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Abstract

Over the past decade, advances in liquid biopsy - which involves analyzing blood samples
for tumor cells or their products - have contributed to significant progress in cancer diag-
nostics and precision medicine. Among the most prominent biomarkers are circulating
tumor cells (CTCs), which are cancer cells present in the bloodstream that play a crucial
role in the metastatic process. Numerous studies using the CellSearch® (CS) system,
which has been approved by the U.S. Food and Drug Administration (FDA) for clinical
application in metastatic breast, colorectal, and prostate cancer, focus particularly on the
enumeration of CTCs, as the number of CTCs serve as a strong predictor of patients’
progression-free and overall survival. For instance, the detection of five or more CTCs
per 7.5 mL of blood in metastatic breast cancer patients correlates with poor clinical
outcomes.

Despite their clinical relevance, CTCs are rare and highly heterogeneous, presenting
considerable challenges for their detection. Currently, the identification of CTCs in
peripheral blood samples by CS remains only partially automated, highlighting the need
for fully automated solutions. Although recent deep learning (DL)-based methods offer
promising advances, they typically require large annotated data sets, which are expensive
and often impractical to obtain, whereas abundant unlabeled data remain largely unused.
Furthermore, the shift toward full automation increases the risk of overlooking model
uncertainties, which need to be addressed.

Using fluorescence microscopy images acquired by the CS system from a cohort of

metastatic breast cancer patients, the key contributions of this thesis are as follows:
(1) Application of a reliable DL-based segmentation method to detect CTCs.

(2) Demonstration that self-supervised learning using unlabeled image data enables the
model to learn generalized representations, and, when combined with a supervised
conventional machine learning classifier, allows for efficient and robust binary

classification (CTCs vs. non-CTCs) using only a small set of well-annotated images.

(3) Development of a human-in-the-loop framework to identify and target model
uncertainties during classification, enabling improved differentiation between cell
classes by having experts annotate an automatically selected, limited yet meaningful

set of previously unlabeled images from regions of high model uncertainty:.
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(4) Comparative analysis of CTC detection and classification performance between

the CS system and the optimized classifier from (3) on a metastatic cohort with
progressive and stable disease, representing varying CTC burdens, as well as on
healthy donors. Expert review of events and candidate cell images of both systems
revealed that distinguishing between CTCs and non-CTCs can be challenging,

leading to the definition of additional categories for unsure cells.

It is concluded that the methods and strategies presented here pave the way for more

reliable, automated, and efficient CTC detection, while also providing initial approaches

for addressing uncertainties arising from both the model and expert annotation.
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Kurzfassung

In den vergangenen zehn Jahren haben Fortschritte in der Liquid Biopsy (Fliissigbiopsie)
- darunter die Blutprobenanalyse von Tumorzellen oder deren Produkte - zu signifikan-
ten Entwicklungen in der Krebsdiagnostik und der Préazisionsmedizin gefithrt. Zu den
wichtigsten Biomarkern zahlen zirkulierende Tumorzellen (CTCs), bei denen es sich um
Tumorzellen im Blutkreislauf handelt, die eine entscheidende Rolle im Metastasierungs-
prozess spielen. Zahlreiche Studien, die das von der US-amerikanischen Food and Drug
Administration (FDA) fiir die klinische Anwendung bei metastasiertem Brust-, Kolorektal-
und Prostatakrebs zugelassene CellSearch® (CS)-System verwenden, legen den Fokus
besonders auf die Zahlung von CTCs, da die CTC Anzahl als starker Pradiktor fiir das
progressionsfreie und das Gesamtiiberleben der Patient:innen gilt. So korreliert beispiels-
weise der Nachweis von fiinf oder mehr CTCs pro 7,5 ml Blutprobe bei Patient:innen mit
metastasiertem Brustkrebs mit einer ungiinstigen Prognose.

Trotz ihrer klinischen Relevanz sind CTCs im Vergleich zu anderen Blutzellen selten
und zeichnen sich durch eine hohe Heterogenitit aus, was ihre Detektion erheblich
erschwert. Die Identifikation von CTCs in peripheren Blutproben mittels CS-System ist
derzeit nur teilweise automatisiert, wodurch der Bedarf an vollstindig automatisierten
Losungen besonders hoch ist. Zwar zeigen aktuelle Deep Learning (DL)-basierte Verfahren
vielversprechende Fortschritte, diese erfordern jedoch meist grofle Mengen annotierter
Datensatze, deren Erstellung aufwendig und oftmals nicht praktikabel ist, wohingegen
zahlreiche nicht annotierte Daten oftmals ungenutzt bleiben. Dartiber hinaus birgt die
vollstindige Automatisierung das Risiko, Unsicherheiten des Modells zu tibersehen,
weshalb diese gezielt adressiert werden miissen.

Auf Basis von Fluoreszenzmikroskopie-Bildern, die mit dem CS-System von einer
Kohorte metastasierter Brustkrebspatient:innen aufgenommen wurden, ergeben sich die

folgenden zentralen Beitrage dieser Arbeit:

(1) Die Anwendung eines zuverlassigen, DL-basierten Segmentierungsalgorithmus

zur Detektion von CTCs.
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(2) Die Anwendbarkeit von selbstiiberwachtem Lernen auf unannotierten Bilddaten
im Bereich der Flissigbiopsie. Dieser Ansatz ermoéglichte es zunachst, generali-
sierte Repréasentationen der Bilder zu erlernen und, in Kombination mit einem
nachfolgenden konventionellen Machine-Learning-Klassifikator, eine effiziente
und robuste binare Klassifikation (CTCs vs. Nicht-CTCs) mit nur einer kleinen

Anzahl sorgfiltig annotierter Bilder zu erzielen.

(3) Entwicklung eines Human-in-the-Loop-Frameworks zur Identifikation und Redu-
zierung von Modellunsicherheiten wahrend der Klassifikation, indem gezielt und
automatisiert eine begrenzte Anzahl zuvor nicht annotierter Bilder aus Bereichen
hoher Modellunsicherheit von Expert:innen annotiert und dem Modell zur weiteren

Verbesserung zuriickgefithrt wird.

(4) Vergleichsanalyse der Detektions- und Klassifikationsleistung fiir CTCs zwischen
dem CS-System und dem optimierten Klassifikator aus (3) an einer metastasier-
ten Kohorte mit progressiver und stabiler Erkrankung, die unterschiedliche CTC-
Belastungen reprisentiert, sowie an gesunden Spender:innen. Die Uberpriifung der
Ereignisse und vorgeschlagenen Kandidatenzellen beider Systeme zeigte, dass die
Unterscheidung zwischen CTCs und Nicht-CTCs selbst fiir Expert:innen mitun-
ter schwierig ist, was zur Definition zusatzlicher Kategorien fiir unsichere Zellen
fihrte.

Abschlieflend lasst sich sagen, dass die hier vorgestellten Methoden und Strategien den
Weg fiir eine zuverldssigere, automatisierte und effizientere CTC-Detektion ebnen und
zugleich erste Ansdtze zur Adressierung von Unsicherheiten sowohl auf Modell- als auch

auf Expertenseite liefern.
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CHAPTER 1

INTRODUCTION

Cancer ranks among the top causes of death. According to global cancer statistics
[Sun+21], nearly 10 million individuals died from cancer in 2020. As of 2022, it was
estimated that approximately one in five people will have cancer during their lifetime,
with about one in nine men and one in twelve women dying from the disease [Bra+24].
In 2022, breast cancer remained the most commonly diagnosed cancer among women,
both in terms of incidence and mortality; in contrast, lung cancer predominated among
men for both incidence and mortality [Bra+24]. Other significant cancer incidences in
women included lung and colorectal cancer, while in men, prostate and colorectal cancers
had the next highest incidence rates [Bra+24].

Although precision medicine remains an achievable goal in medical oncology, the
substantial hurdle posed by tumor cell heterogeneity complicates treatment efforts. Tumor
heterogeneity arises from various factors, including genetic and epigenetic changes,
transcriptional and protein modifications, alterations in the microenvironment, and
changes in cellular phenotypes [McQ+17]. It encompasses both temporal (progression
over time) and spatial (variation across regions) aspects, each presenting major challenges
for effective treatment. Temporal heterogeneity is characterized by the transition from
localized to metastatic disease, which includes variations between the primary tumor and
its metastatic sites within the same patient. For instance, a patient initially diagnosed with
human epidermal growth factor receptor 2 (HER2)-negative primary breast cancer might
later develop HER2-positive metastases [Lin+12], significantly impacting the patient’s
survival. Spatial heterogeneity, on the other hand, refers to the presence of distinct tumor
clones, which can be found within a single primary or metastatic tumor (intratumoral),

as well as among different tumors in the same patient (intrapatient) [McQ+17].

1.1. Cancer detection and classification in liquid biopsy

Diagnostic imaging and tissue biopsies are the gold standards for cancer detection,
diagnosis, treatment decision-making, and response evaluation. However, these methods
have limitations in terms of sensitivity and their ability to detect early-stage disease. In
the metastatic setting, tissue biopsies, in particular, are highly invasive, posing discomfort

and risk to patients, and are often expensive. Moreover, some anatomical locations
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are difficult to access [Ma+24]. Since the deaths of cancer patients are often caused by
metastases at distant sites, repeated biopsies would be necessary to sample tissue from
both the primary and metastatic sites to monitor disease progression. However, the
invasive nature of these procedures makes them unsuitable for continuous monitoring
[DKB19].

To overcome some of the aforementioned limitations, liquid biopsy (LB) offers a
promising alternative. LB is a minimally invasive method for collecting bodily fluids such
as blood (see Fig. 1.1), allowing for the detection of cancer-derived material circulating in

the bloodstream that is released from tumor lesions.

Detection &

Patient Fluids Components Enrichment Characterization
H Cerebro- EVS@ ch::;:
) spinal s s
“Q:
- +
CtDNA . i
‘ ‘ Saliva OAK U Density
CTC | o
c Positive Immuno-
Blood @ = selection fluorescence
‘ Pleural cfRNA cl Negative
L effusion MY % selection
TEPs Size
| ‘ Urine %:(% )%’Y

Figure 1.1.: Overview of LB. This figure illustrates five examples of fluids used in LB. When focusing on
blood, it consists of various components, five of which are depicted and highlighted in the
components column; among these are CTCs. Various strategies for the enrichment, detection,
and characterization of CTCs are depicted. CTCs can be enriched using physical properties,
employing technologies based on size, density, and electric charge. Alternatively, they can also
be enriched using biological properties through marker-dependent strategies: CTCs may be
either positively or negatively selected using antibodies targeting specific proteins. The red
horizontal box highlights the enrichment and detection strategy used by the gold standard.
Abbreviations and explanations: CTC: Circulating tumor cell; EV: Extracellular vesicle; ctDNA:
Circulating tumor DNA; cfRNA: Circulating free RNA; TEPs: Tumor-educated platelets.

LB plays a role in early screening and aids in diagnosis, and through repeated sam-
pling, this method allows for close real-time monitoring of tumor progression and
therapy responses, and guides treatment decisions [AP25]. Several tumor-derived and
tumor-induced circulating biomarkers can be detected by LB (Fig. 1.1), including tumor-
derived extracellular vesicles (EVs), tumor-educated platelets (TEPs), circulating free RNA
(cfRNA), circulating tumor DNA (ctDNA), and circulating tumor cells (CTCs), among
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others. CTCs are tumor cells that have intravasated into the bloodstream and are one
of the most investigated markers [AP25]. Most clinically relevant data are derived from
studies on CTCs [KP19] and their clinical relevance has been shown in numerous studies
[Bid+18; Eff+18; Abd+21]. Research indicates that both quantitative information (CTC
counts), and qualitative information of CTCs, such as phenotypic characteristics, offer

valuable insights.

The latter is particularly relevant due to the significant heterogeneity of CTCs; de-
pending on the type and stage of cancer, they can differ greatly in size [Wen+24], display
distinct physical characteristics [HNZ13], and express varying surface proteins [PA16;
Tan+23]. Targeting surface proteins for CTC detection has been shown to be an effec-
tive method, as reported by studies with the CellSearch® (CS) system (Menarini Silicon
Biosystems Inc., Huntingdon Valley, PA, USA), which is the only FDA (Food and Drug
Administration)-cleared clinical application of CTCs and is considered the gold standard
in CTC detection for patients with metastatic breast, colorectal and prostate cancer
[MDT10; Swe+16]. Since most epithelial tumors express the epithelial cell adhesion
molecule (EpCAM) on their surface, CS enriches for CTCs using anti-EpCAM antibodies,
as epithelial cells typically do not circulate under normal conditions. CTCs are then
identified through immunofluorescence staining for cytokeratins (CK), 4°,6-diamidino-2-
phenylindole, dihydrochloride (DAPL; marker for nucleus), and CD45 (positive marker
for leukocytes). The expression levels of EpCAM, both up- ([GS14]) and downregulation
([Wen+04; Rao+05]), can further serve as an indicator of the aggressiveness of CTCs. For
example, downregulation of EpCAM in CTCs is often accompanied by the upregulation of
mesenchymal markers. This upregulation has been shown to increase tumor invasiveness

and is linked to poorer survival [Zha+17].

As for the quantitative aspect of analyzing CTCs, CTCs are significantly less common
in the blood, with approximately one CTC found among 10° to 10® leukocytes [BT13].
When analyzing a standard 7.5 mL blood sample using the CS system, the frequency of
CTCs varies depending on the type of metastatic cancer. CTC frequency is relatively low
in metastatic colorectal cancer, whereas it is comparatively higher in metastatic prostate
and breast cancers [All+04]. Studies with the CS system (primarily in the metastatic
setting) have demonstrated that the CTC count serves as a prognostic indicator for
different types of epithelial cancers, such as metastatic breast, colon, and prostate cancers
[Rie+18]. For metastatic colorectal cancer, having 3 or more CTCs per 7.5 mL of blood
indicates a poor prognosis, while the consensus cut-off threshold in metastatic prostate
and breast cancer is 5 or more CTCs per 7.5 mL of blood, which is linked to reduced

overall and progression-free survival [Rie+18]. Once treatment has started, assessing
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CTC counts at follow-up timepoints can also predict treatment effectiveness and response
[Hay+06].

Challenges in CTCs by the CS system have been reported by Andree et al. [AVT16],
including the system’s semi-automated nature. After the enrichment and staining of cells,
a software that is part of the CS system automatically generates a gallery of cropped
images from fluorescence microscopy images. These cropped images are selected based
on the presence of positive signals in the DAPI and phycoerythrin (PE; for CK) channels
that are located in the same predefined square [Swe+16], rather than by specifically
proposing CTC candidates. For enumeration of CTCs, a trained operator has to manually
examine the presented images in the gallery and select CTCs [LTK16] based on the
defined CS criteria [Rie+18]: DAPI and CK positivity, CD45 negativity, and a round
or oval cell shape with a diameter of at least 4 ym. However, manual classification is
constrained by user fatigue and can become very tedious. Especially in cases involving
patients with advanced metastatic disease, extensive image galleries are generated by the
system. To extend the capabilities of the CS system and in response to the challenges
in CTC detection, differentiation, and enumeration, Zeune et al. [Zeu+17] introduced
the Automated CTC Classification, Enumeration, and PhenoTyping (ACCEPT) tool. This
tool facilitates the analysis of previously identified CTCs and also enables the detection
and classification of CTCs in fluorescence images of blood samples. ACCEPT achieves
this by applying linear gates to object features derived from multi-scale segmentation,
with these features initially selected based on user observations. In more recent work
by Zeune et al. [Zeu+20], the developers of ACCEPT acknowledged the pressing need
for a fully automated and robust method for CTC enumeration and proposed the use of
artificial intelligence (AI) to classify CTCs. They demonstrated the capability of Al to
efficiently analyze large data sets in an automated manner, thereby providing a potential
solution for the time-consuming tasks of CTC evaluation and sorting, and allowing faster

and more consistent results.

The effectiveness of machine learning (ML) and deep learning (DL) techniques in
detecting and classifying CTCs from other blood cells has been demonstrated, with some
research efforts proceeding independently of the CS system [Che+16; Iye+20; ALL21],
whereas others, such as those by Zeune et al. [Zeu+17; Zeu+20], have sought to address
the limitations posed by the CS system. Although these methods typically achieve over
90% accuracy, they often require substantial amounts of ground truth (GT) data for
effective classifier training in a supervised learning context. However, obtaining large
labeled data sets is often not feasible, and greater volumes of unlabeled data remain
available but underutilized. Initial efforts to reduce dependence on extensive labeled

data have been undertaken for instance by Svensson et al. [Sve+14], who compared
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unsupervised, semi-supervised and supervised classifiers for CTC detection. In the field
of computer vision, Caron et al. [Car+21] presented a self-supervised learning (SSL)
training method that leverages unlabeled data in a purely data-driven approach.
Although full automation is desirable, the involvement of human experts remains
crucial. For instance, Wang et al. [Wan+16] demonstrated that the success rate in detecting
metastatic breast cancer in whole-slide images of sentinel lymph node biopsies improved
from 0.925 (using DL alone) and 0.966 (pathologist) to 0.995 when both approaches were
combined. This illustrates the benefits of integrating ML with human expertise. Similarly,
the integration of human expertise could be applied to enhance the accuracy of CTC

differentiation.

1.2. Aims of this work

Given that the CS system is currently the gold standard for CTC detection and enumera-
tion, yet possesses certain limitations, this work focuses on addressing these shortcomings.
The overall aim is to develop an Al-based image-processing system for the detection and
differentiation of CTCs and non-CTCs in LB data obtained from CS. Using metastatic
breast cancer as an exemplary case, the approach involves applying SSL and human-in-

the-loop methods.

A1 The first aim of this thesis is to achieve robust detection of cells in the raw
fluorescence microscopy images from the CS system by utilizing a DL-based
segmentation method as an alternative to the existing, but not publicly avail-

able, CS segmentation approach.

A2 Building on recent developments and success in the field of SSL [Car+21],
the second aim is to achieve reliable, label-efficient binary classification
of detected cells using the principles of SSL. The objective is to leverage
the abundance of unlabeled data while requiring only a limited amount
of labeled data for downstream CTC classification, thereby assessing label
efficiency compared to state-of-the-art supervised DL models, and exploring

the extracted feature maps of the learned representations.

A3 Recognizing that a model cannot always be fully confident in its predictions,
the third aim is to expand the developed system by integrating human exper-
tise to efficiently label automatically selected training samples, particularly
from latent space regions of classifier uncertainty. Utilizing a human-in-

the-loop approach, this strategy aims to iteratively improve the classifier’s



1. Introduction

accuracy while reducing the annotation and evaluation workload for experts,

particularly when compared to the effort required by the CS system.

A4 The final aim of this thesis is to extend the comparison of CTC detection
performance between the CS system and the model trained and optimized
via the human-in-the-loop approach to an additional cohort, comprising both
metastatic patients and healthy donors. This includes evaluating concordance,
sensitivity, and the handling of potential ambiguous cells, thereby assessing

the generalizability of the developed model.

1.3. Structure of this thesis

The thesis begins with chapter 2, which provides an introduction to the biological back-
ground necessary for this work. This chapter offers an overview of the role of CTCs in
the metastatic cascade and elaborates on the sampling and processing procedures of the
CS system used for CTC detection. Given the significance of CTC detection in the clinical
setting and the limitations of the CS system, the chapter concludes with a comprehensive
review of current state-of-the-art DL methods developed to address these limitations.

Chapter 3 delves into the principles of Al covering the fundamentals of ML and DL,
as well as concepts for latent space analysis relevant to this work. Further sections focus
on key topics such as image segmentation and advanced Al models that are applied in
this thesis.

Chapter 4 encompasses the experiments conducted and the results obtained throughout
this study. At the beginning of the chapter, an overview of the underlying publications is
provided. The chapter further introduces the in-house LB patient data and explains the
application of a DL-based segmentation method on it. Subsequently, a label-efficient CTC
classification strategy using SSL is introduced. Based on these methodological approaches,
further sections expand the system by incorporating a human-in-the-loop strategy to
improve the classification of CTCs. The final section focuses on the application of the
developed method to additional patients and healthy donors.

Chapter 5 concludes the results, places them in the context of current literature, and

provides an outlook for further possible research opportunities.



CHAPTER 2

BIOLOGICAL PRINCIPLES

2.1. Circulating tumor cells in the metastatic cascade

The metastatic cascade is a multi-stage process by which tumor cells invade the blood-
stream or lymphatic system, survive transit, and ultimately colonize distant organs to
form metastases. The process where CTCs act as the migratory units that travel through
the blood stream is illustrated in Fig. 2.1. Since the primary tumor rarely causes the
death of cancer patients, but rather metastases at distant sites do, understanding this
process is crucial for improving patient prognosis and identifying strategies to prevent
the formation of metastases.

The initiation begins with cancer cells acquiring changes in genes associated with
various processes known as the hallmarks of cancer, such as evading growth suppressors,
resisting cell death, and activating invasion and metastasis [HW11]. The metastatic
cascade starts when primary tumor cells locally invade their surrounding microenvi-
ronment and migrate across the endothelial barrier to enter the bloodstream [Law+23].
One possible explanation for this invasive and migratory capability of cancer cells is the
epithelial-to-mesenchymal transition (EMT), during which they lose epithelial traits such
as cell-cell adhesion [Mit18] and acquire mesenchymal characteristics, including the ex-
pression of vimentin [YY17], an intermediate filament protein that is a crucial component
of the cytoskeleton. Satelli and Li [SL11] reported that vimentin is frequently overex-
pressed, for instance, in breast cancer, and is associated with cancer cell invasiveness and
metastasis.

Once in the bloodstream, CTCs face environmental stressors such as oxidative stress
and shear forces [MM21]. While the majority of CTCs die [Lin+21], some undergo com-
plex, adaptive processes to survive. Moderate shear stress has been shown to induce
transcriptional changes that promote cell motility and migration [Lee+17]. Simultane-
ously, CTCs strive to evade detection by the immune system [Wan+18b]. CTCs can
escape immune destruction, for example, by expression of inhibitory molecules such
as programmed death-ligand 1 (PD-L1), or through downregulation of major histocom-
patibility complex (MHC) class I on the surface, which causes reduced recognition by
immune cells [TB22]. Further, in compositions where CTCs form clusters (Fig. 2.1) -

whether comprising only CTCs or a mix of CTCs with stromal or immune cells - they
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exhibit greater metastatic potential compared to individual CTCs [Ace+14]. This is partly
due to their shorter circulation times of 6-10 minutes, compared to 25-30 minutes for
individual CTCs [Rin+23], which enhances their survival and offers better protection
from immune attacks.

Ultimately, their metastatic success relies on the ability to rapidly extravasate through
the endothelial barrier into surrounding tissues. The efficiency of extravasation is in-
fluenced by various factors, including the expression of adhesion molecules for direct
interaction with the endothelial cell wall, the release of chemokines, the physical char-
acteristics of CTCs - such as cluster size and deformability, which play a role in their
mechanical trapping in capillaries - as well as the involvement of supporting cells such
as neutrophils [Rin+23].

After extravasation, reverse EMT, also known as mesenchymal-to-epithelial transition
(MET), may restore their epithelial characteristics to facilitate metastatic growth [JZX17],
enabling cancer cells to colonize distant sites (e.g., bones, liver) and form metastases.
However, cancer cells also face various challenges, such as evading immune responses and
adapting to new microenvironments. The colonization process can stretch across several
years, and cancer cells may even enter a latent state [MO16] before they potentially break

out and successfully establish new growths at these distant locations.

2.2. CellSearch®

The presence of CTCs in peripheral blood is associated with poor prognosis. Using the CS
system for isolation and enumeration of CTCs, this correlation has been demonstrated in
prospective multicenter studies of metastatic prostate cancer [De +08], colorectal cancer
[Coh+08], and breast cancer [Cri+04]. In light of these findings, this chapter seeks to
provide a more comprehensive understanding of the CS procedure and principles. This
section begins with an overview of specimen collection and preparation, followed by the
processing performed using the CELLTRACKS® AUTOPREP® System. Subsequently, the
analysis process using the CELLTRACKS ANALYZER II® is described, covering the steps
from scanning a sample to reviewing and reporting the results. Although the following
sections provide an overview of the respective CS procedures, for detailed instructions,

the respective CS User’s Guides should be consulted.

2.2.1. Whole blood collection, preparation, and processing

Whole blood is collected into a CellSave Preservative Tube. From this, 7.5 mL of blood is
transferred into a 15 mL CS Conical Centrifuge Tube, and a dilution buffer is added. The
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tube is then capped, gently mixed, and centrifuged, leading to the separation of plasma
and red blood cells, with the plasma forming a layer at the top.

The prepared sample is then processed by the automated sample-processing CELL-
TRACKS® AUTOPREP® System, used with a kit. In the case of the CS Circulating
Tumor Cell Kit, this includes a ferrofluid-based capture reagent and immunofluorescent
reagents. In the first step, the system aspirates the plasma layer, then adds ferrofluids
with a magnetic core coated with epithelial cell-specific EpCAM antibodies, that bind to
EpCAM antigens for capturing CTCs. The sample is then exposed to a strong magnetic
field, causing the antibody-coated immunomagnetic cells to be drawn to the side of the
tube, and allowing for the separation of bound cells. Although the process enriches for
EpCAM-positive cells, many leukocytes still remain among them [Swe+13]. Following
enrichment, fluorescently labeled antibodies are added to bind to antigens on the target
cells in order to label them. DAPI is used to stain the nucleus, PE labeled antibodies
are used to recognize CKs 8, 18, and 19, among others, which are intracellular proteins
present in most cells derived from epithelial cancer, and allophycocyanin (APC) is used to
label CD45, which is found on the surface of leukocytes, serving as an exclusion marker.
The magnetic separation is then repeated after incubation, excess staining reagents are
aspirated, and a fixative is added. The processed sample is lastly transferred by the CELL-
TRACKS® AUTOPREP® System into a cartridge, which is then placed in a MAGNEST®
Cartridge Holder. This holder contains a strong magnetic field to magnetically align the
labeled epithelial cells at the cartridge surface. The sample surface is then scanned by
the CELLTRACKS ANALYZER II®.

2.2.2. Circulating tumor cell analysis using the CELLTRACKS
ANALYZER 1I®

The CELLTRACKS ANALYZER II® is a partly automated fluorescence microscope de-
signed to capture the fluorescently labeled, aligned cells and transfer the resulting image
data to a connected computer running the CELLTRACKS® software. This software is
used for enumeration and enables an expert to view, analyze, and conduct a CTC selection
of the presented events.

The system begins by performing a coarse focus on the ferrofluid, followed by edge
detection of the cartridge, and then scans the entire surface of the cartridge frame by
frame, and an image is taken with each filter. The filters are DAPI, an additional filter,
PE, and APC. The scheme in Fig. 2.2 visualizes the scanning process.

The system divides the cartridge usually into 175 frames (for each channel), organized

into 5 rows with 35 frames each. The scanning process begins at the top left corner of

10



2.2. CellSearch®

ot =i

Figure 2.2.: CS scanning procedure for a cartridge. The surface is organized into 175 frames, arranged in 5
rows of 35, following a zigzag pattern from top left to bottom right.

the first row and moves across to the rightmost frame. It then continues directly below,
starting from the rightmost frame in the second row and moving to the left. This zigzag
pattern continues with the third row being scanned from left to right, the fourth row
from right to left, and finally, the fifth row from left to right, ending with the last frame,
frame 175.

After the scanning process, the software identifies objects where DAPI and CK staining
are close to one another. It then displays these objects as cropped images for each channel
separately, along with a composite color image combining the DAPI and CK channel (the
latter is sometimes referred to as the CK-PE channel), in a gallery format as shown in
Fig. 2.3A.

CK is displayed in green and the cell nucleus is shown in pink in the composite image,
but can sometimes appear white depending on the signal intensities of both channels.
The images in the gallery are initially presented as unassigned events and are sorted
by event number and frame number. An expert then classifies an image as a CTC by
clicking on the composite image, which creates an orange box around the displayed
composite image. If a more detailed image of the displayed cells is desired, the expert
can examine the image in each channel on the cartridge frame by clicking on the event
number of the corresponding cell. The screen then switches to the Cell Select view,
depicting yellow boxes around the events of the respective frame, as shown in Fig. 2.3B.
When a box is clicked, the selected image is highlighted with a red dashed box and can
be enlarged. The typical image size in the gallery is 80 X 80 px, but some images may
differ in size, as indicated by the varying sizes of the yellow boxes. The current cartridge
image in Fig. 2.3B suggests that the gallery will be extensive, as numerous yellow boxes
are already displayed for a single frame. This scenario is typical in cases of metastatic
disease, where the operator reviews the images in such galleries, demanding substantial
effort and time to classify them as CTCs. Not only is the number of images that need
to be reviewed a challenge for the operator, but interpreting the respective stainings

also presents difficulties. Fig. 2.4 shows that bright signals in the CK-PE channel can
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Figure 2.3.: CS image gallery and exemplary features of the Cell Select view. (A) In each row of the
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gallery, from left to right, the following are displayed: Event number, frame number, composite
image (DAPI/CK-PE), and images for each channel (CK-PE, DAPIL, CD45-APC). The green color
in the composite image represents CK-PE, while pink stands for DAPI. Composite images
with an orange border (events 337, 340, and 341) are manually assigned as CTCs (positive
for CK-PE, DAPI, and negative for CD45) by the operator. Figure adapted from publication
[WDT14], licensed under Creative Commons Attribution (CC BY). (B) The Cell Select view
allows for detailed inspection of gallery cell images. Cartridge frames can be examined for
each channel, with the presented cell images in the gallery highlighted in yellow boxes. The
location of the clicked gallery image (see top row) is highlighted with a red dashed box in the
underlying cartridge channel image, as shown here using the DAPI channel. Abbreviations
and explanations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride; CK-PE: Cytokeratin-
phycoerythrin; CD45-APC: Exclusion marker-allophycocyanin.
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lead to shine-through effects (spectral spillover) in the APC channel, requiring closer

examination by the operator.

DAPI/CK-PE CK-PE DAPI CD45-APC DAPI/CK-PE CK-PE DAPI CD45-APC

Shine-through effect Artifact

SOR S K EEE

Rather dim PE and bright DAPI Rather dim DAPI and bright PE

Figure 2.4.: Appearances of cell images in the gallery. Shine-through effects, artifacts, and variations in
intensity across the CK-PE and DAPI channels can occur in the CS gallery. Abbreviations
and explanations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride; CK-PE: Cytokeratin-
phycoerythrin; CD45-APC: Exclusion marker-allophycocyanin.

Furthermore, there are cases where the CK-PE signal is relatively bright while the DAPI
signal is rather dim, or vice versa. In such instances, the signals in the composite image
must be examined more carefully. Additionally, artifacts, apoptotic cells, and cell clusters
have been also reported by Andree et al. [AVT16]. In general, studies using the CS system
have shown consistent results in identifying CTCs [Cum+13; Kra+11; Rie+07]. However,
despite this concordance, the aforementioned variability in cell appearances continues
to cause differing object or cell assignments during manual image review by various
operators, especially across platforms. One of the first attempts to address this issue was
made by Zeune et al. [Zeu+17] through the development of the ACCEPT tool.

2.3. State of the art and beyond CellSearch®

Despite the urgent need for fully automated CTC detection, there is little research with
DL-based methods in this field. Chen et al. [Che+16] proposed a label-free detection
approach based on a fully-connected neural network using optical phase imaging, and
Mao et al. [MYS16] developed a detection system using a deep convolutional neural
network (CNN) on images independent of cell marker expression. The developers of
the ACCEPT tool [Zeu+20] also emphasized the use of DL methods for fully automated
CTC classification and analysis and explored CNNs; however, their work is the only

effort directly aimed at the clinically relevant imaging setup of the CS system. As their
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work serves as the motivation for this thesis, this section will present an overview of
the methods and the main results by Zeune et al. [Zeu+20]. The theoretical concepts

underlying these approaches will be explained in the following chapter 3.

2.3.1. Deep learning of circulating tumor cells

As CTCs are among other cell classes within the blood, the work of Zeune et al. [Zeu+20]
aimed to automatically classify fluorescent cell thumbnail images to their respective
cell categories. They tackled this multiclass classification task with two different DL
approaches: one using a standard CNN (for further details see Section 3.2.5) and the other
using an autoencoder CNN. The second aim was then the visualization of the latent space
information of both approaches to inspect cell classes and potential CTC subpopulations.

An overview of their workflow is shown in Fig. 2.5.

For their study, they used approximately 500 processed cartridge images from the CS
system, with high reported CTC counts, originating from patients with metastatic breast,
prostate, colon, and lung cancer, as well as benign breast disease and from cultured cancer
cell lines. The samples were then processed using the ACCEPT tool, and measurements
(e.g., mean intensity) for each cell and fluorescence channel (DAPI, CK, and CD45) were
extracted. Linear gates were defined and applied, and candidates falling within the
defined gates were then manually scored by several reviewers to determine if the images
truly belonged to the four respective categories: CTC, tdEV, white blood cells, and bare
nuclei. Images that were left unlabeled by the reviewers were then re-examined and
assigned as either artifacts or unknown objects. The four cell categories and the class
of unknown objects together formed a set of five classes, and the GT set was reviewed
again by another reviewer to reduce the number of noisy images. Lastly, an additional
class was added to the GT, consisting of objects that lack the expression of DAPI and CK
but are CD45 positive, named CD45EVs. Thus, the fluorescence images of the six cell

classes comprised an extensive GT, as depicted in Fig. 2.5.

Before the fluorescent images were used as inputs for the networks, they underwent
pre-processing. Both the standard CNN and the autoencoder CNN include a convolutional
feature extraction component, known as the encoder, which processes the image data
through multiple layers, reaching a low dimensional feature space. In this process, the
images are compressed from an 80 X 80 X 3 input format to a 50 X 1 feature representation.
This latent representation is fed into fully connected layers for classifying the input based
on the extracted features. The outputs sum to one, allowing them to be interpreted as the

respective class probabilities. The network is trained by minimizing the error between
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the true class label and predicted class distributions, known as the cross-entropy (CE)

loss (for further details see Section 3.2.2).
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Figure 2.5.: Overview of the worflow of Zeune et al. The workflow starts with the processing of archived
CS images using the ACCEPT tool, followed by manual review to generate an extensive GT
for training and validation of the two networks. Probabilities assigned to the respective class
images are shown. CTC and cell analyses are performed in the latent space of the extracted
features. Abbreviations and explanations: tdEV: Tumor-derived EV; WBC: White blood cell.
Image adapted from [Zeu+20], reproduced with permission from the copyright holder (Springer
Nature).
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For the autoencoder CNN, the encoding and classification components remain un-
changed, as illustrated in Fig. 2.5. The key difference from the standard CNN is that
the latent space representation is additionally fed into a decoding part, consisting of
separate convolutional decoding networks for each of the three fluorescence channels,
to reconstruct the encoded input image. The network is trained by minimizing a loss
function aimed at reducing errors in both reconstruction and classification, with a factor
that determines the influence of the classification on the weights.

Throughout their experiments, the data set was divided into either a two-class (CTC
vs. No CTC), five-class, or six-class set, and each of the sets was randomly split into 80%
training and 20% validation. As for the six-class classification, the results are depicted in
Fig. 2.6A.
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Figure 2.6.: Results from Zeune et al. [Zeu+20]. (A) DL-based CTC image classification. Confusion matrix
for six-classes using (a) a standard approach (CNN), (b) autoencoder; (c) 2D t-SNE visualization
of autoencoder latent space, revealing CTC subpopulations beyond the six defined classes. (B)
CTC heterogeneity in latent space. (a) 2D t-SNE map for CTCs across four cancer types and cell
lines, (b) Example CTCs from distinct t-SNE regions, each showing different morphology and
staining. Abbreviations and explanations: tdEV: Tumor-derived EV; WBC: White blood cell;
t-SNE: t-distributed stochastic neighbor embedding. Images adapted from [Zeu+20], reproduced
with permission from the copyright holder (Springer Nature).
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Regarding CTC classification, both approaches - the standard CNN as well as the
autoencoder CNN - correctly classify the majority of CTCs. Interestingly, many im-
ages from the class of artifacts were mistakenly classified as CTCs, yet most of these
misclassifications appear to belong to the category of other objects.

The overall classification accuracy is high for both approaches. To visualize the latent
space, t-distributed stochastic neighbor embedding (t-SNE), a dimensionality reduction
method, is applied to further compress the 50D feature space to 2D. The 2D t-SNE map
of the autoencoder CNN is shown in Fig. 2.6A. Upon inspecting the latent space, distinct
clustering of all six cell classes becomes apparent, and even subpopulations within the
classes of tumor-derived EVs and white blood cells are revealed.

In the next step, the heterogeneity of CTCs across the cancer types was further ana-
lyzed, as depicted in Fig. 2.6B. When randomly selecting points from different locations
within the latent space (Fig. 2.6B), the CTCs exhibit distinct morphological and staining
characteristics. CTCs from location 1 are either large in size or overlap with a neighboring
CTC; CTCs from location 2 are round and exhibit a strong CK signal; CTCs from location
3 have a more subdued CK staining; and CTCs from location 4 display dim CK and DAPI
staining.

To sum up, Zeune et al. introduced promising CNN-based approaches for the classifica-
tion of CTCs and other cells in the blood. They further analyzed cell classes in the latent
space, revealed distinct clusters of similar cells, identified subpopulations within cell
classes, and examined the heterogeneity of CTCs. As the presented results demonstrated
the successful application of DL for CTC differentiation, understanding the concepts
of ML and DL is of utmost importance to advance research in the area of robust and

automated CTC detection, differentiation, and enumeration.
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CHAPTER 3

PRINCIPLES OF ARTIFICIAL INTELLIGENCE AND

IMAGE PROCESSING

In recent years, the concepts of Al, particularly ML and DL, have attracted considerable
attention across many research fields. As the availability of data, computational power,
and memory increase, the development and application of ML and DL approaches become
more feasible. They can act as adjunct tools to human expertise or solve problems inde-
pendently, often more efficiently and quickly than humans, particularly in the processing
and analysis of large data sets to extract useful information and uncover patterns.

Given these capabilities, a particularly promising area for the application of ML and DL
is the medical and biomedical field, as these domains are often characterized by highly
complex, heterogeneous, and sometimes abundant data that require sophisticated analysis.
Tailored ML and DL solutions can support physicians and researchers by enabling more
precise and efficient data analysis, reducing the risk of medical errors, and providing
better standardization of protocols, such as for diagnosis and prognosis [ZZR19].

In this thesis, approaches from ML and DL are employed to address and overcome
biomedical data analysis challenges. Accordingly, the following sections introduce the
core concepts and selected methods from ML and DL that are particularly important in

the context of this work.

3.1. Machine learning

In the literature, ML is defined as the scientific study that integrates elements of mathe-
matics, statistics, and computer science [SS19], focusing on the development of algorithms
and statistical models that perform specific tasks by extracting and learning relevant pat-
terns and inferences from data, rather than relying on a predefined set of rules [Cui+20].
However, ML algorithms are more accurately characterized based on their training meth-
ods, the availability of annotated data, and the types of problems they are designed to
solve. ML can generally be divided into supervised, unsupervised, and reinforcement
learning (where an agent learns from trial-and-error feedback). In the following sections,

supervised and unsupervised learning will be presented in more detail.
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3.1.1. Supervised learning

Supervised learning deals with labeled data, where both the input and the desired output
are known. By fitting a mapping function through training input-output pairs it enables
making predictions on new, unseen data. Classification problems are commonly solved
using this approach, with k-nearest neighbors (KNN) and support vector machines (SVM)
being two of the most well-established algorithms. KNN is considered one of the most
straightforward ML algorithms [SK23b], so a brief description will be provided below.
SVM was employed for all downstream CTC classification tasks in this thesis and will

therefore be presented in greater detail.

K-nearest neighbors: The objective of the KNN method for a new test sample is to find
a predefined number of training samples whose feature vectors are closest in distance to
it, as measured in the feature space using a specific distance metric - most commonly the
Euclidean distance - and then to determine the class based on these neighbors [CD21].
The simplest strategy for classification is to assign the class label that is most frequent

among the nearest neighbors (majority vote) to the new point (see Fig. 3.1). The number
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Figure 3.1.: Visual illustration of the KNN classification. Training samples with two classes, along with
a new test sample, are shown in a 2D feature space. To classify the new sample, KNN uses a
distance measure (e.g., Euclidean distance) to find the nearest neighbors. In this example, k is
set to 3. Therefore, for the test sample, the positive class represents the majority class (dashed
circle) among these neighbors.

of samples is the user-defined constant k, and if k = 1, then the sample is assigned to the
class of its nearest neighbor. KNNs have been widely applied and shown to be effective
in classification problems [Li+12; MSB13; RM12], but the choice of k is not trivial, as the

class assignment may vary depending on the chosen value of k [KK13].

Support vector machine: The primary objective of the SVM is to separate classes in

the training set with a decision surface (or hyperplane) in feature space that maximizes
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3.1. Machine learning

the margin between the classes - the distance from the hyperplane to the closest data
points of each class - thereby minimizing the classification error [Cer+20].

The simplest case for an SVM occurs when the training data is linearly separable into
two classes, that are the positive (+1) and negative (-1), in a 2D feature space (see Fig. 3.2).
Given N training points, the set of input feature vectors is denoted as X, where each x;
(for i = 1,..., N) belongs to R” (D is the dimensionality) [Fle09], and is associated with a
class label y; € {—1, 1} from the set Y of class labels. When D = 2, a line can be drawn to
separate the two classes; for D > 2, the separation occurs via a hyperplane [Fle09]. The

equation for the linear hyperplane can be expressed as follows:
f(x)=w-x+b, (3.1)

where w is the weight vector normal (perpendicular) to the hyperplane, and b is the
bias term [Fle09]. The bias enables the hyperplane to be shifted away from the origin
[Boo+25]; without it, the decision boundary would always pass through the origin.

To find the optimal plane between the two classes, a subset of training samples that lie
on the marginal hyperplane is considered. These samples, known as support vectors, are
crucial because they define the separating hyperplane. If any support vector is removed,

the position of the hyperplane will change [Cer+20].

A Margin Positive class
. 0 ©
\‘ Support vectors
o™
@) N
o . ko/ Separating line

Negative class

Y

Figure 3.2.: Visual illustration of a linear SVM in a 2D feature space. The support vectors are the data
points nearest to the separating hyperplane (here a line), determining the margin with which
the two classes are divided.

The two planes H; and H, on which these points (i.e., the support vectors) lie on can be

described by:

w-X;+b=+1 for H; (3.2)
w-X;+b=-1 forH,. (3.3)
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3. Principles of artificial intelligence and image processing

For this linearly separable data set, the optimization problem, where all data points also

are correctly classified, can be defined as:
.1 9
min EHWH (3.4)
subject to the constraint:

yi(w-x;+b) > 1. (3.5)

When the data contains outliers or is not separable, the SVM can tolerate some mis-
classifications by favoring a more generalizable margin. To achieve this, the optimization

problem is modified as follows:
1 N
min 5||w||2 +C Z & (3.6)
i=1
subject to the constraints:

yi(w-x;+b)21-§, §&20, (3.7)

where ¢; are slack variables that measure the degree to which the i-th data point violates
the margin requirement, and C is a regularization parameter that controls the balance
between achieving a wide margin and reducing the classification error [Zho24; Zha12]: a

high value of C results in a greater penalty for misclassifications.

The SVM can be extended through the use of kernel functions - a technique known as
the kernel trick - which enables the classification of data that are not linearly separable
(in the space of the inputs x) by implicitly mapping them into a higher-dimensional
feature space [Fle09]. The kernel function avoids explicitly calculating the coordinates in
the higher-dimensional space; instead, it measures the similarity between pairs of data
points (using their dot product) in the higher-dimensional space. A linear kernel K is

simply the dot product of two input vectors x and y in the original feature space:

K(x,y) =x-y. (3.8)

In addition to the linear kernel, commonly used kernels include the polynomial, sigmoid,
and radial basis function (RBF) kernels. The RBF kernel is particularly popular, as it tends
to perform well across a wide range of problems [PC13; Cla+14]. The RBF kernel allows
the SVM to model complex, nonlinear relationships by implicitly mapping the data into
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3.1. Machine learning

an infinite-dimensional feature space [Cla+14], where the similarity between two data

points is measured. It is defined as:
K(xy) =7, (3.9)

where y is a hyperparameter that controls the influence of each individual training
sample on the decision boundary. High values of y result in a more localized (close) effect
wherease lower values indicate rather far influence. Depending on the data, optimum

parameter search might be necessary to achieve good classification results [KC09].

3.1.2. Unsupervised learning

While supervised learning relies on labeled data, many real-world scenarios lack explicit
labels. In these cases, unsupervised learning offers valuable methods for uncovering
patterns and underlying structures within the data. When working with large data sets,
unsupervised techniques such as feature reduction and clustering become particularly
useful. Clustering is a method that groups data into collections based on the characteristics
and similarities of data point features [Ezu+22] and it can potentially reveal previously
unnoticed subgroups within the data [All+20].

In the following, a brief overview of dimensionality reduction is provided, followed by

a more detailed presentation of selected clustering methods.

Dimensionality reduction techniques

Dimensionality reduction seeks to transform data from a high-dimensional space into a
meaningful representation with fewer dimensions through mathematical transformation.
This can be achieved by preserving only the most essential variables from the data set or
by removing irrelevant, redundant, or noisy variables, thereby creating a smaller set of
new variables [SVM14]. Dimensionality reduction not only facilitates feature selection
and compression of high-dimensional data, but also aids in tasks such as visualization
and classification. Among the most commonly used methods are principal component
analysis (PCA) [Pea01; Hot33], t-SNE [VH08], and uniform manifold approximation and
projection (UMAP) [MHM18].

Depending on the specific problem or task, these methods can be used as alternatives
to one another (PCA: linear method; t-SNE and UMAP: non-linear manifold learning
methods), or, in certain scenarios, stacked in sequence to further reduce dimensionality
- resulting in faster training times and lower computational complexity [Lov+21]. For

instance, PCA can initially be applied to compress dimensions to a range such as 30
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3. Principles of artificial intelligence and image processing

to 100, before utilizing t-SNE or UMAP [Mar24] for further reduction to two or three
dimensions. This approach accelerates the execution of t-SNE or UMAP, and both can be
used for data visualization. In another example, Allaoui et al. [AKC20] demonstrated the
application of UMAP as a preprocessing step, which aided in clustering within a reduced
feature space using algorithms such as K-Means and Hierarchical Density-Based Spatial
Clustering of Applications with Noise (HDBSCAN).

Clustering

Clustering methods can be broadly categorized into partitional, hierarchical, and density-
based approaches [BM21]. Partitional clustering divides a set of data points into a specified
number of non-overlapping clusters [Ran+23a]. Hierarchical clustering seeks a more
complex grouping of data points into a set of nested clusters, such as in a dendogram.
Density-based clustering does not require that every data point belongs to a cluster, as it
identifies dense regions. Among the most well-known methods in the last category are
Density Based Spatial Clustering of Applications with Noise (DBSCAN) [Est+96] and the
more recent HDBSCAN [CMS13], which builds upon DBSCAN.

Below, K-Means is presented as a representative example of partitional clustering, both
for its simplicity and its requirement to specify the number of clusters in advance. In
contrast, HDBSCAN will be explained in greater detail due to the special focus given to
this approach during the thesis, as it can automatically determine the number of clusters

in a data set.

K-means: In K-means clustering, points are divided into a number of disjoint (distinct
and non-overlapping) groups [Nae+23]. This division is achieved through an iterative
algorithm, where the user specifies the desired number of clusters (k) in advance. An
exemplary overview of the main steps involved in the K-means clustering algorithm is

illustrated in Fig. 3.3.

The algorithm begins by randomly selecting k initial cluster centers (see A and B
in Fig. 3.3), known as centroids, from the data set. For each data point, the algorithm
calculates its distance to each centroid, commonly using the Euclidean distance in the
feature space [Nae+23], and assigns the point to the cluster with the closest centroid.
Once all points are assigned, the centroids are recomputed as the mean position of the data
points within each cluster [Ram+25] (see C in Fig. 3.3). These two steps, assignment and
centroid update, are repeated iteratively until the centroids no longer change significantly

or a predefined maximum number of iterations is reached (see D in Fig. 3.3).

24



3.1. Machine learning

A B
A 0o A 0o
@ ©O @ ~ O
C%(%;OOO <%§9Ooo
0]®) 00
o G0 ° o
Q@ @ o ® @ o)
O@ % o © O@ % o ©
o0 o °®B o

Y
A

A A
oo o oo o
%OO C%ﬁjoo
0]®) 00
%o Go
@) @)
3
o% ® o ¥ @ ©
© 08 o) © © (@) OO 30 ©
°0R o °®) o
© O O Datapoint classes ¥} X X Centroids

Figure 3.3.: Example of K-means clustering with k = 3. (A) The initial data distribution before K-means
partitioning. (B) Centroids are randomly initialized, and each data point is assigned to its
nearest centroid. (C) The centroids are recomputed to the mean position of all points assigned
to each cluster. (D) After several iterations of reassignment and centroid updating, the final k
clusters are obtained.

Density-Based Spatial Clustering of Applications with Noise algorithm: DBSCAN is
an algorithm capable of finding arbitrarily shaped clusters and defines clusters as regions
where points are densely packed together, separated by regions where points are sparse
[Est+96; KR16]. If the Euclidean distance in the feature space is used as the similarity
measure, the region is defined as a hypersphere with radius € around the given data point
p as its center [KR16]. The e-neighborhood of point p € D is called N,(p) and is defined

as:

Ne(p) ={q € D | dist(p,q) < €}, (3.10)

where D is the set of data points and dist(p, q) is the function calculating the distance
between points p and g [BF23]. DBSCAN requires two input parameters: € and MinPts.
The parameter MinPts represents a density threshold, indicating the minimum number
of neighboring points belonging to a core point. If the number of points belonging to the
e-neighborhood of p meets or exceeds the MinPts, then p is denoted as a core point. If it

is less than MinPts, then it is referred to as a border point [KR16]. A point p is considered
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3. Principles of artificial intelligence and image processing

noise if it does not qualify as either a core point or a border point [SC19]. An overview is

given in Fig. 3.4. The DBSCAN algorithm uses the concept of density reachability and

?_%\ MinPts = 3
x| ° .
\ \\/ o o & » O Core point
(( & © © Border point
) © Outlier/ Noise
7

N

Figure 3.4.: Example of clustering by DBSCAN with the MinPts parameter set to three. The orange points
represent core points that form a cluster. Two border points, which are density-reachable from
the core points, are included in the same cluster. The rose-colored points, however, are not
reachable and are therefore considered noise points.

density connectivity [BF23; SC19]:

(1) directly density-reachable: when q is a core point and p is in the e-neighborhood
of g, then p is directly density-reachable from q (with € and MinPts).

(2) density-reachable: when there is a chain of points py, ps, ..., pn, With p; = g,
Pn = P, such that p;, is directly density-reachable from p; (with € and MinPts) for

al1<i<n

(3) density-connected: two points p and g are density-connected (with € and MinPts)

if there is a point o such that both p and g are density-reachable from o.

The algorithm starts by selecting a random unvisited point p from the data set and
examining its e-neighborhood [KR16]. If the e-neighborhood of point p contains at least
MinPts points, then p is considered a core point, and a new cluster is formed. Points that
are directly density-reachable from p are then iteratively included in the same cluster.
This process can lead to the expansion of the cluster and may result in the merging with
other clusters. The algorithm continues to form and expand clusters in this manner, and
it terminates when all points have been visited and no further points can be added to any
cluster.

As mentioned above, in DBSCAN, € is determined by the user, and there is no definite
method for selecting it when working with real-world data. Additionally, if the densities
of individual clusters in a data set vary, € might mistakenly classify a legitimate group as
noise [PBC21].
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Hierarchical Density-Based Spatial Clustering of Applications with Noise: HDBSCAN
builds upon the concepts of a modified version of DBSCAN known as DBSCAN* [CMS13],
which treats border points as noise. Unlike DBSCAN*, which relies on a fixed € parameter
to define clusters, HDBSCAN improves upon this by constructing a hierarchical structure

that encompasses all possible € values.

There are two important input parameters for this algorithm. The first, MinPts, is used
to determine core distances and is key for calculating density, similarly to its function
in DBSCAN. The second, referred to as the minimum cluster size, sets the lower limit
on the number of data points necessary for a group of points to be considered as a valid
cluster [SA22].

An overview of the HDBSCAN algorithm is given in Fig. 3.5. The first step in HDBSCAN
involves transforming the feature space using a metric called mutual reachability distance,
which incorporates density into the distance calculation between points. For any two

data points p and g, the mutual reachability distance is defined as:

dlStmreach (p’ q) = max{dlStcore (p)’ dlStcore(q)s dZSt(p’ q)} (311)

where dist(p, q) is the distance (e.g. Euclidean distance) between points p and ¢, while
dist.ore is the distance from p to its MinPts-nearest neighbor (including p) [MB20]. These
mutual reachability distances are used to construct a weighted graph of the data set.
In this graph, data points are vertices connected by edges weighted according to the
mutual reachability distances [MB20]. This graph is then used to construct a minimum
spanning tree whose edges’ weight sum is minimal while still connecting all vertices
without forming cycles. The minimum spanning tree is extended by adding a self-edge
to each vertex weighted by its core distance [SA22]. Sorting the edges of this tree by
mutual reachability distance in ascending order leads to the formation of a hierarchical
tree known as a dendrogram, which represents clusters at different values of €. At the
root of the dendrogram lies a cluster that includes all data points [Wan+21]. In DBSCAN",
clusters can be selected using a fixed € value with respect to MinPts, as a horizontal cut
point. HDBSCAN, however, identifies clusters of varying density without relying on a

single € value.

The first step in cluster extraction by HDBSCAN is to condense the hierarchy into
a smaller tree, known as the condensed cluster tree. Beginning at the root, HDBSCAN
regards a cluster split as true only if both resulting child clusters have at least the minimum
cluster size. If neither child cluster meets this requirement, the cluster is considered to
have vanished at that density level [MB20]. In cases where only one child cluster has

fewer points than the minimum cluster size, this is interpreted as the parent cluster losing
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Figure 3.5.: Overview of the HDBSCAN clustering algorithm. (A) Data set for clustering from [McI]. (B)
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Visual illustration of mutual reachability distance. For simplicity, only a subset of the data set
is shown. The mutual reachability distance between the rose-colored and grey points is equal
to the distance from the rose-colored point to the grey point, as this distance is greater than
either core distance. (C) Construction of the minimum spanning tree of the distance-weighted
graph. (D) Building of the cluster hierarchy. (E) Condensation of the cluster tree. (F) Extraction
of clusters. (G) Display of the resulting clusters with minimum cluster size set to 15, as in
[MHAZ23]. The figures were created based on the code from [MHAZ23].



3.2. Deep learning

a few points that are regarded as noise. This process leads to a hierarchy of potential

clusters across different density levels [MB20].

From the condensed tree, the algorithm offers two methods for selecting clusters: the
excess of mass (EoM) method and the leaf approach. Each serves a distinct purpose: the
EoM method (see F in Fig. 3.5) assigns a stability score to each cluster, calculated using

the following equation:

Z (Ap = Apirth) (3.12)

pecluster

where Apirn represents the threshold value of A = at which a new cluster is

created from a cluster split [SA22]. For each point p within a cluster, 4, is the threshold
value at which the point falls out of the cluster. This value, A,, lies between Ap, and
Adeath because a point either falls out of the cluster during its existence or leaves when the
cluster divides into two smaller sub-clusters [MHA23]. A high stability score indicates
that a cluster exists over a wide range of € values [PBC21], and clusters with strong
stability scores are then retained. The leaf method, on the other hand, can reveal more
fine-grained clusters [HR21] than EoM, as it selects all leaf nodes (end points or the tree
structure), representing clusters with the lowest € values in the hierarchy that cannot
be further divided [MB20]. This approach was later chosen in the thesis to prevent the
formation of very large clusters and to ensure that smaller, yet meaningful clusters are

detected, as detailed in Section 4.3.2.

3.2. Deep learning

The principles of supervised and unsupervised learning in ML are also foundational to
DL. DL leverages multilayered (deep) networks, which are used to map relationships
between input and outcome variables [MMC22]. Originially inspired by the brain’s
neural architecture, DL is concerned with algorithms that process information through
hierarchical layers to learn representations and features from data at increasing levels
of complexity. Consequently, the term deep refers to the number of layers in the model
[MMC22], and DL is highly effective at extracting features and learning patterns from
complex data. To further comprehend how a DL model learns and is evaluated, the

following sections will delve into this topic in more detail.
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3.2.1. Feed-forward neural network

The feed-forward neural network, or multilayer perceptron (MLP), is considered the
fundamental building block of DL. At its core, a perceptron functions as an artificial
neuron [SB19]. As shown in Fig. 3.6A, each input is multiplied by a corresponding weight,
reflecting the input’s influence on the output [SB19]. The weighted inputs are summed, a
bias term is added, and this total is passed through an activation function, resulting in
the perceptron’s output.

When one or more hidden layers are added between the input layer and output layer,
the network becomes a MLP, as visualized in Fig. 3.6B. Each layer is composed of units
(neurons), with each neuron (fully) connected to the neurons in both the preceding layer
and following layer. The neurons in the input layer represent the input features. The
information, or signals, flow sequentially in one direction through each layer, from input
to output, without forming any loops (feed-forward) [Pop+09]. Once a neuron receives its
inputs from the preceding layer, the same calculation described in Fig. 3.6A is performed.
The results are then propagated to the next layer, where the process is repeated until the

results reach the output layer.

A Inputs Weights Bias Output B input Hidden layers Output
layer layer

Activation
function

AF —>» y

@ @ Summing

function

Figure 3.6.: Schematic visualization of a feed-forward neural network. (A) Example of a perceptron. Each
input to a neuron is associated with a weight. The inputs are multiplied by their respective
weights, a bias is added, and the resulting weighted sum is passed through a non-linear
activation function. (B) Example of a MLP. The leftmost layer is the input layer consisting of a
set of neurons representing the input features. This is followed by two hidden layers and an
output layer. Each neuron is connected to all neurons of the previous layer and the next layer.

The activation function is a crucial component that introduces non-linearity into the
model to learn more complex patterns. Among the most popular activation functions are
the rectified linear unit (ReLU) and the sigmoid activation function [DQZ18]. The ReLU

function is defined as:

freu(x) = max{0, x}. (3.13)
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This formula shows that if the input x is greater than zero, the output equals the input;
otherwise, it outputs zero. As depicted in Fig. 3.7A, the ReLU activation function is flat
for inputs less than zero and linear, with no upper bound, for inputs greater than zero.
This function is frequently used due to its simplicity and computational efficiency, as
it avoids the need to compute exponential functions during activation [DQZ18]. The

definition of the sigmoid function, on the other hand, is as follows:

1

m. (314)

f;igmoid(x) =
The sigmoid function constrains output values to a range between 0 and 1, which can be
useful when interpreting outputs as probabilities, particularly in classification problems
[MH20]. However, when the input values are strongly positive or negative, the output
values will be very close to 1 or 0, as shown in Fig. 3.7B. Both the ReLU and sigmoid

activation functions are defined for a scalar input x € R.
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Figure 3.7.: Activation functions of DL. Activation functions transform the weighted sum of inputs that goes
into the neurons. Among the most popular functions are ReLU and sigmoid. (A) Representation
of the ReLU activation function. (B) Representation of the sigmoid function. Abbreviations:
ReLU: Rectified linear unit.

To effectively use a neural network, whether deep or shallow, it must first be trained
on data to adjust its learnable parameters 0; - its weights and biases - in order to minimize
the error between the predicted and desired outputs, as measured by a loss function.
This optimization is typically achieved through backpropagation and gradient descent
[KM21]. Backpropagation is a training algorithm and calculates the gradients of the loss
with respect to the learnable parameters by propagating the error backward through the
network. The parameters are then iteratively updated using gradient descent to minimize
the loss to reach the minimum [KM21]. In the following, the most commonly used loss
functions and gradient-based optimization methods for training neural networks are

introduced and described.
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3.2.2. Loss functions

The choice of the loss function typically depends on the model’s architecture and the
specific task. The mean squared error (MSE) loss function is one of the most widely used
loss functions, particularly in regression tasks [Ter+25], and is calculated by taking the

mean of the squared differences between predicted values and the target values:

N
N a2
Lyise(y, §) = N;(yz 3i)*, (3.15)

where N denotes the number of samples in the data set, y; is the target value for the i-th
sample, and ; is the predicted value for the i-th sample. Because squared errors cannot
be negative, the MSE produces a value > 0. A value of zero indicates a perfect fit [Ter+25].
MSE disproportionately penalizes large errors by squaring them, which helps to reduce

the influence of outlier predictions with large errors.

Another loss function commonly used in regression tasks is the mean absolute error
(MAE). Although structurally similar to MSE, MAE computes the average absolute dif-
ference between predicted and target values. Compared to MSE, MAE is generally less

sensitive to outliers [Elh+25] because it does not square the individual errors:

N
. 1 .
Lyvae(y,9) = N ; lyi — il (3.16)

When it comes to classification problems, the most common loss function is cross-
entropy (CE), which aims to minimize the difference between predicted probabilities and
true probabilities (i.e., GT labels). This cost function is related to the Kullback-Leibler
divergence [KL51] and to Shannon entropy [Sha48]. The Kullback-Leibler divergence

measures the difference between two probability distributions [Cui+24] and is defined as:

P
KL(P,Q) = Z P(x) - log Pix) (3.17)
= Q(x)
where Q(x) is the estimated distribution and P(x) is the true distribution of the data. The
closer the Kullback-Leibler divergence gets to zero, the more similar the distributions

are considered to be. The value is always non-negative, meaning that the divergence

between these two probability distributions can never be less than zero. If it is zero, the
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distributions match exactly [Shl14]. Shannon’s information entropy is used to measure

the uncertainty or randomness of a distribution:

H(x) == ) P(x) - log P(x). (3.18)

xeX
The lower the entropy, the more certainty is attributed to the outcome. Building upon
the entropy of P and the Kullback-Leibler divergence between P and Q, CE is defined

over the discrete variable x as follows:

Ler(P,Q) == ) P(x) - 1og Q(x), (3.19)

xeX
where P represents the true distribution of the targets across classes and Q represents the
predicted likelihood for each class, commonly given by the softmax layer output [MS18].
The softmax activation function converts the raw output scores (logits) produced by the
final layer into a normalized probability distribution over all possible classes [MLP24;
Wan+18a]. Given a vector of logits z, where K is the total number of classes and z; is the

logit associated with class i, the softmax function for class i is defined as:

exp (z;)

: (3.20)
2 exp (2)

fsoftmax(zi) =

where j indexes over all possible classes from 1 to K. The output values of the softmax
function are non-negative and sum to one [TD24], allowing them to be interpreted as a
valid probability distribution.

The CE loss increases as the predicted probability differs from the correct label (GT).
A special variation of the CE loss function is the binary CE (BCE) loss function, where
there are two possible classes (1 for the positive class, 0 for the negative class) for each

output. The BCE loss function is calculated as:

Lpce(P,Q) = - Z [P(x) - log Q(x) + (1 = P(x)) - log(1 - Q(x))] (3.21)

xeX
where P(x) represents the true probability of event x being the positive class, and Q(x)
represents the predicted probability of x being the positive class. Analogous to the
formulations of the MSE and MAE loss functions (Eq. 3.15 and Eq. 3.16, respectively), the

BCE loss for N training samples is:

1

Lrce(y, 7)) = N

M=

[yi - log g + (1 = y;) - log(1 = 4)], (3.22)

i=1
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where y; € {0, 1} denotes the target class label for the i-th sample and ¢; € [0, 1] is the
predicted probability value for that sample [Yeu+22]. The BCE loss function penalizes
the model more heavily when it assigns a low probability to the true class.

While the standard BCE loss expects the model to output probabilities §; € [0, 1],
typically after a sigmoid activation, it is often preferable to combine both operations into
a single step for improved numerical stability during training [KT21], particularly when
dealing with exponential and logarithmic computations. By substituting the sigmoid
function value (Eq. 3.14) directly in place of j; in the BCE loss, the BCE with logits loss is

obtained:
N
1
LBCE-logits (Y, 2) = N Z [yi -log fsigmoid(zi) + (1 —y;) - log(1 —fsigmoid(li))] , (3.23)
i1

where z; is the logit output (raw score) for the i-th sample, and f;gmoia(2;) is the sigmoid-

activated output.

3.2.3. Gradient descent optimization

Choosing the right loss function is crucial, as its minimization allows the optimization of
a model’s parameters 0. Gradient descent, an optimization algorithm, is used to find the
optimal parameters by iteratively adjusting the weights and biases of the neural network
[MMAZ20], as already mentioned in Section 3.2.1. To consider the impact each parameter
0; has on the final prediction, the partial derivatives of the loss function with respect to
each parameter 6; of 0 are stored in the gradient. The parameters are adjusted in the
direction opposite to the gradient to reduce the loss function. Backpropagation is an
efficient approach to compute the gradients in a recursive manner - from the output layer
backward through the network, which allows for the iterative updating of the model’s
parameters given some training data [Zha19].

In the following, three fundamental variants of gradient descent [TZZ23] are presented,
which differ in the quantity of data used to compute the gradient of the objective function
[MMAZ20]. These include batch gradient descent, stochastic gradient descent (SGD), and
mini-batch gradient descent.

Batch gradient descent computes the gradient of the loss function with respect to the
parameters 6 for the entire training data set, allowing for a precise gradient estimate.
However, for large data sets, this variant requires significant computational and memory
resources, since it can take a long time to converge to the optimal solution.

SGD, on the other hand, randomly selects one data point from the data set in each

iteration to compute the gradient [WYZ21], thereby avoiding the need to calculate it over
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the full data set. This allows for quicker iterations and introduces noise in the updates.
The noise can help mitigate the risk of getting stuck in local minima. The update rule is

defined as:
0=0-n- Vg.[(@;x(i), y(i)), (3.24)

where x( is the training example, y the label, and 7 a hyperparameter called the
learning rate [Rud16].

The mini-batch gradient descent algorithm splits the training data set into small batches
that are used to calculate model error and update the model. This variant reduces the
variance in the estimate of the gradient and combines the advantages of both batch and
stochastic methods, but the batch size is a critical hyperparameter [Zha19].

The learning rate 7 is a key hyperparameter applicable to all variants of gradient
descent. It is the size of the step taken in the direction of the negative gradient and
affects the convergence of gradient descent algorithms [HA21]. A small learning rate
results in slow convergence, whereas a high value can cause the loss function to fluctuate
around the minimum [SS23]. However, in many cases, fixed learning rates do not perform
well throughout the entire optimization process for gradient descent algorithms. At
the initial stages, a larger learning rate is often beneficial for quickly approaching an
optimal solution, either local or global. In later stages, adjusting the learning rate becomes
necessary [HA21].

To mitigate fluctuations in the learning process associated with gradient descent algo-
rithms, momentum was introduced to speed up convergence and reduce errors associated
with the steepest descent [HKS16]. Instead of updating the parameters based on the
current gradient directly, this optimizer employs the exponentially weighted (discounted)
cumulative sum of the previous gradients [SA18], allowing it to advance in the same
direction as previously and smoothing the path towards convergence. Momentum is
often used with SGD and adaptive learning rate methods such as adaptive momentum

estimation (Adam) among others [HA21].

3.2.4. Model evaluation

Finding the optimal set of model parameters is one aspect; another critical consideration
is evaluating the performance of the trained neural network and assessing its ability
to generalize to unknown or unseen data. In order to do so, splitting the data set is
essential for reducing bias toward the training data and avoiding overfitting [Mur22].
Data splitting is the partitioning of data into subsets for model training and evaluation

separately. Usually, a train-validation-test split is conducted, and various ratios may be
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used. In general, the training set is used for model fitting, the validation set for model

selection, and the test set for final model assessment [Mur22].

Data splitting

One of the most widely used data splitting techniques is cross-validation (CV) [XG18]. In
this approach, the data set is divided into k distinct subsets, known as folds. During each
iteration, one fold serves as the validation set, while the remaining k-1 folds are utilized
to train the model. This process is repeated k times, ensuring that each fold serves as the
validation set exactly once. The overall performance of the model is then calculated as the
average of the evaluation metrics obtained from each fold during the CV process. When
dealing with imbalanced data, stratified k-fold CV might be a preferable alternative. In
this method, each fold preserves the proportion of the target classes found in the overall

data set.

Another widely used data splitting technique, in addition to k fold CV, is Monte
Carlo (MC) CV. In contrast to k fold CV, MCCV generates each split randomly without
replacement [XG18]. For each split, the data set is divided into a predetermined training set
and a validation set with the remaining samples. While k fold CV uses k non-overlapping
partitions - ensuring each observation serves exactly once as validation - MCCV allows
for a much larger number of possible random partitions and is typically repeated many
more times. However, the computational cost of MCCV increases with the number of
iterations [MSP05]. Additionally, its random sampling can result in some observations
being underrepresented or never included in the training or validation sets, potentially

introducing bias to the performance estimate [MSP05].

Evaluation metrics

To evaluate a model’s performance and to obtain the optimal model, suitable evaluation
metrics for the given task must be selected. As this thesis primarily addresses classification

problems, the evaluation metrics commonly used in this context will be introduced.

In binary classification tasks, each data instance is predicted as belonging to either the
positive or the negative class, for example, the presence or absence of a disease. With the
following 2 X 2 confusion matrix in Table 3.1, each prediction can be categorized into

one of four outcomes:
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Predicted class

Actual class Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

Table 3.1.: Confusion matrix for binary classification. The rows represent the actual (true) class, while the
columns correspond to the predicted class.

A true positive (TP) refers to a positive case that is correctly identified as such, while
a true negative (TN) is a negative case that is correctly identified. In contrast, a false
positive (FP) occurs when a negative case is incorrectly classified as positive, and a false
negative (FN) denotes a positive case that is mistakenly classified as negative. Based on

these four outcomes, a variety of informative evaluation metrics can be calculated:

TP+TN

A = A 1 2

ceuracy = -— TN+ FP LN’ ccuracy € [0, 1] (3.25)
Sensitivity = Recall = P Sensitivity € [0, 1] (3.26)

ensitivity =Recall = ———.  Sensitivity ) )
Specificity = — Specificity € [0, 1] (3.27)

pecificity = ———,  Specificity ) .

. TP ..
Precision = ————, Precision € [0, 1] (3.28)
TP + FP
2 - Precision - Recall

F1 = F1 € [0,1]. (3.29)

Precision + Recall ’

Sensitivity (or recall) is also referred to as the true positive rate, specificity as the true
negative rate, and precision as the positive predictive value. Except for accuracy, these
metrics are typically considered in pairs, such as precision with recall or sensitivity
with specificity [RTK24]. Sensitivity and specificity often provide a more nuanced
understanding of model performance than accuracy alone, particularly in situations
where the distribution of positive and negative cases is highly imbalanced. Another
important metric is the F1 score that is the harmonic mean of precision and recall
[DEA24] and is often used to assess diagnostic performance of prediction algorithms
[DeV+21].
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3.2.5. Convolutional neural networks

When it comes to classifying 2D images - where grid-structured inputs exhibit spatial
dependencies among neighboring pixels (as adjacent pixels often share similar color
values) - standard feed forward networks composed solely of fully connected layers are
unable to capture spatial information [Pin+20]. CNNs, on the other hand, are specifically
designed to process grid-structured inputs and learn hierarchical spatial features, from

low- to high-dimensional level patterns [Yam+18].

The core component of a CNN is the convolutional layer, which gives the network its
name and is a type of linear mathematical operation used for feature extraction. Each
convolutional layer contains a set of filters (kernels), which are typically square-shaped,
ranging from 3 X 3 up to 7 X 7 grids of discrete values [Pin+20]. These values are learnable
parameters that are updated during the training process through backpropagation, so that
relevant patterns or features in the input data are captured. The number of kernels used
in a layer is another hyperparameter, often chosen as a power of 2, commonly between 32
and 512. These kernels are slid across the input array (tensor) from left to right and top to
bottom with a specific stride size [Pin+20], computing how similar the kernel is to each
corresponding region; higher resulting values indicate a stronger correlation between the
kernel and that region of the input [Ket+21]. Mathematically, this operation is performed
by calculating the element-wise dot product between the kernel’s parameters and the
sub-region of the input data, followed by summing these products to obtain a single
number. This value is then stored in the corresponding position of the feature map. By
convolving over all spatial locations in the input image, the feature map preserves the
spatial relationships present in the original grid [Pin+20]. To prevent the feature map
from shrinking during the convolution operation, the layer’s input can be padded with

zero-value pixels around the border [Pin+20].

The convolution procedure is usually repeated with multiple kernels to capture dif-
ferent characteristics and patterns of the image. The resulting feature maps are then
stacked together to form the output of the convolutional layer [Pin+20]. The outputs of
a convolution are then passed through a nonlinear activation function, as explained in
Section 3.2.1.

The described localized operation sets CNNs apart from fully connected networks:
whereas each neuron in a fully connected layer is connected to every neuron in the
previous layer, each neuron in a convolutional layer is connected only to a limited
subset. As a result, each position in the feature map is associated with a neuron with a
receptive field [Pin+20]. When multiple convolutional layers are stacked, for example

two consecutive layers, each with a 3 x 3 filter, the receptive field of a neuron in the
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second layer is still 3 X 3. However, its effective receptive field with respect to the
original input image expands to 5 X 5, allowing the network to learn more complex
spatial dependencies [Pin+20]. The local connections reduce the number of parameters
and can lead to faster convergence during training [Li+21]. Another property is weight
sharing: each neuron within the same feature map shares the same weights, meaning that
kernel weights are applied at multiple locations across the input, which further reduces
memory requirements. Furthermore, if the input image is shifted, the resulting feature
map also shifts by the same amount. The shared neuron’s weights (parameters of each
kernel) are usually randomly initialized (by sampling from a probability distribution)
at the beginning and then learned during the training phase using a gradient descent
method [Pin+20].

So far, the description above has assumed that the input image is represented as a
single 2D matrix. However, fluorescence microscopy images, such as those used in this
thesis, typically consist of multiple channels (in this case, three), with each channel (a
2D matrix) corresponding to a specific fluorescent marker. These channel images are
stacked to form a 3D input tensor. When performing convolution on such multi-channel
inputs, each kernel also spans all channels of the input, maintaining the same spatial
dimensions as before.

Besides convolutional layers, typical CNN architectures include other building blocks,
such as pooling layers and fully connected layers [Yam+18], as depicted in Fig. 3.8.

Pooling (subsampling) [Sun+17] is typically applied after convolutional layers and serves

Fully
Input Convolution Pooling Convolution Pooling connected  Output
layers

Figure 3.8.: Schematic overview of a CNN architecture. A CNN is composed of a stack of mutliple building
blocks: convolutional layers, pooling layers, and fully connected layers.

to decrease the dimensionality of feature maps by dividing them into fixed-size regions
[ZZ24] and retaining the most important information from each region [GK20]. This
process reduces the spatial resolution of feature maps, lowers redundancy [ZZ24], and
provides translational invariance [Nir+22], making the CNN less sensitive to the absolute
position of features within the input. Among the most common pooling operations
is max pooling, which slides a filter across its input and selects the maximum value
from each region of the feature map covered by the filter, discarding all other values.

Thus, the output is a feature map that retains only the most prominent features from
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the previous layer, such as edges and textures. Similar to convolutional layers, the filter
size (typically 2 X 2) and stride (usually 2) can be specified [ON15], the depth of the
feature map is retained [Yam+18]. Another common form is average pooling, which
computes the average of elements within the filter region, resulting in a more generalized
representation of the input.

For classification tasks, the output feature maps from the last convolution or pooling
layer are typically flattented into a 1D vector and passed to one or more fully connected
(dense) layers [Alz+21]. In these layers, every input is connected to every output through
a learnable weight [Yam+18]. The extracted features are mapped by these fully connected
layers to the final outputs [Yam+18]. The choice of activation function in the output layer
depends on the nature of the classification problem. For binary classification, a sigmoid
activation function is typically used to generate a single probability value [Nwa+18].
For multiclass classification, a softmax activation function is applied to compute the
probability distribution over the possible classes, with the sum of these probabilities

equal to one [Nwa+18].

3.2.6. Techniques to improve performance

Compared to the initially achieved performance during training, neural networks often
exhibit reduced accuracy when evaluated on unseen test data, but there are methods to

improve generalizability, such as data augmentation and dropout.

Data augmentation

Training deep neural networks with limited data can lead to overfitting, causing an
increase in generalization error. In the context of image data, the core idea of data
augmentation is to increase the diversity of the training data by applying geometric
and value-based transformations to the input data. Examples of geometric transforma-
tions include flipping, rotation, cropping, and zooming. Value-based transformations
are techniques such as color jittering, adding noise, and adjusting image sharpness or
blurriness, among others. The augmented data can be considered as samples drawn from

a distribution that closely resembles the true data distribution [Yan+22].

Dropout

Networks with a large number of trainable parameters are more prone to overfitting
[SK23a]. To address this, dropout is used as a regularization method by setting the
activation values of randomly chosen neurons to zero at each iteration during training

[SK19; WWL13], reducing the network’s reliance on specific neurons and encouraging the
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A Input
layer

Output B Input
layer layer

Output

Hidden layers layer

Hidden layers

Figure 3.9.: Schematic visualization of a standard dropout. (A) The left network is fully connected. (B) The
right network has neurons from the input layer and from the hidden layers dropped with a
probability p. Neurons from the output layer are not dropped.

learning of more generalizable features. Dropout can be applied to both input and hidden
layers, and the probability p of dropping a neuron can vary between layers [LSV19].
However, neurons in the output layer are not subjected to dropout, as shown in Fig. 3.9.
When a neuron is dropped out, its connections are temporarily removed for the duration

of that training iteration.

3.3. Image segmentation

Alongside classification, image segmentation is a central focus of this thesis and will
be introduced in this section. Image segmentation refers to the division of an image
into multiple regions (segments), each corresponding to a specific object, structure, or
area of interest [Ray+24]. The goal is to assign a label to each pixel in the image such
that pixels with similar characteristics or that belong to the same object are grouped
together. This pixel-level classification enables a more detailed analysis than standard
image classification, which assigns a single label to the entire input image. In practice,
image segmentation is crucial in many applications, including the medical field. For
example, in tumor detection on MRI scans, it is not sufficient to only determine whether a
tumor is present; it is often crucial to precisely locate and segment cancerous areas within
the tissue. Similarly, in fluorescence microscopy, it is important to segment individual cells
in the images before proceeding with their classification. There are three primary types
of image segmentation: semantic segmentation, which assigns a class label to each pixel;
instance segmentation, which distinguishes and labels individual instances of objects
belonging to the same class; and panoptic segmentation, which combines both approaches.
With the rapid advancement of DL algorithms, image segmentation performance has
seen improvement. In the biomedical domain, CNNs have been particularly influential
for this task.
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U-Net

The most widely used CNN architecture for the task of (bio)medical image segmentation is
the U-Net architecture, introduced by Ronneberger et al. [RFB15]. Since its initial proposal
for semantic segmentation, U-Net has been applied across a wide range of imaging
modalities, including CT, MRI, and microscopy images [Sid+21]. The architecture is based
on a fully convolutional network arranged in an encoder-decoder fashion [Aza+24]. It is
named U-Net due to the characteristic U-shaped structure formed by the downsampling
(encoder) and upsampling (decoder) paths within the network [Liu+19], as shown in
Fig. 3.10. Unless otherwise noted, the following description refers to the base U-Net
architecture as introduced by Ronneberger et al. [RFB15].
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Figure 3.10.: Schematic overview of a U-Net architecture, based on [RFB15]. As illustrated, U-Net follows an
encoder-decoder structure: the encoder consists of repeated blocks of convolutional layers and
max pooling (Down conv), which progressively reduce spatial dimensions and extract features,
leading to the bottleneck. The decoder path features upsampling and convolutional operations
at each corresponding level (Up conv), eventually producing the final output segmentation
map. At each level, skip connections are used to concatenate cropped feature maps from the
encoder with those in the decoder. The number of encoder-decoder blocks can be adjusted to
suit the input data and specific task. Abbreviations: Conv: Convolution.
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When an image is fed into the the encoder, it passes through repeated blocks, each
comprising two successive 3 X 3 convolutions followed by a ReLU activation and a
max-pooling layer with a 2 X 2 kernel and a stride 2 for downsampling. At each down-
sampling step, the number of feature channels is doubled, while the spatial resolution
is reduced. The encoding process gradually extracts features and captures contextual
information [Aza+24], continuing until the input reaches the bottleneck (two successive
3 X 3 convolutions followed by a ReLU activation) of the network. At the bottleneck, the
feature map achieves its lowest spatial resolution and typically has the highest number
of channels. In the decoder path, the feature map is gradually upsampled at each level
using 2 X 2 up-convolutions, which double the spatial dimensions and halve the number
of feature channels [RFB15]. Each level in the encoder path is connected to the corre-
sponding spatial level in the decoder by so-called skip connections. These connections
help preserve high-level semantic information as well as finer spatial details [PSC23].
At each upsampling stage, the corresponding feature map from the encoder is cropped
and concatenated with the upsampling feature map [RFB15; Sid+21]. The concatenated
output then passes through two consecutive 3 X 3 convolutions followed by a ReLU
activation. At the final layer, a 1x1 convolution is applied to map the feature map to the

desired number of classes [Sid+21; RFB15], producing the segmented image.

3.4. Advanced Al models

Within the broader family of CNN architectures, beyond the U-Net, numerous other
specialized models have been developed for various tasks. While these models share core
principles, they differ in their architecture, operational mechanisms, and performance
[Agg+23], as well as in their application domains. Many of these models, such as Effi-
cientNet, have been employed successfully for (medical) image classification [Beh+24;
Raz+23]. EfficientNet builds upon CNN principles but introduces an optimized scaling
method, known as compound scaling, which efficiently scales the model up in three
dimensions: depth (number of layers), width (number of filters per layer), and resolution
of input images [TL19; Agg+23], achieving a good balance between performance and
computational cost.

Despite these architectural advancements and their significant impact on the field
of medical imaging and classification, CNNs predominantly rely on convolutional op-
erations. These operations typically focus on local regions of the image through small
receptive fields, which restrict the model’s ability to capture long-range pixel relation-

ships within the input image. This highlights the need for alternative architectures that
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can better capture these dependencies, while maintaining optimal performance for a

given computational cost or number of parameters.

3.4.1. Transformer

Transformers, introduced by Vaswani et al. [Vas+17], employ a self-attention mechanism
to capture non-local relationships between all input sequence elements, referred to as
tokens [Kha+22]. This approach has significantly advanced the field of natural language
processing. In NLP, tokenization is the process of splitting a text into basic units [Dot+24]
- such as words, subwords, or characters - which are then used as the model’s tokens.
Each token is mapped to an embedding - a numeric vector representation [Lin+17] -
which encodes semantic or contextual information about the token. These embeddings
form the input matrix X € R™ for the transformer model, where 7 is the sequence
length and d is the embedding dimension of each token.

Transformers efficiently handle sequence-to-sequence tasks, such as transforming
one type of sequence (for example, a text) into another (e.g., a translation). They are
highly scalable and enable the training of models with hundreds of billions of parameters
without performance saturation [MDB23]. The key mechanism in transfomers is self-
attention, whose aim is to model the interactions among all n tokens by encoding each
token in terms of global contextual information from the entire sequence [Kha+22]. This
is achieved by mapping the input sequence X into three matrices - query Q, key K, and
value V - using learnable weight matrices W9 € R%™%, WK ¢ R4 and WV e R,
where d; = di [Kha+22], so that:

0=xw? K=xwk v=xw" (3.30)

The self-attention mechanism proceeds by computing the attention weights via the scaled

dot-product attention [Vas+17], formulated as:

Attention(Q, K, V) = Softmax (QKT) V. (3.31)

Ve
For each token in the sequence, self-attention first computes the dot product between its
query and all keys, then scales the result by dividing by Vdy. The softmax is then applied
to obtain the attention weights. These weights are used to calculate a weighted sum of
the value vectors to control their contributions in an attention block [Lov+22]. Instead
of relying on a single attention mechanism, transformers employ multi-head attention

[Vas+17], in which the input is partitioned into multiple parallel self-attention heads,

44



3.4. Advanced Al models

allowing the simultaneous capture of multiple complex relationships between different
tokens in the sequence.

The key distinction between self-attention and convolution operations is that, in
self-attention, the filters are generated dynamically based on the input itself, whereas
convolution uses fixed filters that remain unchanged regardless of the input [Kha+22].

The transformer architecture described in [Vas+17] is depicted in Fig. 3.11 and has an
encoder-decoder structure. To enable the model to incorporate sequence order, positional
encodings - which provide either relative or absolute position information for the tokens
- are added to the input embeddings at the base of the encoder and decoder stacks
[Kha+22]. The encoder consists of six identical blocks, each composed of two sub-layers:
a multi-head self-attention mechanism responsible for contextual aggregation, and a
position-wise fully connected feed-forward network (i.e., a feed-forward neural network
applied separately and identically to each position in the sequence) for transformation and
extraction of feature representations [Kha+22; Liu+23]. Additionally, residual connections
and layer normalization are applied after each sub-layer. A residual connection allows
information to flow through a shortcut (see Fig. 3.11) by adding the input of a layer to
its output. This helps to improve performance [Han+22] and mitigates the vanishing
gradient problem [Isl+24].

The decoder also consists of six identical blocks; however, each decoder block contains
three sub-layers: a masked multi-head self-attention mechanism, a multi-head cross-
attention mechanism, and a position-wise feed-forward network. Cross-attention acts
as a bridge between the encoder and decoder by allowing the decoder’s queries (which
originate from the output of the masked multi-head attention sub-layer in the decoder)
to attend to the keys and values derived from the encoder’s output [GG20; Liu+23]. Thus,
cross-attention differs from self-attention in that the queries, keys, and values do not
originate from the same sequence. This mechanism allows the decoder to integrate
contextual information from the source sequence [Liu+23].

During training, the decoder receives the target sequence shifted one position to the
right, with a start-of-sentence token added at the beginning. This shifting prevents the
model from simply copying the decoder input to the output [Kha+22]. The masked
multi-head self-attention approach prevents access to future tokens during training by
setting the attention scores of all future positions to zero [Kha+22]. As a result, when
predicting a particular token, the model considers only the current and previous tokens,
ensuring that information from subsequent tokens is not incorporated.

At the end of the decoder, the output vectors are linearly projected and passed through
a softmax function to obtain a probability distribution, enabling the model to predict the

next word [Liu+23].
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Figure 3.11.: Schematic illustration of the transformer architecture, based on [Vas+17]. The transformer
follows an encoder-decoder design. For example, an input language sequence is first converted
to embeddings, to which positional encodings are added; these are then fed into the encoder
blocks. Both the encoder (top row) and decoder (bottom row) consist of N repeated blocks, each
containing multi-head attention and feed-forward layers. Additionally, each block incorporates
residual connections. For the decoder, the input sequence during training consists of the target
(output) sequence, which is converted to embeddings with positional encodings. Decoder
blocks additionally interface with the encoder’s output via a cross-attention mechanism before
passing through the feed-forward network. The output logits are transformed into a probability
distribution over the target vocabulary through a final softmax operation. Abbreviations:
Emb.: Embedding; Pos.: Positional; Enc: Encoding.

Vision Transformer

Given the potential of the self-attention module, Dosovitskiy et al. [Dos+20] proposed
adapting the base Transfomer architecture - with some modifications - for image classifi-
cation, resulting in Vision Transformers (ViTs). These models have achieved competitive
performance on various image classification benchmarks [Dos+20; MDB23]. The frame-
work of ViT is depicted in Fig. 3.12. Because the standard transformer model is designed
for sequential inputs, ViT first divides an input image x € RT*WXC _ where H and W

denote the height and width C is the number of channels - into a sequence of N non-

overlapping, fixed-size patches x, € RY X(P*C) \where N = %—ZV and P is the patch size
[Dos+20]. Each patch vector is treated as a (visual) token.
These patches are linearly projected into patch embeddings. This approach allows the

ViT to learn the long-range dependencies between different patches. To retain spatial
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Figure 3.12.: Schematic illustration of the ViT framework, based on [Dos+20]. In ViT, the 2D input is
reshaped into a sequence of flattened 2D patches. Both an additional classification token as
well as the position embedding are added to the sequence. The classification token is used for
classification. Abbreviations: Pos.: Positional; Enc: Encoding.

information, a 1D learnable positional encoding is added to each patch embedding, and
an additional learnable class token is attached [Liu+23]. All together, these are fed into
the encoder block of the transformer (see Fig. 3.12). The ViT encoder consists of multiple
stacked layers, each comprising a multi-head self-attention mechanism, a feed-forward
neural network, residual connections, and layer normalization - similar to the encoder
from the base transformer architecture, except for the place for the layer normalization
[Han+22]. These unified blocks are repeated several times to enable the model to capture
complex representations of the input sequence [Kha+23]. After encoding, the output is
passed to the MLP head to predict the input image class.

Building on the ViT paradigm, several ViT variants have been introduced to enhance
performance on vision tasks [Was+22]. The main strategies involve strengthening locality,
optimizing the self-attention mechanism, and improving the architectural design. In ViT,
the self-attention mechanism enables global interaction between image patches; however,
its quadratic time and memory complexity pose significant challenges for high-resolution
images. This limitation has inspired many researchers to seek more efficient solutions.

One notable example is the Cross-Covariance image Transformer (XCiT) [El-+21].

Cross-Covariance image Transformer: XCiT addresses computational complexity by
replacing the conventional self-attention mechanism with a transposed attention variant,
termed Cross-Covariance Attention (XCA). In contrast to the standard approach, where
attention is calculated across tokens (i.e., each token attends to every other token),

XCA computes attention along the feature dimensions for each position along the input
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sequence [El-+21]. By transposing Q, K, and V, and inverting the order of the dot product
in equation (3.31), XCA reduces the computational complexity with respect to the number
of tokens from quadratic to linear [Ahn+23]. The resulting transposed feature dimension

self-attention can be expressed as follows [El-+21; Ahn+23]:

o~ —~

T

XCA(Q, K, V) = Softmax V, (3.32)

T

where 7 is a learnable temperature parameter and Q and K are the L2-normalized Qand
K vectors (denoted by the hat), meaning each vector is rescaled to have a Euclidean (L2)
norm of one (i.e., the square root of the sum of squared vector elements equals one).
L2-normalization has been observed to stabilize the training process [El-+21]. The scaling
parameter 7 adjusts the sharpness (i.e., how concentrated or spread out the attention
weights are) of the attention weight distribution by dividing the normalized dot products
by 7 before applying softmax [El-+21].

Following the XCA layer, the architecture incorporates a Local Patch Interaction
(LPI) layer and a feed-forward network. While the XCA layer facilitates information
mixing across feature channels rather than sequence tokens, the LPI layer applies a 2D
convolution to enable interactions among neighboring tokens, thereby enhancing local

spatial information exchange [El-+21].

3.4.2. Self-supervised learning with DINO

Since the ViT architecture and its variants usually require large-scale data sets to obtain
good performance, a two-stage training strategy is often adopted. First, the model under-
goes supervised or self-supervised pre-training on a large data set or even a collection
of data sets; then, the pre-trained model is fine-tuned on a smaller data set tailored
for specific tasks such as classification [Ali+23]. Self-supervised learning (SSL) differs
from unsupervised learning in that it aims to learn discriminative and generalizable
feature representations from unlabeled data without the need for human-annotated labels
[Gui+24; Ran+23b]. This enables downstream tasks such as image classification to be
performed more efficiently and with reduced reliance on ground truth labels [JT20].
Various approaches to SSL exist in the literature, and many of them are based on
contrastive learning. Contrastive learning is an approach in which a model learns to dis-
tinguish between similar and dissimilar data samples. The idea is to bring representations
of similar (positive) pairs closer together in the feature space while pushing represen-
tations of dissimilar (negative) pairs farther apart [Ete+25]. Positive pairs generally

consist of different augmented versions of the same sample, whereas negative pairs are
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composed of views from distinct samples. Methods such as SimCLR (Simple Framework
for Contrastive Learning of Visual Representations) [Che+20] and MoCo (Momentum
Contrast) [He+20] have further enhanced performance by introducing improvements in
data augmentation strategies, loss functions, and efficient sampling of negative samples.
An important development in contrastive learning is the introduction of methods such as
BYOL (Bootstrap Your Own Latent) [Gri+20], which achieve strong performance without
relying on explicit negative samples [Ete+25].

Inspired by approaches like momentum encoder and BYOL, a more recent approach
called self-distillation with no labels (DINO) was introduced by Caron et al. [Car+21]
to learn visual representations without labels. As the name suggests, DINO is based on
the principle of knowledge distillation. In traditional distillation, knowledge is distilled
(transferred) from a larger teacher model to a smaller student model to improve the
performance of the student model. However, in DINO, both the teacher and student
share the same architecture, but have distinct parameters, denoted as 6; for the teacher
and 0, for the student. Both networks consist of a backbone, utilizing either ViTs or
CNNss such as ResNet50, along with a projection head (a 3-layer MLP) placed on top.
The networks are trained on image patches of different sizes, as illustrated in Fig. 3.13.

The DINO approach generates multiple image crops from two perspectives: global views

Softmax
Student > (temp.-weighted)
é Y
= CE
W N
5
Y 23
»|  Teacher » Centering > (tersnggvrerilg%éd) =

Figure 3.13.: Schematic overview of the DINO framework, based on [Car+21]. Two sets of augmented
crops are generated using a multi-crop augmentation strategy: the teacher set includes two
global views, while the student set contains these global views and five additional local crops.
For simplicity, only one global and one local crop are illustrated. Both student and teacher
networks share the same architecture (a backbone and an MLP head) but maintain separate
weights. After forwarding the crops through their respective networks, only the teacher
outputs are centered, while the student outputs remain uncentered. Next, a temperature-
scaled softmax is applied, and the categorical CE loss is computed between the resulting
output distributions. The student network is updated by backpropagation, whereas gradients
are not computed for the teacher. Instead, the teacher’s weights are updated as an EMA of
the student’s weights. Abbreviations: EMA: Exponential moving average; CE: Cross-entropy;
Temp.: Temperature.

and local views. In its standard multi-cropping setup, each input image is processed to
produce two large patches (global views) that cover more than 50% of the image area, as

well as five smaller patches (local views) that cover less than 50% of the image area. All
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these patches are then subjected to various augmentations. The teacher model processes
only the global crops, while the student model receives both the global and local crops.
The objective in DINO is to learn a consistent representation across different patches of
the same input image by minimizing a temperature-scaled categorical CE loss between
the output distributions of the student and teacher networks (the softmax is sharpened
by temperature weighting). The student model parameters 6; are updated using SGD,
whereas the teacher model parameters 0; are not given a priori and are dynamically
built during training. In order to do so, the teacher network is frozen (i.e., it does not
receive gradient updates through backpropagation) over an epoch and its parameters 6;
are updated as an exponential moving average (EMA), i.e., a momentum encoder, of the

student’s parameters 6;:
0, «— A0, + (1 — )b, (3.33)

where A is a momentum coefficient that follows a cosine schedule from 0.996 to 1 during
training [Car+21]. To further stabilize training, centering is applied to the teacher outputs;
that is, a running mean (center) is subtracted from the teacher’s output.

DINO demonstrates particularly strong performance when used with ViT architectures.
Evaluations of features pre-trained with DINO on various downstream tasks show that
self-supervised pre-training enhances results on ImageNet, leading to improvements of

1-2% in accuracy [Car+21].
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CHAPTER 4

EXPERIMENTS AND RESULTS

The chapters 2 (Biological principles) and 3 (Principles of artificial intelligence and image

processing) introduced the fundamental concepts and methods that formed the basis of

the analyses presented here. In total, 173 in-house CS cartridges were collected during

the course of this thesis: 163 from patients with metastatic breast cancer (collected

retrospectively) and 10 from healthy donors. Below is an overview of the sections

presented in this chapter.

Section 4.1:

Section 4.2:

Section 4.3:

StarDist segmentation of cells in liquid biopsy data

In this section, a state-of-the-art DL method is introduced, applied, and eval-
uated on fluorescence microscopy images acquired by the CS system for cell
segmentation. Additionally, an approach for establishing correspondence
between the DL-based cell segmentations and CS-derived cell detections is

presented.

Label efficient classification of circulating tumor cells by self-supervision
Bildverarbeitung fiir die Medizin, 2023

The limited availability of high-quality annotated image data sets poses
a major challenge to ML-based image classification tasks, which SSL can
help address by enabling robust representation learning without human
annotation. In this section, after segmenting the cells, such an approach for
label efficient, binary CTC classification in a metastatic breast cancer cohort
(12 patients) is presented and evaluated against state-of-the-art supervised

methods.

Self-supervised learning and targeted human-in-the-loop strategy for
improving circulating tumor cell classification
Patterns, 2025

The aforementioned setup is evaluated on an extended cohort (90 patients).
To further improve CTC classification, especially in cases where the model
is uncertain in its predictions, a cluster-based, targeted human-in-the-loop
approach is proposed. This strategy is assessed on a separate hold-out

test set and compared with the CS system regarding both the number
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4. Experiments and results

Section 4.4:

of suggested candidates/events and the actual CTCs. The corresponding

source code is publicly available on GitHub [Hus].

Analyzing CTC detection concordance and sensitivity: Human-in-the-
loop model and CellSearch® in patients and healthy donors

This section presents an extended comparative analysis of CTC detection
by the human-in-the-loop model from from the previous publication (Pat-
terns) and the CS system in a more challenging cohort, including metastatic
patients with low CTC counts as well as healthy donors. The concordance
and sensitivity of both systems are systematically investigated, with partic-
ular focus on discrepant findings, ambiguous cells, and the impact on the

number of detected CTCs when applying a model confidence threshold.

The experiments and analyses presented in this thesis were conducted using hardware

resources provided by the University Medical Center Hamburg-Eppendorf (UKE). The

specifications are listed below.

Laptop:

Computer:

Server:

CPU: Intel Core 19-11900H (11th Gen) @ 2.50GHz (8 cores)
RAM: 32 GB (2x16 GB)

GPU(s): NVIDIA GeForce RTX 3080 Laptop GPU (4 GB), Intel
UHD Graphics (1 GB)

CPU: 2x Intel Xeon E5-2620 v4 @ 2.10GHz (16 cores)
RAM: 62 GB
GPU(s): 2x NVIDIA GeForce GTX 1080 Ti (11 GB each)

CPU: 2x AMD EPYC 7513 32-Core Processor (64 cores)
RAM: 1TB

GPU(s): 5x NVIDIA A40 (46 GB each), 1x NVIDIA A100 (80
GB)

4.1. StarDist segmentation of cells in liquid biopsy data

Accurate and robust segmentation of cells in CS microscopy images is an essential

prerequisite for the reliable detection of CTC candidates and forms the foundation for

their subsequent CTC differentiation. U-Net, as introduced in Section 3.3, has established

itself as a particularly effective and widely used architecture for (bio)medical image

segmentation. Among the U-Net-based approaches is the StarDist method, which was

used in this work.
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4.1. StarDist segmentation of cells in liquid biopsy data

4.1.1. StarDist

The StarDist method was introduced to localize cell nuclei in fluorescence microscopy
images by representing their shapes with star-convex polygons [Sch+18]. In a star-convex
shape, a point - referred to as the center - can be identified such that every boundary
point of the shape is directly visible from this center. This implies that it is possible
to connect the center to any point on the boundary with a straight line, allowing the
shape to be reconstructed by the distances from the center to the boundary along various
directions (Fig. 4.1A).

This property is also applicable to the channel signals observed in CS cartridge images,
as these often exhibit a circular appearance (Fig. 4.1B). The authors of StarDist provide a
pre-trained model, 2D_versatile_fluo, intended for single-channel fluorescence microscopy
images. This model was trained on approximately 600 2D images from the 2018 Data
Science Bowl (DSB2018) data set, including about 20,000 annotated nuclei. Since the cell
nuclei in these images show morphological similarities to the CK signals present in CK
cartridge images, no new StarDist model was trained or further fine-tuned as part of this
thesis. Instead the pre-trained model provided by the authors was directly applied to

these images for segmentation.

Before describing the segmentation pipeline applied in this thesis (see Section 4.1.2), an
overview of the StarDist method - inlcuding training data generation, network training,
and model inference - is provided below, based entirely on the original work of the
authors [Sch+18]. To support this overview, Figure 4.1 presents the training input and
procedure using an example image from the DSB2018 data set, while Figure 4.2 depicts

the inference and post-processing steps using a representative CK cartridge image.

Training data: The authors defined as input to the StarDist method pairs of raw mi-
croscopy images and annotated instance segmentation masks. In each mask, individual

objects are assigned unique integer labels, while background pixels are set to zero.

The raw input images are normalized using a percentile-based approach. For each
image, intensity values corresponding to a chosen lower percentile p,;, are mapped to 0,
while values at an upper percentile p,,,, are mapped to 1. Pixel intensities between these
percentiles are linearly mapped to values in the interval [0, 1], while intensities below

Pmin OF above pp,,, are mapped outside this range.

From each GT segmenation mask, two types of GT targets are derived for network

training: (1) an object probability map, and (2) a set of distance maps (Fig. 4.1C).
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Figure 4.1.: Overview of the StarDist input and training method. (A) Example of a star-convex and a
non-star-convex shape. (B) Example of a CK cartridge image and a representative training
image from the DSB2018 data set. (C) Schematic of the StarDist training workflow. Each
input consists of a normalized microscopy image and the corresponding segmentation mask.
From each mask, an object probability map and several distance maps (one for each radial
direction) are generated. For illustration, the radial distances for a single pixel are shown.
During training, BCE loss is used for the object probabilities, and a distance loss is applied to
the polygon distances; both losses are weighted and summed, but for simplicity, weighting is
not depicted here. Abbreviations: DSB2018: Data Science Bowl 2018; GT: Ground truth; BCE:
Binary cross-entropy; Dist: Distance.
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4.1. StarDist segmentation of cells in liquid biopsy data

(1) Object probability: rather than simply assigning each pixel as belonging to either an
object or to the background, the object probability map encodes how likely a pixel is
to be located at the center of an object. This map is created by applying the Euclidean
Distance Transform (EDT) individually to each labeled object region in the mask
image. For each object, a temporary binary mask is generated corresponding to
that object only, and the EDT computes, for every pixel within the object, the
shortest distance to the nearest background pixel (i.e., any zero-valued element)
[Sch+18]. These distance values are then normalized by dividing by the maximum
distance within that object, so that pixels at the object center have values close to
one, whereas those near the object boundary approach zero. Pixels outside of any

object remain at zero, ensuring that background regions are unchanged.

(2) Polygon distances: in contrast, the distance maps provide geometric information
describing the shape of each object. Specifically, for every pixel within a labeled
object, a fixed number of radial directions (so-called rays) are defined, evenly
spaced in angle around the pixel. In the original StarDist approach, 32 rays are
used [Sch+18]. Along each ray, the distance from the pixel to the boundary of the
object is measured, resulting in a vector of 32 Euclidean distance values for each
pixel. This distance vector describes the local shape of the object at each pixel. By
leveraging these distance maps, the network can learn not only whether a pixel
belongs to an object but also the spatial extent and boundaries of each individual

instance.

Network training: The StarDist method employs a slightly modified U-Net architecture.
After the final feature layer of the U-Net, an additional 3 X 3 convolutional layer with 128
channels is inserted [Sch+18]. This is followed by two output layers: (1) a single-channel
layer with sigmoid activation that predicts the object probability for each pixel; (2) the
second is a multi-channel output layer - with as many channels as there are rays - using
a linear activation function to predict the distances from each pixel to the cell boundary

along each ray [Sch+18].

(1) Object probability: during network training, a binary cross-entropy (BCE) loss
is utilized for the predicted object probabilities. In its classical form (Eq. 3.22),
BCE is defined between the predicted probability §; € [0, 1] and a binary GT label
y; € {0,1}. However, in StarDist, the GT is a continuous value in the interval [0, 1],

reflecting the degree to which each pixel is located at the center of an object.
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4. Experiments and results

(2) Polygon distances: for the polygon distances, a masked version of the mean absolute
error (MAE; see Eq. 3.16 for the standard definition) is applied as described in
[Sch+18]:

Loy, §,m) = ﬁl mj - (% Zzzl |yi,k - ﬁi,k|)
t » Yo -
" Zfil m; + ¢

, (4.1)

where N is the total number of pixels, n is the number of predefined rays per
pixel, y;x and g are the GT and predicted Euclidean distances for the i-th pixel
and k-th ray, m; € [0,1] is the object probability for pixel i, as derived from the
normalized EDT, and ¢ is a small positive constant to avoid division by zero when
no object pixels are present. In this formulation, the MAE between predicted and
GT distances is first calculated across all rays for each pixel. This per-pixel error is
then weighted by the object probability m;, so that only pixels belonging to objects
contribute to the loss, and pixels closer to the object center (with higher m;) have
greater influence. The sum of these weighted errors is then normalized by the total
sum of mask weights, ensuring that the loss is invariant to the number of object

pixels in a batch.

The objective of network training is to jointly optimize both outputs by minimizing a
combined loss function. This combined loss is defined as a weighted sum of the BCE loss

for the object probability map and the masked MAE loss for the distance maps:
Liotal = Aprob - LpcE + Adist - Lpist, (4-2)

where Apop and Agise are weighting coefficients that control the relative contribution
of the object probability and distance loss, respectively. For the original StarDist 2D
model for microscopy images, values of A, = 1 and Agiy = 0.2 were used. This
configuration places greater emphasis on the BCE loss for the object probability map,

while still incorporating the distance loss to guide the polygon prediction.

Inference and post-processing: For model inference in StarDist, a normalized mi-
croscopy image is used as an input. When this image is passed through the pre-trained
StarDist model, the network predicts per-pixel object probabilities and corresponding
star-convex polygon distances. Then, StarDist applies a post-processing pipeline to
generate the final set of segmented objects, as shown in Figure 4.2.

First, a user-defined probability threshold is applied to the object probability map to
identify candidate pixels likely to serve as object centers; only pixels with a probability

above this threshold are considered for further processing. For each candidate pixel, a
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4.1. StarDist segmentation of cells in liquid biopsy data

polygon is reconstructed using its predicted distances along the predefined rays, resulting
in one candidate object (polygon) per center.

Because neighboring pixels within the same object often exceed the threshold, this
step may yield multiple, highly overlapping candidate polygons per true object. To
eliminate redundant polygons, StarDist employs non-maximum suppression (NMS). In
this process, all candidate polygons are first sorted in descending order based on their

object probability score (i.e., predicted object probability at their center pixel).

CK cartridge
image
U-Net
Prediction i
probabilities maps
o - -

Post-processing |

Non-maximum

y suppression
s — applied Multiple
§\\\‘V/4‘ h candidates
Final result Star-convex polygons

Figure 4.2.: StarDist model inference and post-processing. Given an input image (for example, a crop of
a CK cartridge image), StarDist uses a U-Net backbone to predict both object probabilities
and radial distances (by default, 32 distance maps). These predictions result in multiple star-
convex polygons, which are subsequently processed using NMS to obtain the final set of object
candidates. Abbreviations: CK: Cytokeratin.
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The polygon with the highest score is selected first and added to the list of final objects.
Next, the overlap between this selected polygon and each of the remaining candidates is

evaluated using the Intersection over Union (IoU) measure, which is defined as follows:

|A N B
|AU B’

IoU(A, B) = (4.3)
where A and B denote the two polygons under consideration, |A N B is the area of their
intersection, and |A U B] is the area of their union.

If the IoU between the selected polygon and any candidate exceeds a user-defined NMS
threshold, that candidate is suppressed and removed from the pool of possible objects. In
contrast, candidates whose IoU with the selected object is less than or equal to the NMS
threshold remain in the candidate pool and may be selected in subsequent iterations. In
each new iteration, the candidate with the highest remaining object probability is chosen
from this pool, added to the final objects, and the suppression step is repeated against
all other remaining candidates. This procedure continues iteratively until no candidates
remain.

Generally, a higher NMS threshold allows more overlap between segmented objects,
which may be useful in cases of touching objects. In contrast, a lower threshold enforces
polygon suppression, reducing the likelihood of overlapping segmentations.

The proposed StarDist method was tested by the authors on two synthetic data sets
as well as on the DSB2018 set [Cai+19] against baseline U-Nets and Mask R-CNN (state-
of-the-art instance segmentation network) for several IoU thresholds. In particular, on
the DSB2018 data set, which also contains densely packed nuclei, StarDist achieved
superior segmentation performance compared to other methods, especially at moderate
IoU thresholds (less than 0.75).

4.1.2. Segmentation pipeline

Following these overviews of the original StarDist work, the segmentation pipeline
applied in this thesis will be presented. The pre-trained 2D_versatile_fluo model is
provided through the StarDist Image]/Fiji plugin, with default parameter values for NMS
post-processing (probability threshold: 0.5, overlap threshold: 0.4), as well as through the
StarDist Python module (probability threshold: 0.48, overlap threshold: 0.3). By default,
the percentile-based normalization of the raw input images uses the following settings:
Image]/Fiji: percentile low: 1.0, percentile high: 99.8; Python module: percentile low: 3.0,
percentile high: 99.8. Throughout this thesis, both Image] and the Python library were

used, and the parameters were chosen within the recommended ranges.
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4.1. StarDist segmentation of cells in liquid biopsy data

As the model is designed for single-channel fluorescence microscopy images, the
four-channel cartridge images (DAPI, additional filter, CK, and CD45) were first split by
channel. Only the DAPI, CK, and CD45 channels are relevant for CTC identification;

therefore, the additional filter was excluded from further analysis. StarDist segmentation

was performed exclusively on the CK channel for several reasons. First, CK serves as

a reliable marker for tumor cells. Second, DAPI images tend to contain more crowded

signal regions compared to CK images, which increases the likelihood that some regions

are not segmented at all (Fig. 4.3) or, if segmented, are delineated imprecisely (Fig. 4.4).

DAPI CK

Overlay
DAPI/CK]

CD45

Figure 4.3.: Example segmentations generated by the pre-trained StarDist model for both DAPI and CK

cartridge images. The shown DAPI channel image contains densely packed nuclear signals;
the corresponding CK channel image has fewer signals. Segmented regions are outlined with
yellow contours. Although most nuclear signals in the DAPI channel are segmented, some
regions are missed; one such area is highlighted in the right crop. In the same region of the
CK channel, the signals - corresponding to CTCs - are correctly segmented. This example
illustrates that, in certain cases, CTCs would be missed if segmentation relied solely on the
DAPI channel, whereas segmentation based on the CK channel could potentially capture these
CTCs. Abbreviations and explanations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride;
CK: Cytokeratin; CD45-APC: Exclusion marker.
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DAPI CK

Overlay CD45
DAPI/CK|

Figure 4.4.: Exemplary segmentation results show that DAPI images may contain crowded nuclear regions,
leading to less precise segmentation masks (e.g., large blobs), whereas segmentation on the CK
channel produces more accurate cell boundaries. The detected cell is a CTC. Abbreviations
and explanations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin;
CD45-APC: Exclusion marker.

In such crowded regions, CTCs may be present but are more difficult to detect and
accurately segment in the DAPI channel compared to the CK channel, as shown in Fig. 4.3
and Fig. 4.4. Third, although low signal intensities can occur in both the DAPI and CK
channels, relying solely on DAPI-based segmentation introduces a particular risk of
missing CTCs that have weak DAPI signals but clear CK expression, as exemplified in
Fig. 4.5.

When predicting on the data, StarDist produces instance labels and additional details
such as the 32 coordinates (see yellow contours in Fig. 4.3) describing each segmented
object in the current cartridge frame. Based on these coordinates, for each detected object,
the smallest possible bounding box is first generated. This bounding box is then resized

to obtain a square crop of 48 X 48 px, centered on the original bounding box center.
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Overlay
DAPI/CK]

CD45

DAPI = CK

Figure 4.5.: An example segmentation result is presented where a cell - specifically, a CTC - is missed in
the DAPI channel (no segmentation mask appears in the zoom-in), but is successfully captured
on the CK channel. Increasing the contrast in the DAPI crop reveals that a weak DAPI signal
is actually present in this region. Abbreviations and explanations: DAPI: 4’,6-diamidino-2-
phenylindole, dihydrochloride; CK: Cytokeratin; CD45-APC: Exclusion marker.

While StarDist generally performs robustly, it can occasionally produce jagged seg-
mentation masks or divide regions into too many segments (oversegmentation), as shown
in Fig. 4.6. Such segmentation masks may result in images where the CK signal is not
positioned at the center of the crop. However, similar off-center signals are also observed
in CS galleries and are therefore not uncommon for experts interpreting images for CTC
selection.

After resizing and before cropping, it is further verified that this square bounding box
lies entirely within the image boundaries (the current cartridge); if it extends beyond
the edge of the image, the bounding box coordinates are adjusted accordingly to ensure
that the resulting crop is valid and remains as close as possible to the intended size and

centered position. The coordinates of the resized (and, if necessary, adjusted) bounding
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box are also applied to the other two channel images (DAPI and CD45), so that for
each detection, square-cropped images at the exact same position are obtained from
all three channels. These channel image crops are saved as PNG files, together with a
corresponding dataframe containing the bounding box coordinates and image file paths.
For subsequent tasks, these channel images are later stacked together in the order DAPI,
CK, and CD45.

Figure 4.6.: Exemplary CK channel segmentations illustrating jagged masks in the top image and overseg-
mented signals in the lower image. For improved visualization, contrast and brightness were
enhanced in the oversegmented area to better highlight this region. Abbreviations and expla-
nations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin; CD45-APC:
Exclusion marker.

4.1.3. Correspondence finding between StarDist segmentation and
CellSearch® detection

Since the CS system is the gold standard in CTC enumeration for breast cancer, the

detection and subsequent classification performance of the methods proposed in this
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4.1. StarDist segmentation of cells in liquid biopsy data

thesis are compared against the CS system, particularly with respect to the number of
identified CTCs. Although the CS segmentation algorithm itself is not publicly available,
the bounding box coordinates of the events in the CS image gallery, as well as the cartridge
frame number they belong to can be accessed through an Extensible Markup Language
(XML) file provided alongside the cartridge images. Additionally, this XML file contains
information indicating which image gallery events were selected by the operator as CTCs
and which were not. In Figure 4.7, the schematic scanning procedure from Figure 2.2 is
extended to include the dimensions of the entire microscope slide, which measures 48,440

X 5,180 px, as the coordinates obtained from the XML file refer to the global coordinates.

1123456789 |10]11]|12]13]|14]|15]16|17 (18|19 |20]21|22]|23|24(|25]|26|27(28|29|30|31|32(33]|34]35

70|69 68|67 |66 [65]64|63|62]61|60]|59(58]|57]|56|55|54 |53 |52 |51 |50 |49 [48 |47 |46 |45 44 |43 42 |41 |40 |39 |38 |37 |36 é
71|72 |73 (74|75 |76 | 77|78 [79 |80 | 81| 8283 |84|85(86 |87 (88|89 90| 91|92(93]|94 95|96 [97| 98|99 [100]|101[102]103|104|105
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Pixel dimensions per cartridge image: 1,384 x 1,036 X: 48,44 OD
y: 5,180

Figure 4.7.: Schematic depiction of the entire cartridge as subdivided into individual image patches (cartridge
frames). The scanning process is illustrated by pink arrows, indicating the zig-zag pattern
in which the frames are sequentially acquired. Each cartridge frame has pixel dimensions of
1,384Xx1,036 px, resulting in a total composite image size of 48,440x5,180 px. The coordinates
provided in the XML file, which correspond to image gallery events, reference positions within
the entire cartridge image.

Since StarDist is applied to each cartridge frame separately, the resulting coordinates are
referenced within the pixel dimensions of a single cartridge image. To match the StarDist
coordinates with the CS ones, the global coordinates from the XML file must be mapped
to the local coordinate system of the corresponding cartridge image.

For each detected object, the mapping is performed in these main steps: first, based
on the corresponding frame number, it is determined to which row the frame belongs.
Next, the global x-coordinates of the bounding box are adjusted by subtracting the total
width of all cartridge frames located to the left of the target frame within the same row.
If the cartridge frame belongs to the first column (i.e., for frame numbers 1, 70, 71, 140,
or 141), the global x-coordinates are identical to the local coordinates. As for the global
y-coordinates, these are adjusted by subtracting the total height of all cartridge frame
rows above the target frame. If the cartridge frame belongs to the first row (i.e., frame
numbers 1 to 35), the global y-coordinates are identical to the local coordinates.

After obtaining the local bounding box coordinates of the CS events (both selected and
non-selected), these can be visualized on their respective cartridge frames for comparison

with the objects detected by the StarDist segmentation pipeline. Examples of such
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overlaps are illustrated in Fig. 4.8. Across all four CK cartridge images, StarDist identifies

more segmented objects per image than the number of CS events, as the CS system

applies a preselection step - displaying only those segmented objects where CK and DAPI

DAPIi CK

DAPI

signals are apparent within a square (bounding box).

CD45

DAPI/CK

DAPI

CK

CD45

Figure 4.8.: Comparison of objects detected by StarDist (yellow boxes) and the CS system (red boxes, CS
events), with bounding boxes visualized on CK cartridge frames. (A) StarDist bounding boxes
overlap with all CS events. Furthermore, StarDist detects many other objects, with some
bounding boxes showing multiple overlaps. (B) The CS system has identified some objects
that StarDist did not detect, and vice versa. The yellow arrow indicates a CK-positive cell,
which, upon closer inspection, is a CTC that was not listed as an event by CS in the gallery.
(C) Three StarDist bounding boxes overlap with a single large CS bounding box. In one of the
yellow boxes, the CK signal is positioned centrally, while in the corresponding red CS box,
the signal is situated near the edge and is only partially captured. (D) Red arrows highlight
large CS bounding boxes, each with a CK signal positioned at the edge rather than the center.
The overlapping StarDist boxes center on the same CK signal. The red arrow marked with
an asterisk indicates a CS event bounding box that was identified as a CTC by the operator.
Abbreviations and explanations: DAPI: 4’,6-diamidino-2-phenylindole, dihydrochloride; CK:
Cytokeratin; CD45: Exclusion marker.

While one could manually inspect each cartridge frame to compare both systems in
terms of CTC detection, this would be neither efficient nor practical, especially consid-
ering the presence of overlapping and redundant StarDist bounding boxes. Therefore,

redundancy needs to be automatically reduced. To facilitate a systematic comparison,
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4.1. StarDist segmentation of cells in liquid biopsy data

the IoU between corresponding bounding boxes from both systems can be computed.
However, the question remains as to which IoU threshold to consider. Here, a specific
challenge arises from the difference in bounding box sizes: CS bounding boxes can vary
considerably, while the StarDist segmentation pipeline generates fixed-size boxes (48x48
px). For example, in Fig. 4.8C, the CS event box measures 100x100 px. Even with perfect
alignment, a StarDist box entirely within a CS box would yield a maximum IoU of only
0.23. When using the actual bounding box coordinates, the IoU is approximately 0.11,
reflecting only partial overlap. Nevertheless, the biologically relevant region (the CK
signal) is fully covered by the StarDist bounding box. Therefore, choosing a low IoU
threshold (such as 0.1) could help ensure that relevant overlaps are not overlooked even

when the overlap is only partial.

4.1.4. Discussion

StarDist, a DL-based approach, has been widely adopted for cell and nuclei segmentation
tasks [Sch+18; WS22; Ste+22; Wol+23]. The method represents objects as star-convex
polygons by predicting, at each pixel, the distances to the object boundary in a predefined
set of directions. In the present study, it has been demonstrated that this shape represen-
tation is also applicable to signal shapes depicted in cartridge frames, particularly in the
CK channel; however, in some cases, jagged segmentations may be produced, and certain
areas with densely packed signals can still be challenging. Regarding the latter, Stevens
et al. [Ste+22] conducted a comparison between the segmentation results produced by
the StarDist model, the ACCEPT tool, and the CS system. They reported that both CS
and ACCEPT tended to miss more cells in regions of high cell density than StarDist, or
merge adjacent touching cells into a single segmented event. The authors argued that
this limitation may be due to the fact that both CS and ACCEPT were developed for CTC
samples, where the cell density is generally low enough that neighboring cells do not

touch [Ste+22], whereas StarDist incorporates a NMS function.

While accurate and consistent segmentation is a prerequisite, the ultimate question
remains whether a detected StarDist object (or cell) truly corresponds to a CTC. If an
operator has already annotated all CTCs in the CS gallery, the IoU with correspond-
ing StarDist detections can be calculated to evaluate agreement. However, in cases of
metastatic disease where the image gallery is very large, it is not always guaranteed
that every CTC has been marked manually. In addition, there may be CTCs detected by
StarDist but missed by CS (see Fig. 4.8B), or vice versa. These considerations highlight the

need for reliable classification of detected StarDist objects prior to comparison. Therefore,
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in the following chapter, the automated classification of StarDist-segmented objects and
cells for CTC identification will be addressed.

4.2. Label efficient binary classification of circulating

tumor cells by self-supervision

The objects and cells segmented by StarDist are initially unlabeled, meaning that the
segmentation output may contain not only cells but also artifacts or other objects, and
it is not yet known which - if any - correspond to CTCs. Automated classification is
therefore a crucial step for the identification and analysis of CTCs. While Zeune et
al. [Zeu+20] have demonstrated that CNNs can achieve high accuracy in classifying
CTCs in CS images (see Section 2.3.1), their supervised learning framework relied on a
large GT data set for classification (binary classification: CTCs: 6,505; non-CTCs: 43,065).
Annotating all - or even the majority - of StarDist-segmented objects for network training,
however, is impractical. As current SSL approaches in computer vision [Car+21] have
marked a shift in reliance from large annotated data sets to the usually much greater
amount of available unlabeled data for model training - and allow downstream tasks to
be performed with much smaller annotated data sets - the objectives of the experiments

in section are as follows:

(1) To investigate the feasibility of applying an SSL approach, such as DINO [Car+21]
(see Section 3.4.2), combined with a downstream ML classifier to LB data for binary
CTC classification of StarDist-segmented objects, and to compare the general SSL
performance against the performance of state-of-the-art DL models trained in a

supervised manner.

(2) To compare the performance of both self-supervised and supervised approaches

when only limited labeled training data is available.

(3) To analyze the latent space of the cell representations learned by both approaches.

The results are based on the following conference publication:

[Hus+23] H. Husseini, M. Nielsen, K. Pantel, H. Wikman, S. Riethdorf, and R. Werner.
“Label Efficient Classification in Liquid Biopsy Data by Self-supervision”. In: Bildverar-
beitung fiir die Medizin 2023 (2023), p. 261

4.2.1. Data set

Cell segmentation and processing of cartridge images from 12 patients using the StarDist

pipeline described in Section 4.1.2 resulted in a total of 69,297 single-cell images, each
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4.2. Label efficient binary classification of circulating tumor cells by self-supervision

with three channels (DAPI, CK, CD45). To establish a reliable GT composed of CTCs and
non-CTCs, two experts collaboratively reviewed and annotated the cells according to
CS criteria. By consensus, 1,101 cells were labeled as CTCs and 2,333 cells as non-CTCs

across all patient samples. The remaining 65,863 cells in the data set were left unlabeled.

4.2.2. Methods

Model selection: For the supervised learning approach, two network architectures
were used: EfficientNetB0 from the EfficientNet family as a representative of CNNs (see
Section 3.4) and the XCiT model xcit_nano_12_p8_224_dist (see Section 3.4.1 for further
details) as a representative of transformers. Both networks were pre-trained on ImageNet.
For the SSL part, the DINO approach (see Section 3.4.2) was deployed with XCiT as the
backbone.

Pre-processing: Prior to network training, the inputs were pre-processed. To match
the input dimensions of the pre-trained models, all images were resized from 48x48
px to 224x224 px. Additionally, min-max normalization was performed by scaling the
data values so that the minimum intensity was mapped to 0 and the maximum intensity
to 1, resulting in all values lying within the interval. To ensure consistency with the
normalization strategy described by Zeune et al. [Zeu+20] for the supervised approach,
a percentile-based background correction was applied independently to each image
channel. Specifically, for each channel, the 10th percentile of all pixel intensity values
was calculated. This value - representing the intensity below which 10% of the pixel values
lie - was subtracted from every pixel in the respective channel image. This approach
suppresses background signal and minimizes the impact of background fluorescence or

signal offset.

Data augmentation: Random rotations and horizontal as well as vertical flipping were
applied to the images used for network training in a supervised manner. For the DINO
approach, the multi-crop augmentation strategy was applied, and thus multiple augmen-
tations were generated. The teacher network receives only the global crops, whereas the
student receives both local and global crops. A local crop represents an area of the image

smaller than 50%, and a global crop covers more than 50%.

Network training: For supervised training, the networks were trained for up to 600
epochs, with early stopping implemented to prevent overfitting on the training set.
Training was performed using the Adam optimizer with a learning rate of 0.0001 and a

weight decay of 0.001. Additionally, a learning rate scheduler was employed, in which
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the learning rate was reduced by a factor of 0.5 if no improvement was observed for 25
epochs, with a cooldown period of 50 epochs. The minimum learning rate was set to
0.00001. BCE loss with logits (Eq. 3.23) was used. As for the SSL approach, parameters
were chosen similar to Caron et al. [Car+21] and DINO was trained for a maximum of 300
epochs, but training was stopped once the loss had stabilized. The CE loss was calculated

between all possible combinations of student and teacher outputs.

Evaluation The performance of the binary classification between CTCs and non-CTCs
was assessed using the F1 score, calculated on a separate test data (4 patients, not used

during training or validation) set comprising 410 samples (185 CTCs and 225 non-CTCs).

4.2.3. Experiments

In the following, the three main experiments will be described.

Assessment of general performance

The data from the 8 patients not used for testing was partitioned into training and
validation sets. The labeled training set comprises 2,824 image samples (816 CTCs and
2,008 non-CTCs), while the validation set includes 200 samples, evenly split between
CTCs and non-CTCs (100 each). For the supervised approach, the baseline models
(EfficientNetB0, XCiT) were trained, and the classification was evaluated. Furthermore,
four EfficientNets and four XCiTs were trained using a 4-fold cross-validation. For
evaluation on the test data set, the models were ensembled by averaging the predictions
of all eight models. This ensemble approach is referred to as Ensemble-DL. For DINO
training, the data set consisted of all unlabeled objects - including ambiguous cells and
artifacts - from patients outside the test set (n = 61,865). Validation was conducted using
the same labeled validation set described before. After DINO training, the learned features
were extracted and subsequently used to train a SVM (with a RBF kernel) for binary
classification. The combination of DINO and the SVM will be denoted as DINO+SVM.

Labeled data efficiency

To assess whether CTC classification using a substantially reduced GT set - following SSL
and feature extraction without labels - can achieve comparable classification performance
to supervised learning when the same number of annotated samples is available, smaller
and balanced data sets were constructed from the pool of labeled training samples.
Specifically, data sets comprising 50 (CTCs: 25, non-CTCs: 25), 100, 200, 500, and 1,000

samples were created. Depending on the selected approach (supervised versus SSL),
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4.2. Label efficient binary classification of circulating tumor cells by self-supervision

multiple runs per limited data set were conducted to estimate the variability of the F1
scores. For each run, the samples were randomly drawn so that the data composition
was not identical across runs, but the total number of training samples (and the number
of samples per class) was kept constant. For the supervised XCiT, runs were repeated
three times as end-to-end training is much more expensive in terms of computation and
time, whereas the SVM is computationally inexpensive and thus was fitted 100 times in
the DINO+SVM approach.

Latent space analysis

In addition to the two previously described experiments, an analysis of the latent space
of the learned cell representations was carried out to investigate whether and how the
cell classes form clusters. For this purpose, features extracted of the respective model
(supervised XCiT, DINO) were used to fit a UMAP after undergoing PCA, on the whole
labeled training data set, with the transformation subsequently applied to the labeled
test data.

4.2.4. Results

The initial analysis, which focused on the general comparison of all approaches using the
full labeled training set, revealed that the DINO+SVM approach (F1: 0.965) outperforms
the supervised baseline models XCiT (F1: 0.943), EfficientNet (F1: 0.903), and the Ensemble-
DL (F1: 0.944) with respect to the F1 score metric (see Fig. 4.9). When analyzing the
latent space after feature extraction, both DINO and the supervised XCiT display distinct
clustering of CTC and non-CTC cells, shown in orange and purple, respectively (see
Fig. 4.9).

When evaluating the classification performance on smaller, balanced labeled data sets,
DINO+SVM consistently achieved higher F1 scores than the supervised XCiT across all
training set sizes examined. Most notably, with only 50 training samples, DINO+SVM
already reached an F1 score of 0.865 + 0.043, compared to 0.687 + 0.025 for the supervised
XCiT. This performance gap remains as the number of labeled samples increases: at
100 samples, DINO+SVM achieved 0.910 + 0.033 (XCiT: 0.747 + 0.021); at 200 samples,
0.925 +0.023 (XCiT: 0.837 + 0.011); and at 500 samples, 0.959 +0.004 (XCiT: 0.854 +0.012),
at which point DINO+SVM surpassed the Ensemble-DL (reference) line. With 1,000
training samples, DINO+SVM reached 0.963 + 0.010 while XCiT remained at 0.871 + 0.026.
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Figure 4.9.: Comparison of general and label efficient CTC classification performance between supervised
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and self-supervised approaches. Classification performance (F1 score) on the test set for
the supervised XCiT and DINO+SVM models is shown for both the complete and limited
numbers of labeled training samples, with means and standard deviations visualized. On the
top: DINO+SVM results are shown in magenta, supervised XCiT (=transformer) in green and
Ensemble-DL as a reference in red. For the Ensemble, all labeled training samples were used;
therefore, its performance is represented by a horizontal dashed line. The cross indicates the
general performance (training on the entire labeled training set). The lines refer to the balanced,
limited training sets. There is no line between 1,000 samples and 2,824, since the latter is not a
balanced class set. Below: Latent space analysis of the learned cell representations is shown.
UMAP clustering of the CTC and non-CTC cell classes is displayed for both DINO and the
transformer. CTCs are depicted in orange, non-CTCs in purple. Larger dots indicate samples
from the GT test set, while smaller dots refer to GT samples from the entire available training
set. Abbreviations and explanations: CTC: Circulating tumor cell; UMAP: Uniform manifold
approximation and projection; DINO: Self-distillation with no labels. Figures adapted from
[Hus+23].



4.2. Label efficient binary classification of circulating tumor cells by self-supervision

The analysis then focused on how increasing the number of labeled training samples
influences cluster formation in the latent space for the supervised XCiT model. As shown
in Fig. 4.10, at 50 training samples, CTC clusters near the decision boundary appear
highly heterogeneous. However, with the addition of more labeled data, the clusters
become more homogeneous, indicating improved class separation with larger training
set sizes (see Fig. 4.10 and Fig. 4.11). In contrast, DINO, despite not utilizing any labeled
data, produces well-separated and homogeneous clusters for CTCs and non-CTCs near
the decision boundary. Notably, the clustering behavior achieved by DINO resembles
that of the supervised XCiT model only when the latter is trained on as many as 1,000

labeled training samples.

4.2.5. Discussion

Building on recent progress in both supervised and SSL, this study implemented and
evaluated these approaches for binary CTC classification using fluorescence microscopy
images, demonstrating their feasibility for LB analysis. The results showed that self-
supervised feature extraction, when combined with an SVM classifier, can achieve higher
classification performance (as measured by the F1 score) than state-of-the-art end-to-end
trained supervised DL models, even when only minimal labeled data are available. This is
particularly promising, given that data annotation is labor-intensive and that end-to-end
trained DL models typically require resource-intensive retraining. In contrast, SSL-based
image representations can be utilized for downstream tasks, such as CTC classification,

by employing a standard ML classifier without the need for extensive additional training.

Furthermore, analysis of the latent space derived from the extracted features of both
the SSL and supervised models revealed clearly separated clusters representing the two
cell classes. Notably, the DINO approach achieved this cluster separation without incor-
porating any label information during training. The observed clustering patterns are also

consistent with the quantitative improvements observed in classification performance.

Limitations of the study

This study focused on the feasibility of the DINO approach using LB data from 12
metastatic breast cancer patients. Since this represents a relatively small cohort, future
work should incorporate data from a larger number of patients to enhance the robustness

and performance of the self-supervised approach.
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Figure 4.10.: Cropped UMAP visualizations highlight the area near the decision boundary in the latent space.
For DINO, class distinction is apparent even near the boundary, while for the supervised
transformer approach, cluster separation and homogeneity are poor when only 25 or 50
samples per class are available. CTCs are depicted in orange, non-CTCs in purple. Larger
dots indicate samples from the GT test set, while smaller dots refer to GT samples from the
entire available training set. Abbreviations and explanations: CTC: Circulating tumor cell;
UMAP: Uniform manifold approximation and projection; DINO: Self-distillation with no labels.
Figures adapted from [Hus+23].
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Figure 4.11.: Cluster separation and homogeneity improve for the transformer approach as the number of

labeled samples increases from 100 to 500 per class. CTCs are depicted in orange, non-CTCs
in purple. Larger dots indicate samples from the GT test set, while smaller dots refer to
GT samples from the entire available training set. Abbreviations and explanations: CTC:
Circulating tumor cell; UMAP: Uniform manifold approximation and projection. Figures
adapted from [Hus+23].
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4.3. Self-supervised learning and targeted
human-in-the-loop strategy for improving circulating

tumor cell classification

Building upon the potential of SSL for medical image data as reported by Nielsen et al.
[Nie+23] but also for the liquid biopsy field as demonstrated in the previous study, the
basis of the present study was the use of DINO in combination with an on top ML classifier
for automated CTC classification of StarDist-extracted single-cell crops from cartridge
images of an extended cohort of 90 metastatic breast cancer patients. In parallel, Nanou et
al. [Nan+24] also addressed automated CTC classification using StarDist segmentation of
cells from CS images and tested Zeune’s DL network; however, they reported that relying
solely on the DL classifier was too inaccurate to replace expert review. Furthermore, they
observed many ambiguous cells in their data set and, to increase certainty in the labels
of CTCs during training, they presented a semi-supervised approach in which newly
labeled data from dense CTC and non-CTC latent space areas - identified by a KNN-based
algorithm - were used to train another classifier (random forest).

However, by focusing on those areas, areas of high uncertainty, e.g. where most
misclassifications happen, are neglected and remain uncertain. Targeting these uncertain
regions for sampling and (re-)labeling may, in fact, be more effective in increasing a
classifier’s reliability, as these areas consist of image examples where the model lacks
confidence in its predictions.

Consequently, in this work, efficient and targeted improvement of CTC and non-CTC
image classification is pursued, with a particular focus on regions of elevated classifier
uncertainty identified through latent space clustering. To achieve this, a human-in-
the-loop (HiL) strategy is proposed, in which, as the name implies, human expertise is
incorporated, given its value for further optimization of classifier predictions. Within the
HiL framework, only a limited number of additional yet meaningful training samples
from these uncertain regions - characterized by frequent misclassifications - are selected
and provided to experts for (re-)labeling. By restricting the number of samples, this
process reduces the annotation time required from experts, while the newly labeled data
are subsequently incorporated into the classifier, enabling fast adaptation and improved
performance in subsequent training loops. To demonstrate the feasibility of the proposed

HiL strategy, the aims of this section are as follows:

(1) To provide a detailed analysis of the learned cell representations in the latent
space and to investigate whether distinct regions correspond to differences in

classification accuracy, which could reflect varying levels of model certainty.
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(2) To assess the impact of different HiL sampling strategies - targeted and non-targeted

- on classification performance when incorporating additional training images.

(3) To compare the CTC detection outcomes achieved by the targeted HiL approach
with those obtained using the CS system.

The results are based on the following journal publication:

[Hus+25] H. Husseini-Wisthoff, S. Riethdorf, A. Schneeweiss, A. Trumpp, K. Pantel,
H. Wikman, M. Nielsen, and R. Werner. “Cluster-based human-in-the-loop strategy for
improving machine learning-based circulating tumor cell detection in liquid biopsy”.
In: Patterns 6.6 (2025), p. 101285

The following section provides an overview of the full framework, incorporating the
HilL principle. The description of the data set, the applied methods, and the individual

experiments will be explained according to the overview shown in Fig. 4.12.

4.3.1. Data set

StarDist segmentation of cartridge images from 90 metastatic breast cancer patients
resulted in 1,332,751 cell images (three channels: DAPI, CK, CD45). The data were
then split into 60 patients (999,285 images) for SSL and 30 patients (323,466 images) for
downstream CTC classification with the on top ML classifier. These 30 patients were
further randomly divided into 10 for training (101,547 images) and 10 for testing (173,795
images) for the purpose of the HiL experiments (see Fig. 4.12A), while the remaining
10 patients (48,124 images) served as a hold-out test set for the final comparison with
the CS system in terms of CTC detection. To establish a GT across training and testing
sets (except for the hold-out test set), two experts labeled 1,509 CTCs and 1,129 non-
CTCs for the training set, and 1,214 CTCs and 1,559 non-CTCs for the testing set. The
remaining unlabeled images from the training set served as a pool for selecting and
labeling additional images during the HiL. experiments. To ensure the quality of the
unlabeled training data set, an SVM was trained to identify and reduce the amount of
noisy images - specifically, those with channel signals that were barely interpretable by
human experts. For this purpose, a small subset of 800 unlabeled images was used for
training the SVM, consisting of 400 images classified as noisy and 400 as non-noisy by
expert assessment. The trained SVM was then applied to the entire unlabeled training
data set, and all identified noisy images were removed. As a result, the refined and final

unlabeled training data set comprised 48,312 samples.
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Figure 4.12.: Overview of the full framework for CTC detection and classification with the proposed HiL
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strategy. (A) The workflow begins with cartridge images from 90 patients acquired by the CS
system. The StarDist pipeline is then used to segment cells and create image crops for each
channel. The resulting single-channel images are merged to form a three-channel composite
before being fed into the respective models. The 90 patients are split into groups of 60 and 20,
with the latter group reserved for use within the HiL framework. The remaining 10 patients
(out of the 90) are not shown and used for final evaluation and comparison against the CS
system. (B) The unlabeled data from the 60 patients is used to train the DINO network. The
model weights of the teacher network are utilized to extract features from the 20 patients
described in (A), which are then used for binary CTC classification in the HiL experiments and
for cluster analysis (C). (B) Within the HiL framework, an initial training pool is established
before training and evaluating the ML classifier. To improve classifier performance, additional
training images are sampled from a predefined relabeling pool. Sampling can be performed
either randomly or based on a cluster analysis, where clusters with lower F1 scores are
identified and images from these clusters are selected. Sampled images are then presented
to an expert for labeling, after which the newly labeled images are added to the training
pool. The HiL loop was performed four times. Abbreviations and explanations: DAPI: 4°,6-
diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker; SSL:
self-supervised learning; CE: Cross-entropy; CS: CellSearch®; DINO: self-distillation with no
labels; UMAP: Uniform manifold approximation and projection. Figure taken from [Hus+25].
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4.3.2. Methods

DINO training: DINO was trained for 300,000 iterations on the unlabeled image data
from 60 patients (see Fig. 4.12) using the public sparsam implementation by Nielsen et
al. [Nie+23] of the DINO framework by Caron et al. [Car+21]. The setup was similar to
that of the previous study (see Section 4.2.2) and the protocol described by Nielsen et al.
[Nie+23]. The general concept is visually summarized in Fig. 4.12B. XCiT was used as
the backbone, and after training, the backbone of the teacher model was used to infer

image representations for subsequent latent space analysis and CTC classification.

DINO feature-based ML-CTC classification: For downstream classification, an SVM
was selected for several reasons: (1) prior experiments (see Section 4.2) demonstrated
good CTC classification performance in combination with the DINO approach; (2) Nielsen
et al. [Nie+23] reported that SVM offered a slight performance benefit over other ML
methods such as logistic regression (LR) and KNN in medical classification tasks; and
(3) as further evidenced by the findings in Table 4.1, SVM consistently achieved better
performance on the complete labeled test set, regardless of whether hyperparameter

optimization was applied. Thus, an SVM was employed for all subsequent experiments,

ML model Approach Mean total F1 test score
KNN Baseline 0.878
KNN Bayesian Optimization 0.886
KNN Proposed by Nielsen et al. [Nie+23] 0.887
LR Baseline 0.907
LR Bayesian Optimization 0.909
LR Proposed by Nielsen et al. [Nie+23] 0.909
SVM Baseline 0.924
SVM Bayesian Optimization 0.921
SVM Proposed by Nielsen et al. [Nie+23] 0.921

Table 4.1.: Comparison of mean total F1 test scores for different ML models and approaches (with and
without hyperparameter optimization) on the labeled test set. The results correspond to one of
the HiL experiments (simulated HiL scenario 2: limited local data (Section 4.3.3)), consisting
of four loops, each repeated five times. In the final loop of each run, either SVM, KNN, or
LR was used, with three approaches for classification: baseline, bayesian optimization and
hyperparameters proposed by Nielsen et al. [Nie+23]. Baseline models were set up with the
standard scikit-learn parameter settings. Bayesian optimization of the hyperparameters was
conducted separately for each run. For each approach and ML model, the mean F1 score across
all runs was calculated on the complete labeled test set. Abbreviations and explanations: KNN:
K-nearest neighbors; LR: Logistic regression; SVM: Support vector machine; ML: Machine
learning.
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with parameters selected according to the recommendations of Nielsen et al. [Nie+23].
The SVM received as input the feature representation of the single-cell images, extracted
from the trained teacher backbone model. This representation was then reduced from
128 to 32 dimensions using PCA, with these 32 components capturing more than 90% of
the variance present in the labeled training features. The SVM was subsequently fitted

on this labeled training set.

Latent space cluster analysis: The approach for identifying clusters in the latent space
(see Fig. 4.12C) was to apply UMAP to further reduce the 32D PCA features to two
dimensions, and subsequently perform clustering using HDBSCAN (Section 3.1.2). A key
advantage of HDBSCAN is its ability to automatically determine the number of clusters as
well as accommodate varying cluster shapes and densities. This is particularly beneficial,
as the underlying structure of the data, apart from the two known cell classes (CTC and
non-CTC), is not known in advance.

HDBSCAN was applied on the UMAP features of the joint unlabeled training and
test sets, and the default parameters for HDBSCAN were used except for: the minimum
cluster size, minimum number of samples, selection of cluster method and the cluster
selection € value (see [Hus] for further details). That is because relying solely on the
default parameters of HDBSCAN led to the formation of hundreds of small micro-clusters.
Drawing inspiration from one of the application examples in the HDBSCAN documenta-
tion [MHA23], setting only the minimum cluster size to 15 while leaving the remaining
parameters at their default values resulted in a dominant cluster that encompassed almost
the entire data space, alongside a few much smaller clusters. To achieve more fine-grained
and homogeneous clusters, the leaf cluster method (Section 3.1.2) was chosen, which
favors the selection of smaller, denser sub-clusters rather than merging them into one or
two larger clusters. Additionally, the minimum number of samples and cluster selection
€ value were adjusted for greater control over cluster formation. Increasing the minimum
number of samples makes the clustering more conservative, which also complements the
use of the leaf cluster selection method. To avoid the creation of excessive micro-clusters,
€ was set to a value higher than the default of 0 to help merge clusters in regions of
micro-clusters. By choosing € = 0.25, DBSCAN” clusters corresponding to this threshold
are extracted from the condensed cluster tree. At the same time, HDBSCAN clusters that
form at distances greater than 0.25 will remain unchanged.

The reasons for conducting the analysis on the UMAP features of both the unlabeled
training set and the test set are the following: (1) if the test set were excluded from
clustering and the analysis were carried out solely on the (labeled and unlabeled) training

data, clusters would still form; however, precisely the regions characterized by the highest
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uncertainty, namely, areas with the highest concentration of misclassifications in the test
set, would be overlooked and not adequately captured or represented as distinct clusters
(see Fig. 4.13); and (2) to mitigate the issue of limited size and potential bias in the labeled
portion of the test set, the substantially larger and potentially more diverse unlabeled

training data is incorporated.
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Figure 4.13.: Cluster distribution when performing HDBSCAN on the UMAP features of the combined
labeled and unlabeled training data set. Turquoise-colored data points represent the labeled
test data, while crosses indicate misclassifications. Grey data points correspond to the training
set. The identified clusters are outlined with closed contours, while data points not enclosed
by any cluster are classified as background. The red dashed box marks the region with the
greatest concentration of test set misclassifications, an area largely not effectively captured by
any cluster. Abbreviations: GT: Ground truth; UMAP: Uniform manifold approximation and
projection. Figure taken from [Hus+25].
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During evaluation, data samples that HDBSCAN did not assign to any cluster were
labeled as background data. This analysis of latent space clusters provided the foundation

for subsequent experiments using the proposed HilL strategy.

Proposed human-in-the-loop strategy: The proposed HiL strategy is an iterative pro-

cess and has the following steps:

1. Initialization: Three sets of data are defined: an initial training pool, a relabel-
ing pool (an unlabeled data pool for sampling and relabeling), and a test set for

evaluation.

2. Relabeling loop: The following steps are iterated and repeated until either the
classification performance meets the desired criteria or no additional data remain

in the relabeling pool:
(i) The labeled training samples are utilized to fit the ML classifier (SVM).

(ii) The fitted classifier is used to perform classification of the labeled test set

images.

(iii) The classification performance is locally assessed and evaluated within the
latent space clusters as well as on the labeled test set. The F1 metric is

calculated for each cluster and for the complete test set.

(iv) Cluster-specific sampling of new unlabeled data samples from the relabeling

pool is carried out based on F1 scores.

(v) The selected samples are reviewed by a human expert, who assigns class
labels to them. These newly labeled images are then added to the training

pool and simultaneously removed from the relabeling pool.

4.3.3. Human-in-the-loop experiments

A key element of the proposed HiL strategy is the cluster-specific sampling approach,
which was proposed to enhance classification performance. The underlying hypothesis is
that this targeted strategy can achieve improved results with fewer newly labeled samples
compared to a naive, fully random sampling method. To evaluate this hypothesis, it was
tested across multiple experimental scenarios: two simulation experiments (simulated HiL
scenarios 1 and 2), which were conducted in an idealized environment, and, in addition, a
real-world experiment in which a human expert labeled previously unseen and unlabeled

data (real-world HiL experiment).
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In the following, the respective HiL experiments will be presented. Each of these HiL
experiments consisted of four relabeling loops, and each run was repeated five times
using different random seeds to (to ensure variability in the sampling of the training and
relabeling pools and to support reproducibility), so as to analyze the robustness of the
findings. In line with the description of the proposed HiL strategy, the F1 score was used
as the evaluation metric to assess CTC classification performance for each cluster and to

report the overall F1 score.

Simulated human-in-the-loop scenario 1: Limited global data

This experimental setting simulates a scenario in which the quantity of labeled data is
limited across the entire data set, as only a small fraction of the available labeled samples
is used for initial model training, thereby restricting the information accessible to the
classifier on a global scale. Classification improvements are therefore targeted through
local training set adaptation. To achieve this setup, a random subset of 100 labeled samples
was chosen from the available labeled training pool to initialize the SVM training data
set. The remaining labeled data from the original training set was used as the relabeling
pool for this experiment. In each relabeling loop, 100 additional samples were selected
from the relabeling pool, so that after four loops (= one completed HiL run), the training
data set was iteratively expanded to a total of 500 samples. Furthermore, in each loop, a
100-fold MCCV was performed on the current, limited labeled training pool by randomly
splitting the data into 90% for MC training and 10% for MC validation at each step. This
splitting was conducted without stratification in order to better simulate realistic data
sampling conditions and to account for potential randomness in the selection process.
Stratification would artificially enforce a specific class distribution, a level of information
that may not be available in (real-world) sampling scenarios. All CV results were then
aggregated, the F1 score for each cluster was assessed, and the classification performances
for the individual clusters were used to guide the cluster-specific approach. New samples
were selected from clusters in the relabeling pool with a relative frequency c; inversely
proportional to the corresponding MC validation F1 score s; of cluster i, as shown in the

following equation:
1-—s5;

2jl=sj

The naive approach, on the other hand, was implemented independently of the cluster

Ci = (44)

F1 scores. In each loop, 100 additional samples were randomly drawn from the entire

available relabeling pool.
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Simulated human-in-the-loop scenario 2: Limited local data

In contrast to the above-described limited global data setting, the limitation in the labeled
training data set of simulated HiL scenario 2 is imposed only in a specific local region in
the latent space, namely, a single main cluster. In order to do so, the initial training data
set was constructed by reducing the number of labeled samples in the main cluster to
only 20% of its original size, while the other clusters retained 80% of their original labeled
training data. This composition of the training data leads to underrepresentation of the
main cluster and results in reduced classification performance for this cluster compared
to the others.

For the cluster-specific approach, the relabeling pool consisted of the remaining labeled
training samples from the main cluster. During each relabeling loop, an additional 20%
of the labeled samples of the main cluster were randomly drawn from this pool and
added to the training set. The proportion of samples drawn in each loop was calculated
based on the total number of labeled samples originally available in the main cluster. The
sampling process was repeated until all labeled samples from the main cluster had been
incorporated into the training set.

As for the random approach, the same initial labeled training set was used, but the
relabeling pool consisted of 20% of the left-out labeled samples from each cluster, including
the main cluster. Then, in each loop, samples were randomly selected from this relabeling
pool, with the number of samples per loop consistent with that of the cluster-specific

sampling strategy:.

Real-world human-in-the-loop experiment

In addition to the simulated HiL experiments, a real-world HiL experiment was conducted
in which labeling was performed by a human expert, rather than being simulated on
artificially constrained labeled training data. In this experiment, the initial training set
consisted of all available labeled training samples, and the relabeling pool comprised
previously unseen and unlabeled training samples. Evaluation was conducted on the
labeled test set, as described previously.

For the cluster-specific approach, the cluster with the lowest initial F1 score was
identified, and the relabeling pool was constructed by exclusively sampling from this
cluster. Specifically, all samples within the cluster that were predicted by the classifier as
the class most frequently subject to erroneous predictions were included in the relabeling
pool for further review. For example, if many actual CTCs were incorrectly predicted as
non-CTCs, then all samples from the relevant cluster in the unlabeled training set that

were classified as non-CTC formed the relabeling pool. The time given for human expert
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review was set to 5 minutes to identify and relabel as many falsely predicted samples
as possible from a pool of 1,000 samples. The newly labeled samples were subsequently
incorporated into the training pool.

For the random sampling approach, samples predicted to belong to the same class
as in the cluster-specific approach were selected from the entire unlabeled training set,
without restricting them to any specific cluster. The number of falsely predicted samples

relabeled per loop matched that of the cluster-specific approach.

Final model application

Lastly, the performance of the proposed HiL strategy was evaluated for CTC detection
and classification and compared with the CS system. For this, the final model (after four
HiL loops) of the cluster-specific real-world HiL experiment was used and tested on the
hold-out test set (10 patients) mentioned in Section 4.3.1. As in the earlier experiments, the
SVM’s input comprised PCA-reduced representations of images generated by the trained
teacher backbone model. For the identification of CTCs, the SVM decision function was
set to a confidence threshold above 0.5; minor adjustments to 0.4 and 0.6 yielded similar
positive predictive values. Furthermore, to ensure better enumeration of CTCs, duplicate
cells were automatically identified and removed. After CTC classification for each patient,
an expert reviewed the suggested candidates and assigned labels to the cells identified as
CTCs.

For the CS system, gallery events were reviewed by the same expert, and CTCs were
identified accordingly. To compare the CTCs detected by each method - i.e., to determine
which cells were identified by both systems and which were exclusively detected by one
system - cell coordinates were extracted from the XML files generated by the CS system
and the IoU of the bounding boxes from both systems was then calculated, as detailed
in Section 4.1.3. During evaluation, cases were taken into account in which a cell was
classified as a CTC by one system and as a non-CTC by the other.

Subsequently, the positive predictive value was calculated, defined as the proportion of

cells and events presented to the human observer that were confirmed to be actual CTCs.

4.3.4. Results
Detailed cluster analysis in the latent space

The cluster analysis revealed a total of five clusters, differing in size, shape, and F1
scores on the labeled test set, while unassigned points formed the background cluster, as

illustrated in Fig. 4.14.
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Cluster analysis
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Figure 4.14.: Cluster analysis in the latent space reveals that the majority of the region with the highest
concentration of test set misclassifications, as indicated by the red dashed box, is captured
by a cluster, outlined with dark green contours. This cluster exhibits the lowest F1 score
across all clusters. Data points outside of clusters are considered background. Results were
obtained by applying HDBSCAN to the UMAP features of both the labeled test data and
the unlabeled training data. Below the plot, exemplary cell images from clusters 0, 1, and 2
are shown: the first two rows display images from the labeled test data, and the third row
presents images from the unlabeled training data. Abbreviations and explanations: DAPI:
4’,6-diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker;
GT: Ground truth. Figures adapted from [Hus+25].
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The F1 scores for the five clusters were as follows: cluster 0 (yellow contours, see
Fig. 4.14) with the highest score of 0.978; cluster 1 (pink contours) with 0.800; cluster
2 (dark green) with 0.542; cluster 3 (the largest cluster, light green) with 0.845; and
cluster 4 (purple) with 0.929. Cluster 2 exhibited the lowest F1 score, accompanied by
the most misclassifications both within the cluster and in its vicinity, as highlighted
by the red dashed line box. A detailed examination of cluster 2 showed that the main
misclassifications, both within and near the cluster, involved cells incorrectly predicted

as non-CTCs, despite having been originally identified as CTCs by human experts.

In addition to analyzing the F1 scores and misclassification patterns, the biological
relevance, that is, the meaningfulness, of each cluster was evaluated. Closer inspection of
the individual clusters confirmed that cell images within the same cluster shared similar
morphological characteristics. For instance, cluster 0 comprised images that displayed a
shine-through phenomenon, caused by strong fluorescence signals in the CK channel
that extended into the CD45 channel. Additionally, cluster 1 was characterized by small,
point-like signals in both the DAPI and CK channels, whereas cluster 2 predominantly

contained images with numerous background DAPI signals.

Impact of human-in-the-loop sampling on circulating tumor cell classification

performance

After cluster identification and characterization, the HiL (simulated and real-world) ex-
periments described in Section 4.3.3 were conducted to assess whether targeted sampling
and labeling of cell images from regions of the latent space with lower F1 scores, based
on the cluster analysis, can improve classification performance compared to random

sampling.

Simulated human-in-the-loop scenario 1: Limited global data: The results of the first
simulated HiL experiment, presented in Fig. 4.15A, show the average F1 score over five
repetitions, based on evaluation on the test data set. Initially, cluster 2 exhibited the lowest
F1 score at 0.107, whereas the other clusters began with higher scores, ranging from 0.684
for cluster 3 to 0.945 for cluster 0. The visualization of the latent space for cluster 2 and
its surrounding areas reflects this poor F1 score by the numerous false predictions: many
erroneous non-CTC predictions are concentrated in the northern region, while a higher
occurrence of incorrect CTC predictions is observed in the southern region. Applying
the cluster-specific method results in a substantially greater rise in the F1 score after four

HiL loops, reaching 0.635, compared to just 0.260 for the random sampling approach.
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Figure 4.15.: Impact of HiL sampling, cluster-specific vs. random, on CTC classification performance. The
line plots depict the mean F1 scores and standard deviations of the HiL loops over five repeated
runs for each cluster, including the background cluster. Additionally, snapshots of the latent
space are shown after initialization and after the final (fourth) loop, with a focus on cluster 2
(lowest F1 score; most misclassifications). (A) shows the results of the simulated HiL experi-
ment with limited global data; (B) shows the real-world HiL experiment. Abbreviations and
explanations: HiL, human-in-the-loop; Init, initialization; loops 1-4, sampling and relabeling
loops. Figure taken from [Hus+25].
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The effect of the targeted HiL sampling is also apparent in the corresponding snapshots
(see Fig. 4.15A), confirming a reduction in false predictions, especially in predcited,
erroneous non-CTCs, compared to the random approach. Regarding the classification
improvements in the other clusters, in both approaches, most clusters showed increased
F1 scores after four HiL loops, although the improvements were less pronounced than

for cluster 2.

In the cluster-specific approach, new samples were drawn from clusters with a fre-
quency inversely proportional to their F1 scores. Thus, as cluster 2’s F1 score improves,
the likelihood of selecting samples from other clusters for labeling increases. Starting
from 0.849, the average F1 score increased to 0.911 with the cluster-specific approach

after four HiL loops, whereas the random approach reached 0.896.

To reach an F1 score of 0.911 with random sampling, an average of five additional HiL
loops (range: 2-6) was required, corresponding to an extra annotation effort of 500 samples
(range: 200-600) per repeated run by an expert. An expert required about 5 minutes to
annotate a set of 100 randomly chosen cells, providing a basis for estimating the potential
time saved with the targeted approach. The additional annotation effort required for
naive sampling was therefore estimated to be around 25 minutes, highlighting the time
savings in manual CTC evaluation and annotation achievable with the cluster-specific

approach.

Simulated human-in-the-loop scenario 2: Limited local data: The second simulation
experiment addressed the challenge of limited training data within a specific region,
i.e., a cluster, of the latent space. Such a scenario may arise when the images and cell
representations of a new patient differ from the others used to train the classifier. The
results, summarized in Table 4.2, focus on two clusters: cluster 2, which had the lowest

F1 score, and cluster 3, which is the largest cluster.

When cluster 2 was selected as the main cluster, thereby initially hampering its classifi-
cation performance, the cluster-specific approach achieved a higher F1 score for cluster 2
(0.492) compared to random sampling (0.456) after four HiL loops. This was also reflected
in the overall test set evaluation, with F1 scores of 0.921 for cluster-specific HiL and 0.919

for random sampling.

Similarly, when cluster 3 served as the main cluster, the cluster-specific HiL strategy
outperformed random sampling for both the main cluster (F1: 0.852 vs. 0.809) and the
neighboring cluster 2 (F1: 0.485 vs. 0.423).
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Simulated HiL: limited local data

Main cluster: cluster 2

Main cluster: cluster 3

F1 score Cluster- Random Cluster- Random
specific specific

Total - init 0.919 £ 0.003 0.919 +0.003 0.909 £ 0.003 0.909 + 0.003
Total - loop 4 0.921 £ 0.002 0.919 £0.003 0.921 £0.003 0.916 £ 0.003
Background - init 0.945 +£0.001 0.945 £ 0.001 0.942 £ 0.002 0.942 + 0.002
Background - loop 4 0.946 + 0.001  0.945 £ 0.002  0.946 + 0.002  0.946 + 0.001
Cluster 0 - init 0.982 £ 0.006 0.982 +£0.006 0.985 + 0.006 0.985 + 0.006
Cluster 0 - loop 4 0.982 £ 0.006 0.985 £+ 0.006 0.980 +£0.005 0.980 + 0.005
Cluster 1 - init 0.800 = 0.000  0.800 £ 0.000 0.818 £0.040 0.818 £ 0.040
Cluster 1 - loop 4 0.800 = 0.000  0.800 £ 0.000 0.808 +£0.019 0.800 £ 0.000
Cluster 2 - init 0.432 £ 0.087 0.432 £0.087 0.315+0.082 0.315 £ 0.082
Cluster 2 - loop 4 0.492 £ 0.056 0.456 £0.109 0.485+0.079 0.423 + 0.029
Cluster 3 - init 0.854 £ 0.012 0.854 +0.012 0.799 £0.016 0.799 + 0.016
Cluster 3 - loop 4 0.847 £ 0.018 0.847 £0.018 0.852 +£0.017 0.809 £ 0.027
Cluster 4 - init 0.922 £ 0.015 0.922 £0.015 0.895+0.024 0.895 + 0.024
Cluster 4 - loop 4 0.919 £ 0.009 0.919 £0.009 0.919 £0.009 0.919 + 0.009

Table 4.2.: Classification performance comparison: cluster-specific versus random sampling approaches in
simulated HiL experiment 2 with limited local data. The values presented correspond to the
average F1 scores and their standard deviations calculated for all clusters, with the background
cluster included in the analysis. "Total" indicates the F1 score calculated for the entire labeled
test set. Abbreviations: Init: Initialization; HiL: Human-in-the-loop. Table taken from [Hus+25].

Real-world human-in-the-loop experiment: In the real-world HiL experiment, the
initial classifier was trained on the complete labeled training set, with further refinement
achieved through expert labeling of unlabeled training data. The results are depicted
in Fig. 4.14B. For the cluster-specific approach, sampling was restricted to the region of
cluster 2, as it had the lowest F1 score, and only images predicted as non-CTCs within
this cluster were selected for expert review, since most misclassifications in cluster 2 were
false non-CTC predictions. Among these, only samples identified as CTCs by the expert
were added to the training pool. In contrast, for the random approach, the same class
of predictions (non-CTCs) was sampled across the entire data set without restriction to
cluster 2. During a single run of the HiL process using the cluster-specific approach, a

total of 32 new samples were labeled as CTCs across four loops (loop 1: 11; loop 2: 10;
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loop 3: 7; loop 4: 4). As no additional CTCs were identified, the newly labeled samples
remained the same for the remaining repeated runs but were shuffled, ensuring that
each loop contained the same number of new samples as previously. Despite adding
only a small number of new samples to the training set, the proposed HiL strategy led
to an increase in the F1 score for cluster 2 from an initial value of 0.524 to 0.661 after
four HiL loops. In comparison, applying a random sampling strategy resulted in an F1
score of 0.578 after four loops. The more modest increase in F1 observed in this case
can be attributed to the fact that, on average, only about 4 new cluster 2 samples (range:
2-5) were added to the training data set per run. Additionally, many cells were also
sampled from the background cluster. When correcting non-CTCs to CTCs, this may
also influence performance in cluster 2, as many falsely predicted non-CTCs are located
in the vicinity of cluster 2. Further, for both approaches, minor improvements in the F1
score were also observed in neighboring cluster 3. Additionally, with an initial overall F1
score of 0.923 on the fully labeled test set, the cluster-specific method reached a higher
F1 score of 0.930, compared to 0.926 obtained with random sampling.

Comparison of detection and classification performance between proposed

human-in-the-loop model and CellSearch®

To assess CTC detection performance, the results of the final model from the cluster-
specific real-world HiL experiment and the CS system, evaluated on the hold-out test

patients, are shown in Table 4.3.

Across 10 patients, for each detection system, the number of suggested CTC candidates
or CS events, the number of confirmed CTCs, and the positive predictive value, defined as
the fraction of proposed cells or events that are actual CTCs, are reported and compared.
While both systems detected a similar total number of actual CTCs, the proposed pipeline
consistently achieved a higher positive predictive value for all patients, resulting in fewer

false-positive images that required review.

To further evaluate detection performance, an analysis was conducted on the actual
CTCs identified by each system to assess the overlap in CTC detection and to determine
whether unique CTCs were identified by either approach. In the case of several patients,
certain CTCs identified by the CS system were missed by the HiL approach (see Fig. 4.16B;
CTCs found exclusively by CS across patients: range 2-18, average 7), while others were
detected only by the proposed pipeline (see Fig. 4.16A; range 0-26, average 6). Among
the CTCs not identified by the CS system were those with relatively low signal intensity
in the CK channel (see the first and fourth CTCs, Fig. 4.16A) or in the DAPI channel (see
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the third row, Fig. 4.16A), as well as a CTC with a relatively small DAPI signal in the
second row of Fig. 4.16A, where the DAPI signal overlaps with CK.

Final HiL model CS
Patient Suggested  Actual Positive Events Actual Positive
CTC can- CTCs predictive CTCs predictive

didates value value
1 91 77 0.846 239 74 0.310
2 135 104 0.770 531 107 0.202
3 91 76 0.835 219 80 0.365
4 38 24 0.631 101 23 0.228
5 225 124 0.551 1,197 113 0.094
6 71 34 0.479 168 38 0.226
7 50 31 0.620 133 35 0.208
8 23 20 0.870 167 20 0.120
9 23 14 0.609 93 16 0.172
10 148 130 0.878 790 144 0.182

Table 4.3.: Overview of CTC detection results for the proposed HiL system ("Final HiL. model") and the
CS system. "Events" denotes the images shown in the CS gallery. Positive predictive value is
defined as the proportion of cells and events presented to the human observer that are verified
as actual CTCs. Abbreviations: CTC: Circulating tumor cell; CS: CellSearch®. Table taken from
[Hus+25].

4.3.5. Discussion

Recent advances in CTC detection have focused on automating the process using ML
techniques - including supervised, semi-supervised, and, most recently, self-supervised
methods - largely to address the limitations of the FDA-approved CS system. While
full automation remains a central goal, it can be argued that the integration of human
expertise is still essential, particularly when the ML system encounters uncertainty or
when there is a mismatch between the training data and specific patient samples. This
underscores the continued importance of human involvement, such as in a HiL process.

Building on this perspective, a novel HiL strategy was introduced in the present study,
in which DINO feature extraction was first combined with a conventional ML classifier
for CTC classification. Based on the resulting latent space representations, challenging
clusters were then identified, enabling expert labeling efforts to focus specifically on

regions of high uncertainty (e.g., low F1 score), thereby improving classifier performance
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and confidence more rapidly compared to random sampling, while reducing the time
required from experts. The effects of targeted HiL sampling and labeling were most evi-
dent for the cluster with the initially lowest F1 score. Moreover, the overall classification
accuracy achieved by the proposed targeted HiL framework exceeded that reported by
Nanou et al. [Nan+24] for their metastatic breast cancer testing set, with higher precision

(0.938 vs. 0.814) and recall (0.923 vs. 0.793) for CTC detection.

A CTCs found by the model but not by CS B CTCs found by CS but not by the model

DAPI/CK DAPI CK CD45 DAPI/CK DAPI CK CD45

Figure 4.16.: CTC detection comparison between the proposed HiL. model and the CS system. (A) CTCs
identified by the model but missed by CS; (B) CTCs detected by CS but not by the HiL
model. Abbreviations and explanations: CTC: Circulating tumor cell; DAPI: 4°,6-diamidino-2-
phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker; CS: CellSearch®.
Figure taken from [Hus+25].

The advantages of a targeted sampling strategy become even more apparent in clinical-
like scenarios where an expert reviews CTC candidates from multiple patients. In the
galleries generated by the CS system, a large number of events are presented - particularly
in the metastatic setting - because the system is designed to display events with close
DAPI and CK signals rather than specifically proposing CTC candidates, resulting in a
lengthy and labor-intensive review process. This was also demonstrated in Table 4.3:
the CS system required the review of 3,638 events across 10 new patients, whereas the
final HiL. model of the targeted (cluster-specific) approach reduced the number of cells
needing expert review to 985, amounting to a reduction by a factor of approximately
3.7, while still identifying a similar number of actual CTCs as the CS system. Although

the time required by an expert for CTC review can vary depending on factors such as
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experience, the total number of images presented, and interpretation challenges stemming
from signal intensities, background cells, and noise, increasing the image volume further
elevates the possibility of expert fatigue, longer annotation times, and a higher risk of
errors. Ultimately, for metastatic cancer cases, it would be ideal to eliminate the need
for experts to review every image and to reduce evaluation time to a minimum, since
the cut-off value for poor prognosis is already 5 CTCs per 7.5 ml blood sample - and
prognosis declines further as the CTC count increases. To move toward this goal, in
a clinical setting where the HiL approach is applied, users can assess, for each blood
draw, whether the system’s accuracy is likely to be high or poor for specific latent space
clusters. If uncertainty is detected, the system can prioritize less certain CTC candidates
for expert review. Feedback from these expert evaluations is then used to refine the
classifier for those clusters. This targeted approach supports the development of highly
adaptable classifiers and reduces review time when analyzing future samples with similar

characteristics.

Limitations of the study

The current study focused on the feasibility of the proposed targeted HiL strategy and
demonstrated comparable CTC detection performance to the CS system. However, the
underlying reasons why each system identified certain CTCs that the other did not
remain to be investigated. These differences in CTC detection may stem from the distinct
thresholds employed by each method, such as segmentation and confidence thresholds
in the HiL system (StarDist and SVM, respectively) and segmentation thresholds in
the CS system. However, since the CS algorithm is not publicly accessible, its exact
implementation and threshold settings remain unknown. To better understand these
discrepancies, a visual comparison of both detected and missed CTCs on cartridge images
from each system could help identify specific cases in which CTCs are overlooked.

Another relevant aspect, highlighted by Stevens et al. [Ste+22], is that the CS system
often has segmentation difficulties in regions of high cell density and faces additional
challenges when segmenting events located at the edges of its multiple adjacent image
tiles. Therefore, it would be insightful to examine these challenges in both the CS system
and the proposed approach in future studies.

Another important direction for future work includes the following: (1) incorporating
data with lower reported CTC counts, given the current consensus threshold of 5 CTCs
per 7.5 mL blood draw, and extending the analysis to include samples from healthy donors;
(2) including additional tumor entities, such as metastatic prostate or colon cancer, for

which the CS system is also approved; (3) expanding phenotypic characterization of CTCs
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by incorporating additional markers - such as HER2 or estrogen receptor positivity -
using the fourth channel of the CS system, which could further facilitate the distinction

of different molecular subtypes.

4.4. Analyzing CTC detection concordance and sensitivity:
Human-in-the-loop model and CellSearch® in patients

and healthy donors

While the previous results section demonstrated that the final HiL. model achieves CTC
detection performance comparable to the CS system in metastatic patients, this compari-
son was conducted on samples from individuals with CTC counts above the prognostic
cut-off of five. In fact, most of the 30 HiL patients (across training, testing, and hold-out
test sets) exhibited elevated CTC numbers and were experiencing progressive disease.

In this section, the focus is shifted to a metastatic breast cancer cohort in which only a
few patients are found to have progressive disease, while most have a CTC burden below
the cut-off threshold. Some of these patients may be in earlier metastatic stages or display
signs of disease stabilization - possibly responding more effectively to ongoing therapy.
This raises a clinically relevant question: can the detection performance and concordance
demonstrated by the final HiL. model and CS in advanced disease be generalized to this
new cohort?

For such a group, it is essential to determine whether all CTCs detected by CS are also
identified by the final HiL. model at the chosen confidence threshold, particularly since
missing even a small number of CTCs below the cut-off carry greater clinical significance
- unlike in advanced disease, where high CTC counts lessen the impact of a few missed
cells. To comprehensively assess the sensitivity of the model in this context, both patients
and healthy donors are included in the analysis. Accordingly, two main questions and

experiment scenarios are addressed:

(1) How many CTCs are detected when a confidence threshold is applied?

(2) How does the number of detected CTCs change when the number of images for

review is matched to the number of CS events?

For both of these questions, additional sub-questions - previously addressed in the
comparative CTC detection analysis in Section 4.3.4 and of particular importance in this

cohort - are taken into account:

(a) How many cells are detected by both systems and consistently confirmed as CTCs

by the expert?
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(b) How many cells are detected by only one system but not by the other and are
confirmed as CTCs by the expert? What are the morphological characteristics of
these cells? Of the CTCs detected by CS but not by the HiL. model (in both main

questions above), how many were segmented by StarDist?

(c) How many cells are regarded as unsure? How many are detected by both systems?

Which are detected by only one system but not by the other?

In healthy donor samples, it is expected that only non-CTCs will be present. However,
sub-question (c) is of particular interest: if any ambiguous or “unsure” cells are identified,
it becomes relevant to examine whether the characteristics of these cells resemble those

observed in the patient cohort, or if discrepancies between the groups can be identified.

4.4.1. Data set

Cartridge images from 73 patients and 10 healthy donors were included in the analysis.
The clinical classification of patients into categories such as progressive or stable disease
was not part of the analysis and therefore not available during the evaluation. StarDist
segmentation was performed on all cartridge images, resulting in a total of 837,673
three-channel images (patients: 783,883; healthy donors: 53,790).

4.4.2. Methods and experiments

Pipeline: The image representations of the StarDist-segmented cells were extracted
using the trained DINO teacher model, as detailed in Section 4.3.2. Duplicate cells were
then removed, including those occurring at the edges of cartridge frames and thus also
appearing in the adjacent frame. Then, the trained SVM described in Section 4.3.1 was
applied on the PCA reduced features (see Section 4.3.2 for methodological details) to
reduce the number of noisy images. For experiment scenario (1) - identifying CTC
candidates based on a confidence threshold above 0.5 - the final HiL. model described in
Section 4.3.3 was used. For experiment scenario (2), aimed at increasing the number of
cells for review to match the number of n CS events, the same model was applied and
the n images with the highest confidence scores were selected. This approach always
included all CTC candidates from experiment scenario (1), as the number of CS events
exceeded the number of candidates from (1) across all patients and healthy donors. The

model candidates in experiment scenario (2) will hereafter be referred to as model events.

Annotation: For the CS data, annotation was performed on the events directly within

the CS system. All manually selected events were regarded as CTCs, while non-selected
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events were not further differentiated; these could represent non-CTCs, overlooked CTCs,
or ambiguous cells. Similarly, the selected CTCs may have included cells with ambiguous
features, but further subclassification was not possible within the system. However, the
Cell Select tool was available and could be used for reboxing across the different channels
for each cell of interest.

For the proposed model-based approach, model events from experiment scenario (2)
were annotated, as these already included the suggested cells from scenario (1). During
this process, three categories were defined overall: CTC, non-CTC, and unsure cells.
Unsure cells were those that could not be clearly classified as either CTC or non-CTC
based on channel intensity signals or cell size. The likelihood of encountering unsure
cells was higher in the model-based approach than in the CS system approach, in part
because the Cell Select tool was not available for detailed review. Upon closer inspection
of the unsure cells, they were further subdivided into two categories: unsure cells (in
general) and particle-like, unsure cells. The particle-like cells are smaller in size, showing

a strong CK signal but a relatively weak and small DAPI signal.

Correspondence to CS: Following the description in Section 4.1.3 and the comparative
analysis in Section 4.3.3, the cell coordinates of the CS events, including the selected events,
were extracted and converted to match the dimensions of a cartridge frame. Subsequently,
the overlap of bounding boxes between cells identified by the CS system (both selected
and non-selected events) and those from the model-based approach (StarDist, suggested
candidates, and events) was calculated.

To compare which CTCs and unsure cells were detected by both systems or only by
one and not the other, specific criteria were defined and applied in both experiment

scenarios (1) and (2):

« CTCs found by both systems: Cells annotated as CTCs in the model-based gallery
that also corresponded to selected CS events. If a CTC (in the model gallery) was
also present among the non-selected CS events (presumably only missed during
selection), it was included in this category and added to the total count of CS-
identified CTCs. Likewise, if a cell was not annotated in the model gallery (possibly
missed during labeling) but was a selected CS event, it was still regarded as detected

by both systems.

+ CTCs found only by the model: CTCs identified solely by the model-based ap-

proach and absent from all CS events (selected and non-selected).

+ CTCs found only by CS: Selected CS events not detected by StarDist - i.e., lacking

a segmentation mask - were considered CTCs identified only by the CS system.
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+ Unsure cells (in general) detected by both systems: Cells labeled as non-CTCs
in the model-based gallery but were selected in the CS system, as well as any cell
marked with a question mark in the model-based gallery and also appearing among

the CS events, were considered ambiguous or unsure.

« Unsure cells (in general) detected only by the model: Cells marked with a question
mark in the model-based gallery that did not overlap with any CS event were

included here.

« Particle-like, unsure cells detected by both systems: Explicitly annotated particle-
like cells in the model-based gallery, regardless of question mark status, identified

by both systems.

Particle-like, unsure cells detected only by the model: Particle-like cells recognized

exclusively by the model-based approach and not present in any CS event.

It is important to note that both categories of unsure cells (unsure (in general) and
particle-like cells) detected by both systems were not counted as actual CTCs, even if they
were initially selected as CTCs in the CS system. Therefore, the actual number of CTCs
by CS reflects the total number of CTCs attributable to the CS system after accounting

for cross-system matches and excluding ambiguous cases. The calculation is as follows:
Actual CTCscs = (CS-sel CTCs) + (CS non-sel CTCs) — (Unsure cells by both). (4.5)

Here, “CS-sel CTCs” refers to CTCs originally selected and annotated by the expert among
the CS events. “CS non-sel CTCs” are CTCs that were not initially labeled among the CS
events, but were subsequently labeled as CTCs in the model-based gallery. “Unsure cells
by both” denotes cells identified as unsure by both systems, which are therefore excluded
from the number of actual CTCs.

The equation for the actual number of CTCs by the model-based approach is analogous:
it comprises the sum of CTCs found by both systems and CTCs found only by the model,
with all unsure cells - regardless of category - being excluded.

Furthermore, there was no criterion defined for any unsure cell identified exclusively

by the CS approach, as the expert could only annotate CTCs within the CS system.

4.4.3. Results

The following section reports the results of the extended CTC detection performance
analysis comparing the final HiL. model and the CS system in both patients and healthy

donors. For both experiment scenarios, the detection of CTCs and unsure cells by each
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system, as well as their overlap and exclusivity, are systematically evaluated. The results
for scenario (1) are summarized in Tables 4.4 to 4.6, while those for scenario (2) are

presented in Tables 4.7 to 4.9.

For each patient, the tables display the number of CS events and the corresponding
number of actual CTCs. For the model-based approach, they report either the number of
suggested CTC candidates (highlighted in pastel green) for scenario (1), or the number of
model events (highlighted in pastel lilac) for scenario (2), as well as the number of actual
CTCs. For each detected CTC (excluding unsure cells), the tables indicate whether it was
identified by both systems, only by the model, or only by CS (i.e., without a corresponding
StarDist segmentation mask). Finally, the two categories of unsure cells (“unsure cells
(in general)” and “particle-like unsure cells”) are initially grouped into a single category,
indicating whether these were detected by both systems or only by the model. This

combined group will be further subdivided and analyzed in detail in a later section.

Comparison of CS event numbers and suggested CTC candidates: Across all 73 pa-
tients, the number of CTC candidates suggested by the model in scenario (1) was signifi-
cantly lower (range 0-839, average 19) than the number of CS events requiring expert

image review (range 16-1,230, average 168).

Patients without CTC detection: In scenario (1), no clearly identifiable CTCs were
found in either system for 45 patients. In these cases, the average number of suggested
CTC candidates was approximately 5 (range 0-20), while the CS events averaged 131
(range 16-1,230). The highest number of CS events (1,230) was observed for patient 40
(see Table 4.5), for whom the model-based approach suggested only 6 CTC candidates.
Notably, for these 45 patients, there were no unsure cells that were identified by both

systems.

In scenario (2), the number of patients without any detected CTCs decreased slightly
to 44. This discrepancy is due to patient 67 (see Table 4.9), for whom one additional image
within the model events was labeled as a CTC. This cell was not among the suggested
CTC candidates in scenario (1), but rather was part of the non-selected CS events and

was likely overlooked by the expert in the CS system.

97



4. Experiments and results

CS Model CTCs found Unsure cells

Patient Events Actual Suggested Actual Both Only OnlyCS Both Only

CTICs CTCcan- CTCs model model
didates
1 32 0 0 0 0 0 0 0 0
2 76 6 10 5 5 0 1 0 0
3 69 0 9 0 0 0 0 0 0
4 42 0 4 0 0 0 0 0 0
5 69 1 1 1 1 0 0 0 0
6 158 0 1 0 0 0 0 0 0
7 86 0 1 0 0 0 0 0 0
8 122 0 0 0 0 0 0 0 0
9 127 0 3 0 0 0 0 0 0
10 92 1 6 1 1 0 0 0 1
11 171 1 13 0 0 0 0 3 0
12 187 2 9 0 0 0 0 0 0
13 110 0 1 0 0 0 0 0 0
14 704 2 10 0 0 0 0 3 0
15 236 0 14 0 0 0 0 0 0
16 26 0 2 1 0 1 0 0 0
17 95 0 2 0 0 0 0 0 0
18 233 0 8 0 0 0 0 0 0
19 355 1 3 0 0 0 0 0 0
20 140 0 8 0 0 0 0 0 0
21 143 5 21 1 1 0 0 6 0
22 94 3 6 0 0 0 0 0 0
23 118 1 8 2 1 1 0 0 1
24 92 1 17 0 0 0 0 1 0
25 174 4 11 6 4 2 0 0 2
26 163 7 16 7 7 0 0 2 1
27 91 0 1 0 0 0 0 0 0
28 923 654 839 643 545 98 20 32 111
29 75 6 33 11 5 6 1 6 9
30 91 0 20 0 0 0 0 0 0

Table 4.4.: Summary of CTC detection and agreement between CS and the final HiL model in experiment
scenario (1) for patients 1-30. “Events” are gallery images in CS. “Suggested CTC candidates”
by the model are highlighted in pastel green. “Both” indicates detections by both systems;
“Only model” are cells unique to the model; “Only CS” are cells found only by CS (lacking a
StarDist segmentation mask). Abbreviations and explanations: CTC: Circulating tumor cell; CS:
CellSearch®.
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CS Model CTCs found Unsure cells

Patient Events Actual Suggested Actual Both Only OnlyCS Both Only

CTICs CTCcan- CTCs model model
didates
31 171 0 7 0 0 0 0 0 0
32 100 0 1 0 0 0 0 0 0
33 128 0 6 0 0 0 0 0 0
34 82 0 5 0 0 0 0 0 0
35 105 1 4 1 1 0 0 0 0
36 153 1 3 1 1 0 0 1 0
37 371 30 92 15 15 0 1 24 32
38 172 1 1 0 0 0 0 1 0
39 85 0 4 0 0 0 0 0 0
40 1230 0 6 0 0 0 0 0 1
41 452 4 10 4 4 0 0 0 1
42 198 0 13 0 0 0 0 0 1
43 282 2 2 2 2 0 0 0 0
44 114 0 11 0 0 0 0 0 0
45 161 4 7 3 3 0 0 0 0
46 105 0 2 0 0 0 0 0 0
47 111 0 15 0 0 0 0 0 0
48 94 0 7 0 0 0 0 0 0
49 347 1 3 1 1 0 0 0 0
50 169 2 6 0 0 0 0 1 1
51 25 0 17 0 0 0 0 0 0
52 58 1 1 0 0 0 0 0 0
53 91 0 5 0 0 0 0 0 0
54 158 0 3 0 0 0 0 0 0
55 41 0 1 0 0 0 0 0 0
56 99 0 2 0 0 0 0 0 0
57 100 0 3 0 0 0 0 0 0
58 177 0 4 0 0 0 0 0 0
59 66 0 5 0 0 0 0 0 0
60 180 0 9 0 0 0 0 0 0

Table 4.5.: Summary of CTC detection and agreement between CS and the final HiL. model in experiment

scenario (1) for patients 31-60. “Events” are gallery images in CS. “Suggested CTC candidates”
by the model are highlighted in pastel green. “Both” indicates detections by both systems;
“Only model” are cells unique to the model; “Only CS” are cells found only by CS (lacking a
StarDist segmentation mask). Abbreviations and explanations: CTC: Circulating tumor cell; CS:
CellSearch®.
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CS Model CTCs found Unsure cells

Patient Events Actual Suggested Actual Both Only OnlyCS Both Only

CTICs CTCcan- CTCs model model
didates
61 100 0 0 0 0 0 0 0 0
62 57 0 1 0 0 0 0 0 0
63 62 0 2 0 0 0 0 0 0
64 145 2 5 0 0 0 1 1 0
65 494 30 24 10 6 4 0 1 0
66 78 0 1 0 0 0 0 0 0
67 65 0 4 0 0 0 0 0 0
68 69 0 0 0 0 0 0 0 0
69 193 0 14 0 0 0 0 0 2
70 60 0 8 0 0 0 0 0 2
71 16 0 0 0 0 0 0 0 0
72 30 0 0 0 0 0 0 0 0
73 179 0 4 0 0 0 0 0 0

Table 4.6.: Summary of CTC detection and agreement between CS and the final HiL. model in scenario (1)
for patients 61-73. “Events” are gallery images in CS. “Suggested CTC candidates” by the model
are highlighted in pastel green. “Both” indicates detections by both systems; “Only model” are
cells unique to the model; “Only CS” are cells found only by CS (lacking a StarDist segmentation
mask). Abbreviations and explanations: CTC: Circulating tumor cell; CS: CellSearch®.

CTC agreement between systems: For the comparison of CTC agreement, it is infor-
mative to define groups of patients based on the number of detected CTCs. This allows
assessment of whether patients remain within the same group in scenario (1) or are
reclassified in scenario (2).

1 CTC agreement: In scenario (1), complete concordance was observed between the
model-based approach and the CS system for five patients (patients 5, 10, 35, 36, and 49):
in each case, exactly one CTC was identified by both systems and labeled as a CTC by the
expert. For patient 23, one CTC was detected by both systems, although the model-based
approach additionally identified another unique CTC not present among the CS events. In
patient 21, one CTC was found by both systems, but four additional CTCs were detected
by CS alone. In scenario (2), a CTC that had been missed by the model-based approach in
patient 52 was now detected, resulting in agreement on one CTC for this patient as well.
For patient 36, a second CTC was detected by both systems, leading to agreement on two
CTCs. For patient 23, an additional unique CTC was captured solely by the model-based
approach. For patient 21, although the previously missed CTCs were now present among

the model events, these were classified as unsure and consequently excluded from the
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actual number of CTCs in both systems, resulting in complete agreement on one CTC for

this patient.

2 CTCs agreement: Patient 43 was the only patient in scenario (1) for whom complete
agreement of both systems with respect to two CTCs was observed. In scenario (2),

patient 36 was added to this group, as described previously.

Agreement on 2 < CTCs <5: In both scenarios, complete overlap of CTCs was observed
for patient 41, with four CTCs identified by both systems. For patient 25, an agreement on
four CTCs was also seen; however, in both scenarios, two additional CTCs were detected
by the model-based approach compared to CS. Of particular interest is patient 45: in
scenario (1), the same three CTCs were identified by both systems, but one more CTC
was detected by CS. In scenario (2), the previously missed CTC in patient 45 was included
among the model events, but was classified as an unsure cell, and thus was not counted

as an actual CTC in either system.

Agreement > 5 CTCs: Focusing on cases where five or more CTCs were consistently
annotated as such by the expert and detected by both systems, agreement was observed
in both scenarios for six patients (2, 26, 28, 29, 37, and 65). For patient 2, one additional
CTC was detected by CS compared to the model-based approach; this discrepancy was
attributable to the absence of a segmentation mask for the missing CTC, which prevented
its detection by the model-based approach in both scenarios. Patients 29 and 37 represent
additional cases in which one CTC detected by CS did not have a corresponding segmen-
tation mask. In patients 28, 29, 37, and 65, it was observed that, for most cases, a larger
number of CTCs was detected in scenario (2); at the same time, the number of unsure

cells also increased.

Patients with higher CTC detection by the model-based approach: Instances in which
the model-based approach identified more CTCs than the CS system were observed in
patients 16, 23, 25, and 29 across both scenarios. Since some of these patients overlap
with those mentioned in the section on CTC agreement between both systems, a similar

grouping has been applied here and the comparison has been kept short.

Patients with only 1 CTC: For patient 16, the model-based method suggested two
CTC candidates in scenario (1), of which one was confirmed as an actual CTC that was

not detected by CS; this result remained unchanged in scenario (2).

Patients with 2 CTCs: In patient 23, two CTCs were detected by the model-based
approach in scenario (1), with only one overlapping with CS. In scenario (2), an additional

unique CTC not found by CS was identified by the model.
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CS Model CTCs found Unsure cells

Patient Events Actual Events Actual Both Only OnlyCS Both Only

CTCs CTCs model model
1 32 0 32 0 0 0 0 0 1
2 76 6 76 5 5 0 1 0 3
3 69 0 69 0 0 0 0 0 2
4 42 0 42 0 0 0 0 0 0
5 69 1 69 1 1 0 0 0 0
6 158 0 158 0 0 0 0 0 0
7 86 0 86 0 0 0 0 0 0
8 122 0 122 0 0 0 0 1 0
9 127 0 127 0 0 0 0 0 0
10 92 1 92 1 1 0 0 0 1
11 171 0 171 0 0 0 0 4 0
12 187 1 187 0 0 0 0 1 1
13 110 0 110 0 0 0 0 0 0
14 704 0 704 0 0 0 0 5 5
15 236 0 236 0 0 0 0 0 0
16 26 0 26 1 0 1 0 0 0
17 95 0 95 0 0 0 0 0 0
18 233 0 233 0 0 0 0 0 0
19 355 1 355 0 0 0 0 0 1
20 140 0 140 0 0 0 0 0 1
21 143 1 143 1 1 0 0 10 0
22 94 1 94 0 0 0 0 2 0
23 118 1 118 3 1 2 0 0 1
24 92 1 92 0 0 0 0 1 1
25 174 4 174 6 4 2 0 0 2
26 163 7 163 7 7 0 0 2 3
27 91 0 91 0 0 0 0 0 0
28 923 649 923 659 557 102 20 40 154
29 75 6 75 14 5 9 1 6 17
30 91 0 91 0 0 0 0 0 0

Table 4.7.: Comparison of CTC detection and concordance between CS and the HiL. model for patients 1-30
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CTCs or unsure cells identified by both systems; “Only model” refers to detections unique to
the model (not present among CS events); “Only CS” refers to cells detected exclusively by CS
(without available StarDist segmentation). Abbreviations and explanations: CTC: Circulating
tumor cell; CS: CellSearch®.
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CS Model CTCs found Unsure cells

Patient Events Actual Events Actual Both Only OnlyCS Both Only

CTCs CTCs model model
31 171 0 171 0 0 0 0 0 0
32 100 0 100 0 0 0 0 0 0
33 128 0 128 0 0 0 0 0 0
34 82 0 82 0 0 0 0 0 0
35 105 1 105 1 1 0 0 0 0
36 153 2 153 2 2 0 0 1 0
37 371 21 371 15 15 0 1 33 114
38 172 1 172 0 0 0 0 1 1
39 85 0 85 0 0 0 0 0 0
40 1230 0 1230 0 0 0 0 0 2
41 452 4 452 4 4 0 0 0 2
42 198 0 198 0 0 0 0 0 1
43 282 2 282 2 2 0 0 0 0
44 114 0 114 0 0 0 0 0 0
45 161 3 161 3 3 0 0 1 1
46 105 0 105 0 0 0 0 0 0
47 111 0 111 0 0 0 0 0 0
48 94 0 94 0 0 0 0 0 0
49 347 1 347 1 1 0 0 0 0
50 169 1 169 0 0 0 0 2 2
51 25 0 25 0 0 0 0 0 0
52 58 1 58 1 1 0 0 0 0
53 91 0 91 0 0 0 0 0 0
54 158 0 158 0 0 0 0 0 0
55 41 0 41 0 0 0 0 0 0
56 99 0 99 0 0 0 0 0 0
57 100 0 100 0 0 0 0 0 0
58 177 0 177 0 0 0 0 0 2
59 66 0 66 0 0 0 0 0 0
60 180 0 180 0 0 0 0 0 0

Table 4.8.: Comparison of CTC detection and concordance between CS and the HiL model for patients 31-60
in scenario (2). The column “Events” of the model is highlighted in pastel lilac. “Both” indicates
CTCs or unsure cells identified by both systems; “Only model” refers to detections unique to
the model (not present among CS events); “Only CS” refers to cells detected exclusively by CS
(without available StarDist segmentation). Abbreviations and explanations: CTC: Circulating
tumor cell; CS: CellSearch®.
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CS Model CTCs found Unsure cells

Patient Events Actual Events Actual Both Only OnlyCS Both Only

CTCs CTCs model model
61 100 0 100 0 0 0 0 0 1
62 57 0 57 0 0 0 0 0 0
63 62 0 62 0 0 0 0 0 0
64 145 1 145 0 0 0 1 2 1
65 494 20 494 19 13 6 0 14 46
66 78 0 78 0 0 0 0 0 1
67 65 1 65 1 1 0 0 0 0
68 69 0 69 0 0 0 0 0 0
69 193 0 193 0 0 0 0 0 2
70 60 0 60 0 0 0 0 0 2
71 16 0 16 0 0 0 0 0 0
72 30 0 30 0 0 0 0 0 0
73 179 0 179 0 0 0 0 0 0

Table 4.9.: Comparison of CTC detection and concordance between CS and the HiL. model for patients 61-73
in scenario (2). The column “Events” of the model is highlighted in pastel lilac. “Both” indicates
CTCs or unsure cells identified by both systems; “Only model” refers to detections unique to
the model (not present among CS events); “Only CS” refers to cells detected exclusively by CS
(without available StarDist segmentation). Abbreviations and explanations: CTC: Circulating
tumor cell; CS: CellSearch®.

Patients with > 5 CTCs: In scenario (1), two patients (25 and 29) were found to have
more than five CTCs identified by the model-based approach, while for patient 25, fewer
than five CTCs were detected by CS. For patient 29, the number of additional CTCs
uniquely identified by the model increased by three. In scneario (2), an additional patient
(patient 28) had more actual CTCs detected by the model-based approach than by CS. This
result is primarily attributable to an increased number of unsure cells detected by both
systems. Notably, patient 28 exhibited the highest number of additional CTCs identified by
the model-based approach that were not found by CS. Representative examples are shown
in the first three rows of Fig. 4.17. These CTCs display a strong CK signal, which leads
to a shine-through effect in the CD45 channel, while the DAPI signal is comparatively
weaker. Such features were commonly observed in other patients where additional CTCs

were detected by the model-based approach but not by CS.
Patients with higher CTC detection by CS: In scenario (1), CS detected a greater

number of CTCs than the model-based approach in 16 patients, with differences ranging

from 1 to 15 additional CTCs. In scenario (2), this number decreased to 10 patients.
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Figure 4.17.: CTCs uniquely detected in one system but not by the other. Three example CTCs are shown
that were uniquely found by the model-based approach, and two CTCs are depicted that were
only detected by the CS system. For one of the CTCs detected only by CS, jagged segmentation
masks were generated by StarDist. Abbreviations and explanations: CTC: Circulating tumor
cell; DAPI: 4°,6-diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion
marker; CS: CellSearch®.

This reduction is partly attributable to the identification of additional CTCs, and partly to
an increased number of unsure cells detected by both systems. Among these 10 patients,
there were still 7 cases (patients 12, 19, 22, 24, 38, 50, and 64) where the model-based
approach failed to detect any actual CTCs, while CS identified at least one. Additionally,
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there were instances where one or more StarDist segmentation masks for CTCs were
missing.

Rarely did CS-unique CTCs display features similar to those seen in the first three
cells shown in Fig. 4.17. One such example is the fourth CTC - corresponding to the
missed CTC in patient 2 - in Fig. 4.17, where, despite StarDist segmentation, the resulting
jagged masks led to offset bounding boxes and consequently prevented the cell from
being captured by the model-based approach. In most cases, however, CTCs lacking a
StarDist segmentation mask exhibited moderate to very weak CK signal intensities, as
shown by the last CTC in Fig. 4.17.

Unsure cells: In scenario (1), an average of 6 unsure cells (range 1-32) detected by both
systems were found in 13 patients. In a different set of 13 patients (not fully overlapping
with the previous group), the model-based approach identified an average of 13 additional,
uniquely detected unsure cells (range: 1-111).

As more images were required to be reviewed, the number of unsure cells increased
in scenario (2): 17 patients had an average of 7 unsure cells (range 1-40) detected by
both systems, while in 28 patients, the model-based approach identified an average of 13
additional unsure cells (range 1-154). This increase in unsure cells was also reflected in
the actual CTC counts for both systems, as these cells were excluded from the reported
totals. These findings motivated a more detailed analysis of unsure cells in scenario (2).
Additionally, the two categories of unsure cells had previously been grouped together; in
Table 4.10, they are distinguished as "Unsure cells (in general)" and "Particle-like, unsure
cells”

For the first category, across all patients, 16 patients had unsure cells that were detected
by both systems (range 1-10, average 3), while unsure cells uniquely found by the model-
based approach appeared in 21 patients (range 1-5, average 1). Example cells of this
category are shown in Fig. 4.18. The first two cells (detected by both systems) exhibit
overlapping DAPI and CK signals, but have a very weak CD45 signal, which complicates
interpretation. Additionally, the CK signal in these cells is not as strong as in the first
four cells shown in Fig. 4.17, making it unlikely that the effect observed in CD45 is due
to shine-through.

The last two cells in Fig. 4.18 represent unsure cells detected only by the model-based
approach. The third cell demonstrates a clear DAPI signal and a CK signal that encircles
the DAPI region without complete overlap. Since there is no CD45 signal, this cell could
potentially be a CTC, but due to the uncertainty, it was classified as unsure. The last

cell shows a CK signal that overlaps with DAPI but is quite weak, making interpretation

difficult.
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Unsure cells Particle-like, Unsure cells Particle-like,

(in general) unsure cells (in general) unsure cells
Patient Both Only Both Only Patient Both Only Both Only

model model model model

1 0 1 0 0 38 1 0 0 1
2 0 0 0 3 39 0 0 0 0
3 0 2 0 0 40 0 1 0 1
4 0 0 0 0 41 0 0 0 2
5 0 0 0 0 42 0 1 0 0
6 0 0 0 0 43 0 0 0 0
7 0 0 0 0 44 0 0 0 0
8 1 0 0 0 45 1 1 0 0
9 0 0 0 0 46 0 0 0 0
10 0 1 0 0 47 0 0 0 0
11 4 0 0 0 48 0 0 0 0
12 1 1 0 0 49 0 0 0 0
13 0 0 0 0 50 2 2 0 0
14 5 5 0 0 51 0 0 0 0
15 0 0 0 0 52 0 0 0 0
16 0 0 0 0 53 0 0 0 0
17 0 0 0 0 54 0 0 0 0
18 0 0 0 0 55 0 0 0 0
19 0 1 0 0 56 0 0 0 0
20 0 1 0 0 57 0 0 0 0
21 10 0 0 0 58 0 1 0 1
22 2 0 0 0 59 0 0 0 0
23 0 0 0 1 60 0 0 0 0
24 1 0 0 1 61 0 1 0 0
25 0 2 0 0 62 0 0 0 0
26 0 1 2 2 63 0 0 0 0
27 0 0 0 0 64 2 1 0 0
28 10 1 30 153 65 2 0 12 46
29 3 0 3 17 66 0 1 0 0
30 0 0 0 0 67 0 0 0 0
31 0 0 0 0 68 0 0 0 0
32 0 0 0 0 69 0 2 0 0
33 0 0 0 0 70 0 2 0 0
34 0 0 0 0 71 0 0 0 0
35 0 0 0 0 72 0 0 0 0
36 1 0 0 0 73 0 0 0 0
37 1 1 32 113

Table 4.10.: Unsure cells and particle-like cells detected in both systems (“Both”) or only by the model

(“Only model”) for all patients (1-73).
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Patients Unsure cells

Found: DAPI/CK DAPI CK CD45

In both systems

In both systems

Only by model

Only by model

Figure 4.18.: Unsure cells (in general) in patient samples. The first two cells are unsure cells detected by
both systems, while the last two were identified only by the model-based approach and missed
by CS. Abbreviations and explanations: CTC: Circulating tumor cell; DAPI: 4°,6-diamidino-2-
phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker; CS: CellSearch®.

In contrast to the generally unsure cells, particle-like unsure cells were detected much
less frequently (in 5 patients by both systems and in 12 patients by the model only).
However, when present within a patient, particle-like, unsure cells tended to occur more
frequently: if detected by both systems, the range was 2-32 (average 16), and if detected
only by the model, the range was 1-153 (average 28). Exemplary cells can be seen in
Fig. 4.19.

Among both the cells detected by both systems (first two cells) and those identified
only by the model-based approach (last two cells), the majority were small cells exhibiting
a strong CK signal and a weak, even smaller DAPI signal. Notably, the last cell displayed
an almost undetectable nucleus but a very strong CK signal.

Such particle-like, unsure cells were found only in patient samples and not in healthy
donors. Although healthy donors did not display any clear CTCs - neither in CS nor

in the model-based approach - some cells were marked as generally, unsure cells. In
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experiment scenario (1), in three individuals, unsure cells detected by both systems were
found (range 1-2); no unsure cells were uniquely detected by the model-based approach.

In scenario (2), the number of unsure cells increased slightly.

Patients Unsure, particle-like cells

Found: DAPI/CK DAPI CK CD45

In both systems

In both systems

Only by model

Only by model

Figure 4.19.: Particle-like unsure cells in patient samples. The first two cells are unsure cells detected by
both systems, while the last two were identified only by the model-based approach but missed
by CS. Abbreviations and explanations: CTC: Circulating tumor cell; DAPI: 4°,6-diamidino-2-
phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker; CS: CellSearch®.

Across four donors, 1-2 unsure cells detected by both systems were reported. An
example is shown in the first row of Fig. 4.20, displaying overlapping DAPI and CK
signals but lacking a CD45 signal.

Additionally, in two individuals, 1-2 unsure cells per donor were found uniquely by
the model-based approach. These cells are represented by cells 2-4 in Fig. 4.20; all exhibit
overlapping DAPI and CK signals and are CD45 negative, with cells 3 and 4 displaying a
relatively weak CK signal.
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Healthy individuals Unsure cells

Found: DAPI/CK DAPI CK CDh45

In both systems -'5.‘- B %
i i iy

Figure 4.20.: Unsure cells (in general) in healthy individuals. The first cell is an unsure cell detected by
both systems, while the remaining cells were identified only by the model-based approach
and missed by CS. Abbreviations and explanations: CTC: Circulating tumor cell; DAPI: 4’,6-
diamidino-2-phenylindole, dihydrochloride; CK: Cytokeratin; CD45: Exclusion marker; CS:
CellSearch®.

4.4.4. Discussion

This study evaluated whether the final HiL model - previously trained on metastatic
patient data with high CTC counts - maintains performance comparable to CS in a more
challenging clinical setting, where most patients exhibit CTC levels below the prognostic
threshold. The analysis also extended to healthy donors, assessing model sensitivity in a

setting not addressed in earlier work.

In scenario (1), the use of a fixed confidence threshold led the model to suggest substan-
tially fewer cells for expert review than CS - confirming the reduced workload observed
in the high-CTC cohort - but, consistent with previous findings, some CTCs detected by
CS were missed by the model.
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Therefore, a second scenario was defined in which the number of reviewed model
events was increased to match the number of CS events per patient, enabling the potential
recovery of previously missed CTCs and the discovery of additional ones. Scenario (2)
yielded a moderate increase in detected CTCs (range 1-16, average 5) in seven patients,
and in about five cases, the model identified more CTCs than CS. In one of these five
patients, a CTC was found by the model while CS did not detect any. However, for ten
patients where CS found at least one CTC and the model none in scenario (1), scenario (2)
also failed to recover these cells - mainly due to the pre-processing pipeline (removal of
noisy and duplicate images) rather than segmentation errors. This may be attributable to
the removal of noisy images in which a CTC might have been mistakenly filtered out, or

during the step where duplicates were removed because of overlapping bounding boxes.

Moreover, while no additional CTCs were identified for these ten patients in scenario
(2), an increase in unsure cells - both those detected by both systems and those unique to
the model - was observed. Some of these ambiguous cases, such as cells characterized
by strong CK signal, CD45 shine-through, and variable DAPI expression, had also been
noted in the previous HiL cohort, where they were often classified as CTCs due to a
greater emphasis on sensitivity and the maximization of CTC detection. In the present
study, however, the labeling strategy was adjusted to explicitly account for uncertain

cells.

As uncertainty was frequently encountered by the expert during image review, it cannot
be expected that the model will achieve confident classifications in these instances. This
highlights the necessity for uncertainty to be explicitly incorporated into both labeling
and model training. While the introduction of a dedicated unsure class - distinct from
clear CTCs and non-CTCs - could be considered, this approach is not straightforward.
The findings of this study demonstrated that the "unsure" category itself is heterogeneous,
encompassing at least two subtypes: generally unsure, morphologically heterogeneous
cells (for example, those with weak CD45 signal at areas of DAPI and CK overlap; various
CK signal patterns; apoptotic or deformed cells), and particle-like cells (DAPI-negative or
weak DAPI-positive, CK-positive, CD45-negative). Notably, cells of the latter category
were not detected in any of the healthy donors; however, their definition was motivated
by reports on tdEVs (DAPI-/CK+/CD45-) in certain cancer patients [Cie+25], which are
known to be co-enriched during EpCAM-based CS enrichment. Notably, in the peripheral
circulation of patients with metastatic colorectal cancer, CS-tdEVs have been found to be
more abundant than CTCs, with their levels serving as an independent risk factor for
shorter overall survival [Cie+25; Nan+20b; Nan+20a]. A similar trend was observed in
several patients within the current cohort of metastatic breast cancer patients, where

sometimes more particle-like unsure cells were identified than actual CTCs. However,
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this finding should be interpreted with caution, as uncertainties in labeling remained
for this category. Despite efforts to standardize annotation of unsure cells, complete

consistency in the assignment of unsure labels was challenging.

Limitations of the study

A primary limitation of this study concerns the loss of CTCs during the pre-processing
pipeline. While there were occasional cases where segmentation masks were not available,
in most instances segmentation masks did exist for the missing CTCs (that were detected
by CS). As these cells were not reviewed, it remains unclear whether these missing
cells were located in regions of densely packed cells or at the edges of cartridge frames.
Therefore, a systematic investigation is needed to clarify the precise reasons for their
exclusion. Furthermore, it must be determined whether these lost cells represent clearly
identifiable CTCs. Should this be the case, optimization of the pre-processing steps - such
as noise and duplicate removal - will be essential to minimize the loss of relevant cells.

Another challenge relates to the assignment of cells located at frame boundaries.
In some cases, a cell at the edge of a cartridge frame in CS was not registered to the
same frame in the model-based approach, but instead to an adjacent frame. Since cell
comparisons were made within the same cartridge frame, this may have led to instances
where a CTC appeared to be “missing” or “additional,” when in fact it was simply assigned
to a different frame in the two systems. This issue is particularly critical in samples with
low CTC counts, where each individual cell carries greater significance. Therefore, more
refined matching procedures - such as cross-frame analysis - need to be considered to
ensure accurate correspondence of boundary cells between methods.

Finally, expert image review of cell morphology was limited by the CS scan’s magnifica-
tion, restricting detailed evaluation. Definitive identification of CTCs requires molecular
analysis to confirm genetic aberrations. If molecular information and corresponding
fluorescent images are available for unsure cells, it would be possible to investigate

whether specific image features are associated with CTC identity.
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CHAPTER 5

CONCLUSION AND OUTLOOK

The aim of this thesis was to develop, apply, and further evaluate image analysis, ML,
and DL strategies for the automated and robust detection and classification of CTCs in
fluorescence microscopy images obtained from liquid biopsy samples. CTCs, a clinically
important yet rare biomarker in the blood of cancer patients, were analyzed in a metastatic
breast cancer cohort. Since all image data were acquired with the CS system - the current
gold standard for CTC detection, including metastatic breast cancer - a key focus of
this work was the direct comparison of Al-based detection performance against CS. The
analysis was based on three fluorescence channels: DAPI (nuclear marker), CK (tumor
marker), and CD45 (exclusion marker).

For robust CTC detection, which is the basis for all further classification and analysis
steps, the DL-based segmentation algorithm StarDist was thoroughly evaluated. StarDist
offered particular advantages over other methods due to its star-convex polygon shape
representation, which is well suited to the circular signal morphology in these microscopy
images, and its ability, in most cases, to accurately segment individual cells even in densely
packed or overlapping regions.

For automated CTC versus non-CTC differentiation of StarDist-segmented cells, this
work demonstrated that SSL - where model training is based solely on unlabeled data - is
also applicable to the LB field and that, when combined with a simple ML classifier for
downstream tasks, enabled accurate CTC classification and outperformed supervised DL
approaches, especially when labeled data were limited. Additionally, the SSL approach
also allowed for the exploration of cell class clusters in the latent space.

Although full automatization is desirable, classifier uncertainties for certain cases
may persist and had previously remained unaddressed. Therefore, in an extended study
using a larger metastatic patient cohort, areas of model uncertainty became a focal
point and were identified through cluster-based latent space analysis. To efficiently
reduce these uncertainties, a targeted human-in-the-loop (HiL) method was introduced:
additional training samples were automatically selected from uncertain regions and
presented to experts for labeling, allowing this expert input to iteratively improve classifier
performance.

When the model trained with the HiL. method and a confidence threshold was tested

on metastatic breast cancer patients with both high CTC counts (progressive disease,
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all above the 5 CTC cut-off) and lower CTC burden (e.g., stable disease, responding
to therapy), it suggested significantly fewer candidates than CS while showing higher
positive predicitve values. However, in both cases, some cells were missed by either
system. Increasing the number of reviewed model candidates to match CS led to a
rise in detected CTCs for some patients, but also resulted in a notable increase in the
number of unsure cells during expert image review in several patients. Even in healthy
donors, a small number of uncertain cells were identified. Thus, in addition to model
uncertainties that can be addressed with expert guidance in the HiL approach, expert
uncertainties itself also remain. These, and potentially new forms of uncertainty, are
likely to arise especially when extending the approach to additional patient cohorts or
other tumor types. Future work should therefore focus on developing reliable strategies
to communicate such labeling uncertainty to the model during training.

In summary, this thesis successfully developed, implemented, and evaluated Al-based
methods for automated CTC detection and classification in liquid biopsy data. Strategies
to address model uncertainties were presented, and additional categories of unsure cells

among CTCs and non-CTCs were systematically investigated.
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