ergebnisse zeigen, dass die state-of-the-art Algorithmen eine verbesserte Performance
erreichen konnen, indem diese an die Besonderheiten der medizinischen Datensatze
anpasst werden. Dies betrifft zum Beispiel das Vorkommen von Medikamenten, Zahlen
oder Daten in medizinischen Texten. Daruber hinaus werden Leistungsunterschiede
in Abhangigkeit von den Eigenschaften der Daten wie der lexikalischen Komplexitat
beobachtet. Die generierten Ergebnisse, die Baselines der Annotatoren und die retro-
spektiven Bewertungen von Annotatoren zeigen, dass Algorithmen der kiinstlichen
Intelligenz grofSes Potenzial fir den Einsatz im klinischen Umfeld haben. Allerdings be-
steht aufgrund der erschwerten Verarbeitung domanenspezifischer Daten immer noch
eine Licke zwischen der Performance von Algorithmen und medizinischen Experten.
In Zukunft ist es demnach wichtig, die Interoperabilitat und die Standardisierung von
Daten zu verbessern und weiterhin an Algorithmen zu arbeiten, die auf medizinischen,
moglicherweise multizentrischen Daten aus mehreren Kliniken gut funktionieren.
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Introduction

1.1 The bigger picture

The outbreak of the Coronavirus disease ( COVID-19 ) has drawn special attention to
healthcare systems all over the world. The use of arti cial intelligence ( Al) algorithms
could address major challenges occurring in such a crisis like managing limited
healthcare resources, developing personalized treatment plans, or predicting virus

spread (Klumpp et al., 2021). Advances in Al will more and more reshape medicine
and potentially improve the experience of both clinicians and patients (Rajpurkar et al.,

2022). Oncology, in particular, is at the forefront of the transformation brought by

Al given the wide range of applications and the exponential growth in data (Huang

et al., 2020; Kann et al., 2021). A key driving factor for Al to reach its full potential in
the medical domain is its application across multiple clinical sites (Rieke et al., 2020).

Only by training an Al model on suf ciently large, heterogeneous, and well-curated
data, the trained model can achieve clinical-grade accuracy. Therefore, by training a

model in a multi-institutional setting, it is ensured that the resulting model is safe, fair,

and equitable and that it performs robustly and generalizable on unknown, unseen

data (Rieke et al., 2020). The highly sensitive and tightly regulated use of health data

limits data sharing and pooling, which requires working in multi-institutional clinical

settings to obtain access to large, heterogeneous datasets (Rieke et al., 2020). Besides

bene cial training conditions for algorithms, multi-institutional clinical settings are

also essential to allow an evaluation of developed Al algorithms on a wide range
of versatile, diverse clinical data (Rajpurkar et al., 2022). Independent of multi-
institutional settings, Klumpp et al. (2021) divide the most promising applications of
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Al in hospitals and the healthcare sector into three main areas: diagnosis, care, and
logistics.

In the care area, improving healthcare ef ciency and treatments through the applica-

tion of Al is an important building block to handle, for example, the increasing number

of older, frailer, multi-morbid patients with chronic diseases (Klumpp et al., 2021).

In the logistics area, Al can be applied, exempli gratia ( e.g.), to optimize scheduling
and transportation planning. As a major logistics challenge in the eld of radiation
therapy, Huynh et al. (2020) identify the shortages of workforce induced by the
growing complexity of radiation therapy work ows. Those work ows require time-
consuming, manual input by a diverse team of healthcare professionals consisting of
radiation oncologists, medical physicists, medical dosimetrists, and radiation therapists.

In addition, the authors fear global inequalities in cancer care between healthcare
systems due to differences in available technical and infrastructural resources, as well

as a gap in the knowledge and experience of the medical staff.

This work mainly focuses on potential applications of Al in the eld of diagnosis. In
diagnosis, automated decision support applications can help the physician in his daily
clinical routine. Rising numbers of generated medical data, which include molecular
assays, Electronic health record ( EHR), and clinical and pathological images, pose new
challenges for physicians (Klumpp et al., 2021). Especially in radiology and oncology,

the amount of radiological imaging exams is growing. Huang et al. (2020) reports that

an average radiologist would need to interpret an image every 3-4s over an 8-h workday

to meet the increased demanded workload. Possible use cases of Al in radiology include
pattern recognition, decision-making, segmentation, the extraction of biomarkers and
radiomics features, or the prediction of tumor growth (Huynh et al., 2020; Kleesiek

et al., 2020). Furthermore, it is almost impossible for physicians to manually examine

the large amount of daily generated textual data, which contains valuable information

for medical decision-making processes and further medical treatment. This holds

in particular since most of the textual data is unstructured and often written in a
free-form narrative language, making automatic access to the data dif cult. From a
medical point of view, unstructured text data also increases the risk of incompleteness

and lack of comprehension of relevant information (Wang et al., 2018a; Liu et al.,
2019a).

An introduction of structured reporting and the use of Natural Language Process-

ing ( NLP ) can help to process a huge amount of textual data automatically (Wang et al.,
2020, 2018b; Weber et al., 2020; ESR, 2018; Nobel et al., 2020). For example, the
NLP task semantic textual similarity ( STS) has the potential to ease clinical decision
processes ( e.g. by highlighting crucial text snippets in a report), to query databases for
similar reports, to assess the quality of reports or for the use in question answering ap-
plications (Kades et al., 2021). Also, the downstream task of text classi cation has the
potential to index reports and automatically retrieve information from electronic health
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records (Fink et al., 2022a; Yim et al., 2016). Besides the growing amount of data, also

its complexity and heterogeneity, as well as the diversity in diseases, make it more

dif cult for physicians to include all information available for the diagnosis (Klumpp

et al., 2021; Davenport and Kalakota, 2019). The increase of complex, heterogeneous
medical data paired with a limited number of experts and time-consuming tasks results

in a constantly growing demand for applications of Al for diagnosis (Davenport and
Kalakota, 2019; Dash et al., 2019; Scherer, 2022). Watson et al. (2019) prognoses
that the application of machine learning algorithms might even radically improve the
ability to diagnose and treat diseases. Huynh et al. (2020) suggest that replacing
time-consuming tasks like visual perception or pattern recognition could improve the
availability and quality of cancer care worldwide. Finally, personalized medicine will

be more easily facilitated through the use of Al (Kleesiek et al., 2020).

The following section gives an overview and background information on the technical
clinical landscape as well as of Al algorithms in the clinical domain. Section 1.3
motivates the work by presenting challenges, and possible solution approaches to put

Al into clinical practice. The main contributions of this work are introduced in detail in
Section 1.4.
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1.2 Status quo

1.2.1 The data landscape in the clinics

The purpose of healthcare systems is to prevent, diagnose and treat health-related

issues or impairments of human beings (Dash et al., 2019). Generally, a healthcare

system consists of health professionals like physicians or nurses and health facilities

like clinics and hospitals (Dash et al., 2019). Throughout the treatment of patients,

a lot of heterogeneous data is generated, partially by health professionals, e.g., in
the form of narrative reports or by devices and equipment used to assess a patient's

health state. The rst medical report dates back to 1600 BC in Egypt, written on

papyrus text (Dash et al., 2019; Gillum, 2013). The format of handwritten or typed

reports persisted until the advent of computer systems. A standard digital format to

store medical data called EHR was introduced in 2003 by the division of the National
Academies of Sciences, Engineering, and Medicine to improve the healthcare sector

for the bene t of patients and clinicians (Dash et al., 2019). As of 2012, it is reported

that 500 petabytes of EHR data were generated and Sun and Reddy (2013) prognosed

to reach 25 exabytes of data by 2020 (Yu et al., 2019).

EHRs contains past, present, and future information about the patient's health condi-

tion. The longitudinal information includes, amongst others, patient demographics, vi-

tal signs, medications, laboratory data, imaging data, and narrative text data (Shamout

et al.,, 2021). To store the various data, healthcare institutions have a variety of
healthcare information systems at their disposal which include: Hospital Information

System ( HIS ), Clinical Information System ( CIS), Picture Archiving and Communica-
tion System ( PACS), Laboratory Information System ( LIS ), and Radiology Information
System ( RIS), with each one saving speci c types of clinical data (Yu et al., 2019). In

general, clinical data can be divided into medical images, clinical notes, and other

data. Other data include e.g., results of physiological measurements like lab results or

vital signs, demographic information or payment and insurance information (Yu et al.,

2019). In the following, medical image data and clinical notes are discussed in more

detail.

Medical images are recorded by different techniques, which include, e.g., X-rays,
computed tomography ( CT), magnetic resonance imaging ( MRI ), Optical Coherence
Tomography ( OCT), microscopy imaging, and positron emission tomography ( PET) (Yu
et al., 2019). The type of imaging denotes the modality of the recorded image. Each

technique has its advantages and disadvantages. According to Yu et al. (2019), MRI s
are suited to detect pathologies of the brain, of the cardiac system, and of the bones

and joints. CTs are good when examining abdominal organs and the chest. X-rays are

often used for the chest and the breast. In 1985, the image format Digital Imaging and
Communications in Medicine ( DICOM ) was introduced as a standard image format
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in radiology and nuclear medicine by the National Electrical Manufacturers Associ-

ation (NEMA) (NEMA, 2021). For the application of deep learning ( DL) or machine
learning models, other formats are often preferred by the developers, which include
Neuroimaging Informatics Technology Initiative ( NIfTI ) (Initiative, 2011) or "nearly
raw raster data" ( Nrrd ) (teem, 2023) (Scherer, 2022). Medical images are typically

2D or 3 D recordings of the body. In the case of 3 D, multiple 2 D slices of the body are
recorded and put together into one image. There exist also 4D medical images, which

include a temporal axis in the image or different modalities. The images are saved in

vector format, where 2 D images consist of pixels and 3D images of voxels (Yu et al.,
2019). To handle segmentation objects in a standardized way, e.g., the segmentation of
a liver, the DICOM for Quantitative Imaging ( dcmgi ) tool from Andrey Fedorov (2023)
offers ways to create standard-compliant DICOM Segmentation Objects ( DICOM SEG )
froma NIfTI or Nrrd mask (Scherer, 2022). In hospitals and clinics, all imaging data
generated by the different medical devices are stored in a dedicated PACS. Along
with the image information, metadata about the patient as well as technical param-

eters are captured. There exist many tools to examine and analyze these images or

to create pixel-wise annotations, examples include the Medical Imaging Interaction

Toolkit ( MITK ) (Wolf et al., 2004; Nolden et al., 2013), 3D Slicer (Lasso, 2019) or
zero-footprint web-based Open Health Imaging Foundation ( OHIF ) Medical Imaging
Viewer (Urban et al., 2017).

Clinical notes are often written in narrative text form and contain discharge summaries
and various kinds of measurement reports (Yu et al., 2019). Discharge summaries can
include a description of lab test results, physician diagnoses, drugs, and treatments.
Indirect information like family history, medical history or allergies can also be part
of the report (Yu et al., 2019). In many cases, the reports are composed of acronyms
and nonstandard clinical jargon and do not follow institution-speci ¢ document struc-
tures (Hasan and Farri, 2019). Furthermore, clinical reports often differ in quality and
length due to time limitations or because snippets are simply copy-pasted from other
reports (Kades et al., 2021; Embi et al., 2013; Zhang et al., 2014).

Multiple efforts exist to standardize narrative reports to improve readability and

automatic information extraction. For example, in the eld of radiology, Weber et al.

(2020) introduced Structured Oncology Reporting at University Hospital Heidelberg

(UKHD ) to increase the completeness and comprehensibility of reports. The concept is
presented in Section 3.2.2 in more detail. Besides the standardization of the data itself,

efforts exist to standardize the communication and transfer of data by introducing well-

de ned application programming interfaces ( APIs) between different clinical software
applications. A promising future solution might be a SMART on FHIR protocol using
the HL7 standard (Mandel et al., 2016; SMART, 2019; HL7, 2019; Cutillo et al., 2020;
Scherer, 2022).
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1.2.2  The algorithmic landscape in the clinics

The concept of arti cial intelligence ( Al) exists since the 1950s. The original de nition
states that a machine can perform a given task just as well as a human (Kann et al.,

2021). Over the decades the eld has transformed from rule-based systems to Neural

networks ( NN s) and deep neural networks ( DNN s), mainly driven by the exponential
growth of data and the computing hardware advances (Huynh et al., 2020; Kann et al.,

2021). Also in medicine, with the explosion of healthcare data, especially, DL has
gained popularity for its ability in feature representation and pattern recognition (Yu

et al., 2019).

Rule-based systems, machine learning, neural networks, and deep neural
networks

Very early Al systems were rule-based systems, id est ( i.e.), the process of such a
system is solely de ned by heuristic rules given by human experts. The wide use

of rule-based systems started in the 1980s, especially for tasks like clinical decision

support (Davenport and Kalakota, 2019). While the systems perform well on a given

task and are easy to understand, they become more complicated with an increasing

number of rules and edge cases and often lack generalizability (Huynh et al., 2020;
Davenport and Kalakota, 2019). Over the decades, rule-based systems have been more

and more replaced by machine learning (ML) algorithms.

ML algorithms are based on statistical methods to t models to data. They are applied

to supervised or unsupervised tasks. In supervised tasks, a model learns a mapping

between an input and an output based on labeled training data. In unsupervised

tasks, the model is trained to identify patterns and properties of an underlying dis-

tribution in the data automatically (Shickel et al., 2018; Davenport and Kalakota,

2019). Logistic Regression ( LR), Support Vector Machines (  SVM ), Decision Trees ( DT),
Random Forests ( RF), Conditional Random Fields ( CRF), Bayesian Networks ( BN),
Principal Component Analysis ( PCA), and Latent Dirichlet Allocation ( LDA) are statisti-
cal machine learning methods, which nd manifold applications when working with

clinical data (Yu et al., 2019).

The use of NN s started in the 1960s with the mathematical development of the
backpropagation algorithm (Davenport and Kalakota, 2019; Huynh et al., 2020), which

is responsible for updating the weights of a NN based on a given loss function (Huynh

et al., 2020). With faster Graphics Processing Units ( GPUs) and increasing computing
power, DNN s have evolved. DNN s are characterized by multiple intermediate hidden
layers between input and output layers and are able to learn very complex, non-linear
relationships in data (Huynh et al., 2020). DL is widely used in radiology and oncology.
Popular tasks include classi cation, object detection, semantic segmentation, image
processing, and NLP (Davenport and Kalakota, 2019; Ueda et al., 2019). Since this
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work mainly covers  NLP and medical imaging algorithms, recent developments in
these algorithms are discussed in more detail below.

Natural Language Processing algorithms

For the eld of healthcare, the term clinical NLP evolved. The use of clinical NLP
involves all kinds of applications in conjunction with clinical notes. One major applica-

tion is automated information extraction from clinical notes. The extracted information

can be used to index clinical notes to query the data automatically or to transfer key
information into a tabular form (Velupillai et al., 10.03.2018). Further topics of interest

are text generation, summarization and classi cation as well as semantic textual simi-

larity, question answering, named entity recognition and de-identi cation (Davenport

and Kalakota, 2019; Shickel et al., 2018).

The eld of NLP followed a similar transition from rule-based systems over statistical
machine learning methods to NN s and DNN s. Traditional rule-based systems in clinical
NLP work based on heuristic rules de ned by a medical expert. For example, in Kang

et al. (2012), they introduce a NLP module consisting of ve submodules, with each
one de ning rules to improve biomedical concept normalization, which describes the
mapping between a clinical text and a biomedical knowledge base. Rules can be
hard-coded or enhanced by methods such as string matching and the application of
Regular expression ( regex ) or more sophisticated machine learning methods (Kang
et al., 2012).

A major challenge when working with texts is their representation as vectors. Common

ways to create input representations are Bag-of-Words ( BOW), one-hot vector encoding
techniques (Hasan and Farri, 2019), or term frequency-inverse document frequency
(TF-IDF ) scorings. Word2Vec (Mikolov et al.,, 2013) and Global Vectors for Word
Representation ( GloVe ) (Pennington et al., 2014) are early-developed methods that
make use of NN s. These methods capture the context of the words by creating a word
representation based on its surrounding. Training strategies for Word2Vec include,

e.g., Skip Gram and Continuous BOW (Kang et al., 2012). The models are commonly
pre-trained on many data using self-supervised tasks, such as mask word prediction.
Then, they are further ne-tuned using so-called downstream tasks such as semantic

textual similarity or text classi cation. DL algorithms learn high-dimensional vector-
representation that are based on character-level n-grams, words, phrases, sentences

or documents (Kang et al., 2012). Common DL network architectures used in NLP
are Convolutional Neural Networks ( CNN s), Recurrent Neural Networks ( RNN s) and

Long short-term memorys ( LSTM s), where the latter two are widely used for the task

of machine translation.

As summarized in Kades et al. (2021), the eld of NLP was revolutionized by the
invention of transformer models in recent years. With the use of the attention mecha-
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nism (Vaswani et al., 2017), the transformer architecture makes it possible to leverage

vast amounts of unlabeled data by capturing its semantic knowledge and generating

a model that contains a universal language representation. A well-known model in-
troduced in 2018 is Bidirectional Encoder Representation from Transformers ( BERT),
which is pre-trained on a massive amount of data with two unsupervised tasks: (1)

next sentence prediction and (2) masked word prediction (Devlin et al., 2019). After
pre-training, the model can be extended by additional layers and further ne-tuned

on respective downstream tasks like STS, text classi cation, or text summarization.
Depending on the task and the purpose of the transformer-based model, many new
architectures have evolved. Those either incorporate varying pre-training tasks (Clark

et al., 2020; Devlin et al., 2019; Sun et al., 2019), make use of multitask learning
approaches (Liu et al., 2019b) or combine the two approaches (Raffel et al., 2020;
Kades et al., 2021). To adapt to domain-speci ¢ datasets like clinical notes, many
efforts are made, such as further pre-training existing models or training models from

scratch solely on data of the target domain (Alsentzer et al., 2019; Lee et al., 2020;
Shrestha, 2021).

NLP was successfully applied in the clinical domain, e.g., for the automatic extraction
of International Classi cation of Diseases ( ICD )-codes from clinical notes (Lita et al.,
2008; Koopman et al., 2015) or for automatically extracting clinically relevant oncologic
information from radiologic reports (Kehl et al., 2019).

Medical image computing

Medical image computing ( MIC ) refers to the application of algorithms on medical
images. According to Ueda et al. (2019) and Scherer (2022), the most widespread

tasks include classi cation, object detection, semantic segmentation, image processing,

and image registration. Also in MIC early methods include rule-based systems, pixel-
wise operations, and the usage of statistical ML methods. The DL methods used in
MIC are mostly built on top of methods from the eld of Computer Vision ( CV). The
most common model architecture in MIC is the CNN . Recently, visual transformer
architectures have found their way into MIC . A well-known network for the task

of semantic segmentation is the U-Net architecture proposed by Ronneberger et al.

(2015). Due to its architecture, which consists of up- and down-sampling layers, it can

capture the full context of an image (Yu et al., 2019). In conjunction with the Medical
Segmentation Decathlon (Medical Segmentation Decathlon, 2023) in 2018, Isensee

et al. (2021) introduced the no new net U-Net ( nnU-Net ), which uses the U-Net
as proposed by Ronneberger et al. (2015), but optimizes the pre-processing of the

images, the architecture of the network, the training and the post-processing based on
characteristics of the underlying dataset. More information on the nnU-Net is given in
Section 3.1.2.
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Applications of MIC that can be used directly in clinical practice are, for example, the
prediction of a 3-year lung cancer risk from CTs, worked out by Huang et al. (2019), or
an implementation of an end-to-end CNN architecture on diffusion-weighted magnetic
resonance ( MR) images, proposed by Jager et al. (2017). The model is able to predict
whether an invasive biopsy for a breast cancer patient is really necessary.

1.2.3 Real-world initiatives between multiple clinics

There exist many initiatives which operate in multi-institutional settings. This section

will introduce two German initiatives, namely the Joint Imaging Platform ( JIP) (Joint
Imaging Platform, 2023) and Radiological Cooperative Network ( RACOON ) (The ra-
diology cooperation in NUM, 2023), which are of particular interest in this work

because most of the presented problems are motivated and implemented within the

two initiatives. They aim to put potential applications of Al in healthcare, presented

in Section 1.1, into practice as well as to tackle respective challenges, presented in

Section 1.3. Some of the questions and problems presented in this work are motivated

by requirements and use cases within those initiatives. Details about the technical

setup within the initiatives are given in Section 3.1.2. The following two paragraphs

are strongly based on the introduction of the projects from the work of Scherer (2022).

The Joint Imaging Platform ( JIP) (Joint Imaging Platform, 2023) is a strategic initiative

to establish a standardized, distributed information technology ( IT) infrastructure
for medical imaging in cancer research across multiple clinical centers in Germany.
The initiative was launched in 2017 by the German Cancer Consortium ( DKTK ) and

includes 11 cooperation partners whose locations are shown in Figure 1.1: Charité

Berlin, Dresden, Disseldorf, Essen, Frankfurt, Freiburg, Heidelberg, Mainz, LMU

Munich, TU Munich, and Tabingen. Besides the technical infrastructure, the project

also aims at improving collaborations and networking of experts as well as the creation

of joint projects in ~ MIC . Since 2017, a technical infrastructure, which is also called JIP,
was implemented and distributed to each site. The JIP embeds itself into the clinical IT
infrastructure without disturbing the clinical routine. It has an access point to receive

DICOM s from the clinical  PACS, offers a meta-data-based cohort selection and most
importantly allows the execution of state-of-the-art algorithms. Following Scherer

(2022), the platform should give support for the execution of clinical studies by allowing

for image-based patient strati cation, therapy monitoring, radiomics analysis as well as

early detection and progression assessment. Currently implemented work ows include,

e.g., the nnU-Net and a radiomics pipeline. Unique selling points of the JIP comprise
from a technical point of view, its seamless integration into the clinical IT infrastructure,
its highly standardized execution of algorithms using container technologies as well

as the possibility to evaluate and train Al algorithms across different clinical centers.

From a political point of view, its particular value is the creation of a collaboration



10 CHAPTER 1. INTRODUCTION

Figure 1.1: Locations of the cooperation partners within the Joint Imaging Platform
(JIP) initiative. This gure was adapted from Scherer (2022).

between equal partners with each one maintaining sovereignty over their data and at
the same time sharing expertise with other partners (Scherer, 2022; Scherer et al.,
2020).

Radiological Cooperative Network ( RACOON ) (The radiology cooperation in NUM,
2023) was launched in 2020 as a response to the COVID-19 pandemic from the Network

of University Medicine (  NUM ). The network comprises all 36 university hospitals in
Germany. The locations of the sites are illustrated in Figure 1.2. The main driving

factor for NUM to initiate the RACOON project is to handle pandemic situations in a
better, clinical over-arching way. RACOON was funded in the rst year with 150 million

euros from the German Federal Ministry of Education and Research ( BMBF ). Besides
thirteen other funded projects in response to the COVID-19 pandemic, RACOON has
the speci c target to tackle the radiological aspects of the pandemic. Radiological

imaging is well suited to monitor and assess pulmonary diseases, which occur in
conjunction with severe SARS-CoV-2 infections. Similar to the JIP, RACOON offers
the unique possibilities to connect multiple clinical centers, to establish standards

in reporting, image annotations and the execution of Al algorithms as well as to
create a clinic over-arching collection of well-annotated and reported radiological

data. By connecting the clinics with a central node, the setup will allow training and
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Figure 1.2:  Locations of the cooperation partners within the Radiological Cooperative
Network (RACOON). This gure was adapted from Scherer (2022).

evaluation of Al algorithms on a diversity of data from different clinical sites and

patient cohorts. The university hospitals Charité Berlin and Frankfurt are leading

the project in close cooperation with the German Cancer Research Center ( DKFZz),
the Technical University of Darmstadt (TUDa), the Fraunhofer Institute for Digital

Medicine (MEVIS), the ImFusion GmbH and the Mint MedicalGmbH, who are amongst

others responsible for the legal aspects and the deployment of the systems.

In the rst phase of RACOON , structured reports were collected with the help of the

tool mintLesion from the Mint Medical GmbH for a cohort of COVID-19 patients at each
clinical site. Additionally, COVID-19 relevant anatomies and pathologies in the lung
were segmented with the help of the segmentation framework SATORI from MEVIS

and ImFusion Labels from ImFusion. Finally, segmentation algorithms were trained

with the help of a  JIP similar infrastructure provided by the DKFZ . As mentioned above,
more details on the technical setup are given in Section 3.1.2.
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1.3 Open challenges for the application of algorithms in
multi-institutional clinical settings

Kleesiek et al. (2020) conclude that despite the existence of many Al algorithms
in oncology imaging, their widespread application in clinical practice is still very
limited. The following section gives a broad overview of problems and challenges
that are responsible for the gap between algorithms and their application in clinical
practice. The next section suggests possible solutions, approaches and rst steps
toward resolving those challenges. The challenges and potential solution approaches
are illustrated in Figure 1.3. The following content is a result of literature research
including the works from Cuitillo et al. (2020), Davenport and Kalakota (2019), Hasan
and Farri (2019), Huang et al. (2020), Huynh et al. (2020), Kaissis et al. (2020), Kann
et al. (2021), Kleesiek et al. (2020), Klumpp et al. (2021), Rajpurkar et al. (2022), Reyes
et al. (2020), Rieke et al. (2020), Shickel et al. (2018) and Watson et al. (2019).

1.3.1 Challenges

According to Rajpurkar et al. (2022), three main elds hinder the application of Al
algorithms in healthcare and clinics: Accountability and regulations, fairness as well

as implementation challenges.

In the accountability and regulations area, multiple unsolved questions and critics

arise. Rajpurkar et al. (2022) point out that Al systems might be in real-world settings
less helpful than suggested or that the systems may be too slow or complicated for

the end-user. In addition, up to now Al technologies are most of the time classi ed

as "software as a medical device" by national and international regulatory bodies,

which means that certain regulatory standards need to be fullled (Huynh et al.,

2020). However, so far there exist no common regulations and ways of how to validate

that Al algorithms are robust and generalizable across different clinical centers and

patient populations or that the algorithms do not impact treatment in a negative

way (Rajpurkar et al., 2022). To facilitate such clinical evaluations, Al algorithms
might need to be integrated into an existing system, and the Al systems would need to
follow certain standards such that data privacy and security are guaranteed. Since

the usefulness of Al systems can be heavily in uenced by the end-user, adequate,
regulated training for healthcare professionals might be necessary (Klumpp et al.,

2021; Rajpurkar et al., 2022).

From a fairness point of view, missing guarantees for ethical usage of data from actors

and stakeholders pose challenges for a wide usage of Al algorithms in healthcare and
clinics, especially, because high-quality data and algorithms have a signi cant business

value (Rieke et al., 2020; Rajpurkar et al., 2022). Other issues relate to the protection

of patient privacy (Rajpurkar et al., 2022). For example, it is possible to reconstruct a



1.3. OPEN CHALLENGES FOR THE APPLICATION OF ALGORITHMS IN
MULTI-INSTITUTIONAL CLINICAL SETTINGS 13

patient's face just from a CT or MRI image (Rieke et al., 2020). Finally, the data and
as a consequence also the trained models might be biased towards certain population
groups, which would result in unequal treatments of patients (Rajpurkar et al., 2022;
Klumpp et al., 2021).

Therefore, implementation challenges also include a potential bias in the dataset and
missing standardizations in data across clinical centers (Rajpurkar et al., 2022; Klumpp

et al., 2021; Weber et al., 2020; Willemink et al., 2020). The quality of a dataset is
often lowered by missing standards for the data acquisition, which then often requires
laborious curation before it can be used for the development of Al systems (Huynh
et al., 2020). As discussed in Section 1.2.2, especially narrative reports pose unique
challenges for automated processing due to their complex, individual and inconsistent
document structure and organization (Hasan and Farri, 2019). Additionally, the
development of robust and well-performing Al algorithms for a broad application
in clinics is hindered by a lack of heterogeneous high-quality annotated benchmark
datasets, mostly because the annotation of datasets requires experts and is very time-
consuming (Rajpurkar et al., 2022; Huynh et al., 2020; Shickel et al., 2018; Willemink

et al., 2020). Furthermore, many research groups and industries have only access to

data of limited sample size and from small geographic areas (Willemink et al., 2020).
Finally, the training and validation of an Al model on data across multiple institutions,
which might be the nal step for the transition from research to clinical practice, is

often hindered by data silos, privacy concerns as well as legal and ethical requirements

to protect the patient's privacy (Rieke et al., 2020; Kaissis et al., 2020; Willemink et al.,
2020).

1.3.2  Solution approaches

Based on the presented challenges, many potential solution approaches arise for
tackling the presented challenges. They can be categorized into four elds: Standard-
ization and curation, clinical adaptation, validation and trust, as well as explainability
and interpretability.

Standardization and curation

Multiple attempts already exist to standardize data as well as to provide more data for

public usage. This includes the introduction of the DICOM standard along with the
efforts from Andrey Fedorov (2023) to create standard-compliant DICOM Segmentation
Objects. Another example is the Cancer Imaging Archive ( TCIA) (Clark et al., 2013),
which promotes data sharing (Huynh et al., 2020). Also, the introduction of EHR was
a huge step toward standardizing clinical data. However, in practice, EHR s often
lack interoperability, which is why the development of more standardized clinical APIs
such as Health Level 7 ( HL7 ) Fast Healthcare Interoperability Resources ( FHIR ) is
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important (HL7, 2019; Cutillo et al., 2020). In addition, important solution approaches

include tackling data-related issues such as missing data, secondary data sources
integration, missing data structure, and more informative metadata (Cutillo et al.,

2020). As emphasized by Kann et al. (2021), the introduction and compliance of
guidelines such as the Findable, Accessible, Interoperable and Reusable ( FAIR) (FAIR
Principles, 2023) principles are important next steps to enhance the application of Al
algorithms as well as the reusability of data (Wilkinson et al., 2016). As discussed in

Section 1.2.2, the introduction of Structured Oncology Reports ( SORSs) by Weber et al.
(2020) over narrative reports are examples of such initiatives. Another important step

to increase the usability of data in Al applications is the development and usage of
curation tools, which can help data cleaning steps and cohort selections (Huynh et al.,

2020; Kades et al., 2022a; Willemink et al., 2020). Also, for enabling the development

of robust and well-performing algorithms, the generation of suf ciently large, curated,

high-quality annotated datasets is of high importance (Rajpurkar et al., 2022; Huynh

et al., 2020; Willemink et al., 2020). Besides the standardization and provision of
well-curated data, standardizations in developing, executing, and deploying algorithms

in clinical settings are important future steps (Willemink et al., 2020). Likewise, for

federated scenarios and data sharing across hospitals, standardized infrastructures are

essential (Rieke et al., 2020). Software projects like MONAI (Medical Open Network
for Arti cial Intelligence) and demgi (DICOM for Quantitative Imaging) as well as
infrastructure projects like NVIDIA Clara (NVIDIA Clara, 2023) and Kaapana (Scherer
et al., 2023) are examples of such efforts. NVIDIA Clara is a platform to build manage
and deploy intelligent medical imaging work ows and instruments and Kaapana is an
open-source toolkit for platform provisioning in the eld of medical data analysis.

Clinical adaptation

Considering an increasing application of Al algorithms in clinics, multiple authors
suggest that it will be important to train and educate healthcare professionals to be

able to effectively use, interpret and understand the limits of Al applications in their
daily clinical practice (Huynh et al., 2020; Davenport and Kalakota, 2019; Klumpp

et al., 2021). Furthermore, it will be important that humans and Al algorithms work
together and that healthcare professionals fully understand the bene ts of Al appli-
cations (Rajpurkar et al., 2022; Klumpp et al., 2021). This concludes that the skillset

of healthcare professionals needs to be extended towards data science. In addition,

the usability of Al algorithms is of great importance for their acceptance in clinical
practice. Therefore, the development of Al systems requires strong collaborations
between patients, physicians, computer scientists, data scientists, and policymak-

ers (Cutillo et al., 2020; Kleesiek et al., 2020). In addition, the algorithms themselves

need adaptations for clinical usage. Therefore, it needs to be investigated, whether
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state-of-the-art algorithms developed in hon-medical domains also perform best in

clinical settings. Chen et al. (2019) argue, for example, that conventional ML methods
often provide simpler, computationally cheaper, and more useful methods than DL
for data modeling tasks. Finally, Huang et al. (2020) emphasize the need to combine

data from multiple sources for a successful application of Al since considering all
generated data is necessary to understand the full clinical context and to come to a

correct clinical decision. Besides laboratory data, combining the information from

images and their corresponding narrative reports is essential. Huang et al. (2020)

present e.g., early, joint, and late fusion techniques for incorporating multiple data

sources in an Al system.

Validation of arti cial intelligence methods

Elaborating the need for clinical adaptation also includes a widespread validation

and assessment of Al algorithms on real, heterogeneous, and more multi-institutional
datasets (Rajpurkar et al., 2022). Often medical Al algorithms are developed and
optimized within organized challenges or on small in-house datasets. However, this

does not automatically guarantee the same performance of the model on real-world

data, e.g., due to learned biases (Peiffer-Smadja et al., 2020). For example, It might

be challenging to predict the performance on edge cases not part of the training

data (Kann et al., 2021). Increasing the amount of publically available clinic data

such as the UK Biobank (UK biobank, 2023) and TCIA (Clark et al., 2013), as well
as more clinical benchmark datasets such as the National NLP Clinical Challenges

(N2C2 ) NLP Research datasets (DBMI Data Portal, 2023), the Medical Segmentation
Decathlon (Medical Segmentation Decathlon, 2023) or the Brain Tumor Segmentation

(BraTS ) dataset are promising directions to make methods more robust (Shickel et al.,

2018; Peiffer-Smadja et al., 2020). Politically, another direction is to establish more

national and international collaborations similar to RACOON and JIP to enable data
access and, therefore, the execution of algorithms on real-world data. These directions

should be paired with the design of more multi-institutional clinical studies, which use

Al algorithms. This is important because, while much research focuses on improving

the performance of algorithms, only a few studies exist to assess and validate their

clinical signi cance and generalizability in real-world use cases and studies with real-

world data (Kann et al., 2021; Rajpurkar et al., 2022; Klumpp et al., 2021; Linna and

Kahn, 2022). Of course, to support this also from a technical point of view, toolkits

like Kaapana is an open-source toolkit for the state-of-the-art platform provisioning

in the eld of medical data analysis ( Kaapana ) or NVIDIA Clara need to provide the
necessary functionalities and have to meet the legal requirements to nd their way

into the clinics. Furthermore, the application and evaluation of Al systems in federated
scenarios are of utmost importance to increase their robustness and generalizability.
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This again requires establishing technical and political solutions for federated learning
scenarios and validations (Rieke et al., 2020; Kaissis et al., 2020).

Trustworthiness, explainability and interpretability

The performance gain of DL models often comes at the cost of limited explainability
and interpretability (Zhu et al., 2016; Kann et al., 2021). Especially in healthcare, it

is essential to understand the reasoning behind the results of DL algorithms. Trust-
worthiness, explainability, and interpretability are vital for the physician to determine

whether the model works as expected and for the patient to establish trust towards

the use of Al algorithms (Huynh et al., 2020; Cutillo et al., 2020). Challenges that must

be tackled by interpretability and explainability are, e.g., whether a model contains
errors or systematic biases (Huynh et al., 2020; Cutillo et al., 2020; Peiffer-Smadja

et al., 2020). However, also regulatory, ethical, and fairness aspects require the un-
derstanding of the so-called "black box" of Al algorithms to allow its usage in clinical
practice (Reyes et al., 2020).



1.3. OPEN CHALLENGES FOR THE APPLICATION OF ALGORITHMS IN
MULTI-INSTITUTIONAL CLINICAL SETTINGS

17

Figure 1.3: Challenges and potential solution approaches for the application of
algorithms in multi-institutional clinical settings. Challenges are summarized within

the circle. Possible solution approaches to address those problems are collected outside
of the circle. The left side concentrates on data- and the right side on algorithm-related
challenges and solution approaches.
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Figure 1.4: Overview of the ve main contributions of this work that address chal-
lenges presented in Section 1.3 and that provide potential solutions for the application
of algorithms in multi-institutional clinical settings. Figure of transformer model
adapted from Vaswani et al. (2017), and gure of U-Net model adapted from Ron-
neberger et al. (2015). Icons by Yosua Bungaran and TkB, from thenounproject.com
CC BY 3.0.

1.4 Contributions and outline

This work discusses ve selected problems of the above-mentioned challenges and
potential solution approaches. Each one contributes to enabling the application of
algorithms in multi-institutional clinical settings. Figure 1.4 gives an overview of the
selected problems. The problems are introduced below and discussed in more detail in
the following chapters of this work. After an overview of related work in Chapter 2,
the software toolkit Kaapana and multi-institutional datasets used in this work are
introduced in Chapter 3. Utilized and developed methods are presented in Chapter 4.
Details on the experiments and results are given in Chapter 5, followed by a discussion
in Chapter 6. The results are summarized in Chapter 7. In addition, Chapter A lists
the major publications on which the work is based, along with information about the
authors' contributions.

141 Semantic modeling for semantic textual similarity

The rst problem tackles the task of semantic textual similarity ( STS) in the clinical
domain. Semantic textual similarity (STS) refers to a subtask in NLP that determines

Al
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the degree of semantic similarity between two sentences or text snippets. It is used

for tasks like question answering, semantic information retrieval, and text summariza-

tion (Kades et al., 2021; Cer et al., 2017; Fan et al., 2019; Majumder et al., 2016; Zhang

et al., 2015; Gomaa and Fahmy, 2013). Since 2016, challenges such as the National

NLP Clinical Challenges ( N2C2 ), formerly known as  i2b2 (Informatics for Integrating
Biology & the Bedside) NLP Shared tasks, with different NLP downstream tasks are
organized to improve the development of NLP systems on clinical and biomedical text
data. STS in the clinical domain has the potential to assess the quality of clinical notes

by spotting copy-pasted contents, which can increase the quality of the reports and
eventually also improve the performance on downstream tasks such as information
extraction. Additionally, STS can be used in decision support systems and medical
guestion-answering applications (Kades et al., 2021). The Sections 2.1, 4.1, 5.1, and 6.1
address problems of semantic modeling for STS in the clinical domain and build heavily
on the publication "Adapting Bidirectional Encoder Representations from Transformers
(BERT) to Assess Clinical Semantic Textual Similarity: Algorithm, Development and
Validation Study (Kades et al., 2021)". The work was published as a contribution to

track 1, N2C2 /Open Health Natural Language Processing ( OHNLP ) Track on Clinical
Semantic Textual Similarity, of the 2019 National NLP Clinical Challenges ( N2C2 ). The
main contributions consist of improving the performance of BERT in predicting the

similarity of English clinical sentence pairs by:

* a "modi cation of the BERT architecture by adding additional similarity features
and employing a built-in ensembling method" (Kades et al., 2021),

 introducing "a graph-based similarity approach for a subset of structured sen-
tences in which the knowledge of the training set is extrapolated to unseen
sentence pairs of the test set" (Kades et al., 2021).

Furthermore, an in-depth statistical analysis of the training and test dataset reveals
statistical differences, which help to interpret the results of the different approaches.

1.4.2  Semi-structured data analysis for text summarization

This problem focuses on evaluating and improving the performance of text summa-

rization on Structured Oncology Reports ( SORSs). As presented earlier, Weber et al.
(2020) introduced  SORs to increase the comprehensibility and completeness of imag-

ing ndings, which contain information on the diagnosis and treatment guidance

for the patient's disease progression. In particular, the conclusion section of SORs,
containing the assessments of the image ndings, is crucial for treatment decisions

and strategies. Therefore, this contribution addresses the question of whether it is

possible to extract relevant information from the general information and ndings

section of SORs to compose the conclusion section automatically. Automatic text
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summarization of ndings can give the physician time for better patient care. Also,

it could be used, e.g., to get a summary of a patient's history, thus helping in clinical
decisions. Of course, the question arises whether all information necessary to create
the conclusion is part of the general information and ndings section and, if this is not
the case, whether the model can extrapolate additional knowledge through training.
The Sections 2.2, 4.2, 5.2, and 6.2 are based on the publication "Fine-tuning BERT
Models for Summarizing German Radiology Findings (Liang et al., 2022)" as well as the
master thesis of Siting Liang with the title "Summarizing German Radiology Findings
for Cancer Patients (Liang, 2021)". Their main contributions include the following:

» a baseline performance of the pre-trained German BERT model to generate
conclusions based on the general information and nding sections of German
radiology reports (Liang et al., 2022),

* an improvement of the factual correctness of the generated conclusions by
combining extractive and abstractive learning objectives (Liang et al., 2022),

» evaluation of the performances of the presented approaches by a human ex-
pert (Liang et al., 2022).

1.4.3 Assessing distributional shifts for text classi cation

Radiology reports contain longitudinal information on a patient's disease status, which
is crucial for decision-making and outcome estimation (Fink et al., 2022a,b; Yim et al.,
2016). Due to the continued high use of the narrative text form in radiology reports,
the automated extraction of timelines and key clinical end-points, such as response to

therapy and disease progression, is an essential subject of research in NLP (Fink et al.,
2022a; Kehl et al., 2019; Agaronnik et al., 2020; Banerjee et al., 2019). Well-annotated
data is needed to train and evaluate an Al system for automated information extraction.

However, as mentioned earlier, only limited available well-annotated data sources exist

because their creation is costly and time-consuming (Willemink et al., 2020). At the

same time, SORs nd their way into clinic practice (Fink et al., 2022a; ESR, 2018;

Nobel et al., 2020; Weber et al., 2020). The growing resources of SORs in combination
with the vast amounts of free-text-oncology reports ( FTOR s) raises the question of
whether information raised in SORs could be used as a reference to build Al systems for
the automated extraction from FTOR s. Therefore, the Sections 2.3, 4.3, 5.3, and 6.3,
which build upon the publication "Deep Learning-based Assessment of Oncologic
Outcomes from Natural Language Processing of Structured Radiology Reports (Fink

et al., 2022a)", try to exploit the data mining advantages of SORs to train a NLP
model for classifying tumor response categorys ( TRCs) in FTOR s without prior domain-
speci c feature engineering (Fink et al., 2022a). The main contributions include the

following:
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 the creation of a human reference annotation for the used FTOR s and of human
baseline performances by readers with varying levels of radiologic expertise.
While doing so, the general question of how dif cult it is to assign a TRC to a
report is also examined,

« the creation of machine-based baseline performances on the text classi cation
task. Besides a transformer-based implementation using the German BERT
model, a traditional ~ TF-IDF -based method using three different classi ers is im-
plemented. One major challenge for the algorithms is to handle the distributional
shift between structured training data and free-text test data,

* an in-depth analysis and discussion of the properties and characteristics of the
used datasets and their in uence on human and machine-based performances.
Questions of interpretability and explainability of the results are also qualitatively
addressed on a small scope.

The primary motivation to include the evaluation of traditional TF-IDF -based text
classi cation methods is because the three datasets used in the experiments are from

different institutions and contain domain-speci ¢ vocabulary. Especially for German

clinical documents, it is still a subject of research how transformer-based models adapt

and perform on data with a slight distributional shift and unknown vocabulary. In

addition, (Chen et al., 2019) points out that conventional methods are still competitive

with DL methods in the clinical domain.

1.4.4 Manual data annotation and tagging for medical images

Willemink et al. (2020) describe the curation and annotation of data as well as the
availability of suf cient data, as substantial barriers for developing well-generalizing

Al algorithms. For medical images, data acquisition involves ethical approval and data
access, querying and de-identifying data, creating a patient cohort, and nally anno-

tating the images (Willemink et al., 2020). In the best case, the metadata of DICOM
images is suf cient to automatically create a cohort for training and evaluating an algo-

rithm (Gauriau et al., 2020). However, often, manual curation steps while viewing the

images are necessary. In addition, inconsistent or wrong metadata might hamper the
automated cohort de nition and reusability of DICOM s. Besides data curation, image
classi cation and image-text correlation algorithms also rely on tags or free-text-based
annotation. Other  MIC algorithms require pixel-wise annotations, which tools like the
Medical Imaging Interaction Toolkit and others already provide (Nolden et al., 2013;

Wolf et al., 2004; Rubin et al., 2008). Because most existing software tools focus on
pixel-wise annotation or are limited to non- DICOM data, the Sections 2.4, 4.4, 5.4,
and 6.4 focus on whole image-based annotations. They are based on the publication
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"Ef cient DICOM -Image Tagging and Cohort Curation within Kaapana (Kades et al.,
2022a)". The main contributions include the following:

» presentation of a technical solution for fast and intuitive DICOM image tagging
by combing the software tools Doccano, OHIF and Kaapana,

» evaluation of the implementation by the feasibility of three use cases.

The use cases include the correction of wrong metadata in DICOM images, the addition
of free-text information to DICOM images, and the possibility to label DICOM images
for ML and DL applications (Kades et al., 2022a).

1.4.5 Real-world federated learning for the task of image segmentation

Providing a technical setup for federated scenarios is crucial, on the one hand, to

increase the amount of available data and, on the other hand, to develop robust and
generalizable Al algorithms (Willemink et al., 2020; Rieke et al., 2020). Especially to

ght pandemics like COVID-19 , a hospital-overarching application of Al algorithms is
essential (Ting et al., 2020). One goal of RACOON is to automate and standardize the
assessment of COVID-19 -related tissue alterations through the training of segmenta-

tion algorithms and thus the extraction of biomarkers. As a rst step, a collective of
hospital-overarching patients was analyzed using structured reporting within RACOON .
In addition, COVID-19 related anatomies and pathologies were segmented in the lung

for each case. A next step would be the training of a segmentation algorithm on the
segmented data that is robust and generalizes well on unseen data. For example, when

applied to out-of-distribution data, the image segmentation algorithm nnU-Net has
been shown to perform poorly (Isensee et al., 2021; Gonzalez et al., 2021; Full et al.,

2021). Federated approaches might be a promising solution to train a generic and ro-

bust model that works well on data from all participating hospitals. However, enabling

federated learning strategies across multiple clinical sites comes with challenges. On

the one hand, these include a standardized infrastructure and execution environment

that comply with data privacy and security and provide the technical possibility for

federated learning strategies (Xu et al., 2021; Rieke et al., 2020). On the other hand,

the used algorithms need to be able to handle data heterogeneities during training,

and after training, the algorithms must perform well on in-house and unseen data from

other clinics. Asthe  Kaapana -based infrastructure used within RACOON lacks those
requirements, the Sections 2.5, 4.5, 5.5, and 6.5, based on the publication "Towards
Real-World Federated Learning in Medical Image Analysis Using Kaapana (Kades et al.,

2022b)", present implementations of functionalities that allow federated use cases in
the Kaapana toolkit, tailored to meet the technical and political requirements within
RACOON. The main contributions include the following:
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» implementation of a backend and a user interface as well as adjustments to local
data processing pipelines within Kaapana to facilitate federated learning,

e an adaptation of the image segmentation algorithm nnU-Net to be used for
federated learning,

« the creation of a baseline performance of a federated trained image segmentation
model against single-site, centralized and ensemble-trained models on a multi-
site prostate segmentation dataset (Liu et al., 2020a,b), with data collated from
six different clinical sites.

Experiments that include training and testing on data from the same or different
clinical sites help to assess whether the nnU-Net is suitable for the application in
RACOON and which training strategy is the best.
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Related work

The introduction covered several challenges for transitioning Al algorithms into the
clinic. This section discusses related works to the ve problems presented in the
outline.
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2.1 Semantic modeling for semantic textual similarity

STS is a subtask of NLP that tries to determine the semantic similarity between two

text snippets. Most of the non-domain specic STS are benchmarked and developed
on the STS benchmark dataset (STSbenchmark, 2023), which comprises a collection of
sentence pairs from the SemEval STS tasks from 2012 to 2017 (Cer et al., 2017). The
General Language Understanding Evaluation ( GLUE ) General Language Understand-
ing Evaluation (GLUE Benchmark, 2023) dataset also comprises the STS benchmark.
The current leading method from Jiang et al. (2020) proposes a learning framework

that makes the ne-tuning of pre-trained models more robust and ef cient and results

in more generalizable ne-tuned models. In detail, they introduce smoothness-inducing
regularization and a Bregman proximal point optimization into their training. Fur-
thermore, Wang et al. (2019) introduces new auxiliary tasks during pretraining to
leverage better the language structure at the word and sentence level. Jeyaraj and
Kasthurirathna (2021) presents a multi-layered semantic similarity network that in-
corporates different similarity measures based on network science, and Raffel et al.

(2020) leverages transfer learning techniques. Also, in this work, a method combining

BERT with different semantic similarity measures is introduced.

In the clinical domain, methods are primarily developed and benchmarked on the

data from track 1, N2C2 /OHNLP Track on Clinical Semantic Textual Similarity, of the
2019 National NLP Clinical Challenges ( N2C2 ). The winner of the 2019th challenge
leverages multi-task learning as a training approach, in which they iteratively ne-

tune on different datasets Mahajan et al. (2020). The presented system from Yang

et al. (2020) report the performance of multiple transformer-based models and their
ensembles. They show that when pretraining the model rst on a STS general corpus
before ne-tuning it on the clinical dataset, the RoBERTa-large model generates the

best performance (Liu et al., 2019c). Moreover, Li et al. (2021a) employs a text data
augmentation method and a self-ensemble ALBERT model under semi-supervised
learning (Lan et al., 2019). Finally, Chang et al. (2021) incorporates domain knowledge

into the language model using graph convolutional networks.

To summarize, all state-of-the-art STS algorithms build on top of the transformer
architectures and incorporate additional knowledge via transfer learning, multi-task

learning, ensembling methods, graph neural networks, or other similarity measures.

The introduced methods in this work follow similar design patterns.
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2.2 Semi-structured data analysis for text summarization

For text summarization, mostly extractive and abstractive techniques, or a combination

of both methods is often applied. In extractive methods, the text summarization con-

sists of only salient text snippets from the source text. Often, human-designed features

or rules de ne which parts are extracted. In abstractive approaches, a concise sum-

mary is generated based on a learned feature representation of the source text. While
extractive approaches can be rule-based, abstractive approaches require DL architec-
tures. However, also extractive models can be enhanced by using DL architectures.
For example, (Nallapati et al., 2016) propose to use a RNN architecture to determine
which sentences should be part of the nal summary. Like machine translation models,
abstractive text summarization algorithms are sequence to sequence ( seq2seq ) models
with an encoder-decoder architecture and e.g. attentive RNN s (Nallapati et al., 2016;
Nallapati et al., 2016; Chopra et al., 2016; Liang, 2021; Liang et al., 2022). By gen-

erating the summary word by word, abstractive models are more prone to generate
syntactically and semantically incorrect summarization than extractive approaches.

Also, abstractive methods often struggle with factual correctness and repeated con-

tents (See et al., 2017). Therefore, extractive and abstractive approaches are often
combined. For example, See et al. (2017) present a hybrid pointer-generator network

that copies words from the source text to the target summary via pointing Vinyals et al.

(2015). In detail, a generation probability decides whether to generate a word from

given vocabulary distribution or copy a word from the input sequence (See et al., 2017).

Other approaches start by extracting salient sentences from the source document

before they use abstractive techniques to generate the summary based on the selected
sentences (Chen and Bansal, 2018; Kry scinski et al., 2018). This work combines the
pointer network with a transformer-based encode-decoder model.

The eld of automatic text summarization algorithms advanced with the introduction

of pre-trained language models (Miller, 2019; Liu and Lapata, 2019; Zhang et al., 2019;

Rothe et al., 2020). As for many other NLP downstream tasks, pre-trained language
models such as BERT (Devlin et al.,, 2019) or Generative Pre-trained Transformer

2 (GPT-2) (Radford et al., 2019) can be ne-tuned for text summarization tasks. There

exist many different  seg2seq models such as BERT2Random, BERT2BERT, BERT2GPT.
The semantic knowledge already incorporated into a pre-trained language model re-

duces the computational resources and needed time, while improving the performance

of the sequence generation (Liang et al., 2022; Rothe et al., 2020). This work ne-tunes

a pre-trained German BERT model for summarizing German radiology ndings using
abstractive and extractive text summarization techniques.

To summarize clinical reports, Nguyen et al. (2020) have worked on summarizing Chest

X-ray reports with LSTM models and an encoder-decoder model incorporating atten-
tion. Zhang et al. (2018) were one of the rst to apply pointer-generator networks in
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combination with  LSTM networks to summarize radiology reports. In addition, Zhang
et al. (2018) encoded the background information and ndings in two different en-
coders. In contrast to Zhang et al. (2018), in this work, the pointer-generator network
is combined with a transformer-based encoder-decoder, and only one encoder for the
background and ndings information is used. A later proposed model from Zhang et al.
(2020) incorporated a reinforcement learning approach to improve factual correctness.
Works leveraging ontologies include Sotudeh Gharebagh et al. (2020), which improved
the clinical abstractive summarization by augmenting salient ontological terms into
the summarizer. Furthermore, MacAvaney et al. (2019) introduced an ontology-aware
pointer-generator network to leverage domain-speci ¢ knowledge encoded in an ontol-
ogy to improve the summarization. Similar to Zhang et al. (2020), Sotudeh Gharebagh
et al. (2020) and Nguyen et al. (2020), the generated summaries in this work are eval-
uated by humans in terms of factual correctness and uency. Besides summarizations
based on background and ndings information, Lovelace and Mortazavi (2020), Li et al.
(2018b) and Liu et al. (2019) present approaches to generate a Chest-X ray radiology
report directly from the medical image.
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2.3 Assessing distributional shifts for text classi cation

Before the introduction of DNN s, rule-based approaches in combination with machine
learning approaches were used for text classi cation tasks. In detail, features are

created from the text using BOW, TF-IDF or a purely heuristic approach. The features
are then fed into a classi cation algorithm like Naive Bayes, SVM, random forests,
etc. (Minaee et al.,, 2021). With NN s, models evolved that create an embedding
representation of an input sequence such as Latent Semantic Analysis ( LSA). Fur-
thermore, pre-trained embeddings like word2vec (Mikolov et al., 2013) evolved with

better computational resources and data availability. The embedding representations

serve as input for a classi cation layer in text classi cation tasks. Current state-of-the-

art text classi cation algorithms use transformer-based architectures (Minaee et al.,

2021; Vaswani et al., 2017). Transformer-based models are used for many different

NLP downstream tasks. In text classi cation, pre-trained models such as BERT are
ne-tuned using a so-called classi er token in combination with a classi cation layer.

Multiple challenges occur when using transformer-based models on clinical datasets.

Those problems include the domain shift in comparison to public data, very long
sequences, imbalanced classes, and interpretability. Often models are further pre-

trained on domain-speci c datasets such as clinical notes to incorporate domain-

speci ¢ knowledge into a model (Alsentzer et al., 2019; Lee et al., 2020). To handle

long texts, many approaches suggest chunking long sequences as input for transformer-

based models. Wu et al. (2021) proposes to process the classi cation token of several

chunks by feeding their values into an LSTM or another transformer model. Mulyar

et al. (2019) propose to take the mean or a concatenation of the classi cation tokens

and feed the result into a classi cation layer for the phenotyping of clinical notes. To

process only the task-relevant chunks from long clinical tests, Huang et al. (2020)
proposes to pre-select text snippets using a regex expression. Furthermore, instead

of chunking long sequences, new models were designed to overcome the memory
consumption of O(nz) of the original BERT model. Beltagy et al. (2020), Zaheer et al.
(2020), and Ainslie et al. (2020) introduced new attention patterns, which combine

local attention with global attention. Instead of full attention ( N to n attention of each
token), they use a mixture of dilated and sliding window attention to capturing local

context. They introduce sparse and random attention or attention to a few pre-selected

input locations for global context. The present work follows the chunking approach

from Mulyar et al. (2019) to process long sequences.

The interpretability of transformer models is an area of ongoing research and of
particular importance in the medical domain to understand the machine's reasoning

when used in clinical applications. The role and importance of attention of ne-tuned

models have been evaluated by Kovaleva et al. (2019); Kobayashi et al. (2020); Sun

and Lu (2020); Hao et al. (2020). Whether attention can be used for explanation and
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different tests to assess explainability via attention, have been discussed in Jain and
Wallace (2019); Serrano and Smith (2019); Vashishth et al. (2019); Wiegreffe and
Pinter (2019). For example, Serrano and Smith (2019) observed that attention does
not necessarily re ect importance after manipulating attention weights in already
trained text classi cation models. Vashishth et al. (2019) show that attention is only
interpretable for natural language processing tasks other than text classi cation. By
using a hierarchical approach, Huang et al. (2020) claims to improve the interoperabil-
ity of the transformer-based model after ne-tuning on clinical notes. This work will
qualitatively show the attention weights of a ne-tuned BERT model and the weights
of a TF-IDF analysis.

Also, in text classi cation tasks on free-text radiology reports, transformer-based mod-
els have shown superior performance compared to feature-based methods (Steinkamp
et al.,, 2019; Linna and Kahn, 2022; Fink et al., 2022a; Gehrmann et al., 2018). In
oncology, many works focus on extracting timelines and key clinical endpoints, such
as response therapy and disease progression (Fink et al., 2022a; Kehl et al., 2019;
Agaronnik et al., 2020; Banerjee et al., 2019; Pons et al., 2016; Smit et al., 2020). To

improve the text classi cation performance of BERT on radiology reports, Smit et al.
(2020) proposes to ne-tune the model rst on automatically generated labels and then
on the expert-level annotations. In this work, automated annotations from SORs are

leveraged to train text classi cation algorithms for the application on FTORs.
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2.4 Manual data annotation and tagging for medical im-
ages

Ef cient cohort selection, data curation, and data annotation tools are crucial to gen-

erating high-quality labeled datasets for the applications of Al algorithms (Willemink
et al., 2020). For medical images, the DICOM metadata provides valuable information
on the underlying image. Diaz et al. (2021) provide a comprehensive guide of steps that

are necessary to prepare medical images for the development and application of Al
algorithms. Gauriau et al. (2020) successfully used the DICOM metadata to automate
the identi cation of brain MRI sequences. However, human-made metadata might be
incorrect (Magudia et al., 2021; Schuhegger, 2021), which hampers automation to
assemble large medical image datasets. Almeida et al. (2021) proposed to combine the
information from  EHR and DICOM metadata to de ne cohorts over medical imaging
datasets. This work presents an interactive tool for dedicated, work ow-integrated,

and standard-conform manual examination of medical images belonging to a cohort

and the functionality to curate wrong DICOM metadata (Kades et al., 2022a). After
an effective cohort selection and data curation, the annotation of data is the next

crucial step. While there exist many tools for the creation of pixel-wise annotations

of DICOM images which include the MITK (Wolf et al., 2004; Nolden et al., 2013), 3D
Slicer (Lasso, 2019), DicomAnnotator (Dong et al., 2020) or iPad (Rubin et al., 2008)

and ePad (Rubin et al., 2014), tools to generate image-level annotations of DICOM
images are still sparse. For this reason, the presented software tool also integrates
a fast and intuitive image-level tagging of DICOM images (Kades et al., 2022a). The

tagging functionality can also be used as a post-processing step to evaluate the results
of an Al algorithms. (Stein et al., 2019) presented a similar tool speci cally designed to
ef ciently evaluate automatically generated segmentations based on different metrics
and visualizations.
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2.5 Real-world federated learning for the task of image
segmentation

The research in the eld of Federated Learning ( FL) is diverse, ranging from purely
methodical to technical, software-related contributions. Purely methodical contri-

butions focus on algorithmic solutions to handle not independent and identically
distributed ( Non-1ID ) data and improve communication ef ciency while reaching com-
parable performance as centralized trained models (Li et al., 2020; Kairouz et al.,

2021). Furthermore, security-related methods in FL address data protection issues
and privacy-preserving methods, e.g. differential privacy and homomorphic encryption
methods. The more software-related research areas deal with the technical implemen-

tation of FL systems, which include nding solutions for exchanging model weights and

for handling failures, such as network failures, in FL systems (Rieke et al., 2020; Xu
et al., 2021). In the technical realization, security aspects are also of high importance.

From a technical point of view, (Li et al., 2021b) provides a systematic overview of
domain-independent open-source software solutions for FL along with different FL
averaging strategies. Presented solutions include FATE (FATE community, 2023), Ten-

sorFlow Federated (TensorFlow, 2023), OpenMined (OpenMined, 2023), PaddleF!| (Pad-
dlePaddle, 2023), or FedML (FedML, 2023). All the tools have advantages and disadvan-

tages depending on the use cases. In the medical domain, Kaissis et al. (2020) presents

the free open-source framework Privacy-preserving Medical Image Analysis ( PriMIA )
with the support of differential privacy and secure aggregation in federated learning
and encrypted inference on medical imaging data. PriMIA was successfully applied

in a real-life case study to classify pediatric chest X-rays automatically. Another tool

for federated learning in real-world clinical settings is the proprietary healthcare

application framework Computational platform to build manage and deploy intelligent

medical imaging work ows and instruments ( NVIDIA Clara ), which features federated
learning functionalities in combination with the NVIDIA Clara  Train SDK. The soft-
ware stack from NVIDIA was successfully applied in real-world scenarios (Yang et al.,

2021; Dayan et al., 2021; Roth et al., 2020; Sarma et al., 2021; Roth et al., 2021). In
conjunction with Medical Open Network for Arti cial Intelligence ( MONAI ) further
efforts to enable federated learning in the medial imaging domain are pursued by

OpenFL, Flower and Substra. The technical solution for federated learning presented

in this work follows technical prerequisites given by RACOON . A key requirement is
a uni-directional communication from the client instances to the central instance. In
addition, many algorithms already run locally within RACOON and should be extended

with a federated functionality. Therefore, the presented implementation here tries to
be as agnostic as possible by wrapping the federated functionality around existing
work ows without the need to customize them on a code level.
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From a methodical point of view, Rieke et al. (2020) and Prayitno et al. (2021) sum-
marized and assessed the challenges of federated learning in clinical environments

. Ziller et al. (2021) and Kaissis et al. (2020) discuss secure and privacy-preserving
methods such as differential privacy. Sheller et al. (2020) and Rieke et al. (2020)
present and evaluate different federated learning strategies versus centralized train-
ing. Furthermore, multiple works compare models trained locally against models
trained across multiple institutions in a federation (Dayan et al., 2021; Roth et al.,
2021, 2020; Sarma et al., 2021). This work follows one of the rst federated learning
strategies, the FedAvqg approach introduced by Brendan McMahan et al. (2016). Many
works to benchmark federated learning are based on publicly available datasets such

as the BraTS datasets (Menze et al., 2015) or the multi-site prostate segmentation
dataset (Liu et al., 2020a) presented in Section 3.2.3 (Sheller et al., 2020; Gu et al.,
2021a; Jiang et al., 2022; Liu et al., 2020a,b, 2021). Furthermore, many works using
federated learning in conjunction with COVID-19 exist (Dayan et al., 2021; Yang et al.,
2021; Dou et al., 2021; Feki et al., 2021).

To evaluate the performance of different training strategies against generalizability

and robustness, the multi-site prostate segmentation dataset presented by (Liu et al.,
2020a) serves as a benchmark dataset in this work. Domain generalization and cross-
domain performance on the multi-site prostate segmentation dataset were, amongst
others, assessed in (Liu et al., 2021; Jiang et al., 2022). Research to evaluate the
generalizability of the nnU-Net , used in this work as the segmentation algorithms, to

data from unseen institutions is still sparse. However, e.g. Full et al. (2021) study the
generalization and robustness of the nnU-Net on a dataset of cardiac  MRI as well as
suggest ways to improve the generalizability of the nnU-Net . Finally, Gonzalez et al.

(2021) presents a method to detect when pre-trained nnU-Net models fail.
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Materials

3.1 Kaapana as an open-source toolkit for provisioning
medical imaging platforms

Working in multi-institutional settings requires a technology that satis es multiple
requirements. It has to run locally inside a clinical infrastructure, it must be able to
receive, store and index clinical data like imaging and text data and it should allow
for standardized execution of algorithms on a selected subset of data (cohort). In this
work, the Kaapana open-source platform provision toolkit (Scherer et al., 2023) is used
as the base technology upon which additional features required to execute experiments
are implemented. The following section describes the main building blocks of the
Kaapana technology stack. It is mainly based on the work "Joint Imaging Platform for
Federated Clinical Data Analytics" (Scherer et al., 2020) and the thesis "Decentralized
Infrastructure for Medical Image Analysis" (Scherer, 2022).

3.1.1 The technological foundation of Kaapana

Kaapana itself is a toolkit to build platforms for medical image analysis that run
on-premise as a private cloud computing setup inside a local clinical IT landscape.
From a technical point of view, a traditional private cloud computing setup consists of

three main building blocks, an infrastructure (Infrastructure-as-a-Service (laaS)),

a so-called platform (Platform-as-a-Service (PaaS)) and an application (Software-
as-a-Service (SaaS)) layer (Scherer et al.,, 2020; Mell and Grance, 2011). In the

case of Kaapana , Scherer et al. (2020) added an additional container virtualization

35
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Figure 3.1: lllustration of the private cloud computing setup of Kaapana consist-
ing of the different service layers. This gure was adapted from Scherer (2022).

Kaapana =Kaapana is an open-source toolkit for the state-of-the-art platform provision-

ing in the eld of medical data analysis.

layer (Containers-as-a-Service (CaaS)) and a function layer (Functions-as-a-Service
(FaaS)) for on-demand data processing (Scherer et al., 2020; CNCF, 2023). Figure 3.1
from (Scherer, 2022) illustrates the ve layers, containing also the ve main functional
units "SYSTEM", "MONITORING", "BASE", "STORE", "META" and "FLOW" which are
introduced to group components of similar functions in Kaapana.

The laaS and CaaS layer

In the laaS layer, Kaapana currently supports Ubuntu, CentOS or AlmaLinux as an
operating system ( OS). It can be deployed on common public laaS providers like
Amazon Web Services (AWS) (Amazon, 2023b) or on Microsoft Azure (Microsoft, 2023)

as well as on-premise on dedicated private hardware, which is the default when

deployed in clinics (Scherer, 2022; Scherer et al., 2020). On the CaaS layer, Kaapana
uses Kubernetes (K8s) (Rensin, 2015) as a container orchestration system. Therefore,

all services and processing pipelines of the platform run within containers on the
Kubernetes cluster. This architecture provides exibility in managing the container life

cycle and enables scaling and monitoring of individual containers. Furthermore, since

containers provide their own execution environment including the OS layer, a wide
variety of software can be supported and therefore easily integrated into Kaapana . The
containers of Kaapana are built using the container engines docker (Merkel, 2014) or
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Podman (Podman community, 2023). To manage the resources needed for a platform
deployment, Kaapana uses Helm (The Linux Foundation, 2023), which is speci cally
designed to package and manage Kubernetes con guration les. To deploy Kaapana
on an OS, rstly, with the help of an installer script, necessary dependencies like

drivers along with the Kubernetes cluster using Microk8s (Microk8s, 2023) are set up.

Secondly, a Helm chart is installed containing all necessary Kubernetes con gurations

for the Kaapana platform. Both, the needed containers as well as the needed helm

charts are either retrieved from an Open Container Initiative ( OCIl) -based registry or
are uploaded locally directly into the Kubernetes cluster (Scherer, 2022; Scherer et al.,

2020).

The PaaS layer - SYSTEM and MONITORING units

The platform layer contains the base components needed for a minimal version of a
platform. It features interfaces for the provisioning of applications and micro-services

on the underlying Kubernetes cluster. The core of Kaapana consists of a reverse proxy,
an authentication proxy and an authentication provider. As a reverse proxy, Kaapana
uses the free open-source components of Trae k (Ludovic Fernandez, 2023) along

with webOAuth2Proxy2023 (OAuth2 Proxy, 2023) as an authentication proxy. All user
interfaces provided in Kaapana are accessible from a single point of entry on Hypertext
Transfer Protocol Secure ( HTTPS ). The open-source tool Keycloak (Keycloak, 2023), a
central OpenID Connect (  OIDC ) enabled authentication provider, is used as an identity

and access management solution to support single sign-on ( SSO). The core components
of Kaapana are completed by a monitoring system based on Prometheus (Prometheus,
2023b) as an event monitoring and alerting tool, of Alertmanager (Prometheus, 2023a)

to forward alerts sent by the Prometheus server and of Grafana (Grafana, 2023) to
visualize the gathered metric on a dashboard (Scherer, 2022; Scherer et al., 2020).

The SaaS layer - BASE, STORE and META units

The software-as-a-service layer facilitates the customization of the platform. In its
default con guration, Kaapana adds three functional units BASE, STORE and META. In
BASE, a central web application developed with the frontend framework Vue.js (Vue.js,
2023) and the design framework Vuetify (Vuetify , 2023) is hosted. The user interface,
denoted as a "landing page", facilitates access to all services that run on different sub-
paths by merging them with the help of inline frame elements (iFrames) into one single-
page application ( SPA). In addition, the landing page includes the management of
so-called extensions. Extensions are essentially a set of micro-services that are de ned

in a Helm chart, which can be installed and uninstalled via the management system on
the landing page (Scherer, 2022; Scherer et al., 2020). In the functional unit STORE,

all services related to data storage, access and visualization are located. As described
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in Section 1.2.1 DICOM is the primary format for the storage and communication of
medical imaging data. The Kaapana platform offers a C-STORE (NEMA, 2023) and

a DICOM web (Genereaux et al., 2018) interface to receive data directly from the

clinical PACS (Scherer, 2022). The platform runs an internal research PACS via the
Open Source Clinical Image and Object Management application dcm4chee (Gunter

Zeilinger, 2021) in which upon arrival all images are stored. In addition, Kaapana
integrates the zero-footprint web-based OHIF Medical Imaging Viewer to visualize

the stored DICOM data in the browser (Ziegler et al., 2020). The images can be
selected and viewed based on the Study ID attribute from the metadata of the DICOM
images are directly retrieved from the internal PACS. The OHIF viewer enables besides
the visualization of three-dimensional scans such as CT or MRI and corresponding
annotations, also several image manipulation and annotation tasks (Scherer, 2022).

In order to also store data other than medical imaging data, Kaapana provides the
High Performance Object Storage MinlO  (MinlO, 2023), which is compatible with

the widely used Amazon Simple Storage Service (S3) API (Amazon, 2023a; Scherer,

2022). Since it is crucial for a medical imaging platform to have an overview as well

as to lter and query data that is stored on the platform, Kaapana is equipped with
Elasticsearch as a search engine and Kibana as a data visualization dashboard. All

relevant metadata of incoming DICOM images is stored in the Elasticsearch database.
Different dashboards are provided for viewing, querying and ltering the metadata

of the images depending on the task at hand. Besides providing an overview of the

data, the main purpose of Kaapana s' metadata capabilities is to allow a ne-grained

de nition of cohorts via search queries that later can be processed via processing

pipelines. The Kibana dashboard is equipped with a custom plugin that makes it easy

to parameterize and trigger processing pipelines. When the cohort is selected in the

Kibana dashboard, the plugin presents a form to parameterize the processing pipeline.

When the start button is pressed, a request containing the search query from the
dashboard and the parameterization from the plugin form is sent via an HTTP request

to the executing unit described in the following section.

The FaasS layer - FLOW unit

Next to data storage, viewing, and querying the main functionality of Kaapana is
the execution of processing pipelines, which is why the Function-as-a-service layer

is introduced for the on-demand scheduling of processing jobs. In contrast to the

services of the PaaS and the Saas layer, the services running in the FaasS layer run only

for a time until their speci ed job or function is ful lled. In Kaapana , the functional
unit FLOW consists of the work ow management system Apache Air ow (Apache,

2023). Air ow manages, schedules and monitors on-demand jobs and services which

form together a data processing pipeline. Throughout the work, the terms "processing
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pipeline" and "work ow" have the same meaning and refer always to a Directed Acyclic

Graph ( DAG) representing the tasks a work ow carries out and their interdependence.

For the actual execution of processing pipelines, Kaapana extends Air ow with a plugin
that enables the execution of a work ow via a REST API request. Within Kaapana
this request is generally triggered from the Kibana dashboard plugin, as mentioned

in the last section. The requests contain along with the search query also pipeline

speci ¢ parameters, which are de ned in the DAG. In Airow a DAG consists of
Air ow operators, which are essentially jobs that are executed in a speci ¢ order. An

operator in its most basic form executes a Python script. However, Kaapana extended
the operators concept to be able to dynamically launch containers on the Kubernetes

Cluster. Therefore, an operator can execute any software which can be packed into a
container, independent of the desired OS or additional dependencies.

3.1.2 Deployment and use cases of Kaapana
Kaapana deployment within the DKTK and RACOON

Section 1.2.3 introduces two initiatives using Kaapana , which are the JIP initiated by
DKTK and RACOON . Within the DKTK -sites the platform is deployed on a dedicated
hardware server inside the clinical IT landscape. Figure 3.2 illustrates the setup at

the hospitals in the  DKTK . The container images needed for the platform installation

are retrieved from a container registry located at and controlled by the DKFZ . This
ensures that only veri ed container images are distributed to the clinics. The platform

is only accessible from within the clinical network infrastructure. In a typical use case

scenario, a user sends imaging data from the clinical PACS to the platform, accesses
the platform from their workstation via a web browser, de nes their cohort on the

Kibana dashboard and triggers a processing pipeline on Air ow. If the executed DAG

generates results, they are either send to the internal PACS or to the object store High
Performance Object Storage (MinlO).
Figure 3.3 illustrates the technical infrastructure as it is deployed in RACOON . The

RACOON Node corresponds to the unit, which is set up on dedicated hardware inside
each participating hospital. Each node runs Windows Server (Microsoft, 2023), which
provides a Hyper-V virtualization layer. Respective applications of the three sections
RACOON REPORTING, RACOON JIP and RACOON SATORI are all deployed on Hyper-V.
RACOON REPORTING consists of a certi ed medical product, Mint Medical (Mint
Medical, 2023), which meets all requirements for clinical use. It is the only entry
point for data from within the hospital. Furthermore, it enables structured reporting

for COVID-19 patients and stores all data in a consistent way (Scherer, 2022). All
data transferred to RACOON JIP or RACOON SATORI are anonymized to ensure a
high level of data privacy. Satori (Fraunhofer MEVIS, 2023) is a dedicated research
tool developed by MEVIS for ef cient pixel-wise annotation of three-dimensional
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Figure 3.2: Setup of the JIP within a clinical center. The platform itself is running

on dedicated hardware within the clinical network. The user is able to send DicoMm
images to the platform and to interact with the platform via browser access. The

platform is connected to a central container registry to retrieve necessary container

images for its services and processing pipelines. This gure was adapted from Scherer

(2022). DICOM =Digital Imaging and Communications in Medicine, JIP=Joint Imaging
Platform, PACS=Picture Archiving and Communication System.

images (Scherer, 2022). The setup of RACOON JIP is similar to the one used in
DKTK , except that it is deployed on a virtual machine, and support for complete of ine
installation without an external container registry was introduced.

nnU-Net training as use case

Kaapana can be used in many different scenarios. On one side, it can be used to deploy
software by providing an application as an extension to the platform. On the other

side, it offers the possibility to apply processing pipelines on a speci c set of data. In

this work, the  nnU-Net Isensee et al. (2021) integrated within Kaapana is a central
segmentation method, this section will only cover the nnU-Net training and evaluation
work ow. More use cases for Kaapana can be found in (Scherer, 2022).
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Figure 3.3: Infrastructure stack as it is deployed within RACOON . A JIP instance

adapted for RACOON runs in a central instance as well as in all participating clin-

ical centers. Alongside the RACOON JIP , Mint Medical and Satori are deployed.
The RACOON JIP receives medical data from the Mint Medical system and its
main task is the application of Al methods on the received data. This gure was
adapted from Scherer (2022). Al =arti cial intelligence, JIP=Joint Imaging Platform,
RACOON=Radiological Cooperative Network.

nnU-Net training work ow

The nnU-Net is a DL -based segmentation method that automatically con gures the
preprocessing, the network architecture, the training and the post-processing based
on an introduced recipe. This recipe is based on a set of xed, rule-based and
empirical parameters. Fixed parameters are prede ned and independent of the
training dataset. They include e.g. the learning rate, the number of epochs or the loss
function. The rule-based parameters are determined by interdependent heuristic rules
based on a "dataset ngerprint", which contains information about the distribution

of spacing, the median shape, the intensity distribution and the imaging modality of
the training dataset. Examples of rule-based parameters are image target spacing,
intensity normalization or patch size. The empirical parameters determine possible
post-processing or ensemble selections. More information about the selection of
hyperparameters is given in (Isensee et al., 2021).

How the processing pipeline of the nnU-Net training is implemented in Kaapana
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Figure 3.4: Detailed view of the processing pipeline for the nnU-Net training DAG
and its corresponding operators. This gure was adapted from Scherer (2022).

DICOM =Digital Imaging and Communications in Medicine, NIfTI =Neuroimaging In-
formatics Technology Initiative, nnU-Net =no new net U-Net, = PACS=Picture Archiving

and Communication System, SEG=Segmentation Objects.

illustrated in Figure 3.4. The nnU-Net training DAG is composed of several operators.
In the rst step, the segmentations used for training are retrieved from the internal

PACS, before they are converted to the NIfTI format (upper row). In parallel, the
referenced source images are retrieved from the PACS and converted to the  NIfTI
format. In the next step, the source images and the segmentations are merged and
resampled, so that for each source image only one single NIfTI le with consistent label
encodings and without any mask overlaps exists (Scherer, 2022). The next operator

rst determines the preprocessing and network architecture and then executes the
preprocessing. Then the actual nnU-Net training is executed in the following operator.
The two operators are mainly based on batchgenerators (Isensee et al., 2020) and
the nnU-Net implementation (Isensee et al., 2021; nnU-Net, 2023). In the following
operators, a training report containing the training parameters along with training

progress graphs is generated and uploaded together with the trained model to the

local object storage  MinlO . A DICOM -converted version of the model and report is
uploaded to the internal PACS as well. The generated report is uploaded to a special
location within the local object store that serves static les via the web interface of the

platform, and that allows the examination of the report. In the nal step, all temporary

les of the pipeline are removed.

nnU-Net ensemble work ow

Once one or multiple  nnU-Net models are trained they can be ensembled and eval-
uated using the nnU-Net ensemble work ow. In a nnU-Net ensemble, the softmax
probabilities generated by selected models on target source images are averaged to

create a single nal prediction. In Figure 3.5 the nnU-Net ensemble implementation
in Kaapana is illustrated. In the upper branch, all nnU-Net models needed for the
ensembling, and evaluation are downloaded. In the lower branch, the testing cohort

is prepared. Here, the reference segmentations along with the corresponding source

images are retrieved from the internal PACS and converted to the  NIfTI format. Then
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Figure 3.5: Detailed view of the processing pipeline for the nnU-Net ensemble
DAG and its corresponding operators. This gure was adapted from Scherer (2022).
DICOM =Digital Imaging and Communications in Medicine, DICE =Sgrensen-Dice co-
efcient,  NIfTI =Neuroimaging Informatics Technology Initiative, nnU-Net =no new
net U-Net, PACS=Picture Archiving and Communication System, SEG =Segmentation

Objects.

the actual inference and ensemble for all images of the testing cohort with all models

are executed. After checking if all the created segmentations are valid and after
removing invalid segmentations, the Sgrensen-Dice coef cient ( DICE ) and the Average
Surface Distance ( ASD) scores for the predicted segmentations are calculated. Finally,

a report containing the scores along with box plots is created and uploaded to the local

object store in the location that servers static les for later review. In the last step,

again all temporarily created les are removed. The work ows can also be used to

only evaluate one model, then the ensembling-related steps are omitted.
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Figure 3.6: Process of the creation of the dataset for the 2019 N2C2 /OHNLP
Clinical STS track. This gure was adapted from Wang et al. (2020). Clinical STS =Clin-
ical Semantic Textual Similarity, EHR =Electronic health record, N2C2 =National NLP

Clinical Challenges, OHNLP=0Open Health Natural Language Processing.

3.2 Multi-institutional datasets

Three different datasets are used throughout the work. They are presented in detail in
the following section.

3.2.1 Clinical Semantic Textual Similarity dataset

The Clinical Semantic Textual Similarity ( Clinical STS ) dataset consists of 2054 clinical
sentence pairs, which were annotated by clinical experts with its degree of semantic

textual similarity, i.e. to which degree two snippets of clinical text are semantically

equivalent (Wang et al., 2018b,a, 2020). The dataset was created in the context of

task 2 on Clinical Semantic Textual Similarity of the BioCreative/OHNLP challenge

2018 (Wang et al., 2018b,a; BioCreative/OHNLP Challenge 2018, 2023) and the 2019

N2C2 /OHNLP Clinical STS track, which was part of the 2019 N2C2 /OHNLP Shared-
Task and Workshop (Wang et al., 2020; National NLP Clinical Challenges, 2023). The

in total 2054 clinical sentence pairs of the 2019 N2C2 /OHNLP Clinical STS track
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originated by combining 1068 clinical sentence pairs from the BioCreative/OHNLP
ClinicalSTS shared task in 2018 with 1006 new sentence pairs. Duplicate clinical
sentence pairs were removed in the process. All sentence pairs were picked from
clinical notes of the Mayo Clinic EHR data warehouse. Figure 3.6 illustrates the process
of how the sentence pairs were selected. After the selection, the sentence pairs were
independently annotated by two clinical experts with many years of experience. In case

of disagreement, the average score was taken as the reference standard. Therefore,

the annotations contain integer and noninteger values ranging from 0 (not similar) to

5 (completely similar). The two annotators had a moderated agreement measured with

a weighted Cohen's Kappa of 0.67 on the 1068 clinical sentence pairs and 0.6 for the
additional 1006 sentence pairs. Examples of sentence pairs for each score are given

in Table 3.7. The nal dataset of the 2019 N2C2 /OHNLP Clinical STS track consists
of 1642 training and 412 test sentence pairs. More information on the challenge and

the dataset can be found in (Wang et al., 2018b,a, 2020). In addition, in Section 5.1.2
additional analysis of the dataset is presented.

3.2.2 German radiology reports

The second dataset comprises a collection of radiology reports retrieved from the Ra-
diology Information System ( RIS) from three independent clinical sites, the University
Hospital Heidelberg (  UKHD ), the German Cancer Research Center ( DKFZ ) and the
Heidelberg Thoracic Clinic ( TKH ). All three radiology departments are associated
with the German Cancer Research Center. The German radiology reports include all
kinds of oncological diagnoses with slightly varying tumor entities depending on the
clinical site and contain examinations of all body regions (Fink et al., 2022a). The
retrospective studies comprising the German radiology reports are compliant with the
Health Insurance Portability and Accountability Act and approved by the Institutional
Review Board (S-083/2018). The requirements to obtain informed consent were waived.

All anonymized German reports were stored locally on dedicated computing resources.

The collection of radiology reports consists of consecutive reports for CT, MRI and
ultrasound (US) examinations of all body regions, acquired between March 2018 and
August 2021. In total, 14569 reports were retrieved with 13685 SORs from the UKHD ,

which is a tertiary care center, 412 free-text-oncology reports from the German Cancer
Research Center (  FTOR-DKFZ ) and another 472 free-text-oncology reports from the
Heidelberg Thoracic Clinic ( FTORT-TKH ), which is a hospital specializing in chest
diseases (Fink et al., 2022a).

The concept of structured oncology reporting was introduced by Weber et al. (2020) at
UKHD to avoid the risk of incompleteness and lack of comprehensibility of relevant
information (Weber et al., 2020) in contrast to FTOR s, which are traditionally written
in a continues text form. The implemented software application of Weber et al. (2020)
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Patient Degree SOR Category German Template
complete response no tumour burden Oncological regular ndings without evidence of recrudesce or metastasis
(CR) evidence (Onkologisch regelrechter Befund ohne Nachweis von Rezidiv oder Metas-
tasierung)
partial  response signi cant de- Oncological improvement of ndings; constancy of ndings with a tendency
(PR) crease of tumour to decrease (Onkologisch Befundverbesserung; Befundkonstanz mit tenden-
burden zieller Abnahme)
stable disease ( SD) no signi cant Oncological constancy of ndings (Onkologisch Befundkonstanz)
change of tumour
burden
progressive  dis-  signi cant in- Oncological worsening of ndings; constancy of ndings with a tendency
ease (PD) crease of tumour to increase (Onkologisch Befundverschlechterung; Befundkonstanz mit
burden tendenzieller Zunahme)
Table 3.1:  Example translation of the different TRCs to a SOR as executed by the

software for structured oncology reporting. This table was adapted from Liang et al.
(2022). SOR=Structured Oncology Report, TRC=tumor response category.

provides a standardized, structured layout that comprises disease-specic report

templates, a tabulated tumor burden documentation and a standardized conclusion.

Figure 3.8 gives an example of a SOR. The conceptual design of the SOR templates
follows a level 2 reporting structure (Fink et al., 2022a; Weber et al., 2020). i.e. the
reports are created with a browser-based tool that provides drop-down menus and pick

lists but also text forms that allow entering free-text information (Fink et al., 2022a)

An important speci cation in oncological reports is the description of changes in tumor
burdens during treatments. For this reason, a working group comprising multiple

cancer care institutions published a set of rules called Response evaluation criteria

in solid tumors ( RECIST ), which allow assessing the activity and ef cacy of new
cancer therapeutics in solid tumors using standardized terminology (Eisenhauer et al.,

2009; RECIST, 2023). Following the RECIST version 1.1 guidelines all considered
German reports can be classi ed into four tumor response category ( TRC): PD, SD,
PR, CR. The tool to create SORs by Weber et al. (2020) applies the standardized
terminology RECIST version 1.1 guidelines and considers baseline and nadir imaging

if applicable (Eisenhauer et al., 2009). The tool also allows to assign the TRC of
"tendency of progressive disease ( PD)" and "tendency of partial response ( PR)". Since
the TRC across reports are often not equally distributed and the complexity of reports

of different TRC strongly varies, a major challenge for proposed algorithms is to handle

the imbalances and heterogeneities in the datasets. Table 3.1 shows how the TRC are
translated into the nal nding by the software for structured oncology reporting.

The FTOR-DKFZ and FTORT-TKH follow a similar high-level structure consisting of a

I Online version of the software application can be assessed here: http://www.targetedreporting.com/-
sor/, December 16th, 2022
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Dataset Institution Case num Field strength (T) Resolution (in/ through plane)(mm) Endorectal coil Manufactor

Site A RUNMC 30 3 0.6-0.625/3.64 Surface Siemens
SiteB BMC 30 15 0.4/3 Endorectal Philips

Site C  12CVB 19 3 0.670.79/1.25 No Siemens
Site D UCL 13 1.5and3 0.3250.625/33.6 No Siemens

Site E  BIDMC 12 3 0.25/2.23 Endorectal GE

SiteF  HK 12 15 0.625/3.6 Endorectal Siemens
Table 3.2:  Site-speci ¢ technical parameters of the multi-site prostate MRI segmenta-
tion dataset. This table was adapted from Liu et al. (2020a). MRI =magnetic resonance
imaging.

general information (except for the FTORT-TKH ), imaging ndings, and a conclusion
(also denoted as "summary" or "impression") section. However, the FTOR s are written

more freely. The writing styles in reports vary strongly between clinical centers as
shown in Section 5.3.1 in which the patient characteristics and the lexical complexity
of the reports are analyzed in detail.

In principle, the general information section contains details on dates, the medical
imaging device, information on the patient history and comparison to previous reports,
and the general cancer treatment situation. The imaging ndings section of an oncology
radiology report contains information on primary tumors and metastases, their location
and properties in different body regions, and other non-oncological ndings such as
fractures. The conclusion section concisely summarizes and assesses the patient's
conditions based on the information given in the general information and imaging
ndings section.

Data curation, automated processing and manual annotation steps to use the radiology
reports and to extract the TRC for the tasks of text classi cation and text summarization
are given in Sections 4.3, 5.3.1 and 5.2.1.

3.2.3  The multi-site prostate MRI segmentation dataset

The third dataset is an imaging dataset consisting of prostate T2-weighted MRI with
respective reference segmentations of the prostate which include whole prostate
segmentations as well as peripheral zone ( PZ) and central gland (  CG) segmentations.
To evaluate domain generalizability and federated learning scenarios, the multi-site

prostate MRI segmentation dataset is constructed based on six different data sources

from previous challenges and benchmark datasets Liu et al. (2020a,b). The dataset

contains samples of two different data sources from the NCI-ISBI 2013 Challenge (N

et al.,, 2015; Clark et al., 2013; TCIA, 2023), one collection of samples from the
benchmark 12CVB dataset (Lemaitre et al., 2015; 12CVB, 2023) and samples of three

different data sources from the PROMISE12 dataset (Litjens et al., 2014), which was
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created for the MICCAI Grand Challenge: "Prostate MR Image Segmentation 2012".
Table 3.2 illustrates the details of the different data sources. In this work, an already
pre-processed dataset (PROMISE12, 2023) is used, Liu et al. (2020a) resized each
sample to 384x384in the axial plane and normalized it to zero mean and unit variance.
In addition, they clipped each sample to only preserve slices of the prostate region for
consistent objective segmentation regions across all data sources (Liu et al., 2020a).
Figure 3.9 illustrates samples of the preprocessed dataset for the respective sites.
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Figure 3.7: Examples of the sentence pairs from the BioCreative/ OHNLP challenge
2018. This gure was adapted from Wang et al. (2018a). OHNLP =Open Health Natural
Language Processing.
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Figure 3.8: Oncologic assessment in the clinical routine using structured oncology

reporting. Shown is an exemplary

SOR for a 32-year-old woman with a history of

breast cancer (left side). The report is interpreted with the TRC PD. This gure was

adapted from Fink et al. (2022a).

PD=progressive disease, = SOR=Structured Oncology

Report, TRC=tumor response category.
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