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Abstract

The ultimate objective of any new interventional or surgical techniques is to achieve a
balance of minimal invasiveness, optimal efficacy, and rapid treatment duration, all while
minimizing the risk of complications. A pivotal component in the management of any
disease is the distinction between the impacted target structures and the neighboring
healthy tissue throughout all medical interventions, encompassing surgical procedures.
Such differentiation is paramount in reducing harm to healthy tissue and augmenting the
efficacy of the treatment. Within the current therapeutic procedures, innovations in the
field of preoperative and postoperative diagnostics contribute to the improved
differentiation of benign and malignant tissue structures. On the one hand, sophisticated
imaging techniques support an improved surgical decision-making, while on the other
hand, histopathological examination methods enable a precise classification of the tissue
after surgery. In contrast, intraoperative tissue differentiation has been based on the
time-consuming gold standard of frozen section diagnostics for many years. However, by
incorporating the supplementary data provided by advanced imaging sensors during
surgery, and integrating it with cutting-edge machine learning methodologies, it is
feasible to augment the quality of information utilized for tissue differentiation, thereby
increasing the precision of the overall process.

Another important task of modern medicine is the patient-specific treatment of cancer, as
it has been found that different patients do not respond in the same way to drug
treatment due to developed resistance mechanisms.

This thesis aimed to establish Raman microspectroscopy (RMS) as marker-independent,
and non-destructive technique to monitor fibrotic and epigenetic modifications in malign
and benign human tissue. Additionally, the potential of RMS and fluorescence lifetime
imaging microscopy (FLIM) was evaluated to non-invasively monitor the drug efficacy on
patient-derived organoids from cancer patients. Towards this aim, collagen type | (COL I)
structures of formalin-fixed paraffin-embedded (FFPE) tissue sections of various fibrotic
diseases were compared to respective control tissue sections. Incorporating Raman
measurements into the experimental protocol, we conducted routine histological and
immunofluorescence (IF) staining techniques to showcase the superior efficacy of RMS
when paired with spectral deconvolution. This technique offers a time- and cost-efficient
alternative to conventional procedures.

For the differentiation of pathological tissue, the identification of epigenetic modes of

action is a promising and potentially successful approach. In alignment with IF imaging of

\Y,



the most abundant epigenetic modification of 5-methylcytosine (5mC), Raman spectra of
cell nuclei were evaluated using multivariate data analysis. Compared to invasive
staining methods, non-invasive RMS showed promising results for the differentiation of
pathological tissue changes in cardiac fibrosis and endometriosis. In addition, RMS and
FLIM have been used on several bladder and colon cancer organoids to evaluate their
potential to monitor patient-specific responses to drug treatment. The results showed
both that organoids are generally suitable as a screening platform for drug treatments
and that Raman and FLIM have the potential to assess drug sensitivity.

This work highlights the potential of RMS for future applications in ex vivo tissue
discrimination of fibrotic diseases and identification of epigenetic changes. In addition,
this work demonstrates the proof of principle that RMS and FLIM are suitable for

monitoring patient-specific responses to medications on organoid models.

Vi









Zusammenfassung
Das ultimative Ziel jeder neuen interventionellen oder chirurgischen Technik ist,

ein Gleichgewicht zwischen minimaler Invasivitat, optimaler Wirksamkeit und schneller
Behandlungsdauer zu erreichen, wahrend das Risiko von Komplikationen minimiert wird.
Ein entscheidender Bestandteil bei der Behandlung jeder Krankheit ist die
Unterscheidung zwischen den betroffenen Zielstrukturen und dem umliegenden
gesunden Gewebe bei allen medizinischen Eingriffen, einschlie3lich chirurgischer
Verfahren. Eine solche Unterscheidung ist von entscheidender Bedeutung, um Schaden
am gesunden Gewebe zu minimieren und die Wirksamkeit der Behandlung zu
maximieren. Innerhalb der aktuellen therapeutischen Verfahren tragen Innovationen im
Bereich der préoperativen und postoperativen Diagnostik zur verbesserten
Unterscheidung von benignen und malignen Gewebestrukturen bei. Einerseits
unterstitzen ausgefeilte Bildgebungstechniken eine verbesserte chirurgische
Entscheidungsfindung, andererseits ermdglichen histopathologische
Untersuchungsmethoden eine prazise Klassifizierung des Gewebes nach der Operation.
Im Gegensatz dazu basiert die intraoperative Gewebeunterscheidung seit vielen Jahren
auf dem zeitaufwandigen Goldstandard der gefrorenen Schnittdiagnostik. Durch die
Einbeziehung der erganzenden Daten, die wahrend der Operation von fortschrittlichen
Bildgebungssensoren geliefert werden, und durch die Integration mit modernen Machine-
Learning-Methoden ist es jedoch mdglich, die Qualitat der fir die Gewebeunterscheidung
verwendeten Informationen zu verbessern und damit die Prazision des gesamten
Prozesses zu erhéhen.

Eine weitere wichtige Aufgabe der modernen Medizin ist die patientenspezifische
Behandlung von Krebs, da festgestellt wurde, dass verschiedene Patienten aufgrund
entwickelter Resistenzmechanismen nicht in gleicher Weise auf die medikamentdse
Behandlung ansprechen.

Diese Arbeit zielt darauf ab, die Raman-Mikrospektroskopie (RMS) als marker-
unabhangige und zerstérungsfreie Technik zur Uberwachung von fibrésen und
epigenetischen Veranderungen in malignen und benignen menschlichen Geweben zu
etablieren. Zusatzlich wurde das Potenzial von RMS und der
Fluoreszenzlebensdauermikroskopie (FLIM) evaluiert, um die Wirksamkeit von
Medikamenten an patientenabgeleiteten Organoiden von Krebspatienten nicht-invasiv zu
Uberwachen. Zu diesem Zweck wurden Kollagen Typ | (COL I)-Strukturen von formalin-

fixierten Paraffin-eingebetteten (FFPE) Gewebeschnitten verschiedener fibrotischer
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Erkrankungen mit entsprechenden Kontrollgewebeschnitten verglichen. Durch die
Integration von Raman-Messungen in das experimentelle Protokoll wurden Routine-
Histologie- und Immunfluoreszenz (IF)-Farbemethoden durchgefiihrt, um die Uberlegene
Wirksamkeit von RMS in Kombination mit spektraler Dekonvolution zu demonstrieren.
Diese Technik bietet eine zeit- und kosteneffiziente Alternative zu konventionellen
Verfahren.

Fur die Differenzierung von pathologischem Gewebe ist die Identifizierung epigenetischer
Wirkmechanismen ein vielversprechender und potenziell erfolgreicher Ansatz. In
Anlehnung an die IF-Bildgebung der am hé&ufigsten vorkommenden epigenetischen
Modifikation 5-Methylcytosin (5mC) wurden Raman-Spektren von Zellkernen mittels
multivariater Datenanalyse ausgewertet. Im Vergleich zu invasiven Farbemethoden
zeigte die nicht-invasive RMS vielversprechende Ergebnisse fir die Differenzierung von
pathologischen Gewebeveranderungen bei Herzfibrose und Endometriose. Dartber
hinaus wurden RMS und FLIM bei verschiedenen Organoiden von Blasen- und
Darmkrebs eingesetzt, um deren Potenzial zur Uberwachung der patientenspezifischen
Reaktionen auf eine medikamentdse Behandlung zu bewerten. Die Ergebnisse zeigten
sowohl, dass Organoide generell als Screening-Plattform fir medikamentose
Behandlungen geeignet sind, als auch, dass Raman und FLIM das Potenzial haben, die
Empfindlichkeit gegentiber Medikamenten zu bewerten.

Diese Arbeit unterstreicht das Potenzial von RMS fir kiinftige Anwendungen bei der Ex-
vivo-Gewebediskriminierung von fibrotischen Erkrankungen und der Identifizierung
epigenetischer Veranderungen. Darlber hinaus beweist diese Arbeit, dass RMS und
FLIM fur die Uberwachung patientenspezifischer Reaktionen auf Medikamente an

organoiden Modellen geeignet sind.
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Introduction






1 Introduction

1 Introduction

1.1 Tissue Characterization
Tissue characterization is a field of study that encompasses the thorough

examination and interpretation of the physical and chemical attributes of biological
tissues. The characterization of tissues is essential in understanding their structure and
function, as well as their response to various stimuli, such as disease or injury. Tissue
characterization techniques can be used in a variety of applications, including medical
diagnosis, drug discovery, and tissue engineering. In recent years, there has been a
growing interest in developing non-invasive and quantitative techniques for tissue
characterization, which has led to the development of advanced imaging modalities and
spectroscopic methods. These methods have been shown to complement the gold
standard histological techniques, which traditionally rely on invasive tissue biopsies and

staining methods [1-6].

1.1.1 Histological Diagnostic

Histology is essential to many areas of medicine, applied sciences, and allied
health professions as it relates microscopic structures of tissues and cells to their
function [7]. In gold standard and daily-clinic procedures, human tissue samples procured
from biopsies undergo formalin fixation and paraffin embedding (FFPE) prior to being
sectioned. This intricate process is intended to optimize tissue preservation. Afterward,
histological staining is performed, and the samples are scrutinized by proficient
pathologists to discern any underlying illnesses or conditions. [8-11]. In addition to
conventional and rapid hematoxylin-eosin (H&E) stains providing tissue overviews,
immunohistochemical (IHC) and immunofluorescence (IF) stains are utilized to visualize
essential cell proteins using monoclonal antibodies and fluorescence microscopy [12,13].
The image information is supplemented by cytogenetic and molecular biological methods
(i.e., polymerase chain reaction (PCR), gene sequencing) enabling the detection of
pathological changes in the genome and allowing or promising further extraordinary
expansion of the diagnostic possibilities of pathology [14-16].

Although these techniques are efficacious, they possess certain limitations, such
as elaborate staining procedures that consume time and chemical changes that occur
due to the fixation process. As a result, the frozen section procedure was developed as
an alternative. Rather than utilizing FFPE fixation, the tissue is treated with a

cryoprotectant, such as dimethyl sulfoxide (DMSQO), propylene glycol, or ethane diol, to

1



1 Introduction

curb the detrimental impact of osmosis and diffusion on cells throughout the freezing
process [17-20]. Additionally, the cryoprotectant stabilizes the tissue by removing
interstitial water. With this method, the required time to generate H&E stainable tissue
slides can be reduced from 16 hours to about 10 minutes, allowing rapid evaluation of the
dignity of a lesion and the completeness of the resection during ongoing clinical surgery
[21-23]. However, the limitations of cryopreservation are the possible formation of ice,

entailing a higher risk of tissue destruction, and the shorter storage time of the tissue [24].

1.1.2 Patient-Derived in vitro Tissue Models

The in vivo and ex vivo evaluations of tissues or bodily fluids hold significant
importance in refining diagnostic techniques and discovering novel disease biomarkers
capable of detecting conditions such as malignant lesions at an initial phase or benign
and malignant cellular modifications. Moreover, improved knowledge of cell metabolism,
cell microenvironment, and cell-immune system interactions are of great importance to
expedite the efficacy of disease therapy, especially from the perspective of patient
individualization. In conjunction with in vivo models, comprehensive in vitro models can
offer valuable insights into the mechanisms of diseased cells. These models are more
cost-effective, easily accessible through molecular imaging techniques, and continuously
evolving to replicate human physiology more effectively [25-29]. Hence, they are a good
alternative for animal experiments. Since the turn of the 20th century, two-dimensional
(2D) cell culture has been the prevailing methodology for culturing cells and a well-
established approach for conducting in vitro research. This method has been
instrumental in the identification of cellular signaling pathways, the investigation of
disease progression, and the advancement of novel therapeutics [30-32]. Nevertheless,
cells cultivated in monolayer cultures gradually lose their tumor or cell-specific
heterogeneity and are unable to accurately reflect in vivo cell behavior due to the
absence of extracellular matrix (ECM) and natural three-dimensional (3D) architecture.
As a result, the communication between cell-cell and cell-matrix, the nutrient status, and
the physiological or biochemical properties are not accurately portrayed [33-36]. TO
overcome these limitations, initial attempts to create more complex 3D tissue models
were started in the early 1960s. Initial investigations have indicated that fetal organs
extracted from the body and disintegrated into individual cells possess a remarkable
capability to reassemble and recover the form, tissue structure, and functionality of the

parental organ [37-39].
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As the potential of stem cells from various organs and tissues to regenerate 3D in
vitro models became more apparent, the field of organoids - microscopic, self-assembled
3D reproductions of the parent organs - experienced rapid growth [40-42]. Nowadays, 3D
organoids are produced from patient-derived stem or progenitor cells derived from small
pieces of surgical patient tissue embedded in an extracellular environment or collagen
scaffold such as Matrigel [40,42-45]. These systems yield the great promise of being
utilized as patient-derived test platforms for precision pharmacological research and
personalized medicine [46-48], as they better replicate cell heterogeneity, cell
microenvironments, cell-cell interactions, and the potential simulation of physiological
barriers [49-51].

Organoids have now found applications in many research fields (Figure 1). In
basic research, organoids can be used to model the development of organs and study
the molecular and cellular mechanisms involved in their formation. Moreover, they are
suitable tools to mimic human disease development, including genetic, infectious, and
malignant diseases [52-55]. There is mounting evidence to support the notion that
biobanks containing organoids derived from patients can be immensely valuable for drug
development and personalized medicine, especially for cancer and cystic fibrosis
[28,56,57]. Furthermore, their ability to maintain a preserved genetic profile allows for gene
profiling, which presents exciting opportunities for personalized medicine [58,59]. In
addition, organoids are an ideal model for drug screening, as they allow for the
assessment of drug responsiveness in various patient populations prior to actual
treatment. Standard techniques to analyze the viability of cells upon drug treatment
include i.e., fluorescence-based assays [60], tetrazolium or resazurin assays [61,62], Or
ATP-based and lactate dehydrogenase (LDH)-based assays [63,64]. By coupling patient-
derived organoids with organ-on-chip platforms, it is possible to observe interactions
between different organoids and cell-to-cell interactions, thereby offering valuable

insights into the intricacies of human metabolism [65-68].
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Figure 1: Diverse applications of patient-derived organoids.
1.1.3 Real-Time Imaging

In addition to the used test system, the applied analytical method is another crucial
component in the assessment of scientific or medical questions. Identification of
structural, phenotypic, molecular, or genetic alterations of cells or tissues usually requires
time-consuming and invasive staining methods or destructive procedures with
concomitant sacrifice of the sample. The various classical methods each have their own
benefits and drawbacks. Although enzymatic labels offer greater sensitivity and require
fewer antibodies to achieve sustained long-term staining, they are susceptible to elevated
background signals from spillover of the enzymatic reaction products [69,70]. Moreover,
tissue and cellular harm due to enzymatic reactions, decreased resolution of delicate
structures, and insufficient capability for multiple immunolabeling are further challenges
[71-73]. In contrast, fluorescent markers demonstrate high sensitivity and offer a broad
selection of fluorochromes, enabling multiple labeling in a single assay. Notably,
fluorescence microscopes (such as wide-field and confocal microscopes) can easily
resolve intricate structures. However, these methods suffer from high background noise,
limited photostability, quenching effects or photobleaching [74,75].

In clinical procedures, such time-consuming techniques are mainly utilized pre-

and postoperative. However, they are not suitable for an intraoperative assessment of
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tissue characteristics. Nowadays, intraoperative decision making such as tumor resection
and tissue preservation solely relies on frozen sectioning [23,76]. To assist surgeons with
additional information besides pathological assessment of gold standard H&E staining,
fast techniques are necessary that can identify characteristic tissue properties. Here,
non-invasive, and marker-independent techniques that allow real-time monitoring of
cellular processes, cellular metabolism or drug kinetics could be a valuable method to
support clinical diagnosis but also to directly evaluate effects of medications. Such label-
free techniques are mainly based on the biophysical properties of molecules without the
need for conjugated labels. In recent years, especially spectroscopic technigues such as
Raman microspectroscopy (RMS), capable to analyze the molecular states of cells or
techniques exploiting the autofluorescence of specific proteins or enzymes such as
fluorescent lifetime imaging microscopy (FLIM) allowing to identify metabolic alterations
of cells has sparked increasing interest [3,77]. In clinical applications, these techniques
could either be utilized parallel to histological evaluation of frozen sections or be
integrated into an endoscopic setup to investigate tissues in vivo without the need for

biopsies.



1 Introduction

1.2 Raman Spectroscopy
The identification of tumorous or benign lesions, as well as the evaluation of drug-

responsiveness in cancer patients are major challenges in modern biomedical research.
Raman spectroscopic technigues rely on the analysis of the interaction between radiation
and matter, allowing for the assessment and visualization of molecular and biochemical
characteristics of cells or tissues. Therefore, they are an interesting tool for tissue
discrimination or in the identification of cellular alterations after drug treatments. Raman
spectroscopy provides rapid, marker-independent, non-destructive, and non-invasive

data acquisition and is highly sensitive at the molecular level.

1.2.1 The Principle of Raman Scattering
In the quantum mechanical framework, the interaction between photons and

molecules involves the assimilation of an incident photon and the instantaneous emission
of a scattered photon, a process that is referred to as photon scattering. The molecule is
excited into a virtual state, which does not necessarily have to correspond to a real
excited state of the molecule [78,79]. Raman scattering is an inelastic process that causes
molecular vibrations due to the electromagnetic field of light interacting with matter, which
leads to a change in the polarization of the molecule. Rayleigh scattering is the prevailing
mechanism in which most photons undergo elastic scattering, as there is no exchange of
energy and thus no alteration of frequency [80]. This process is known as Rayleigh
scattering. The inelastically scattered fraction, also known as Raman scattering, is about
one in 107 photons [81]. Both the decrease and the increase of photon energy are
possible. In the first case, shown schematically in Figure 2a), the molecule relaxes from
the virtual state not back to the ground state, but to a vibrational state. The energy
difference between the incident and the scattered photon is then exactly equal to the
excitation energy of the oscillation. This process is referred to as Stokes scattering
resulting in a loss of energy and a frequency shift to higher wavelengths. In anti-Stokes
scattering, the molecule in the excited state absorbs a photon. During emission, the
molecule relaxes to the energetically lower state and emits the released energy to the
photon at a lower shifted wavelength. This effect was first predicted by Smekal in 1923
and named "Raman effect" after its experimental description by C.V. Raman in 1928
[82,83]. The energy difference after the inelastic light scattering is characteristic for the

coordination and the type of atoms present in a molecule [84]. The displacement in
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wavelength is quantified as wavenumbers, which are computed by subtracting the
inverse of the scattered wavelength of light from the inverse of the incident wavelength.
The discrepancy is solely attributable to the energetic features of the molecular vibrations
and remains unaffected by the wavelength of the laser employed. Raman spectra offer a
molecular signature that is particularly unique to each molecule, and capable of detecting

variations in the molecule's surroundings and 3D structure [85,86].
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Figure 2: Schematic of Raman microspectroscopy (RMS) and fluorescence lifetime imaging
microscopy (FLIM) instrumentation In both techniques laser light is directed on the sample to induce
photon-matter interactions. Scattered or emitted light is then transmitted to the detector through a beam
splitter and a pinhole. (a) In RMS, energy transfer takes place from the ground state (So) to either higher
energy levels (anti-Stokes) or lower energy levels (Stokes) through inelastic scattering. A spectrograph
coupled e.g., with a charge-couple device (CCD) camera as a detector is required to generate Raman
spectra as typical readouts. Raster scanning the laser can be used to generate hyperspectral Raman
images, where each pixel corresponds to a particular Raman spectrum. (b) In FLIM, fluorescence lifetimes
() of fluorophores are measured. Photomultiplier tubes (PMT) can be used to detect the accumulated
average time a fluorophore spends in the excited state. The most common acquisition methods are photon
counting in the frequency domain or in the time domain. lllustration adapted from [3].

Technically, a RMS setup includes a laser light source, a spectrometer, and a
detector (Figure 2a). For biological application, the laser utilized for the generation of
Raman signals needs to fit specific requirements. Many live cell studies use a laser with
an excitation wavelength of 785 nm or 532 nm. The benefit of wavelengths in the infrared

region compared to the visible range is that they produce less photodamage and
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degradation even at high laser power and longer acquisition times. Furthermore, they
produce less fluorescence, especially important in fluidic environments i.e., culture
medium or blood [87]. Therefore, in studies of sensitive human cells i.e., during surgery
where destruction must be avoided at all costs, the near infrared is the laser of choice.
This is especially the case in an endoscopic setup where a Raman spectroscope is
included in the endoscopic pathway for application in humans. However, when time is a
limiting factor, for instance in the analysis of drug distribution over time, visible lasers that
require shorter exposure times can be used to generate high quality Raman spectra. The
disadvantages of visible lasers include the risk of photodamage and the induction of
strong fluorescence signals [88].

After excitation, the inelastically scattered light is directed to the spectrograph
where the signal is decomposed into its individual wavelengths [89]. A spectrograph
usually consists of a diffraction grating with a specific groove density, which allows the
tuning of the spectral resolution. High groove densities in a diffraction grating provide
high spectral resolution of closely spaced Raman peaks, as the spectral range decreases
and longer exposure times are required [90]. The decomposed signal is then projected to
the detector, most commonly a charged-coupled device (CCD) with high quantum
efficiency. This CCD is consisting of several small light sensitive photodiodes where the
incident photons are converted into an electronic signal [91]. The integration of
microscopic objectives for both laser excitation and detection of the scattered light is
referred to as Raman microspectroscopy and enables the identification of molecular
components and their spatial distribution [92,93].

1.2.2 Raman Microspectroscopy for Analyzing Biological Samples
Since its initial discovery, RMS has advanced into a (bio)analytical technique of

notable sensitivity. Raman spectroscopy (RMS) has been widely successful in biological
applications owing to two key reasons: Firstly, the weak Raman signal that arises from
water in biological samples does not compromise the crucial spectral information
obtained from the cells or tissues. Secondly, the non-invasive and marker-independent
nature of RMS permits high-resolution subcellular analysis along with real-time data
acquisition, thus contributing to its popularity in this field [94,95]. This allows
measurements and spectral imaging in phosphate buffered solutions (PBS) or culture
medium, not requiring any fixation of cells under physiological conditions without affecting

their integrity [73,96-99].
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Raman spectra, containing molecular information of complex systems such as cells or
tissues, enable the identification of different organelles, i.e., nuclei and mitochondria, or
lipids, carbohydrates, and proteins. Having established that RMS is capable of
distinguishing between different types of ECM proteins such as collagen fibers and
elastic fibers based on their fingerprint Raman spectra, it became clear that this
technique is suitable for studying the tissue structures and molecular conformations of
ECM components involved in physiological and pathological tissue remodeling [100-107].
Subsequent to its discovery, RMS was employed to tackle the significant clinical
requirement of identifying tumor boundaries and infiltration areas during surgical
resection, given that the complete removal of tumors is linked to a lower incidence of
recurrence and an enhanced survival rate in patients [108-112]. Being sensitive to
changes in molecular conformation and cellular environment, RMS has been used to
monitor various cellular processes, such as the metabolic and cellular influence of
anticancer drugs on tumor cells or organoids [73,113-115]. Certain chemical substances,
such as drugs, have highly specific Raman spectra allowing their penetration into cancer
cells to be traced by RMS [116,117]. Through the integration of cells obtained from
individual patients, RMS may be employed to monitor disparities in drug metabolism and
absorption, as well as dose-dependent effectiveness and the emergence of drug
resistance, all of which can contribute to improved treatment outcomes and avert the

potential for drug toxicity [118-121].
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1.3 Fluorescence Lifetime Imaging Microscopy
When compared to conventional intensity-based fluorescence microscopy,

fluorescence lifetime imaging microscopy (FLIM) confers the added advantage of a
temporal dimension to the fluorescence signal [122]. Conventionally, in fluorescence
microscopy, fluorophores are distinguished based on their different spectral properties.
Discriminating between fluorophores that possess comparable spectra or elucidating the
precise molecular milieu in which a given fluorophore is situated is not feasible by relying
exclusively on fluorescence intensity measurement [123]. FLIM represents a robust and
non-invasive approach, which operates independently of labeling, and allows for the
evaluation of biophysical variations at the molecular level. FLIM is capable of measuring
alterations in molecular characteristics, such as temperature, viscosity, and pH, thus

enabling the quantification of chemical or physical modifications [124-127].

1.3.1 The Principle of Fluorescence Lifetime Imaging Microscopy
Upon absorption of a photon, a molecule is electronically excited if the energy of

the photon is commensurate with the difference between two energetic states of the
molecule. Thereafter, the excited molecule may return to the ground state through
radiative processes, including fluorescence or phosphorescence, or through nonradiative
processes like internal conversion, intersystem crossing, or vibrational relaxation [128].
The fluorescence lifetime pertains to the duration during which a molecule remains in the
excited state before it returns to the ground state. Usually, internal conversion transpires
prior to emission, given the limited fluorescence lifetime, which normally spans between
10° to 108 seconds. FLIM utilizes this fundamental principle and the resulting readout,
by detecting the fluorescence lifetime decay processes generated in biomolecules [129].

FLIM operates on two fundamental principles, as depicted in Figure 2b. Time-
domain FLIM quantifies the temporal interval between the excitation of a sample through
a pulsed laser and the detection of the emitted photons at the photodetector. This setup
is referred to as Time-Correlated Single Photon Counting (TCSPC) [122]. By moving the
laser beam across a selected area with a system of mirrors, an image of the chosen area
can be generated. An alternative approach to determine fluorescence lifetime is by
utilizing the phase modulation technique in the frequency domain [130]. When exciting the
sample with a sinusoidally modulated continuous wave laser, the emitted fluorescence is
also modulated at the same frequency as the incident laser. Information about the phase
shift and amplitudes can be obtained as readouts [131].
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1.3.2 Metabolic Monitoring of Biological Samples
FLIM allows the analysis of marker-independent readouts based on endogenously auto-

fluorescent molecules, or of targeted probe-based FLIM readouts [3]. Metabolic
alterations refer to changes in the cellular metabolism, which primarily affect the
production of adenosine triphosphate (ATP) within cells. The generation of ATP can
occur through various metabolic pathways, as illustrated in Figure 2. Among the various
metabolic processes that occur in cells, glycolysis is one of the most crucial, taking place
within the cytosol (Figure 3a). In this process, a single molecule of glucose is transformed
into two molecules of pyruvate, ultimately leading to a net production of two molecules
each of ATP and nicotinamide adenine dinucleotide (NADH). This process is the first step
in the metabolism of glucose, and it provides a small amount of energy to the cell
[132,133]. After the formation of pyruvate, it enters the mitochondria where it undergoes
pyruvate oxidation, which is catalyzed by the enzyme pyruvate dehydrogenase complex
(Figure 3b). This reaction converts the pyruvate molecules into acetyl-coenzyme A
(acetyl CoA) [134,135]. Acetyl CoA proceeds to enter the citric acid cycle also referred to
as the Krebs cycle taking place in the mitochondria. The citric acid cycle, which is a
fundamental metabolic pathway found in all aerobic organisms and integral for most of
the energy production, is responsible for the conversion of acetyl-CoA into carbon dioxide
and water, thereby liberating energy in the form of ATP, NADH, and FADH: (Figure 3c)
[136-138]. NADH and FADH: are then utilized during oxidative phosphorylation
(OXPHOS), a process that transpires within the inner mitochondrial membrane to
generate more ATP (Figure 3d). This is accomplished via the electron transport chain,
consisting of a series of protein complexes that actively transport protons across the
inner mitochondrial membrane, creating a proton gradient that powers ATP production
[139-141]. The endogenous metabolic co-enzymes NADH and flavin adenine dinucleotide
(FAD) moreover partake in energy metabolism and the apoptosis pathway by contributing
to the production of reactive oxygen species (ROS) [142-144]. Additionally, NADH plays an

important role in oxidative stress and the aging process [145,146].
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Figure 3: Schematic of metabolic processes. In glycolysis (a), which occurs in the cytosol of cells, one
molecule of glucose is converted into two molecules of pyruvate, producing a net gain of two molecules of
adenosine triphosphate (ATP) and two molecules of nicotinamide adenine dinucleotide (NADH). After the
formation of pyruvate, it enters the mitochondria where it undergoes pyruvate oxidation, where the pyruvate
molecules are converted into acetyl-coenzyme A (acetyl CoA) (b). This reaction is catalyzed by the enzyme
pyruvate dehydrogenase complex. Acetyl CoA then enters the citric acid cycle (c), which is a series of
chemical reactions generating ATP, NADH and FADH2. These molecules are used in the electron transport
chain to generate more ATP. The pyruvate molecules can then be further metabolized in the citric acid
cycle or converted to lactate under anaerobic conditions. Both NADH and FADH: generated in the citric
acid cycle are used during oxidative phosphorylation (OXPHOS) (d), which takes place in the inner
mitochondrial membrane. This process harnesses the energy stored in the electrons of NADH and FADH:
to generate ATP, through the activity of a series of protein complexes that pump protons across the inner
mitochondrial membrane, creating a proton gradient that drives the production of ATP.

Upon binding of NADH to its co-enzyme, i.e., during OXPHOS, there is an
increase of the fluorescence lifetime from less than 0.4 ns in its free form to about 2 ns in
its bound form [147]. Shifting metabolism in cancer cells according to the Warburg effect
from OXPHOS to glycolysis, where less NADH and FADH: are produced, leads to a
significant decrease in fluorescence lifetime [148,149]. In different metabolic states, the
ratios of free and bound co-enzymes (U1, (2) differ, and therefore both NADH and FAD

represent great potential as biomarkers for metabolic pathways [150,151].
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Numerous FLIM based studies, especially in the field of cancer metabolism started
after the first investigation of fluorescence lifetimes of intrinsic NADH on a yeast model in
1992 by Schneckenburger et al. [152]. FLIM was used to highlight the differences
between 2D breast cancer cell lines and 3D models in terms of their metabolic responses
to drugs [153-155]. In contrast to 2D cell cultures, in which epithelial plaques formed in
response to the drug treatment, 3D cells assembled anastomosing multicellular networks
and spherical acini. Next to the assessment of metabolic changes, the potential of FLIM
being utilized to trace drug uptake and release in cells has been investigated by
observation of changes in fluorescent lifetimes in drug loaded nanoparticles [156,157].

13
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1.4 Machine Learning in Biomedical Research
Numerous industries and scientific areas are currently witnessing a surge in the

acquisition of real-time and multimodal data, resulting in an extensive collection of data
with multiple characteristics. Nevertheless, such large datasets are prone to encompass
features that may provide insignificant information when it comes to comprehending and
simulating real-world occurrences. Moreover, the complexity of spectroscopic
information, particularly when dealing with biological samples, presents additional
challenges. For instance, a singular Raman spectrum can include overlapping
information from multiple molecules, making it difficult to identify specific proteins or lipids
that share similar functional groups. As a result, machine learning (ML) tools have
become increasingly essential for accurate analysis and the identification of novel

biomarkers.

1.4.1 Biomarker Identification
A biomarker is a measurable indicator that can be objectively and reproducibly

determined, which reflects normal biological or pathological processes or the response to
a therapeutic intervention [158]. According to the world health organization (WHO), a
biomarker includes falmost any measurement reflecting an interaction between a
biological system and a potential hazard, which may be clinical, physical, or biological.
The measured response may be functional and physiological, biochemical at the cellular
level, or a molecular interactiono [159]. In contrast to a clinical endpoint assessed in
clinical trials reflecting how a patient feels, function or survives, a biomarker not
necessarily correlates with a patients wellbeing [158,160]. Examples of such biomarkers
include blood glucose levels as a molecular biophysical property, the grading and staging
of cancers based on histological findings, blood pressure as measure of physiological
body processes or bone mineral density obtained from radiographic images [161-166].

A biomarker for clinical application should be non-invasive accessible, easily
measurable, and interpretable by clinicians, inexpensive and able to produce rapid
results. It also should ideally be derived from available patient sources such as blood or
urine. It is essential that a biomarker has high sensitivity with no overlap of values
between diseased and healthy patients to minimize the risk of false results, and to allow
for high specificity in detecting minute changes. Next, a biomarker should provide insight
into the underlying disease mechanism and should vary in response to treatments
[158,167]. As new analytical techniques are developed, it becomes possible to discover
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and evaluate novel biomarkers that possess the various characteristics required for
clinical application.

Currently, the gold standard for many disease diagnoses is based on the visual
examination of specific patterns on stained tissue sections by trained pathologists.
Combinations of traditional H&E staining with stains of several other modalities, where
each is offering its own advantages and limitations allows to analyze various biomarkers
and is an attractive approach to analyze a patient® tissue [168]. Semiquantitative scoring
systems widely used in the assessment of coronary heart disease, neurologic disease,
fibrosis, endometriosis as well as likelihood of malignancy based on an observer
assessment have been developed to achieve global agreement in interpretation [169-172].
However, time-consuming and rather expensive staining procedures, storage problems,
sample availability, and a certain degree of interobserver and intraobserver variability in
reproducibility and accuracy among pathologists was noted. This was rising the question
in an era of artificial intelligence (Al) and machine learning (ML) to incorporate computer
assisted combination and evaluation of several biomarkers simultaneously [173-175]. A
primary constraint of traditional images is their reliance on a limited number of color
channels, typically restricted to the visible spectrum. This constraint may hinder the
comprehensive characterization of different tissue components, including those that are
spectrally complex. Here, spectral methods offer a relatively inexpensive way to gain
deeper insight into tissue composition that goes beyond just color information by
interrogation of the molecular and metabolic environment.
ML yields the potential to extract quantitative novel biomarkers from medical images or
spectral data to avail faster and more efficient automated characterization, monitoring
and assessment of drug responses and to provide an objective decision-support tool
[168]. However, major hurdles to the successful application of ML in pathology include the
biases introduced by the underlying expertise involved in generating the training data and
the limitations of scalability due to the restricted availability of pathological annotations,
e.g., for identifying specific tissue regions on clinical images or assessing response to

treatment [176,177].

1.4.2 Tissue Characterization and Discrimination
The widespread adoption of machine learning (ML) for pattern recognition in

intricate datasets can be attributed to its remarkable ability to discern patterns that may
elude conventional techniques. This is primarily due to ML models' capacity to identify
and extract intricate, nonlinear relationships and patterns within data that would
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otherwise remain obscured using traditional statistical methods [178]. A dataset
represents a compilation of instances, wherein each instance corresponds to a specific
case or patient within the study, and is characterized by a set of attributes, also known as
features or variables, that are quantitatively described and encoded as numerical values
[179]. The combination of many feature vectors is called the feature space. In biological
and clinical applications such datasets are for instance genomic data, transcriptomic
data, proteomics, clinical parameters, spectroscopic data, or imaging data describing the
clinical phenotype of the patient [180-183]. When implementing ML algorithms, the dataset
is typically partitioned into two subsets: a training dataset, which serves as the basis for
constructing a classifier, and a testing dataset, which is used to evaluate the classifier's
performance or estimate its error rate when applied to new, unseen data. This approach,
commonly known as train-test split, is a widely used strategy for validating the
performance of machine learning models [183,184]. By comparing the predicted output of
the model to the actual output, the model's generalization performance can be
determined, which is an indicator of how well the model will perform on new, unseen
data. This is important for identifying overfitting or underfitting, which are common issues
in ML [184,185]. Additionally, by using different validation datasets, it is possible to ensure
that the model is robust and can generalize well to different types of data. Furthermore,
cross-validation is a common technique that is used to further test the robustness of the
model and avoid overfitting by using different subsets of the data for training and testing
the model in multiple iterations [186].

Depending on the availability of class labels of the instances, supervised,
unsupervised or semisupervised ML algorithms can be applied. While supervised ML
algorithms are employed to classify data with full knowledge of class labels,
unsupervised ML algorithms are utilized for clustering or dimensionality reduction.
Semisupervised ML-algorithms are supervised methods allowing to analyze both labeled
and unlabeled datasets. In the case of Raman spectroscopic data, the features of an
instance are represented by the intensities of different wavenumbers retaining molecular
information. Figure 4 gives an overview of the ML techniques utilized in this thesis.
Classically, multivariate data analysis (MVA), such as principal component analysis
(PCA), linear discriminant analysis (LDA), or cluster analysis are applied to analyze
spectral differences in large Raman data sets not describable by univariate methods.
PCA is a statistical technique for reducing the dimensionality of high-dimensional

datasets through the linear transformation into a latent variable space, referred to as the
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scores. PCA is unsupervised and vector-based and seeks to preserve trends and
differences in the data while minimizing the number of dimensions. The method is
accomplished by solving an eigenvalue problem, which yields a set of uncorrelated and
orthogonal principal components (PCs) that establish a new variable space. Furthermore,
PCA provides a loading matrix that characterizes the weight of the transformation and a
residual matrix that encompasses information that is not significant for the variability of

the data [187,188].
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Figure 4. Overview of machine learning (ML) techniques for spectroscopic analysis. Raman
microspectroscopy (RMS) and True Component Analysis (TCA) identifies reoccurring Raman spectra in a
large area scan to generate a false-color coded Raman image. Extracted spectral data are further
processed with principal component analysis (PCA) for molecular characterization. PCA calculates a new
coordinate system (scores) explained by the loadings based on the solution of an eigenvalue problem.
Relevant peaks are further analyzed by spectral deconvolution, which calculates peak widths and areas of
substructural peaks underlying a broad band. Spectral data are classified by linear discriminant analysis
(LDA). The colored background in the LDA plot represents the probabilities of a sample belonging to a
specific class. Alternatively, spectral data are classified by neural networks involving the use of a multi-
layer model to map input data to predefined categories. The input data is processed through hidden layers,
which extract relevant features and make predictions based on those features. The final output is a
probability distribution over the classes, with the class with the highest probability being the predicted label.

In comparison, LDA is a supervised linear transformation method that aims to
maximize the distance between means while minimizing variances within a class. In this
method, which requires a class label, the data is mapped to a lower dimension subset to
split the data into different classes [189]. Based on such MVA models, it has been
demonstrated that the molecular oscillation patterns of Raman spectra are cell type
specific and are relatable with dynamic cellular processes such as cell division,
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differentiation, and cell death [103,190-193]. While PCA and LDA are limited to linear
transformations, neural networks employ non-linear activation functions to uncover
correlations within datasets. As a result, neural networks have demonstrated superior
performance in the classification and retrieval of previously undiscovered and unexplored
biomarkers [194]. Furthermore, very deep neural networks can identify complex patterns
within signals that would otherwise remain uninterpretable by humans or through
traditional statistical analyses, a significant advantage over PCAs and their
corresponding loadings plots [73].

However, in the case of Raman spectroscopy all these ML methods analyze large
spectroscopic datasets by identification of minute variations in signal intensity or Raman
shift. In certain applications, for example when analyzing the secondary structures of
proteins, the intensity information alone is no longer sufficient, and a deeper peak
analysis is required. Here, a spectral deconvolution can be performed, differentiating
several substructural peaks, and evaluating them according to their peak width and peak

area [195].
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2 Objectives of the Thesis

This PhD thesis explores RMS and FLIM as non-destructive and marker independent
tools in combination with various ML techniques and classical histological staining for the
detection of drug efficacy, cellular states, fibrotic collagen alteration and epigenetic
alteration in various diseases within their 3D environment.

One of the current challenges in modern medicine is to improve patient-specific
therapy of benign and malignant diseases, as the efficacy of treatments may be
compromised by acquired resistance mechanisms which are not predictable by
assessment of standard cell lines or animal models. Conventional techniques utilized for
evaluating drug efficacy necessitate the disintegration and concomitant sacrifice of the
sample, often in the form of monolayer cell cultures, which lack the ability to reproduce
intricate cell-cell interactions present in the native 3D environment. Furthermore, there is
an absence of noninvasive methodologies that facilitate the real-time monitoring of drug
dynamics in complex cellular networks, which is paramount for evaluating
pharmacokinetic properties dictating drug accumulation, metabolism, or release.
Therefore, 3D organoids from patients with malignant bladder and colon cancer and
benign endometriosis organoids have been used to investigate the effects of different
drugs on their cellular and metabolic modes of action over time to assess the general
applicability of organoids to identify mechanisms of drug uptake and resistance. Using
non-invasive RMS and FLIM in combination with ML techniques, drug-induced effects
were evaluated using specific Raman fingerprints of cell nuclei and mitochondria
reflecting molecular alterations, and in changes in fluorescence lifetimes of NADH and
FAD allowing to assess the metabolic environment.

Another challenge in modern medicine is to improve the pre-, intra-, and
postoperative diagnosis of diseases. While pre- and postoperative diagnosis could be
improved by the development of sophisticated imaging techniques, intraoperative
diagnosis has been based on time-consuming frozen section diagnostics for many years.
Here, the use of non-invasive modalities that can be integrated into a sensor in
combination with ML methods could provide valuable additional information to further
improve tissue differentiation. To holistically understand the pathological changes in a

single cell, they must be evaluated in their complex native composition and interplay
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with the ECM. Therefore, the potential of RMS was tested on various ex vivo human
tissues to identify pathological tissue remodeling based on molecular changes in the
extracellular environment as well as within DNA. By considering fibrotic tissue changes
triggered by a wide variety of inflammatory and cancerous diseases, it was aimed to
identify specific biomarkers allowing to classify the pathologies.

Another promising avenue in medical research is the examination of epigenetic
modifications. Currently, epigenetic analyses are primarily conducted using destructive
and costly genetic testing methods. As such, the potential utility of RMS in identifying
specific epigenetic modifications, such as 5-methylcytosine (5mC), was investigated.
Additionally, the goal was to correlate fibrotic tissue remodeling with cellular and
epigenetic changes, in order to identify a biomarker that may be relevant to a wide range
of diseases.
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3.1 Drug Monitoring in Patient-Derived Organoids
In recent years, there has been an increasing awareness among the scientific

community that standardized clinical treatments for similar disorders may not elicit a
uniform desired outcome in all patients. This phenomenon is largely attributed to patient-
specific acquired drug resistances, which impacts the efficacy of the drugs by altering
their uptake and release kinetics. Additionally, it is pertinent to acknowledge that various
intrinsic patient characteristics, such as genetic makeup, lifestyle habits, and
comorbidities, can influence the treatment response, highlighting the need for
personalized medicine approaches [196-200]. To better understand the cellular behavior
upon drug treatments, 2D cell culture models have been used for decades. However, it
was recognized that they frequently fail to accurately predict the in vivo outcome as cells
are dissociated from their native physiological 3D microenvironment, including the ECM
and lack blood perfusion [36,201]. This results in a lack of physiological relevance, making
it difficult to extrapolate results obtained in 2D culture to in vivo settings.

To circumvent the obstacles of 2D cell culture, we recreated 3D in vitro organoids
models from patient-derived bladder cancer and colorectal cancer (CRC), as well as
endometrium and endometriosis. The superiority of organoids over 2D standard cell
culture has been demonstrated in several studies as they offer the possibility to study the
cellular microenvironment potentially evolving into a surrogate tool to predict the
response to medication [202-204]. Traditionally, the assessment of the efficacy of drug
treatments in cells has relied on techniques that involve lysis of the cells, in order to
analyze protein, DNA, RNA, or viability information. Alternatively, researchers have used
different staining methods such as IHC and IF staining, which involve the use of
fluorophores and fixatives that can alter the native intracellular biochemistry, thus
interfering with the results [205,206]. The limitations of destructive methods, such as those
previously mentioned, are particularly evident when considering that they only provide a
pooled response of the entire specimen, failing to consider the inherent cellular
heterogeneity. This ultimately leads to a lack of understanding of the differential response
of individual cells within a given sample [207,208]. Additionally, current analytical tools
have limited capacity to resolve different modes of cell deaths as for each specific mode

different biomarkers are relevant [209,210]. Therefore, we introduced two studies exploring
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non-invasive RMS and FLIM in combination with ML techniques as promising tools to
identify individual drug effects on a molecular and metabolic level as illustrated in Figure
5 (Becker et al., Appendix |, Becker et al., Appendix II).
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Figure 5: Schematic illustrating the different non-invasive methods used to characterize drug
effects in patient-derived organoids in situ. Organoids from patient-derived cells of colorectal cancer,
bladder cancer as well as endometrium and endometriosis are cultured in Matrigel and treated with various
chemotherapeutics in different concentrations and imaged with RMS (a) and FLIM (b). TCA of Raman
images allowed marker-independent visualization of cellular components and drugs based on specific
Raman fingerprints. FLIM enabled us to analyze the fluorescence lifetimes of co-enzymes NADH and FAD.
(c) Various ML tools were utilized to identify the localization of the drug, the drug mechanism and ultimately

the drug sensitivity. TCA: True component analysis; PCA: Principal component analysis; ML: Machine
learning.

3.1.1 Marker-Independent Imaging and Drug Tracing of Organoids
We established a non-invasive and marker-independent Raman imaging

procedure that can be performed at physiological temperatures (37°C) to differentiate

and identify specific cellular components within living bladder cancer and CRC organoids
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based on specific Raman fingerprints without the need of sacrificing the organoids. RMS
and TCA allowed to distinguish between nuclei, mitochondria, lipids, and cytoplasm
based on comprehensive comparisons of the Raman spectra to databases, literature,
and pre-recorded reference spectra (Becker et al., Appendix |, Figure 1; Becker et al.,
Appendix Il, Figure 2).

Since a correlation between impaired uptake and efflux of a drug from a cancer
cell and its efficacy is suspected [211-213], we asked whether non-invasive monitoring and
localization of the drug over time would be possible in patient-derived organoid models to
draw conclusions about acquired resistance mechanisms. Organoids express several
ATP binding cassette transporters relevant for drug uptake and release which are
identified as critical in vivo actors of chemotherapy resistance [214,215]. Several
chemotherapeutics such as 5-fluorouracil (5-FU), capecitabine, neratinib, erlotinib and
SN-38, all exhibiting specific Raman signals were tested on CRC organoids and
visualized by TCA (Figure 6) (Becker et al.,, Appendix |, Figure 1; Becker et al.,
Appendix Il, Figure 2). Guided TCA methodology was employed to generate Raman
images of CRC organoids. Reference Raman spectra of crystalline drugs were utilized,
resulting in the generation of intensity heatmaps that effectively illustrate the localization
and distribution of 5-FU (Figure 6a,b), capecitabine (Figure 6c¢,d), and neratinib (Figure
6e,f) within the organoids. Depending on the position of specific Raman shifts of the
drugs the performance of the localization via TCA varies greatly. TCA is a fitting
algorithm which assigns pixels within a Raman image to several spectral components to
generate a false color-coded image. However, if the reference spectra of the drugs show
overlapping peaks with the spectral fingerprint of the biological components between
600-1800 cmt, the fitting is prone to error. To demonstrate that the generated TCA
intensity heatmaps truly reflects the localization of the drug, all Raman spectra in the
intensity heat map of the drug were averaged (Figure 6b) and compared to the reference
spectra of crystalline drugs. The most dominant peaks in 5-FU (Figure 6b) located at
1235, 1252 and 1353 cm showed resemblance between the reference spectra and the
averaged TCA drug component of treated CRC organoids. In capecitabin only small
peaks located at 896, 1092, 1116, 1450, and 1588 cm* were displayed (Figure 6d).
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Figure 6: Raman imaging of CRC organoids treated with different chemotherapeutics. TCA images
of CRC organoids treated with 5-fluorouracil (5-FU (a), capecitabine (c) and neratinib (e) after 24 hours.
Colors: blue: nuclei; red: mitochondria; green: cytoplasm; turquoise: lipids; yellow: drug. Scale bar equals
25 um. The reference Raman spectra of crystalline 5-FU (b), capecitabine (d), and neratinib (f) are shown
in black, and the averaged drug spectra identified by TCA are shown in yellow, demonstrating a
resemblance in the location of specific peaks.

These peaks were located directly in the spectral fingerprint of strong Raman
scatterers such as amide Ill and lipids [216,217]. The TCA image generated from the
reference spectrum of the capecitabine (Figure 6c¢) could therefore be disturbed and did
not necessarily indicate the localization of the drug. Other drugs that were successfully
detected within CRC organoids possess a Raman peak in the silent region of biological
samples located between 1800 and 2700 cm. These peaks are mostly due to triple
bonds between carbons and nitrogen rarely occurring in cells. This makes neratinib and
erlotinib perfect candidates for drug tracing as no spectral overlap with biological
components occurs [117]. The localization of neratinib by TCA was mainly based on the
peak located at 2213 cm™, clearly visible in the averaged TCA spectra (Figure 6f). This
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finding is in concordance with previous research where neratinib was identified in SK-BR-
3 and NCI-H1975 cells [117].

In the case of erlotinib, a specific peak located at 2110 cm?® was found
representative for a C-C triple bond [116]. However, TCA imaging was not able to
successfully identify erlotinib in organoids as the averaged spectrum of the intensity heat
map did not show the specific peak in the silent region (Figure 7a,b). To further analyze
the identified TCA components, PCA was performed on spectra of nuclei and
mitochondria for an in-detail molecular assessment. PCA was able to differentiate
between untreated and erlotinib treated CRC organoids based on mitochondrial Raman
spectra, where also the peak at 2110 cm* was depicted in the loading plot, however, only
at low intensity (Figure 7c, d). Mainly the highest variances in the peaks are shown in the
loading plots. If, however, the relevant peaks were generally only of weak intensity and
were not represented in large quantities of the molecules, this was also considered to
have only a minor influence on the loadings. When using advanced ML-tools such as a
neuronal network based FeaSel-Net, which identifies important features in a dataset in a
nonlinear approach [218], the erlotinib specific Raman shift at 2122 cm! was identified as
an important discriminator between untreated and erlotinib-treated spectra, where TCA
and PCA have failed (Figure 7e).

This result demonstrated the superiority of advanced ML techniques in identifying
minute molecular changes in a Raman dataset compared to linear TCA and PCA, but it
also reveals the challenges of the spectroscopic approach generating signals of low
intensities. To improve signal intensity, either the laser power or the acquisition time must
be increased, resulting in additional damage to the cells and longer measurement time,
which further hampers time-resolved analysis. To provide faster image acquisition
advances of Raman spectroscopy-based methods such as coherent anti-stokes Raman
spectroscopy (CARS) or stimulated Raman spectroscopy (SRS) could be employed
[93,219,220]. These methods raster a sample at a single wavenumber which drastically
increases the speed and contrast of a single scan. Figure 7f shows an exemplary CARS
image of dried erlotinib excited at 2110 cm* allowing to discriminate the drug from glass
background by increased CARS intensity.
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Figure 7: Different approaches for analyzing drug uptake of Raman data. (a) TCA image of a CRC
organoid treated with erlotinib. Colors in TCA: blue: nuclei; red: mitochondria; green: cytoplasm; orange:
erlotinib. Scale bar equals 25 pum. (b) Raman spectra of erlotinib (black) and the erlotinio TCA component
(orange). (c) Principal component analysis (PCA) of erlotinib treated organoids (orange) compared to
untreated organoids (black). (d) Corresponding loading plot shows only minor distribution to the erlotinib
specific peak in the silent region. (e) FeaSel-Net analysis of Raman data from erlotinib-treated organoids
and control samples revealed identified a broad number of peaks in the silent region (1900-2150 cm-?),
which are important for the discriminatory ability of the data sets. The results indicate that advanced
techniques, particularly those based on ML, show significant improvement over traditional methods in
terms of accuracy and computational efficiency. (f) CARS image of erlotinib powder (blue) on a glass
substrate (yellow) recorded at 2110 cm-. Scale bar equals 10 pm.

Another key challenge of drug tracing in organoids or cells arises due to the poor
solubility of some chemotherapeutics. For Raman experiments, drugs are preferably
dissolved in water, which has a weak Raman signal and is not toxic to cells [94].
However, dissolution in water is often not possible due to the hydrophobic properties of
many drugs, and chemical solvents such as dimethyl sulfoxide (DMSQO) are required.
DMSO solved drugs provide challenges in Raman measurements due to its strong
Raman signal overlapping with drug specific peaks as well as with cell culture medium.

Even low concentrations of DMSO interfere with the medium and are detectable in all
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cellular components directly after application to organoids. Hence, for RMS the drugs
needs be solubilized differently for instance with non-toxic cyclodextrins, polymeric
constructs such as Captisol [221]. A mixture of Captisol and water allowed to solubilize
SN-38 which were then applied on CRC organoids allowing the detection of SN-38
specific peak patterns in organoids without interfering signals from the solvent by TCA
(Figure 2, Becker et al., Appendix Il). SN-38 was identified in organoids by drug specific
peaks at 1561 cm™. To identify the sensitivity of SN-38 identification by RMS in CRC
organoids, SN-38 resistant and responsive patients (n=3) were treated with various
concentrations of SN-38 (5 nM, 50 nM, 500 nM, 5 puM, 50 pM and 500 pM) and were
analyzed at several time points (2, 4, 24 and 48 hours). Yet, the quantification of the drug
via RMS remains challenging as guided TCA image analysis is subject to noise, which
requires the usage of additional analytical tools. Therefore, average spectra of the TCA
component showing SN-38 of each measured organoid were generated and the peak
intensity at 1561 cm™ was compared between treated and untreated organoids cm-
(Figure 8 adapted from Becker et al., Appendix Il, Figure S2).
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Figure 8: Quantification of SN-38 in CRC organoids based on SN-38 derived Raman spectra display
differences between resistant and responsive donors. (a) Raman intensity at 1561 cm! of SN-38-
derived Raman spectra from organoids treated with 5 nM (rose), 50 nM (pink) and 500 nM (bordeaux) of
the drug. (b) Quantification of SN-38 in CRC organoids based on the Raman intensity at 1561 cm. The
presence of SN-38 within the organoids was established through a comparison of the Raman intensity of
the treated specimens with the mean intensity of the control group. Adapted from Becker et al., Appendix
I, Figure S2.

As depicted in Figure 8a, the intensity distribution of single organoids showed a
large distribution in both untreated and treated organoids. Therefore, it is unclear at
which intensity threshold it can be assumed that the increased intensity which was
identified especially in responsive donors is caused by the drug. Potentially, neuronal
networks could be employed to identify the drug, however, here it remains the question
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to which specific peaks of the reference they need to be compared to that no errors due
to overlapping peaks in the biological fingerprint occur.

One additional difficulty in localizing a drug was the limited spatial resolution of the
employed measurement technology. According to Abbe& law the limited spatial
resolution of RMS is in the range of 200 nm depending on the utilized laser wavelength
[222]. In scientific experiments where precise drug localization is crucial, a longer scan
time may be necessary to achieve higher lateral resolution in measurements. This is
because a higher number of scanning steps are required to obtain more accurate results.
However, a long scan time may cause the drug to redistribute during the live experiment,
resulting in erroneous snapshots. In addition, if one is interested in the movement of the
drug in the same organoid, repeated measurements can lead to cell burn, which
significantly weakens the spectral signal.

An alternative method for in vivo analysis of drug uptake is provided by FLIM.
FLIM is a method that detects the fluorescence lifetime of autofluorescent molecules
such as of the co-enzymes NADH and FAD, both involved in the energy production of the
cell. The metabolic effects of SN-38 on CRC organoids are discussed in more detail in
section 3.1.2. FLIM images of SN-38 treated organoids showed highly localized regions
exhibiting increased fluorescence lifetime signals for FAD. 2-D correlation analysis of
fluorescence lifetimes U and (2 of FAD revealed the existence of one cluster located
between 1600-3400 ns in (1 and 250-600 ns in (2 in both untreated and SN-38 treated
CRC organoids Figure 9a). However, in treated organoids an additional second cluster
located between 3000-3400 ns in (2 and 500-1200 ns in L was detected (Figure 9b),
which could be visualized by adjustments of the FLIM image settings (Figure 9c,d)
(Becker et al., Appendix Il, Figure 4).

We proposed that this cluster originated from the autofluorescent property of SN-
38 [223]. For quantification of SN-38 inside of CRC organoids, pixels in FLIM images with
FAD containing values of (2 above a threshold of 3150 ns were counted and normalized
to the total area of the organoid. The uptake of the drug in organoids was considered if
the ratio of pixels with fluorescence lifetimes higher than 3150 ns were above the manual
set threshold of 10% of the total organoid area to prevent influences of noise (Becker et
al., Appendix Il, Figure 4). However, as with RMS, the question raised at which
threshold an organoid with absorbed SN-38 is considered, since a change in the

threshold affects the result.
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Figure 9: FLIM enables quantification of SN-38 in CRC organoids. (a) 2D correlation between (1 and
(2 of a control after 2h and a 500 nM SN-38 treated organoid after 24h (b) shows separation between
cellular components (green) and the drug (pink). (c) Corresponding (2 FLIM image of a control after 2h. (d)
(2 FLIM image of a 500 nM SN-38 treated organoid after 24h. Scale bar equals 20 um. (e) (2-based

guantification of SN-38 uptake in resistant (solid bars) and responsive donors (striped bars). Adapted from
Becker et al., Appendix I, Figure 4.

Applying the threshold at 10%, both untreated SN-38 resistant and responsive
organoids displayed in total only six organoids from a total of 360 measured untreated
organoids considered with drug throughout all measurements which could be due to
artifacts or background signals. Statistical analysis revealed significant differences in SN-
38 uptake between resistant and responsive donors. Upon treatment in organoids of two
SN-38 resistant donors drug uptake was observed after two hours (Figure 9¢e). The total
amount of organoids with the drug did not change significantly in the following 24 hours,
but after 48 hours the number of organoids with the drug decreased to zero organoids at
50 nM and 5 nM drug concentration. Only at 500 nM SN-38 a total of seven organoids
still exhibited the drug. In comparison, in organoids of responsive donors the drug was
absorbed within the first four hours at a concentration of 500 nM SN-38. When treated
with concentrations of 50 and 5 nM SN-38, uptake was observed only after 24 hours.
Compared to resistant donors in which the drug was ejected after 48 hours, the number
of organoids with absorbed drug increased in organoids of SN-38 responsive donors. A
possible explanation for this observation could be that in responsive organoids the
cellular uptake of the drug resulted in a direct metabolization via glucuronidation by the
enzyme uridine diphosphate glucuronosyltransferase Al (UGT1A1l) with following
accumulation, while in resistant donors the drug was not metabolized due to resistance

mechanisms [224].
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Overall, FLIM allowed to trace drugs in organoids by their autofluorescent
properties. Potentially, this FLIM based drug tracing could be employed also for other
drugs with autofluorescent properties. In comparison to Raman imaging, FLIM provides
faster imaging and time-resolving capabilities as one FLIM measurement requires only
2.7 minutes compared to a Raman measurement requiring approximately 12 minutes for

an organoid of the same size.

3.1.2 Metabolic Monitoring and Cellular Assessment
The energy production of a cell provides valuable information of the cellular state

and directly reflects the cellular drug response [225]. Non-invasive and marker-
independent FLIM measurements of treated organoids allow the analysis of fluorescence
lifetime decays of the co-enzymes NADH and FAD both directly involved in the energy
metabolism (Figure 3) [142,143], while RMS allows to evaluate the impact of drug
treatment on nuclei and mitochondria. To determine whether non-invasive methods can
identify the mechanism of drug action in patient-derived organoid models, it is first
necessary to discuss whether comparable results can be obtained in organoids derived
from standard cell lines. Therefore, we compared organoids from a bladder cancer cell
line RT112 to bladder cancer organoids derived from primary tumor tissue of patients
(BCO) and organoids derived from patientséurine (UCO). All organoids were treated for
two days with various concentrations of cisplatin (cis) and venetoclax (vtx), drugs used
against bladder cancer [226,227]. In Figure 10 the mode of actions of cis and vtx are
visualized. Cis intercalates in DNA single strands hampering replication and induces
DNA damage. This effect was reflected in PCA of Raman spectra of nuclei by recurrent
peak patterns in all three organoid models (Becker et al., Appendix |, Figure 2). Cis
induced effects were mainly detectable by shifts relevant for the structure of DNA, as cis
intercalate in the DNA backbone ultimately leading to an inhibition of DNA replication.
Failed DNA repair activated p53, which induced signal cascades by Fas/FasL, caspase 8
and caspase 7/3 leading to apoptosis of the cell. FLIM allowed us to monitor the
induction of apoptosis by increased fluorescent lifetimes of free cytosolic NADH [73,228]
(Becker et al., Appendix |, Figure S3). Activation of p53 mediated a reduction of
glycolysis and lead to lower production of pyruvate [229]. Thus, TCA cycle activity
necessitating pyruvate in the energy production was hampered. This resulted in a
decrease of bound NADH and an increase of bound FAD. While p53 mediated the
reduction of glycolysis, OXPHOS was increased reflected by a decrease in NADH U 1 %

[228-231] (Becker et al., Appendix |, Figure S3). Cis also induced reactive oxygen species
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(ROS) hampering the TCA cycle which lead to a reduction of the mitochondrial
membrane potential (MMP) [232]. The loss of MMP resulted in a leakage of cytochrome ¢
and caspase 9 into the cytosol inducing apoptosis [233]. FLIM was also able to detect
differences in drug response between the three bladder cancer organoid models for
instance in U 1 %f NADH and FAD in BCO (Becker et al., Appendix |, Figure 6) upon cis
treatment which might be correlated to the switch of energy production or indicated an
increased energy consumption of nuclei in preparation for apoptosis [230,231].

In contrast, vtx is a drug directly inducing apoptosis. Apoptosis is regularly induced
by anti- and pro-apoptotic proteins of i.e., the Bcl-2 family. Upon cellular stress or DNA
damage, pro-apoptotic BH3 binds to anti-apoptotic Bcl-2 which recruits pro-apoptotic
proteins BAK and BAK to the mitochondrial membrane. BAK and BAX permeabilize the
mitochondria with the following release of cytochrome c¢ and induction of caspase
cascades resulting in apoptosis. Vix is a BH3 mimetic binding to the BH3 domain of Bcl-2
inducing the BAX/BAK cascade [234]. The induction of apoptosis was reflected by an
increase in (2 of NADH upon vtx treatment in all three organoid models [228] (Becker et
al., Appendix I, Figure 6). In mitochondrial Raman spectra, recurrent peak patterns were
only detected after vtx treatment (Becker et al., Appendix |, Figure 2). This effect was
demonstrated by peaks in the loadings relevant for cytochrome c.

Overall, FLIM and RMS allowed to identify drug specific effects on organoids.
Organoids derived from the bladder cancer cell line RT112 showed resemblance in their
drug induced reaction patterns compared to patient derived organoids from primary
tumor tissue as well as urine. These results suggested that on the one hand RMS and
FLIM are suitable non-invasive tools to evaluate the mode of action of several drugs in
patient-derived organoids. On the other hand, it is of great interest to explore the usability
of organoids derived from urine or other body fluids further. Body fluids are easily
accessible from patients at an early disease stage without the need for surgery and

therefore they provide an ideal early-stage screening platform [235].
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Figure 10: Mode of action of chemotherapeutics studied in this thesis. (a) Cisplatin (cis) intercalates
in DNA single strands hampering replication and induces DNA damage. Failed DNA repair activates p53
with following signal cascades by Fas/FasL, caspase 8 and caspase 7/3 leading to apoptosis. Activation of
p53 also leads to a decreased glycolysis and pyruvate production reducing the tricarboxylic acid (TCA)
cycle activity. This results in a decrease of bound NADH and increase of bound FAD+. Cis also induces
reactive oxygen species (ROS) hampering the TCA cycle and leads to reduction of the mitochondrial
membrane potential (MMP). Loss of MMP results in a leakage of cytochrome ¢ and caspase 3/9 into the
cytosol inducing apoptosis. Induced apoptosis is reflected by increased free NADH and FAD+. (b)
Apoptosis is regulated by pro-apoptotic proteins BAK and BAK permeabilizing the mitochondria with
following release of cytochrome ¢ and induction of caspase cascades. BAX and BAK are recruited to
mitochondria when pro-apoptotic BH3 bind to anti-apoptotic protein Bcl-2 induced by cell stress and DNA
damage. Venetoclax (vtx) is a BH3 mimetic which binds to Bcl-2 inducing the BAX/BAK cascade resulting
in a loss of MMP, and release of cytochrome c and caspases 3/9. (c) DNA topoisomerase | (TOPO-I)
relaxes both positive and negative supercoiled DNA while replication. TOPO-I binds to the 5'-end
(phosphate residue) of the strand break via a hydroxy group of a tyrosine residue and rotates the 3'-
segments. To release torsional stress TOPO-I causes a single-strand to break without consuming ATP.
When it leaves the DNA, it closes the break by ligases. Binding of SN-38 inhibits TOPO-I-mediated
relegation of the DNA. The complex containing DNA, TOPO | and SN-38 can collide with replication forks
resulting in double-strand breaks in DNA and subsequent induction of apoptosis. SN-38 is also recognized
to damage mitochondria by increasing the permeability of the outer mitochondrial membrane, directly
associated with MMP disintegration leading to release of cytochrome ¢ and activation of caspase cascades
resulting in apoptosis.

Given the success of patient-derived organoids in evaluating drug responses,
there is considerable interest in precision medicine to distinguish between drug-resistant

and drug-responsive donors. A key obstacle in achieving effective cancer treatment is
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the restricted efficacy of systemic drug therapies arising from individualized multidrug
resistance mechanisms [236]. Evaluating drug efficacy prior to their administration would
significantly improve therapy effectiveness and reduce patient& suffering. Therefore, we
determined if RMS and FLIM have the potential to identify drug efficacy and to
differentiate between sensitivities in SN-38 resistant and responsive CRC patients.
Before the measurement with non-invasive RMS and FLIM, the drug sensitivity of six
donors was analyzed by fluorometric viability assays (Becker et al., Appendix I, Table
2). TCA identified mitochondria, nuclei, cytoplasm, lipids, and SN-38 based on specific
Raman signatures (Becker et al., Appendix I, Figure 2). Raman spectra of mitochondria
and nuclei were extracted from all organoids and were further analyzed by PCA to
evaluate the effect of the drug on nuclei and the metabolism. It was reported that SN-38
inhibits DNA topoisomerase | (TOPO-I) which is involved in DNA replication and
transcription ultimately leading to DNA breakage. TOPO-I is an enzyme involved in DNA
replication by relaxing both positive and negative supercoiled DNA. When bound to the
56end (phosphate residue) of the strand by a hydroxy group of a tyrosine residue it
rotates the 30 segments. Torsional stress is then released by a single strand break
without consuming ATP. After detachment of TOPO-I, the DNA breaks are closed by
DNA ligases. SN-38 is the active metabolite of the drug irinotecan and inhibits TOPO-I
mediated relegation by forming a complex which collides with the DNA replication forks
ultimately resulting in double strand breaks [237-239]. As a consequence, the induction of
DNA damage triggers a series of intricate apoptotic signaling pathways, culminating in
the initiation of programmed cell death [240,241]. The drug effect within the treated
organoids was predominantly discerned through alterations in the loading plot of nuclei
Raman spectra, indicative of perturbations in DNA structure (Becker et al., Appendix I,
Figure S1). Moreover, PCA facilitated the identification of statistically significant
discrepancies in drug response between resistant and responsive donors (Becker et al.,
Appendix Il, Figure 2). Notably, the dissimilarities between the two groups were primarily
attributed to differences in the degree of impact exerted by SN-38 on DNA within the
responsive cohort.

SN-38 is also recognized to damage mitochondria by increasing the permeability
of the outer mitochondrial membrane, directly associated with MMP disintegration
leading to a release of cytochrome ¢ and activation of caspase cascades resulting in
apoptosis [242,243]. In Raman spectra of mitochondria of SN-38 responsive donors, PCA

identified statistically significant differences between resistant and responsive donors
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upon drug treatment (Becker et al., Appendix Il, Figure 2). It was reported that
mitochondria may adapt to drug treatments with fusion and fission resulting in a
conformational change [244]. PCA of mitochondrial spectra allowed to identify structural
changes in mitochondria by shifts responsible for amide | and amide III.

FLIM further allowed metabolic monitoring of drug induced effects in resistant and
responsive CRC organoids. Differences between resistant and responsive donors were
evaluated by analysis of histograms of different FLIM parameters. Upon drug treatment,
FLIM identified alterations in the distribution of bound and free NADH and FAD. In both
NADH and FAD a decrease in U 1 %vas identified in responsive donors compared to
resistant donors. Additionally, increases in fluorescence lifetime (2 of FAD were only
identified in responsive donors (Becker et al., Appendix Il, Figure 3). PCA was
performed on z-scaled FLIM parameters to identify which parameters are the most
relevant for discrimination of responsive and resistant donors. PC-1 identified the main
metabolic drug effect of SN-38 in changes of U 1 % FAD and NADH detectable in both
resistant and responsive donors. PC-2, however, allowed to discriminate between
different metabolic effects. While responsive donors reacted with a decrease in score
value of PC-2 mainly induced by alterations in (2 of NADH and U 1 %f FAD, resistant
donors reacted with a slight increase in score values due to (1 of FAD.

Together, RMS and FLIM allowed us to non-invasively discriminate between
resistant and responsive donors upon drug treatment. However, the effects of the
treatment could only be determined after the actual treatment and could not be predicted
in advance on the untreated organoid by application of both RMS and FLIM. Therefore,
experiments must be repeated with a wide variety of chemotherapeutic agents for all
donors with simultaneous viability assays. For transition to clinical applications, also the
effects of drugs on non-cancerous organoids needs to be tested to evaluate potential
side effects. Furthermore, the utilization of diverse chip architectures could be
implemented to simulate the flow dynamics of the drug. This approach involves
manipulating the physical design of the chip to create an environment that replicates the
fluid dynamics of the targeted system. By doing so, the drug's behavior and its effect
could be observed and analyzed under conditions that closely mimic those found in vivo

[245].
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3.1.3 Data-Driven Profiling of Drug Effects

The acquisition of Raman spectra and FLIM images lead to an enormous amount
of data requiring the need for ML methods to assess all information and reduce
computation time. Utilizing PCA, drug-specific separation within Raman spectra acquired
from the nuclei and mitochondria of treated patient-derived cancer organoids were
successfully identified. However, these extracted features were not easily interpretable or
measurable, as they lose direct reference to the original features [246]. Furthermore, once
calculated PCAs are not easily applicable on new datasets, for instance the
measurement of patient-derived organoids from a new donor treated with
chemotherapeutics. Here, a PCA-projection could be applied to cluster and classify new
data on pre-calculated PCA loadings in order to identify the drug response pattern [247].
Another challenge in utilizing PCA arises in the manual selection of the most important
principal components that might be affected by bias and errors.

An alternative approach to circumvent these limitations is based on data-driven
feature selection. Feature selection, as opposed to preserving information from the entire
dataset, focuses only on relevant subsets. These subsets are selected to preserve only
the most informative features without affecting the original features in the process. A non-
linear feature-selection neuronal network (FeaSel-Net [218]) was utilized to derive a
selection of potential biomarkers allowing to classify the different treatments of bladder
cancer organoids. FeaSel-Net identified five wavenumbers (Becker et al., Appendix I,
Table 2) for each dataset (nuclei, mitochondria for RT112, BCO and UCQO) capable of
classifying the data to their corresponding class with improved accuracy, sensitivity and
specificity compared to the classification obtained by PCA (Becker et al., Appendix I,
Table 3). Some of the wavenumbers identified by FeaSel-Net were also detected in the
loadings (e.g., 705 cm™, 1250 cm, 1587 cm™), but some other important features (e.g.,
926 cm, 1551 cm) showed no overlap. Notably, the peak at 926 cm™ in the BCO
nuclei data set was selected in 100% of 50 repeated runs of the neural network,
suggesting that even univariate classification is possible, whereas it was not identified in
PCA. This comparison showed that unlike PCAs and their associated loading plots, very
deep neural networks can find patterns in the signal that were not interpretable by
humans or statistical analysis. The question remains whether these results are
generalizable due to overfitting and persistence in independent replicates. Here, although

a Raman measurement provides large amounts of data, it is quite difficult and time
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consuming to acquire large data sets of independent spectroscopic data and instances
[248].

Utilizing neural network classification, the discrimination of drug sensitivities in SN-
38 resistant and responsive CRC organoids was also carried out, yielding favorable
classification outcomes (Becker et al., Appendix Il, Table S1). The results of classifying
Raman spectra from cell nuclei and mitochondria, as well as the joint classification of
both datasets, demonstrated that the spectral information from mitochondria is of greater
importance. This was evident by the increased classification accuracy when only the
dataset containing a low concentration of SN-38 (5 nM) in mitochondria was employed.
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3.2 Characterization of Fibrotic Collagen Fibers
In the first chapter of the results, the utilization of RMS and FLIM techniques to

detect the responsiveness of cancer organoids to various pharmacological agents were
discussed. These techniques provided a thorough characterization of the metabolic and
nuclear changes that occurred within the organoids upon treatment. Nevertheless, in
order to fully comprehend the systemic effects of these medications on the entire human
organism, it is necessary to first examine the overall architecture of the tissue and its
commonalities. In the following chapter, this holistic perspective will be elaborated and
the underlying mechanisms of fibrotic pathogenesis, often associated with neoplastic

diseases, will be molecularly investigated.

3.2.1 Histological Gold Standard Fibrosis Identification
The ECM and its multifaceted molecular constituents are vital for maintaining the

structural and functional integrity of organs. In the event of tissue damage, biochemical
changes occur in the course of normal wound healing, followed by an inflammatory
response that causes fibroblasts to differentiate their phenotype into highly specialized
synthetic and contractile myofibroblasts (Figure 11) [249]. Myofibroblasts are activated by
a variety of mechanisms and a wide range of regulators such as growth factors,
chemokines, cytokines, or caspases and are associated with the expression of smooth
muscle actin (USMA) contributing to cell-generated mechanical tension involved in wound
contraction [250-252]. In addition, myofibroblasts produce increased fibrillar collagen and
matricellular proteins important for preserving the tissue® structural integrity through the
modification of the ECM [249]. After completion of wound healing, the myofibroblasts
normally disappear by apoptotic pathways [253]. However, due to influences of a wide
range of different diseases such as chronic inflammations or cancer the myofibroblasts
can get persistent and stay activated as they develop apoptosis resistance ultimately
resulting in an excessive production and deposition of collagens. Such pathological
fibrosis can lead to disruption of tissue structure, organ dysfunction and eventually organ

failure [250,252,254].
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Figure 11: lllustration of myofibroblast differentiation during wound healing. Triggered by a wound,
fibroblasts differentiate their phenotype into myofibroblasts. Myofibroblasts express USMA responsible for
the contractile forces required for wound closure. Myofibroblasts are responsible for ECM production such
as collagen. After wound healing myofibroblasts undergo apoptosis.

In this thesis the aim was to characterize fibrotic and native collagen fibers in
various human ex vivo tissues on a molecular level to gain new insights into the
development of pathological tissue alteration. Gold standard histochemical analyses of
ECM tissue structures from controls and fibrosis related diseases of liver, colon, breast,
lymph nodes and myocardium tissues were performed by Masson0 s  tome anth
Movat-Pentachrome staining allowing to identify the localization of excessive collagen
formation. While microscopic evaluation of Massondé s htome staining primarily
identified collagen fibers in blue, Movat-Pentachrome staining allowed to stain for nuclei
and elastic fibers (black), collagen fibers (yellow), ground substance and mucin (blue),
muscle (red) and fibrin (bright red) (Becker and Lu et al., Appendix lll, Figure 1).
According to histological staining, pathological fibrosis was identified by increased
amounts of stained collagen in liver, colon, lymph node, and myocardium. Conversely,
identification of fibrosis in connective tissue-dominated organs such as the breast can
prove more difficult and requires morphometric examination by experienced pathologists
[255]. Occasionally, the clinical diagnosis of fibrotic disease may vary based on individual
experience and knowledge, leading to inconsistent diagnostic results showing the lack of
deep classification and quantification of collagen fibers by classical stains [256,257].
Furthermore, histological diagnosis is highly dependent on the quality of specimens
obtained from biopsies. The quality depends on the inherent variability of the biopsy

procedure as well as on the heterogeneity of the disease [258-260].

Picrosirius red staining (PSR) allowed to further characterize collagen fibers by
identifying the thickness and maturity due to their birefringent characteristic [261].
However, the maturity and thickness of collagens did not allow to robustly discriminate

between control collagen fibers and fibrotic collagen fibers. Moreover, the fiber alignment
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was not sufficient as discriminant to identify fibrosis when compared among different
organs (Becker and Lu et al., Appendix lll, Figure 2).

All these described histological stains were not specific to identify different
collagen subtypes [262]. Therefore, immunofluorescent images of COL | were recorded
along with USMA identifying COL | as an important collagen type in fibrosis. However, the
guantification of COL | as well did not lead to uniform conclusions in the identification of
fibrosis (Becker and Lu et al., Appendix lll, Figure 3). In clinical settings, the use of IF
staining for fibrosis identification is limited due to a number of factors. These include the
high cost of primary antibodies and fluorescence-labelled chemical agents, as well as the
lengthy staining procedures involved. Furthermore, the potential for autofluorescence
arising from either the tissue or from secondary fluorescence-labelled antibodies
presents a further challenge when utilizing IF staining compared to classical histological
staining [263]. The main disadvantage of classical and immunofluorescence staining of
collagen is that the stains are unable to distinguish pathological fibrotic COL | from native
COL I. Similar challenges arise in the application of other imaging techniques such as
label-free second harmonic generation (SHG), which allows to identify collagen without
the need of staining based on two-photon excitation [264]. While the non-invasive
methodology of SHG is very cost effective and does not require sacrifice of the sample,
SHG can only provide information on the amount of collagens and arrangement of fibers,

which may not be a uniform indicator of fibrosis.

3.2.2 Fibrosis Monitoring by Spectral Deconvolution
Conventional histochemical methods facilitated the recognition and positioning of

ECM structures but did not provide molecular-level characterization and lacked the ability
to differentiate between various collagen types or distinguish healthy from pathological
collagen. To date, 28 distinct collagen types have been identified [265,266]. All collagen
types share the presence of tandemly repeated amino acid triplets Gly-Xaa-Yaa, where
Gly represents glycine and Xaa as well as Yaa can be any amino acid but are mostly
occupied by proline and hydroxyproline [267,268]. In collagen formation, two Ul chains
assemble with one U2 chain at the C-terminus to form a triple helix (Figure 12). Binding of
the collagen specific chaperon heat shock protein 47 (HSP47) expressed in the rough
endoplasmic reticulum (rER) in all collagen-producing cells is involved in the proper
folding of the quaternary structure of triple-helical procollagen. Additionally, HSP47 has
been identified to block the disintegration of procollagen in the rER prior to its transport to

the Golgi apparatus. In the formation of the HSP47 procollagen complex, the aspartic site
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of two HSP47 chaperons binds to the trailing and leading strand of procollagen by
formation of a salt bridge to a Gly-Xaa-Arg triplet while the middle strand is not attached
due to steric reasons [269,270]. It was recognized that the overexpression of HSP47 is

involved in the development of several fibrosis related diseases [271-273].
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|Gly Xaa Yaa Gly Xaa Yaa Gly Xaa Yaa| . 77777777 |Gly Xaa Arg Gly Xaa Yaa
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Figure 12: Schematic of collagen fiber folding. The formation of collagen fibers begins with the
assembly of three alphal chains, each consisting of repetitive glycine-Xaa-Yaa triplets. Xaa and Yaa are
typically filled by proline and hydroxyproline, resulting in the establishment of a triple helical conformation.
The binding of two heat shock protein 47 (HSP47) to an arginine amino acid in the triple helix results in the
formation of procollagen. Upon removal of HSP47 and cleavage of the N- and C-terminus, the final product
of tropocollagen is formed.

RMS was utilized to define the biochemical structures of ECM and its pathological
changes in fibrosis related diseases. According to Masson6és tri chr ome
pathological evaluation, fibrotic regions of interests were targeted in the bright field mode
of the Raman microscope, and visible collagen bundles were analyzed by large-area
scans. TCA of the spectral data provided intensity heat maps, identifying nuclei, USMA,
COL I, COL Ill, and COL IV by distinct spectral fingerprints implicating the potential of
RMS being applicable in the non-invasive and marker independent discrimination of
different types of collagens as well as biological structures (Becker and Lu et al.,
Appendix lll, Figure 4). PCA and score value analysis of 600 single Raman spectra of
COL | per patient did not allow to clearly identify fibrotic COL | from controls when
comparing liver, colon, breast, lymph node and myocardium together, however,
suggested by the loading plot that fibrotic COL | structurally differs COL | fibers of
controls. According to the loading plot, the separation between COL | from control and
fibrotic diseases were mainly originated by changes in spectral intensities located in the
amide | region (1580-1720 cm™) together with peaks responsible for changes in the
amide Il and amide IIl region (Becker and Lu et al., Appendix lll, Figure S1). [274,275].
The differences between averaged COL | Raman spectra of both control and fibrosis

from liver portal triads are displayed in Figure 13a. Examination of the amide | area
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(Figure 13Db) displayed differences between control and fibrosis. This finding implicated a
structural difference between fibrotic and control COL | as in the amide | region most
information about the secondary structures such as -l i k e h eslhieceetssns abol
random coils were found. To further analyze the secondary structure of COL | fibers,
spectral deconvolution was implemented to evaluate substructural peaks within the
amide | region and calculate the peak areas and widths. With spectral deconvolution, five
substructural peaks were calculated based on the shape of the averaged amide | region
of COL | fibers and literature (Figure 13c,d) [276]. The comparison of peak areas and
widths of all substructural peaks among COL | spectra of control and fibrosis of different
human organs displayed a consistent increase at the peak located at 1608 cm
throughout all tissue origins including liver, colon, breast, lymph nodes (Figure 13e)
(Becker and Lu et al., Appendix lll, Figure 4). Comparison of peak widths and areas of
other substructural peaks inside the amide | region located at 1563, 1588, and 1636 cm"
1, displayed no observable trend between control and fibrotic COL | fibers (Becker and Lu
et al., Appendix Ill, Figure S2). Additional to spectral deconvolution developed on
average COL | spectra, Raman images containing the entity of single Raman spectra of
COL | were analyzed by a filter image approach. Histogram and mode analysis of the
ratio of sum-filter images generated at 1667 and 1608 cm allowed an image-based
evaluation of COL | fibers (Becker and Lu et al., Appendix lll, Figure 5). Comparing the
histograms and modes of sum-filter image ratios between control and fibrotic COL |, a
consistent trend with increased values in control COL | was identified throughout all
examined tissues except colon. The low values in the control tissue indicated a lower
overall signal at wavenumber 1608 cm* when all COL | spectra in the individual Raman
images were considered, further strengthening the identification of a fibrosis-specific

biomarker.
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Figure 13: Spectral deconvolution of collagen type | (COL 1) Raman spectra displays consistent
differences between fibrosis and controls in various human tissues. (a) Average Raman spectra of
COL I from control (gray) and fibrotic (red) liver portal triads. (b) Amide | region of control and fibrotic COL |
of liver portal triad. The shaded error lines represent the standard deviation. (c) Spectral deconvolution
(Sdc) of the amide | region of control liver portal triads. (d) Sdc of the amide | region of fibrotic liver portal
triad. (e) Peak areas at 1608 cm™ calculated by Sdc of various human tissues and fibrotic diseases.
Statistical analysis: t-test, n=3, *p<0.05, **p<0.01, ns: not significant. Adapted from Becker and Lu et al;
Appendix Il [277].

The spectral signature located at 1608 cm™ was representative for the amino
a c i gyresine and phenylalanine (Phe) [278,279]. The increased Raman signal in fibrotic
COL I located at 1608 cm™ indicated a replacement of the amino acids at Xaa or Yaa to
Phe, which was reported to induce alterations in the dissociation constant of the binding
of HSP47 to procollagen [268,270]. Therefore, the identified biomarker might have
indicated the increased binding affinity of HSP47 contributing to the excessive production
and formation of collagen leading to fibrosis [273,280]. If further testing of this hypothesis

holds for additional fibrotic diseases and more patients in varying ages, the identified
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Raman biomarker for fibrotic COL | might assist pathologists in challenging cases of
diagnosis. Furthermore, the fibrosis-specific Raman biomarker could be used in potential

Raman-endoscope setups to support intraoperative diagnostics in the future.

We further asked whether it is possible to detect fibrotic COL | changes with the
specific Raman biomarker in diseases in which fibrosis is suspected but not yet fully
confirmed. Therefore, we compared Raman spectra of COL | from the peritoneum and
endometrium and compared them to COL | of endometriosis from the ligamentum
sacrouterinum (LiS) and septum rectovaginale (SRV) (Becker and Beyer et al.,
Appendix IV, Figure 2, 4). In endometriosis it is still debated if a fibrotic alteration of
collagens is present in endometriotic lesions [281]. We employed RMS and TCA on
cryosections of human endometrium and endometriotic glands to identify endoplasmic
reticulum, lipids, elastic fibers, COL | and nuclei (Becker and Beyer et al., Appendix IV,
Figure 1). First, score value analysis of COL | Raman spectra identified a statistically
significant difference between endometrium and endometriosis across all menstrual cycle
phases (Becker and Beyer et al., Appendix IV, Figure 2), where the loading plot
indicated alterations in the amide I, Il and Il regions. Second, the Raman biomarker at
1608 cm* allowed to identify increases in peak area and width in endometriosis from LiS
and SRC compared to endometrium and peritoneum, giving molecular insights that

endometriosis might be correlated with fibrosis.
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3.3 Disease Diagnostics

3.3.1 Epigenetic Alteration in Endometriosis and Cardiomyopathies

Epigenetic modifications are pivotal in pathological tissue aberrations, as
evidenced by their significant role in DNA methylation and histone alterations [282,283].
These dynamic regulators influence cellular proliferation and behavior, thereby exerting
an impact on tissue morphology in the pathogenic process [284,285]. For instance, tumor
cells often show epigenetic hypomethylation of gene promoter regions, leading to an
activation of oncogenes and initiation of chromosome instability [286-289], while DNA
hypermethylation initiates the silencing of tumor suppressor genes [290-292]. But also, in
cardiomyopathies and other non-cancerous diseases such as endometriosis the
influences of epigenetic modifications were identified [293-295]. Therefore, the DNA
methylation profile may be relevant for pathogenesis, diagnosis, and prevention/therapy
of various oncological and benign diseases [285]. The most common epigenetic alteration
is 5-methylcytosine (5mC), accounting for 4% of all cytosines in the human genome
[285,296,297]. The main feature of cytosine methylation is its accumulation and specificity
in symmetrical cytosine-phosphate-guanine (CpG) islands found in gene promotor
regions, in which methylations are present on both DNA strands. The process of de novo
methylation is facilitated by the action of DNA cytosine-5-methyltransferases 3A and 3B
(DNMT3A/DNMT3B), and subsequently upheld by DNMT1 during DNA replication.
During this process, the methylations can be accurately propagated through the copying

of the parental strand onto the newly synthesized, unmethylated strand.[285,298,299].

Currently, common methods to identify the epigenetic profile of cells include for
instance next-generation sequencing (NGS) or methylation microarrays to characterize
single DNA bases. However, these methods have been very time-consuming and require
the disruption and sacrifice of tissue and the isolation of cellular DNA [300,301].
Previously it was shown that non-invasive RMS is capable of identifying epigenetic 5mC
in mouse models [302]. We therefore applied this promising methodology to several
human tissues to on the hand gain new insights in the pathology of different diseases
and on the other hand to elucidate the potential of RMS being utilized for disease
diagnostic based on epigenetic modifications. RMS and TCA were utilized on
cryosections of human endometrium, endometriosis, and peritoneum tissue and FFPE
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sections of different cardiomyopathies to identify nuclei Raman spectra (Becker and
Beyer et al., Appendix IV, Figure 1; Becker et al., Appendix V, Figure 2). To identify
epigenetic alterations between control and diseased tissue, nuclei Raman spectra of
endometrium and endometriotic glands, as well as nuclei from cells in areas of fibrosis in
cardiomyopathies were investigated by PCA and filter image analysis. Score value
analysis identified a statistically significant difference between endometrium and
endometriosis glands across all menstrual cycle phases (Becker and Beyer et al.,
Appendix IV, Figure 3). Prominent peaks in the loadings that distinguished endometrial
nuclei from endometriosis were depicted at 794 and 1101 cm?, indicators of POz in the
DNA backbone [190]. Further, in the endometrium shifts were observed at 676, 1341, and
1484 cm corresponding to the DNA base guanine [192,303]. In contrast, nucleic Raman
spectra of endometriosis displayed increased spectral intensities in structural amide Il
and amide Il at 1239 and 1554 cm attributed to changes in histone packing potentially
identifying active or inactive genes [304,305] as epigenetic methylations can also occur at
various sites in the histones involved in the condensation of DNA. In histones,
methylations primarily are located at lysine and arginine residues [306]. The peak at 1285
cm? corresponded to cytosine or methylene [307]. Further, prominent shifts at 1366 and
1443 cm? found in endometriosis were related to methylations indicating an increased
CHs level in DNA of nuclei in endometriotic glands [308-310]. To elucidate if the increased
levels of methylation can be attributed to epigenetic 5mC modification, IF imaging of 5mC
was performed (Becker and Beyer et al., Appendix IV, Figure 3). 3D images of nuclei
from endometrium and endometrial glands were acquired and the 5mC signal was
evaluated by fluorescence intensity showing increased signal intensity in endometriosis
across all menstrual cycle phases compared to endometrium. Additionally, the number of
epigenetic foci per nuclei displayed a statistically significant increase in endometriosis,
which supported the results obtained by PCA. To further test the potential of RMS in the
identification of epigenetic changes, filter images were generated based on the
wavenumber representative of methylations located at 1370 cm™. Mean gray value
analysis of filter-images normalized to whole nucleus signal revealed statistically
significant increases in endometriosis compared to endometrium. In combination with the
result of IF imaging, these findings provided proof of concept that marker-independent
Raman imaging of 5SmC may hold potential in the epigenetic assessment of endometrial

tissue.
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Relating the methodology to a more clinically relevant situation, the epigenetic
profiles of endometriosis of LiS were compared to those of SRV and healthy peritoneum
in which endometriosis can occur [311]. The comparison showed that the weakest
epigenetic signal is found in the peritoneum, while both endometrioses were statistically
significantly increased (Becker and Beyer et al., Appendix IV, Figure 4). This result
suggested that the epigenetic profile indeed has the potential to be used for diagnosing
tissue alterations. However, it is necessary to examine many more tissues and different
localizations of many patients to clinically implement the method. In addition, it is
important to examine control tissue from diseased patients to avoid errors due to patient-
specific differences. Clinically, however, this is not easy to realize since the excessive

removal of healthy tissue from patients must be avoided for health reasons.

5mC staining was also performed on control myocardium and different
cardiomyopathies including DCM, hypertrophic cardiomyopathy (HCM) and ischemic
heart disease (HCM) (Figure 14a, Becker et al., Appendix V) as epigenetic modifications
were already reported elsewhere to have an influence in the development of these
diseases. Especially it was demonstrated before that DNMT1 is involved in the
development of cardiac fibrosis [312,313]. IF staining displayed statistically significant
increased amounts of COL | in IHD, HCM and DCM compared to control myocardium
(Figure 14b). Moreover, statistically significant increased amounts of USMA were found in
DCM (Figure 14c) compared to control myocardium. In IHD and HCM the tendency of
increased amounts of USMA was detected. Quantification of the area (Figure 14d) and
fluorescence intensity (Figure 14e) of 5mC in fibrotic areas displayed statistically
significant increases in IHD and HCM compared to control myocardium, while DCM
showed a tendency of increased fluorescence intensity. This result coincided with results
from PCA analysis of nuclei Raman spectra. PCA and score value analysis identified
statistically significant differences between control myocardium and all three
cardiomyopathies (Figure 14f). While increased signals in DNA and DNA backbone were
identified in controls at 782, 815 and 1222 cm%, cardiomyopathies exhibited increased
signals in cytosine as well as methylations at 1257 and 1379 cm (Figure 14g). Both
5mC analysis of endometriosis and cardiomyopathies implicated that epigenetic
methylation of cytosine and following abnormal gene expression play an important role in

the so far poorly understood etiology and pathogenesis of fibrotic diseases [314,315].
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Figure 14: Raman imaging identifies epigenetic alterations in cardiomyopathies.(a) IF images of 5mC
staining of control myocardium, ischemic heart disease (IHD), hypertrophic cardiomyopathy (HCM) and
dilatated cardiomyopathy (DCM). Colors in IF staining: Nuclei (blue), COL | (yellow), 5mC (turquoise).
Scale bar equals 100 um. (b) Quantification of the amount of 5mC based on IF images normalized by
nuclei. (c) Quantification of the fluorescence intensity of 5mC. (d) Score value analysis of PC-1 from nuclei
Raman spectra from control myocardium and cardiomyopathies. (e) Corresponding loading plot. Statistical
analysis: t-test, n=5, *p<0.05, **p<0.01, **p<0.001, ****p<0.0001; ns: not significant. Adapted from Becker
et al. Appendix V, Figure 3.

As discussed earlier, in normal wound healing, myofibroblasts are removed via
apoptotic pathways after secretion of ECM molecules. However, due to influences of
epigenetic modifications of DNA the myofibroblasts may get persistent and stay activated
as they develop apoptosis resistance ultimately resulting in an excessive production and
deposition of collagens (Figure 15) [316,317]. This hypothesis is further supported by the
increased expression of USMA in cardiomyopathies consistent with elevated 5mC levels
compared with normal myocardium (Figure 14c). Alternatively, the epigenetic modification
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could also result in an activation of the phenotypical switch of fibroblasts into

myofibroblasts secreting ECM molecules even without the presence of a wound [318].
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Figure 15: Schematic representation of the epigenetically regulated production of ECM.
Phenotypical differentiation of fibroblasts into myofibroblasts is triggered by epigenetic signals.
Myofibroblasts expressing USMA produce extracellular proteins such as collagens. The apoptosis of
myofibroblast might be suppressed by epigenetic modifications, resulting in persistent activation and
excessive production of ECM.

Overall, it requires further testing of epigenetic expression on more fibrotic
diseases and patients to determine if the methylation of cytosine is always a direct
indicator of fibrosis. However, IF staining and RMS results showed promising evidence
that there is a link between the development of fibrosis and epigenetic modifications of
DNA.

3.3.2 Potential and Limitation of Raman Spectroscopy based Tissue
Discrimination

RMS allows to resolve different tissue structures by specific spectral fingerprints.
Even minute spectral differences can be identified using various ML technigues such as
PCA, LDA or neural networks-based algorithms. Compared to histopathology, RMS
offers the huge advantage of instantly examining tissue without the need for time-
consuming preparation [319]. However, in many applications and in experiments
presented in this thesis, Raman spectra were only acquired in a relatively small area
(100 um?2) compared to the size of the tissue (several mm?). For small areas, TCA and
PCA are very suitable for distinguishing tissue structures, but the recording of large areas
is limited by the required time. Should Raman spectroscopy, for instance in the form of
an endoscope, eventually find its way into clinical routine i.e., for the intraoperative
application of tissue discrimination, the required time for a measurement is an essential
health but also economic factor as one minute of operation costs approximately 16U [320].
In this context, the question arises to what extent a punctual Raman measurement of

widely separated points of the tissue is sufficient to capture the tissue morphology in a
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clinically adequate framework. This problem becomes apparent when a diagnosis is
based on rarely occurring and only small features, such as epigenetic modifications that
only appear in cell nuclei. Raman measurements of endometrial sections and fibrotic
human tissues were performed with a spectral resolution of 0.5 and 1 pum, respectively,
while the spot size of 5mC was identified to be approximately 1 um. Due to the relatively
large spot size and the relatively high amount of epigenetic 5mC in cell nuclei (4%) [296],
the spectral features of methylations were detected. If a particular epigenetic
modification, for example that of a histone subtype, occurs only rarely and has the size of
a single protein and additionally overlap with other biological relevant features, it is very
likely that the signal of specific epigenetic features is too small to be identified by RMS
and PCA. Potentially, advanced ML technigues could help to identify these minute
spectral features.

However, in the case of traditional RMS, a coincidental measurement of single
epigenetic features in large tissues and the additional measurement of a healthy
reference appears very unlikely. This would make the detection of epigenetic changes
suitable only for post-operative diagnosis, where time is no longer a critical factor.
Alternatively, the physician could delineate and resect a small area during operation,
which would then be measured directly afterwards with high spectral resolution. This
approach would save the required time for epigenetic staining and money for the needed
chemicals and antibodies.

In comparison to epigenetic modifications found in nuclei, COL | fibers are
manifold more abundant in human tissues, as COL | is one of the main components of
ECM present in all tissues [321,322]. The particular importance of an intact ECM s
illustrated by a variety of syndromes ranging from minor to severe disorders, such as
invasive cancers and fibrosis, making it an excellent target for disease detection [322].
With the identified fibrosis Raman marker, which allows to detect fibrotic COL | by the
peak area at 1608 cm, a big improvement in tissue diagnostics could be achieved
(Becker and Lu et al., Appendix Ill). However, it remains the question which Raman
parameter is the most robust and easiest one to apply to differentiate between fibrosis
and control COL | fibers in a clinical application. In clinical settings, particularly during
surgeries, clinicians may rely on single point Raman measurements as they are the most
technically feasible. Therefore, the proposed analysis to evaluate the fibrosis biomarker
was conducted on only 20 randomly selected single spectra of COL | from each donor

Raman image and compared to each other to simulate the smaller number of available
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spectra in comparison to the performed RMS measurements on over 1000 single Raman
spectra per image (Becker and Lu et al., Appendix Ill, Figure 3). Figure 16 showcases
the peak area computed through spectral deconvolution at 1608 cm (Figure 16a) as well
as the mode of the filter-image approach (Figure 16b), when 20 arbitrary Raman spectra

are randomly chosen from the pool of available COL | Raman spectra.

a Sdc Liver lob Sdc Liver pt Sdc Colon Sdc Breast Sdc Lymph Sdc Cardiac
30 ns T30 30 30 30 ©30-
o o o o @ o
5] ® cs a ] @ a
4 4 4 4 X 4
© 20— © 20— @ 20— © 20 < 20— 820
- 2 2 2 2 2 s
& o < = o ns b
£ 10— €10+ £10- ns €10+ ns £10- €10
o o o (&) — (&) [}
2 2 2 2 2 g
S o- S oA S 04 S o- g o- = 0-
i i N ) ) N
S S & & O ¢ & &° © &
& & N NN L & L SN
O Q\Q (@) Q@ (@) <<\‘° @) <<‘0 19 ((\‘Q O &S
b
S Mode Liverlob 5 Mode Liver pt 'S Mode Colon 5’ Mode Breast '5°  Mode Lymph 'S Mode Cardiac
S, <, 3, S, S, s,
o 30— o 30— o 30— o 30— o 30— o 30-
© © s < S s
o — Ll Ll i —
= 20 £ 20 ‘£ 20— £ 20 = 20 e 20
o (&) o o (8] o
2 2 2 w3 s 08 =g ki
SR [ g 10- ns g 10- g4 — G104 g 10+
& —— o & & & &
R ACTRENET BT RN ST )
o 0_ (8] O_ o 0_ o 0_ o O— o O_
© A © A © A © N S A © A\
¥ P & & ¥ P & P &0 P &

Figure 16: Spectral deconvolution (Sdc) and peak ratio analysis of the amide | region from 20
randomly selected and averaged COL | Raman spectra display similar separation between control
and fibrosis through all tissue types. (a) Peak area at 1608 cm calculated based on spectral
deconvolution of amide | area of 20 randomly selected and averaged COL | spectra from control and
fibrotic hepatic lobules (liver lob), liver portal triads (pt), colon, as well as connective tissue of the breast,
lymph nodes and myocardium show similar separation through all tissue types. (b) Frequency of modes
from filter image ratio at 1608 cm' normalized by amide | maximum. Statistical analysis: t-test, n=3,
*p<0.05, **p<0.01, ns: not significant.

The analysis revealed that the tendency towards higher peak areas persisted
despite a reduced number of utilized Raman spectra in comparison to the study that
examined all available Raman spectra (Becker and Lu et al., Appendix lll, Figure 4,
Figure 5). However, the differences no longer exhibited the same level of statistical
significance, as significant increases in peak area in fibrotic COL | spectra were only
detected in portal fields of the liver and. In hepatic lobules, colon, breast, and lymph
nodes only tendencies of separation were observed. When examining the results of the
mode analysis of filter images, the lower number of used Raman spectra becomes even
more apparent, as significant differences were only found in the breast. While the

tendency for increased modes was detected in portal triads of the lymph nodes, and
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myocardium, no difference between control and fibrosis were observed in hepatic lobules
and colon.

If the quantity of accessible spectra diminishes, there is a propensity for a decline in the
quality of the mean spectrum obtained. This could possibly result in noteworthy
impediments in the estimation of peak area and width. The deviations from the results
acquired by considering all the Raman spectra (~1000 spectra per Raman image) were
mainly attributed to the noise in the Raman signals. The noise led to more peaks being
present in the averaged COL | spectra, which were eliminated when all the COL | Raman
spectra were considered. Spectral deconvolution considered all these individual peaks
when determining peak areas and widths, thus influencing the results. In a clinical
context, this constraint may be even more prevalent when accounting for the interference
of Raman spectra by blood and the auto fluorescence of biological tissues. Here, extra
pre-processing and signal enhancing steps are then required, increasing the complexity
of data analysis. This problem is not only severe in single Raman spectra of collagen but
in general, which makes the tissue classification, i.e., with ML techniques such as deep

learning challenging.

Another challenge in this context is the amount of data required for a good
classification of the tissue. An important part of data classification is the training of ML
models and the preceding data preparation. Techniques such as deep learning require a
large amount of data. However, it is challenging to generate a large amount of
independent Raman spectroscopic data, since the tissue must first be preserved and
additionally evaluated by a pathologist to avoid measuring irrelevant regions. This is
especially important for supervised learning algorithms where a class label is mandatory.
Furthermore, there is no large open-source database of clinical Raman data to date to
pre-train ML models for transfer learning [248]. Finally, it remains questionable whether a
pre-trained ML model of a particular dataset can be generalized and used for the
classification of another dataset, since poor results might be obtained due to, for
example, overfitting. Apart from these questions, a neuronal network-based classification
of clinically relevant data provided good results on tailored datasets (Becker et al.,
Appendix |, Table S2; Becker et al., Appendix Il, Table S1; Becker and Beyer et al.,
Appendix IV, Table S2; Becker and Lu et al., Appendix Ill, Table S1)

Raman spectra of both nuclei and COL | of glands from endometriotic lesions from

the LiS and the SRV were compared to control peritoneum with a convolutional neuronal
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network and classified to the groups control and diseased (Becker and Beyer et al.,
Appendix IV, Table S2). Classification yielded an accuracy of 98.5%, sensitivity of
98.6%, and a specificity of 98.3% showing the potential of RMS in combination with
neuronal networks being applicable for endometriosis detection. However, it is imperative
to test this procedure on further donors and other sites of endometriosis such as from
genitalia interna (i.e., myometrium), genitalia externa (i.e., vagina, perineum) or extra
genitalis (i.e., ureter, retroperitoneum, lung, brain) and to extend it to include other tissue
structures, since only the glandular regions have been considered in detail so far. For a
clinically robust application, the spectral signatures of endometriosis must be compared
to all structures that may be adjacent along the resection pathway. In addition to the
peritoneum, these include the stroma, musculature, fascia, or ligaments.

A neural network of similar architecture was also utilized to classify Raman
spectra of COL | from both healthy and fibrotic tissue samples taken from various human
organs. However, the classification accuracy was found to be only 72%, with a sensitivity
of 64% and a specificity of 72% (Becker and Lu et al., Appendix lll, Table S1). These
insufficient results may be due to variations among individual patients or the limited
sample size but could also be a result of intrinsic differences between the various organs.
Nonetheless, the application of a neural network-based classification still outperformed a
classical linear discriminant analysis, which only achieved an accuracy of 62%, with
sensitivities and specificities of 62% and 63%, respectively. An expanded dataset could
potentially enhance the classification performance. However, if efforts to improve the
classification results prove to be ineffective, it may also suggest that the use of COL |

Raman spectra alone may not be adequate for a reliable determination of fibrosis.

Other significant challenges must also be addressed when working towards the
clinical application of Raman spectroscopy. One significant obstacle in the case of in vivo
application is the presence of background autofluorescence caused by various
components, such as collagens and red blood cells, under excitation with light in the
visible and near-infrared range. [323,324]. Collagens show strong fluorescent signals
originated by the amino acids tyrosine and phenylalanine that are especially accumulated
in collagen cross-links [325-327]. In comparison, in blood autofluorescence is originated by
hemoglobin. Depending on which excitation wavelength is used for RMS, the resulting
fluorescence signals vary. In a surgical application, near-infrared lasers are more suitable

because they produce less autofluorescence than lasers in the visible range as fewer
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molecules absorb in near-infrared region. Furthermore, near-infrared lasers produce less
photodamage even at high laser powers, which is especially important for the patient's
health [87]. Another advantage of longer wavelength light sources is the increased
penetration depth of the light in the tissue, since the scattering scales with &Y, where &
describes the wavelength and U ranges between 0.2 and 4 [328,329]. It is precisely this
increased penetration depth that provides interesting information, as it can reveal
molecular changes even below the visible surface. As a result, RMS could be used to
detect underlying diseases without the need to remove tissue and. This is particularly
interesting in the case of deep infiltrating diseases such as certain types of cancer or
endometriosis [330,331]. However, the major limiting factor of near-infrared lasers is the
decrease of Raman intensity with increasing wavenumber resulting in a longer exposure
time needed. Compared to a 532 nm laser, the excitation efficiency drops by a factor of
4.7 when using a near-infrared 785 nm excitation source [332]. Potentially, signal
enhancing techniques such as CARS or SRS could be applied to solve the occurring
limitations. These methods raster a sample at a single wavenumber which drastically
increases the speed and contrast of a single scan, however, the information of the whole
spectral fingerprint is not accessible anymore. These methods are especially useful in
acquiring information of C-C and C-H information relevant in lipids. In diseases where
increased lipid droplet formation is observed such as CRC and brain cancer, CARS and
SRS could be ideal tools to quickly determine at which sites such abnormalities form
[333,334]. In combination of CARS or SRS with SHG images of collagen structures and
ML techniques, even H&E like images can be created without the need of the actual
staining [335]. If this technique finds its way into an endoscope, intraoperative diagnostic
could be revolutionized, as the gold standard procedure including biopsy, fast-freezing,

cryo-sectioning, H&E staining, and pathological examination could be performed live.
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This thesis reported the establishment of RMS and FLIM in combination with various
ML techniques for the tissue discrimination of fibrotic diseases and assessment of drug
efficacy in patient-derived cancer organoids. Together, RMS and FLIM are promising
tools for the non-invasive in situ monitoring and characterization of drug responses of
patient-derived organoids before the treatment is administered to reduce therapy failure
and reduce patients suffering. It was successfully demonstrated that RMS and FLIM
allow the discrimination between patient-specific differences in drug response by
alterations in their metabolic state after drug treatment. In comparison to standard
techniques such as protein expression analyses which are currently used to identify the
responsiveness of cells, major advantages of RMS and FLIM are their marker-
independence, non-invasiveness, and sensitivity on a molecular level, which allowed a
real-time monitoring of both drug uptake and cellular response to treatment. For the
proposed methodology to be implemented in everyday clinics, it is necessary to
undertake extensive efforts to establish robust protocols for RMS and FLIM
measurements. This will require the analysis of many patients, as well as a diverse array
of cancer organoids in various stages of development. The initial cohort to be evaluated
should include individuals of different ethnicities, as genetic variations and environmental
factors may impact the cellular response to drugs [336,337]. Furthermore, to achieve a
comprehensive pre-investigation of the efficacy of a drug for a specific patient, it is crucial
to also investigate the effects of the drugs on healthy cells. This can be accomplished by
treating organoids of healthy cells with the drugs and comparing the results to those
obtained from the treatment of cancer cells. Through this approach, it will be possible to
design an optimally effective medication plan with minimal side effects. To further
consider the potential interactions between different organs, the utilization of organ-on-a-
chip and human-on-a-chip models may provide valuable insights. These models mimic
the in vivo microenvironment and physiological conditions of human organs and organ
systems, allowing for the investigation of drug efficacy and toxicity in a more
physiologically relevant context. Furthermore, these models can also be used to simulate
complex multiorgan interactions and to analyze the systemic effects of drugs, providing a
more comprehensive understanding of drug pharmacokinetics and pharmacodynamics.
The integration of these cutting-edge technologies into the proposed methodology could

65



4 Conclusion & Outlook

enhance the predictive power and accuracy of drug efficacy and safety assessments,
ultimately leading to the optimization of treatment plans for individual patients.

Additionally, the experiments need to be repeated with a biobank of different
chemotherapeutics and combinations of two or more drugs to identify the best possible
treatment for each patient. To be used routinely, the complexity of RMS and FLIM
measurements and analysis needs to be decreased as much as possible. Here, an
automatized analysis functionality could allow high-throughput screening and analysis.
The required measurement time is another hurdle which could be solved in measurement
of Raman spectra and fluorescence lifetimes by bimodal probes [338]. An Al-guided and
automized analysis of Raman and FLIM data could then lead to an easy accessibly
classification of drug efficacy.

In addition to monitoring cellular changes in organoids during drug treatment, RMS
for in situ monitoring and characterization of both cellular and extracellular properties
show great potential for identifying diseased tissues. RMS in combination with spectral
deconvolution was successfully utilized to identify a biomarker for fibrotic COL 1 fibers
compared to controls in various human tissues and diseases. In comparison to standard
techniques such as histopathological staining, major advantages of RMS were the non-
invasive and marker-independent approach to identify molecular changes allowing a real-
time and in-situ characterization of fibrotic diseases. This biomarker for fibrotic COL | has
been successfully used in known fibrotic diseases such as Crohn's disease in the colon
or fibrosis developed from liver cirrhosis or even cancer in breast and lymph nodes as
well as cardiomyopathies, but also showed differences in diseases where the fibrotic
pathology is not yet clarified, such as endometriosis. If confirmed in many other fibrotic
diseases and in a large number of patients in a wide range of age groups, the discovered
biomarker would be useful in answering a variety of medical questions. The biomarker
could not only be used to identify fibrous collagen fibers to assist pathologists in difficult
cases but could also be used in drug discovery. Until now, drug treatments have only
been suitable for alleviating the unpleasant symptoms of fibrosis in order to improve the
quality of life. Recently, however, inhibition of interleukin 11 in idiopathic pulmonary
fibrosis with a neutralizing antibody was shown to result in reverse myofibroblast
activation with subsequent inhibition of fibrotic development [339]. In combination with 3D
in vitro models of fibrotic tissue, the developed Raman biomarker could be used to
monitor the direct response of the COL | network to drug treatment.
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In addition to the pathological evaluation of tissues based on extracellular structures,
it has also been successfully demonstrated that different diseases can be distinguished
based on their epigenetic profiles. In accordance with IF staining, PCAs and Raman
images of cell nuclei identified 5mC as an epigenetic modification in different tissues.
Based on the increased intensity of specific spectral signatures of methylations and
cytosine, endometriosis could be distinguished from endometrium and peritoneum. In
addition, the same result was observed in various cardiomyopathies of the heart
compared with controls. The results provide important evidence that characterization of
diseased tissue using epigenetic signatures can be accomplished by RMS. In future
research, the identification of 5mC as well as other epigenetic changes in different
tissues and diseases could be an important key to improve disease detection. Again, the
strength of the RMS resides in the non-invasive and marker-independent methodology
for identifying molecular changes. In addition to the identification of DNA methylation, the
monitoring of acetylation, another important epigenetic feature, could be an interesting
target for further research.

In summary, this work demonstrated that RMS has the potential to identify drug-
induced effects at the cellular level, as well as provide a method to distinguish diseased
tissue from healthy tissue by fibrotic and epigenetic characteristics. If the results obtained
can be confirmed in a large number of independent experiments, RMS could be
increasingly used in the future to address medically relevant questions. Potentially, if the
development of Raman probes suitable for intraoperative usage allows for an in vivo
application in the future, the identified Raman biomarkers for fibrosis and epigenetic
modification could also be utilized for a live detection of diseases during operation or

directly after resection.
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Abstract: Three-dimensional (3D) organoid culture recapitulating patient-specific histopathological
and molecular diversity offers great promise for precision medicine in cancer. In this study, we estab-
lished label-free imaging procedures, including Raman microspectroscopy (RMS) and fluorescence
lifetime imaging microscopy (FLIM), for in situ cellular analysis and metabolic monitoring of drug
treatment efficacy. Primary tumor and urine specimens were utilized to generate bladder cancer
organoids, which were further treated with various concentrations of pharmaceutical agents relevant
for the treatment of bladder cancer (i.e., cisplatin, venetoclax). Direct cellular responise upon drug
treatment was monitored by RMS. Raman spectra of treated and untreated bladder cancer organoids
were compared using multivariate data analysis to monitor the impact of drugs on subcellular struc-
tures such as nuclei and mitochondria based on shifts and intensity changes of specific molecular
vibrations. The effects of different drugs on cell metabolism were assessed by the local autofluo-
rophore environment of NADH and FAD, determined by multiexponential fitting of lifetime decays.
Data-driven neural network and data validation analyses (k-means clustering) were performed to
retrieve additional and non-biased biomarkers for the classification of drug-specific responsiveness.
Together, FLIM and RMS allowed for non-invasive and molecular-sensitive monitoring of tumor-drug
interactions, providing the potential to determine and optimize patient-specific treatment efficacy.

Keywords: patient-derived tumor models; personalized medicine; non-invasive molecular imaging;
machine learning; drug efficacy testing

1. Introduction

Patient-derived tumor organoids have emerged as useful in vitro models for the
high-throughput screening of drugs for individualized cancer treatment [1-3]. In vitro
three-dimensional (3D) organoids, producible in a short time from small amounts of tissue,
enable drug testing and the identification of potential diagnostic biomarkers. Such 3D
organoids can be generated not only from surgical specimens, but also from endoscopic
fine-needle aspirates, biopsy samples or even from patients” body fluids [4,5], allowing for
the recapitulation of a wide range of disease stages and clinical conditions. To date, the
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majority of preclinical bladder cancer research has been conducted with bladder cancer cell
lines or mouse models [6,7], poorly representing the features of human bladder tumors.
Recently, the generation of mouse and human bladder cancer organoids was reported [8,9],
recapitulating the broad histopathological and molecular spectrum of human bladder
cancer and suitable for analyses of patient-individualized drug responses. One of the
main obstacles in generating organoids is obtaining the patient’s tissue, which is typically
received from a biopsy. A novel, simplified and non-invasive method is to collect the urine
of a patient, eliminating the need for surgery under anesthesia [4,10].

Drug metabolism and uptake, dose-dependent efficacy and the development of drug
resistance are key determinants in the treatment of cancer patients. Within the last decade,
it has been well recognized that these parameters vary greatly from patient to patient,
necessitating personalized options for treatment [11-13]. Pretreatment screening of the
dose-dependent potency of chemotherapeutics increases success rates and precludes drug
overuse, thereby preventing side effects and additional patient suffering. Moreover, such
patient-specific information could make therapies more cost-effective.

Conventional methods to monitor drug-induced effects in cell cultures typically in-
clude either cell viability assays or gene and protein expression assays, which allow de-
tailed analysis of total protein or DNA composition [14,15]. Overall, these methods assess
the pooled response of a batch of crganoids and ignore the cellular heterogeneity that
drives resistance to tumor treatment while being time-consuming and requiring lysis of 3D
organoids to extract biomolecules [16]. Spatially resolved techniques such as immunofluo-
rescence imaging inherit other limitations such as sample fixation and the incorporation
of a fluorophore that could interfere with native intracellular biochemistry. Moreover,
each fluorophore probes only one specific biomolecule, limiting the amount of obtainable
biochemical information.

Advances in non-destructive imaging techniques have evolved over the past decade,
providing time-resolved insight into cellular metabolism and molecular composition. Here,
label-free fluorescence lifetime imaging microscopy (FLIM) utilizing the endogenous fluo-
rescence of nicotinamide adenine dinucleotide (NADH) and flavin adenine dinucleotide
(FAD) provides new possibilities for gathering information about metabolic pathways. Both
coenzymes are involved primarily in the mitochondrial tricarboxylic acid cycle and electron
transfer chain, where they are engaged in the formation of adencsine triphosphate and
reactive oxygen species (ROS) as part of the energy metabolism and apoptosis pathway [17].
One hallmark of cancer cells is the reprogramed metaboelism in their energy production.
According to the “Warburg effect”, cancer cells are characterized by a dominating aerobic
glycolysis metabolism compared to the normally favored oxidative phosphorylation [18].
FLIM possesses the fidelity to identify minute changes in the distribution of bound and
free NADH and FAD as a direct measure of the metabolic state [19]. Hence, FLIM is a
promising tool for monitoring the direct drug response of chemotherapeutics in organoid
models [20].

Complementary to FLIM imaging, non-invasive Raman microspectroscopy (RMS)
enables the marker-independent and molecular-sensitive identification and localization of
subcellular structures. Molecular fingerprints of Raman active biomolecules such as pro-
teins, lipids, or nucleic acids can reflect a specific tissue state or cellular phenotype [21-24].

These methods yield a large amount of data not describable by conventional univari-
ate models. Therefore, data-driven machine learning tools such as principal component
analysis (PCA), k-means clustering, or neural networks have been introduced for the analy-
sis of RMS data to identify the main features of cellular changes after drug treatment in
different and complementary approaches [25,26]. Whereas PCA and k-means methods
are based solely on linear transformations, neural networks make use of non-linear activa-
tion functions and are able to find rather unintuitive and ulterior correlations in the data,
which ultimately yields better clustering [27]. Another research-oriented goal is to utilize
these machine learning tools to find new; hitherto unknown biomarkers with completely
unbiased approaches.
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In this study, 3D organoids of the bladder cancer cell line RT112, bladder cancer
organoids (BCO) derived from primary tumor biopsy tissue, and urine-derived organoids
(UCO) from bladder cancer patients were treated with cisplatin (cis) or venetoclax (vix) and
evaluated with FLIM and RMS. Herein, we aim to address the molecular and metabolic
response of different organoid entities and to develop a multiparametric data-based model
that can predict patient-specific treatment efficacies.

2. Results

We characterized three different organoid models derived from a bladder cancer
cell line RT112, patient-derived primary bladder cancer tissue (BCO) as well as patient
urine (UCO) and compared their direct reaction to anticancer drugs cis and ofx. RMS
and FLIM were implemented for spatially and time-resolved measurements of cellular
drug responses.

2.1. Raman Microspectroscopy Allows Label-Free Imaging of Bladder Cancer Organoids

Organoids were derived from a bladder cancer cell line, primary bladder cancer tissue
and urine. Immunofluorescence (IF) staining for the epithelial cell markers cytokeratin
5 and cytokeratin 7 and the transcription factor GATA3 was performed to characterize
the three cancer organoid models (Figure 1a). IF images served for validation of the
cancerogenic phenotype of the cultured urothelial organoids and confirmed successful
cultivation. All organoids expressed cytokeratin 7 and GATA3, whereas cytokeratin 5 was
not expressed in UCO.

Organoids were treated with different concentrations of ¢is or vtx. RMS was performed
after 24 and 48 h, respectively. Utilizing true component analysis (TCA), six major cellular
components were identified that could be attributed to mitochondria (red), nucleic acids
(blue), cytoplasm (green), lipids (yellow), an unknown component (turquoise) and Matrigel
(orange) based on their location within the organoids (Figure 1b} and their Raman finger-
print spectra (Figure 1c}. To obtain information about the distribution of both drugs in the
organoids, acquired reference spectra of solid drugs were included in the TCA calculation.
In Raman images, cis is represented in pink, while vtx is presented in purple.

The assignment of the TCA components to their biological origins is based on the
evaluation of individual peaks of the fingerprint spectra. Mitochondria were identified
by their pronounced peaks at 747 and 1130 cm ! reported for cytochrome c and b [28,29]
and in-house measurement of a reference spectrum. Nuclei are assigned to the peak pair
at 798 and 1096 cm !, indicators for PO, occurring in DNA [30], while the cytoplasm is
assigned to peaks at 1001 and 1660 cm™?, representative of phenylalanine and amide I
bonds found in proteins [31,32]. Lipids are characterized by a peak at 1750 cm ™! explaining
C=C vibrations in fatty acids [31,33]. The unknown cocmponent detected only in UCO
demonstrated peaks at 1167 and 1593 cm ™!, which might be assigned to C=N and C=C
stretching in quinoid rings and C-H in plane bending [32].

2.2. Nuclei Features Identify Spectral Differences between Trealed Organoids

To determine the sensitivity of RMS to evaluate drug efficacy in our organoid models,
Raman spectra of nuclei were extracted from Raman images. A total number of 20 spec-
tra per organoid and concentration with respect to the acquired timepoint were further
analyzed by PCA to investigate the cellular response of the three cancer models. A compar-
ison of PC score values demonstrated trends of separation in dependence on the selected
treatment (Figure 2a,c,e). Compared to controls which exhibited score values close to 0,
cis-treated organoids clustered at opposite score values to vtx-treated organcids. Overall,
nuclei information was rather influenced by cis treatment than vix. Within the group of
cis treatment, RT112 organoids demonstrated concentration-dependent effects, whereas
time-dependent trends were evident for BCO, and no clear time or concentration correlation
was visualized for UCOs.
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Figure 1. Immunofluorescence (IF) and Raman microspectroscopy (RMS} of different bladder
cancer organoid models. (a) IF images of unireated RT112, BCO and UCO organocids stained for
cytokeratin 5, cytokeratin 7 or GATA3 (green) and DAPI (blue). Scale bar: 25 pm. (b) True component
analysis (TCA) images of RT112, BCO and UCO organoids. Displayed is one representative scan of
untreated and treated organoids (30 pM cisplatin (cis) or 10 uM venetoclax (vEx)) for each organoid
model. Scale bar: 20 pm. (¢) Relevant TCA spectra for the identified cellular components.

To identify Raman peaks responsible for the separation between vix and cis treatment,
PC loadings were plotted, and prominent peaks were identified (Figure 2b,d,f). The load-
ings for each of the three organoid models demonstrated similar band assignments for the
separation of vtx- and cis-induced effects. The shifts to positive loadings in RT112 and BCO
as well as to negative loadings in UCO at 702 and 815 cm ™! in cis-treated organoids might
be related to conformational changes from B-form DNA to A-form DNA [34]. Additionally,
shifts at 615 and 750 cm ™}, representative of changes in the thymidine band, are observed
in cis-treated organoids. On the opposite, data from non-cis-treated organoids demon-
strated more pronounced peaks at 1250, 1321, and 1455 em ™}, which represent guanine and

100



Appendix |: Becker et al. 2022

Int. J. Mol. Sci. 2022, 23, 6956 5o0f21

DNA, respectively [30,35]. All relevant peaks and their molecular assignments are listed
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Figure 2. PCA of nuclei-derived Raman spectra reveals similar spectral changes for all organoid
models after cis (pink)} and vtx (purple) treatments. (a) Score value analysis of the cell line RT112
shows statistically significant differences after cis and vix treatment. (b) Corresponding loading
plot. (c) Score value analysis of patient-derived BCOs shows statistically significant differences
after cis treatment and tendencies of separation after vtx treatment. (d) Corresponding loading
plot. (e) Score value analysis of patient-derived UCOs reveals statistically significant differences
between controls and cis and vtx treatment. (f) Corresponding loading plot. Black: controls; pink: cis
treatment; purple: vtx treatment; circles: 24 h; square: 48 h; Statistical analysis: One-way ANOVA,
n=9 *p <005 *p<0.01,** p <0.001, *** p < 0.0001.
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Table 1. Biological assignment of the most relevant wavenumbers.

Wavenumber [em—1] Biological Origin Literature
702 A-form DNA [34]
705 Cholesterol ester [36]
747 Cytochrome ¢ [28]
798 PO~ [30]
815 A-form DNA [34]
1096 PO~ [30,37]
1125 Cytochrome ¢ [28]
1250 G [35]
1315 Cytochrome ¢ [38]
1321 G [30,35]
1450 CH; [30,31,39]
1455 DNA [35]
1660 Amide [ [32]
1750 c=C [33]

2.3. Mitochondrial Spectra Identify Speciral Differences between Organoids after vix Treatment

PCAs were also performed on extracted mitochondria spectra from the three organoid
models to assess cellular responses with regard to cell metabelism. For cis treatment, no
significant differences in spectral signatures were observed when compared to untreated
specimens in all tested organoid systems (Figure 3a,c,e). In contrast, alterations in mito-
chondrial spectra were observed after vix treatments in patient-derived BCOs and to a
smaller extent in UCOs. No significant shift was shown for cell-line-derived crganoids.
The corresponding loading plots (Figure 3b,d,f) exhibit, similar to the PCAs of nuclei, a
recurrent pattern when comparing the individual multivariate analyses with each other.
The most prominent peaks in correlation with vtx treatment are depicted in purple boxes
in the loading plots. The peaks around 1308-1315 cm ™1, 1125 cm ™! and 747 cm ™ can be
assigned to cytochrome ¢ [28,38]. The bands in the region between 1447-1450 cm™! are
indicative of changes in the CH, conformation of proteins [30,31,39]. Interestingly, the
cellular response to oty in UCOs demonstrated inverted effects at 742 cm ™! and 1455 em™*
when compared to the other organoid systems, presenting the biggest heterogeneity within
a group and only a separation at a lower explained variance (PC-5 at 2%).

2.4. Data-Driven Feature Selection Identifies Nowvel Biomarkers

Neural networks were utilized as a complementary data-driven method to derive
potential biomarkers suitable for the evaluation of spectral data and to compare feature
output in dependence on the linearity of the transformation method. By using the FeaSel-
Net algorithm, we aimed to find spectral biomarkers (i.e., wavenumbers) in the dataset
while classifying it into one of the three classes: cis, vix and control.

In total, six different datasets (nuclei and mitochondria for each of the three organoid
models) were evaluated. Each dataset initially consisted of 350 features (spectral range
from 400-1800 cm ! with a sampling interval of 4 cm ™) and was pruned to 10 features
after 16 pruning iterations. During preprocessing, Raman spectra were standardized along
the feature axis. Their mean spectra can be found in Figure S1. Since neural networks
are inherently random in their parameter initialization, a deterministic result cannot be
achieved. Thus, we statistically evaluate the resulting masks from 50 executions of the
FeaSel-Net algorithm. The five most relevant wavenumbers per dataset are presented
in Table 2. The corresponding percentages show how often each wavenumber has been
chosen within the 50 executions. Even though the input signal was compressed to less than
3% and an equally likely selection of the features yielded approximately 1.4 selections per
feature (2.85%), the algorithm found significantly increased interest in the stated features.
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Figure 3. PCA of mitochondria-derived Raman spectra reveals similar spectral for all organoid

models after vty (purple) treatment. (a) Score value analysis of organoids from the cell line RT112

shows tendencies of separation after vix treatment. (b) Corresponding loading plot. {¢) Score value

analysis of patient-derived BCOs show statistically significant differences after vfx . (d) Correspond-
ing loading plot. (e) Score value analysis of patient-derived UCOs reveals statistically significant
differences between controls and vtx treatment. (f) Corresponding loading plot. Black: controls;
pink: cis treatment; purple: vix treatment; circles: 24 h; square: 48 h; Statistical analysis: One-way
ANOVA, n=9,*p <0.05,* p < 0.01, ** p <0.001.
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Table 2. Most frequently occurring wavenumbers upon treatment discrimination.

Dataset vq [em=1] vy [em—1] vs [em—1] vg [em—1] vs [em—1]
Nuclei

RT112 1551 (76%) 934 (68%) 926 (56%) 1760 (52%) 1688 (50%)
BCO 926 (100%) 1443 (58%) 825 (52%) 1311 (50%) 1535 (44%)
uco 1479 (84%) 1555 (70%) 813 (68%) 1250 (48%) 404 (40%)

Mitochondria

RT112 1042 (54%) 697 (52%) 1307 (46%) 460 (46%) 1555 (44%)
BCO 705 (74%) 926 (72%) 476 (72%) 1587 (70%) 693 (48%)
uco 1259 (82%) 1551 (46%) 1475 (42%) 1287 (38%) 1760 (38%)

The most robust wavenumber eventuated in the nuclei BCO dataset with 50 selections,
i.e., a selection in every run. On the other hand, the lowest percentage occurs in the UCO
mitochondria dataset with 19 selections, which is still 13.5 times higher than uniformly
distributed. Another interesting finding is that there are some overlaps in the resulting
features, especially in the nuclei datasets. The spectral area at 1535-1555 cm ™ appears
to be relevant to all nuclei datasets, and the area around 925-935 cm ™! appears to be
relevant for RT112 and BCO. These possible biomarkers could be assigned to changes in
DNA backbones or a-helix structure [40,41] and to changes in the amide II region [42], all
denoting structural alterations of DNA.

Another reoccurring wavenumber emerged in RT112 and BCO mitochondria around
690-705 cm ™. In the PCAs of mitochondria, this wavenumber was not detected in any of
the loadings for separation between drug treatments and controls. The wavenumbers at
around 700 cm ™! could be assigned to cholesterol ester and might display a reaction to
drug-induced oxidative stress [36,43]. Another explanation might be the structural-altering
effect of cis on mitochondrial DNA [33,44].

Furthermore, the interdependencies of the chosen wavenumbers were analyzed,
i.e., which wavenumbers are commonly chosen in the same run. To do so, Jaccard co-
efficients were calculated using the masks that were obtained in 50 runs. The resulting
Jaccard coefficient matrices were weighted by the number of feature occurrences in the
selection. Figure 4 shows the 10 most selected wavenumbers and their dependencies for
each dataset. Especially for the matrices of the BCO mitechondria and the UCO nuclei
set, a clustering in the upper left corner is described, indicating a frequent selection of the
most commen markers at the same time. The simultanecus pick in these BCO and UCO
sets cannot be perceived in the other organoid types that exhibit XOR behaviors rather
than ANDs, which indicates that even univariate classifications with reasonable results
could be possible. In particular, the nuclei BCO set, whose most important wavenumber
at 9255 cm ™! is selected every run, is probably able to provide enough information on its
own to separate all three classes correctly.

2.5. Classification with Selected Raman Markers

The performance of the biomarkers retrieved from the FeaSel-Net algorithm (Table 2)
and from conventional loading analysis of the PCAs (Table 51) was analyzed in the follow-
ing. Accordingly, the original Raman features were masked and reduced for each dataset
and used for classification. The applied classifier for both PCA-derived and FeaSel-Net de-
rived methods was the same fully-connected neural network with an input of five discrete
wavenumber values (masked original Raman signal) and an output of the three classes
vix, cis and control. We purposely did not use the classification model from our FeaSel-Net
algorithm to ensure equal chances for the two different feature selection methods.
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Figure 4. Weighted Jaccard coefficients for the most important wavenumbers evaluated with
FeaSel-Net in percent. The plots desctibe the dependencies within the selected wavenumbers.
Darker areas indicate a strong relationship between the features. The selection dependency for the
nuclei spectra of each organoid type is shown in (a), whereas those of mitochondria are depicted

in (b).

Table 3 shows the classification results with the performance parameters’ accuracy
(ACC), sensitivity (SEN), and specificity (SPE) for the neural network trained with the
masked RMS data for each of the six datasets. The neural network was trained 10 times for
each dataset and feature selection. At first glance, striking classification accuracies between
73 and 87% were demonstrated when taking into account that less than 1% of the overall
spectral data points were utilized for the discrimination. In both organelles, the cell line
and the BCO model performed slightly better than the UCO.

Table 3. Classification performance of masked Raman data. The presented values (£5D) are the
parameters’ percentage averages of 10 training runs for each dataset and feature selection method.

PCA Loadings FeaSel-Net
Dataset ACC SEN SPE ACC SEN SPE
Nuiclei
RT112 766+ 1.0 649+ 39 824 +24 87.0+10 80.4+26 90.2+1.3
BCO 790+ 1.1 68.5+ 3.7 842 +23 847+ 0.8 771429 85+1.4
uco 731419 59.6 + 6.4 79.8 £ 48 80.1+10 701 +28 85.1+t1.6
Mitochondria
RT112 779+14 669 £+ 4.6 83.5 + 3.0 844+ 09 767 +£29 88318
BCO 831+ 05 746+ 15 873+ 1.0 84.7 + 0.6 77.0+32 88.5+2.0
uco 728 +£1.0 593 +3.7 79.6 £ 1.9 768 £12 653+ 42 82.6 2.6

When comparing the two biomarker selection methods, Table 3 indicates a difference
between the conventional feature selection method (PCA loadings) and the data-driven
approach (FeaSel-Net). Throughout all datasets, classification parameters were improved.
The overall accuracy increased by 7.3%, whereas improvement in specificity and sensitivity
accounted for 5.1% and 12.8%, respectively. These effects correlate in particular to the nuclei-
based classification between conirol, vix and cis (Table 52 provides a detailed overview).
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The previous analysis did not consider differences emerging from the drug concen-
trations or treatment durations. Thus, classification was repeated on the best-performing
pre-trained model (BCO nuclei), and the discrimination was additionally split into con-
centration and exposure time-dependent subsets. The resulting confusion matrices for
different input features are shown in Figure 5. Contrary to the assumption that longer
exposure times and higher doses yield better discriminability, a trend that confirms these
assumptions cannot be described. This could be since the training has been done with
data from all concentrations and durations. However, even though Figure 5 does not show
any correlations between drug doses and exposure time, it still shows the influence of the
selected biomarker features. The classifier with an input defined by FeaSel-Net (Figure 5a)
performs better than a classification with the PCA-derived wavenumbers (Figure 5b).

(a) Time [h] (b) Time [h]
240 48.0 240 480 240 480 200 48.0 240 48.0 24.0 480 100
1.0 1.0
cis 100 cis 10.0 < a0
300 = 30.0
= =
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S control o 00 ® S control 00 @
= 2 = £
5 g 40
2 2
15 & 15 §
[&] Q
vix 40 vix o 40 20
100 10.0
0
cis control vix cis control wvix
Prediction Prediction

Figure 5. Confusion matrices for the BCO nuclei dataset resolved by drug concentration and
exposure time. Classification accuracy (%) with features retrieved from FeaSel-Net (a) or PCA
leadings (b) are shown.

2.6. FLIM Enables Non-Invasive Moniforing of Drug Response Patlerns in Bladder
Cancer Organoids

Drug treatment with cis or vtx influences the metabolic pathways in cells [45,46], and
it has been shown that FLIM identifies metabolic changes in cell cultures and in vivo [47].
Therefore, FLIM images of endogenous NADH and FAD fluorescence were acquired from
RT112, BCOs, and UCOs treated with different concentrations of cis and vix for 24 and 48 h.
For each treatment, FLIM parameters 1, 72, and «1% of the respective coenzymes NADH
and FAD were characterized and compared among each other. Exemplarily, differences
in FAD 1% and bound NADH fluorescence lifetime 12 are visualized in representative
FLIM images (Figure 6a,c) and mean difference heatmaps (Figure 6b,d). The complete
overview of NADH and FAD 71, 12, and «1% values can be found in the supplementary
material (Figures 52-54).

Comparing NADH and FAD al% readouts, representing the redistribution of free vs.
bound coenzymes, no significant changes were observed upon vix treatment for any of the
organoid models. On the contrary, upon cis treatment, a decrease in al% in both NADH
and FAD was observed for BCOs (Figure S2b,e) as well as in FAD al% in UCOs (Figure 6b).
Cell line-derived organoids did not indicate changes in al% (Figure S2a,d}.

FLIM parameters representing the flucrescence lifetime of free (71) and bound (72)
NADH and free (x2) and bound (t1) FAD exhibited statistically significant changes for all
organoid models after vix treatment and a partial impact of cis treatment. Lifetimes 11 and
72 of both NADH and FAD increased after ofx treatment in all organoid models (Figure 52).
In addition, an increase in NADH 71 after treatment with a high concentration of cis was
observed in the RT112 and BCO models after 48 h (Figure S3d). In UCO, cis lead to a
significant decrease in FAD 11 (Figure 54b). Overall, except for NADH 71, mean difference
heatmaps indicate opposite effects on fluorescence lifetime upon vtx and cis treatments.
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Figure 6. FLIM of bladder cancer organoids. (a} Representative FAD «1% images of control RT112,
BCO and UCO organoids and 48 h after 30 pM cis or 10 uM vix treatment. Scale bar: 25 pm.
(b) Heatmap of mean differences of NADH «1% to the 24 h control. (c) Representative NADH 12
images of control RT112, BCO and UCO organoids and 48 h after 30 uM cis and 10 uM vfx treatment.
Scale bar: 25 um. (d) Heatmap of mean differences of NADH 12 to the 24 h control. One-way ANOVA,
n=15%p<0.05.
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2.7. Feature Importance Analysis Automatically Identifies Most Informative FLIM Parameters

Conventional statistical comparison, i.e., via ANOVA, requires manual interpretation
and comparison of each FLIM parameter and is highly dependent on sample heterogeneity
ot standard deviation. Thus, we were interested in investigating whether a subset of FLIM
parameters existed that was sufficiently informative of changes resulting from different
drug treatments. To assess the ability of FLIM parameters to automatically discriminate
organoids treated with cis versus vfx, we conducted a feature importance clustering analysis.
For this analysis, we considered averaged values of FLIM parameters over all bioclogical
replicas or each timepoint/drug/model. We excluded control measurements from this
analysis because our focus was on differentiating cells treated with cis from those treated
with wix. We first verified that FLIM parameter values could be used to automatically
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separate cis-treated organoids from vix-treated ones for each model. Using a k-means
clustering analysis (with k = 2), we were able to correctly divide each dataset into two
clusters, one containing only cis-associated values and the other containing only wix-
associated values. These results were consistent across all three models (RT112, BCO and
UCO). We then sought to identify which parameters were driving the cluster assignment. To
assess the relative importance of each parameter, we conducted a feature importance study.
We were able to identify a lower-dimensional subspace of features that offered the correct
separation of our datasets. This lower-dimensional subspace contained two out of the six
FLIM parameters which were found to be sufficiently informative to discriminate cis-treated
organoids from vtx-treated organoids. Interestingly, the most informative pairs differed
across models (Table 4). These results suggest some general trends. First, fluorescence
lifetimes seemed to be most informative for cell line and patient-derived models, although
different channels were selected for each model. Second, the fluorescence lifetime of 72 from
NADH is the only parameter selected in more than one model, indicating resemblances in
patient-derived organoids compared to the cell line.

Table 4. FLIM parameters selected using a feature importance analysis.

Dataset
RT112 Tl from FAD Tl from NADH
BCO T2 from FAD T2 from NADH
uco x1% of FAD T2 from NADH

3. Discussion

In this study, RMS and FLIM were utilized for a comprehensive characterization of
the drug effect of cis and vix on bladder cancer organoids in different models derived from
a cell line as well as patient-derived primary tissue and urine. Our RMS and FLIM mea-
surements suggest that the spectral and endogenous fluorescence information, especially
from mitochondria and nuclei, can be useful in situ tools for non-destructive monitoring of
drug effects on organoid models.

The promise of patient-derived organoid models in precision medicine relies upon
the notion that characterization of their mutational profiles in combination with high-
throughput screening with a library of therapeutic compounds can elucidate druggable
targets. In the case of bladder cancer, patients are often diagnosed early in disease progres-
sion, and patients with non-muscle invasive cancer frequently undergo multiple resections
and treatments to avoid cystectomy and its detrimental impact on quality of life. Thus,
information on effective drug candidates identified by screening in personalized organoid
culture could be utilized to guide intravesical therapies and support decision making for
earlier therapy success and better patient compliance by avoiding side effects. In recent
years, RMS and FLIM have been established as promising techniques for investigating
molecular and metabolic changes in cells. The advantages of these methods are their non-
destructive approach with concomitant spatial resolution at the subcellular level [3,23,48].

Therefore, we investigated the capability of these techniques to monitor the metabolic
and molecular response of bladder cancer organoids to chemotherapeutic drugs at spatial
and temporal resolution. TCA-based image generation enabled the marker-independent dis-
crimination and localization of major subcellular structures within the organoids and even
allowed the visualization of accumulations of the drugs. Intensity distribution heatmaps of
the single components enabled us to further investigate underlying spectral information.
Spectral signatures provided access to changes in molecular composition and identified
drug-specific peak patterns in nuclei-derived PCA loadings, which reoccurred in each of
the three crganoid models. Cis treatment-related changes were correlated to alterations
in the structure of DNA. Pronounced peaks at 700 and 815 cm™! reported in A-form
DNA [34] were present in all organoid models. Multiple studies demonstrate that cis results
in intrastrand crosslinks (CLs) between adjacent purine bases (1,2-GG or 1,2-AG CLs) or
between purine bases separated by a third base, CLs, and monofunctional adducts [49,50].
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Additional shifts were observed at 615 and 750 em !, which identify C2-endo/anti con-
formers of deoxy thymine [34,37] and support our conclusion that RMS has the fidelity to
screen for variations in DNA structure.

In addition to DNA damage, cis is also known to induce the production of ROS in
its target cell [51-53]. Although the intracellular origin of ROS production is still unclear,
it was reported that especially cis-induced ROS production occurs in mitochondria [54].
Generation of ROS often correlates to loss of the mitochondrial membrane potential [55],
leading to inhibition of the TCA cycle [51], which can impact fluorescence lifetimes and
is, therefore, a potential reason for alteration upon cis treatment. NADH 71 denotes the
fluorescence lifetime of free, cytosolic NADH, in contrast to bound NADH, which is found
in the oxidative phosphorylation chain and is designated by 12 [56]. Fluorescent lifetimes
are highly sensitive to alterations in the cellular micrecenvironment, such as pH, solvent
polarity, or even viscosity and can, therefore, directly monitor changes in organoids [47,57].
Our data of cis-treated organoids indicate similar trends among 71 and 72 for both NADH
and FAD but were only significant for 30 (M cis concentration.

In contrast, vtx treatment significantly affected both FLIM and Raman results for all
organoid models. Vix is a chemotherapeutic drug mimicking the BH3 domain of pro-
apoptotic proteins capable of binding to and antagonizing BCL-2 family anti-apoptotic
proteins. As a result, the cell undergoes apoptosis mediated by the mitochondrial pathway
and initiated by the activation of caspases [58]. This effect was reflected in the Raman data
of mitochondria, demonstrating shifts in wavenumbers relevant to cytochrome c. The latter
were found mainly in BCOs and UCOs. Utilizing PCAs, nuclei-related alterations were
also observed upon ztx treatment, which, unlike cis, does not directly interact with DNA.
We assume that the recurrent changes in the loading plots at 1255, 1325, and 1455 cm ™1, all
representative of DNA, especially guanine, correlate with the preparation for apoptesis or
altered cell metabolism. These shifts might refer to the concomitant denser packing of cell
nuclei during the initiation of apoptosis [59].

FLIM was able to detect statistically significant effects on NADH and FAD lifetimes
for all three organoid models after vtx treatment. In all models, we found increased
fluorescence lifetimes as a reaction of cells to vtx probably undergoing apoptosis. These
findings are consistent with the results of other studies reporting an increase in NADH
lifetime associated with apoptosis [60].

In comparison to significant changes in fluorescence lifetimes, minor drug-induced
effects were reflected in NADH and FAD «1% values and only detected for BCOs treated
with cis. A decrease in NADH «1% is associated with a shift in the ratio of free to bound
NADH, which correlates to a switch from glycolysis, favored in cancer cells, to oxidative
phosphorylation. Another explanation for the changes in «1% might be an increased energy
consumption of nuclei as they prepare for apoptosis [61,62], i.e., after DNA bending due to
the impact of cis.

However, when comparing NADH and FAD «1% among all organoid systems, dif-
ferences in control organoid baseline values were observed. While NADH al% was at
~78% in non-treated RT112, decreased baseline values were observed in BCOs and UCQOs
between 60-80% and 50-70%, respectively. These baseline shifts were also visible for «1%
of FAD to decreased values in BCO and UCO compared to RT112. An explanation for this
result might be the stage and type of cancer, which is reflected by the different models. The
cell line RT112 is established from a G2 transitional cell carcinoma with untreated primary
urinary bladder carcinoma. BCOs were retrieved from a muscle-invasive bladder cancer
tumor in stage pT2 in G3, while UCOs were derived from a less aggressive surface tumor in
stage pT1 in G2. Because «1% is a direct measure of metabolic state indicating the balance
between glycolysis and oxidative phosphorylation, baseline shifts in non-treated organoids
were in accordance with the metabolic activity and severity of the cancer state.

In addition to the introduction of non-destructive readouts for analyzing the cytotoxic
effects of drugs on different types of organoids, we aimed to build data-driven classification
models that allow us to identify the most robust and relevant Raman and FLIM parameters
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enabling the identification of novel biomarkers. Both FLIM and RMS measurements
generate large data sets, and automated dimensionality reduction and feature selection
can help to translate these methods into a clinical setting and improve the interpretability
of the data. The establishment of neural networks allowed us to identify different Raman
markers relevant for the separation between controls and treated organoids across the
organoid systems. With non-linear optimization and transformation processes that are
inherent to neural networks and the recursive feature evaluation provided by FeaSel-
Net, the extraction of the most relevant data subsets was enabled in a more complex and
yet more accessible approach. The advantage of non-linearity has been confirmed in a
deep-learning-based classification with the elaborated features. With Jaccard matrices, the
interdependence of the features and the need to apply multivariate analyses on spectral
data have been shown. Retrieval of Raman signals from data-driven feature selection
results in 12.2% improved sensitivity for discrimination of nuclei-related effects and 6.8%
improved sensitivity for drug-induced mitochondrial changes in comparison to Raman
bands guided by PCA loadings.

[t must be stated that the data-driven and single organoid-based approach presented
in this study is very sample-specific, and its finding must not be assumed for bladder
cancer in general. To further evaluate the robustness of this method for the assessment
of drug response and, in particular, to improve sensitivity to dose-dependent effects, our
experiments would need to be repeated on multiple donors with parallel viability assays.
Another factor to be considered for this data analysis approach is its virtue: the non-
linearity. Compared to PCAs and their assigned loadings plot, very deep neural networks
can find patterns in the signal that are not interpretable by humans or statistical analyses.
We have specifically chosen the FeaSel-Net approach for feature selection since it offers
more possibilities to fine-tune hyper-parameters, which enables us to find better results.
Another reason for the neural network approach, in contrast to other feature selection
methods such as XGBoost [63], is the capability of further optimizing the machine learning
model by adapting the pre-trained weights from our previous feature selection. In terms of
generalizability, the neural network approach will perform better when having a bigger
dataset and multiple outliers or noisy data.

FLIM measurements obtain multiple parameters of bound and free FAD and NADH,
characterizing the metabolic profile of cells. To perform faster and more robust analyses of
FLIM data, we investigated whether the identification of different drug effects is reflected in
a smaller subset of parameters. All organoid models were subjected to data-driven k-means
clustering to identify the FLIM parameters explaining the drug-induced effects. Among
organoid models, only one parameter overlap in 72 NADH was detected for BCO and UCO
organoids. We hypothesize that this indicates similarities in metabolic activities between
the patient-derived models but differences in the cell line. Since the RT112 cell line exhibits
no overlap in relevant FLIM parameters to the patient-derived organoids, the metabolic
and biological difference between the models becomes evident, highlighting the need for
patient-specific analyses in drug testing. The overlap of the selected FLIM parameters
further corroborates the comparability of the organoid systems, allowing urine-derived
organoids to be considered equivalent to organoids derived from primary tissue despite
their origin from different donors. K-means clustering also highlights that FLIM parameters
displaying the ratios of bound to free NADH and FAD are less important to discriminate
the drug effects between cis and vix as only in UCO was «1% of FAD selected. One possible
reason for this result could be that the two drugs tested may have a relatively smaller effect
on the redistribution of NADH and FAD than on the change in the microenvironment of
the cell, which is detected very sensitively by alterations in the fluorescence lifetimes.

With the novel data-driven methodologies presented in this study, we provide first
insights into similar molecular behaviors upon drug treatments between patient-derived
organoids produced from primary tissues compared to urine. Interestingly, we found
variabilities between the patient-derived organoids and the cell line, especially by clustering
the FLIM parameters and thus highlighting the need for patient-specific analysis. These
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evaluation methods give insights into the distinctness of treated and control organoids,
but also provide information on the importance of the specific features of the data, and
subsequent filtering allows us to focus on the relevant data. The purpose of the extraction
and evaluation of relevant features is to enhance generalizability during discrimination
tasks, therefore relieving the process of sample acquisition and improving discriminability.
With this knowledge, new sparse sensors and measurement protocols can avail faster
and more efficient tumor classifications up to real-time evaluations. This methodology
could also be applicable in the future as a tool to identify biomarkers that can be utilized
to distinguish tumorous from healthy cells. An important future direction is to conduct
Raman and FLIM experiments on additional patient-derived organoids to investigate donor-
specific variances. The comparisons between urine- and tissue-derived organoids from the
same patient would be of particular interest for further evaluation of both methods. An
additional target for subsequent studies is the comparison with patient-derived organoids
retrieved from normal bladder tissue. This will allow the identification of the most effective
drug concentrations that have a maximum effect on the cancerous tissue and mininmum
side effects.

The ultimate goal of our study was to establish a multiparametric workflow to rapidly
evaluate drug-induced effects on patient-derived tissue models. With our experiments,
we provide evidence that RMS and FLIM on organoids can be utilized as a test platform
to evaluate the effectiveness of different anticancer drugs as well as their mode of action.
In addition, we demonstrated that data-driven approaches can be utilized to reduce data
complexity by automated feature selection enabling to improve of classification models
and ultimately lead to better prediction accuracy.

4. Materials and Metheds
4.1. Cell Culture of Organoids in Matrigel

After informed consent of the patient, tumor cells were retrieved from surgical speci-
mens of a radical cystectomy or rinsing urine for BCO and UCO, respectively. The study
was approved by the Ethics Committee (804,/2020/B02). An overview of patient-specific
pathohistological information is given in Table S3. For the preparation of BCO, the tissue
was covered by working medium (DMEM, 2 mM glutamine, 10% FBS, 1% pen-strep (all
from Sigma-Aldrich, St. Louis, MO, USA}, 100 mM Y-27632 (MecChemExpress, Holzl
GmbH, Cologne, Germany), mechanically cut in cubes of approximately 1 mm3, suspended
in 10 mL working medium and centrifuged (480 g, 10 min, ambient temperature). The
sediment was resuspended in 1 mL PBS per 100 mg tissue wet weight. Extracellular matrix
components were enzymatically degraded through the addition of 15 uL of a blend of col-
lagenase (3000 U/mL)/hyaluronidase (1000 U/mL; STEMCELL Technologies, Vancouver,
Canada) per 1 mL suspension and incubated for 30 min at 37 °C. This step was repeated
once. Subsequently, undissolved tissue was removed by a 70 um cell strainer, and the
filtrate was centrifuged (150 g, 7 min, ambient temperature}. The vital cells were counted
and resuspended at 1 x 10° cells/mL in organoid culture medium and cooled on wet
ice [9,64]. The cell suspension (30 uL) and Matrigel (10 uL, BioTechne, Minneapolis, MN,
USA) were mixed on ice.

This blend of cells in Matrigel (40 uL} was placed in a 24-well plate. The plate was
then turned upside down and incubated for 5 min at 37 °C to generate hanging drops.
A total of 500 uL organoid culture medium [9,64] was added per well and incubated at
37 °C, 5% CO; and a humidified atmosphere. The organoid culture medium was routinely
replaced twice a week after microscopic evaluation of cell growth of the organoids. Before
measurements, organoids were transferred into 8 well p-slides (ibidi GmbH, Grifelfing,
Germany). For the preparation of UCO, cells from urine samples were sedimented by
centrifugation, washed twice with PBS, counted, and resuspended at 1 x 10° cells/mL in
organoid medium to generate organoids as described above.
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4.2. Immunofluorescence Staining

For imaging, organoids were cultured in 8-well chamber slides. Organoids were
fixed by 4% formaldehyde (30 min, ambient temperature) and blocked (5% BSA, 0.2%
Triton X-100, 0.1% Tween 20, in PBS; 1 h, ambient temperature), and incubated (1 h,
37 °C) with primary antibodies CK5 (BioLegend, Amsterdam, The Netherlands), CK 7
(Abcam, Cambridge, UK) and GATA3 (Abcam). Primary antibodies were incubated with
complementary Alexa Fluor 488-labelled (Jackson ImmoResearch Europe, Cambridge, UK)
secondary antibodies (1:250, 1 h, ambient temperature). Nuclei were counterstained by
DAPI (DAKO), and the expression of the marker genes was visualized by microscopy
(Zeiss Axiophot, Carl Zeiss AG, Oberkochen, Germany). Antibody diluent was 1% BSA
in PBS. Samples without primary antibodies and samples stained with anti-rabbit IgG
antibodies served as controls.

4.3. Sample Preparation for Spectroscopic Raman- and FLIM Measurements

Organoids derived from the RT112 cell line, primary tumor tissue and urine were
incubated with 10 uM, 4 uM and 1.5 uM venetoclax (vtx, Sellek Chemicals, Houston, TX,
USA) or 30 uM, 10 uM and 1 uM cisplatin (cis, Sellek Chemicals) in cell culture medium for
2448 h at 37 °C in 5% CO, atmosphere. Vix was dissolved in 20% Captisol (Sellek Chemi-
cals), while cis was dissolved in Milli-Q water. Controls were kept in medium. Organoids
were first measured with FLIM and afterward with RMS. Prior to FLIM measurements, the
samples were washed with PBS to remove phenol red interfering with Raman measure-
ments. Organoids were kept in 200 uL PBS throughout the measurements and immersed in
a cell culture medium with or without drugs afterward.

4.4. FLIM Imaging of Organoids

Time-correlated single-photon counting (TCSPC) fluorescence decay measurements
were performed with a Zeiss LSM 880 (Zeiss) coupled with a Ti:Sapphire femtosecond laser
(MaiTai HP Spectra Physics, Santa Clara, CA, USA) and a two-channel NDD BIG2.0 GaAsP
PMT detector (Becker & Hickl GmbH, Berlin, Germany). Autofluorescence of NADH and
FAD was excited with two-photon excitation at a wavelength of 700 nm and 5% laser power
through a 63 x1.4 NA C-plan apochromat objective (Zeiss). Emission light was filtered
in the range of 450 to 490 nm for NADH and 500 to 550 nm for FAD. The total image
acquisition time was set to 141 s at a resolution of 512 x 512 pixels and a pixel dwell time
of 32.77 us. The instrument response function was recorded at 900 nm from crystalline urea
(Sigma-Aldrich). All FLIM measurements were performed at 37 °C using a microscope
stage top incubation system (ibidi heating system, ibidi GmbH).

4.5. FLIM Data Analysis

SPCImage (Becker & Hickl GmbH) was utilized to perform biexponential decay fittings
with a 30% threshold of maximum photon count to remove the background. The quality of
fit was decided based on a mean x? value smaller than 1.15 per image. ASCII images for
a1%, 1 and T2 were exported for both NADH and FAD for further analysis. «1% explains
the ratio of bound to unbound FAD or the ratio of unbound to bound NADH and is a direct
measure of cell metabolism. The fluorescence lifetimes 11 and 72 describe the fast and slow
components of exponential decay.

4.6. Raman Imaging of Organoids

Spectral Raman mapping was performed on a customized inverted WiTec alpha300 R
Raman system (WITec GmbH, Ulm, Germany) equipped with a green laser (532 nm) and a
CCD spectrograph with a grating of 600 g/mm. An incubation chamber (Okolab 5.R.L.) was
integrated into the setup to keep the organoids constantly at 37 °C. Images were acquired
from at least three organoids at a laser power of 58 mW, an integration time per spectrum
of 0.2 sand a pixel resolution of 1 x 1 um at a size of 50 x 50 um. All measurements were
acquired with a 50 x objective (Carl Zeiss AG, Oberkochen, Germany). Reference spectra
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of cytochrome ¢ (derived from bovine heart, Sigma Aldrich), cis and vix were recorded as
single spectra with an accumulation of 10 spectra and 0.5 s integration time.

4.7. Multivariate Data Analysis

Image analysis of spectral maps was performed with the Project Five 5.2 software
(WITec GmbH, Ulm, Germany). RMS data were preprocessed in regard to cosmic ray re-
moval, polynomial baseline correction, cropping to 400-3000 cm ™~ as well as area intensity
normalization. True component analysis (TCA) was performed to analyze Raman images.
In brief, TCA is a non-negative matrix factorization-based multivariate data analysis tool
elaborating spectral components, which predominantly occur in the data set, allowing
us to identify their spectral distribution by false color intensity distribution heatmaps.
Based on TCA heatmaps, spectral information (20 spectra/organoid) representing nuclei
or mitochondria was extracted for further in-depth analysis of the molecular composition
by principal component analysis (PCA) using Unscrambler X10.5 (Camo, Norway). PCA
is a gold standard multivariate data analysis tool for spectroscopic data, reducing the di-
mensionality of a set of spectral data on a vector-based approach. Each vector, the so-called
principal component (PC), describes a variation in the spectra. Plotting PC values against
each other visualizes a correlation or separation of two or more data sets. The interpretation
of the underlying spectral changes can be derived from the PC loadings plot.

4.8. Feature Selection Using FeaSel-Net

We recently developed the neural network architecture FeaSel-Net that is capable
of recursively selecting relevant wavenumber areas (features) in the classifier’s input
signal [65]. It is a combination of a neural network classifier and a feature selection
algorithm. Other than dropout methods, this approach does not focus on stochastic pruning
of parameters within hidden layers to improve generalizability but on deterministically
pruning nodes in the input layer [66]. The package is open-source and can be downloaded
from https:/ /pypi.org/project/FeaSel-Net/, (Version 0.0.1). When features are selected,
the optimizer in the neural network has to adapt to the fewer input signals and re-optimize
the classifier with the new requirements. The selection process itself is a rather complex
procedure, where the entropy is measured for every feature being masked, and the features
with the highest entropy are kept. Contrarily to the interpretation of PCA loadings, this
method provides a completely data-driven and unbiased evaluation of the findings and
serves as an extension of the former method. In our recursive feature selection process,
every selection was made whenever the threshold of classification accuracy of Taec = 0.98
was consistently surpassed in the optimization process. The features were reduced by 20%
every time the feature evaluation was executed. The reduction was made by masking the
initial signal at the input of the neural network. All other parameters can be retrieved
from Table 54.

4.9. Neural Network Classtfier

Sample discrimination was undertaken by using a simple neural network from the
open-source Keras and Tensorflow API (Google Brain). The model had a rhomboidal fully-
connected layer structure with 5 — 10 — 20 — 10 — 3 nodes, where the layer with 5 nodes
was the input layer, and the one with 3 nodes was the output layer. The activation functions
used were mainly ReLU (Rectified Linear Unit) and one sigmoid function in the last layer
for probabilistic output values. The optimizer used was Adam [67], with a learning rate
of 7 = 0.005. With a batch size of 128, the model was trained for 100 epochs, and a train
test split of 0.8 was applied. The model was tested with all validation and training data to
obtain the performance parameters in Section 0.

4.10. Feature Importance Clustering Analysis

In total, we curated three model-specific datasets (RT112, BCO and UCO), each with
72 measurements (six FLIM parameter values across 12 timepoints/drug concentration).
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